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Carotenoids (provitamin A) and tocochromanols (vitamin E) are lipid-soluble 

isoprenoids with antioxidant and essential nutrient functions in human and animal 

systems. Vitamin A deficiency and age-related macular degeneration are highly 

prevalent and result from insufficient dietary intake of certain carotenoids. 

Improvement of the levels and balance of these nutrients in maize grain through 

breeding, i.e. biofortification, has been proposed as a cost-effective solution to 

ameliorate deficiency. To do so requires a more comprehensive dissection of the loci 

governing natural variation of carotenoid and tocochromanol traits, with high 

statistical power and mapping resolution, in grain of maize and other major cereal 

crops. Our group conducted joint linkage-genome wide association studies (JL-

GWAS) and RNA-seq expression analyses for these traits in the 5000-line US maize 

nested association mapping (NAM) population. The majority of identified QTL were 

found to be underpinned by genes with a priori roles in carotenoid and/or 

tocochromanol synthesis and retention, including prenyl group synthesis. Surprisingly, 

two homologs encoding a chlorophyll biosynthetic enzyme explained the majority of 

variation for saturated tocochromanols (i.e., tocopherols). While maize grain is non-

photosynthetic, small levels of chlorophyll were found to be present in embryo, 

suggestive along with other evidence of a chlorophyll biosynthetic cycle providing 



 

phytol for tocopherol synthesis. Overall, more than half of the identified QTL were 

eQTL, and most also had highly correlated QTL allelic effect estimates across traits, 

suggesting that pleiotropy within these biosynthetic pathways is largely regulated at 

the expression level. A number of significant pairwise epistatic interactions were 

additionally detected, particularly for carotenoids, between identified genes within and 

outside of the biosynthetic pathway. Finally, our group is analyzing carotenoid and 

tocochromanol nutritional profiles and agronomic performance of 350 tropically 

adapted maize hybrids evaluated under combined drought and heat stress in 

conjunction with the International Maize and Wheat Improvement Center (CIMMYT), 

Harare, Zimbabwe. In addition to analyzing genetics and genomics within a key target 

environment for orange, provitamin A-dense (i.e. biofortified) orange maize, candidate 

lines are being identified and incorporated into the HarvestPlus breeding program to 

produce nutritious, climate-resilient varieties for the rainfed production areas of 

southern Africa. 
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Chapter 1. Closing the Divide between Human Nutrition and Plant Breeding 
Perspective article, Crop Science, Aug. 2015 
 
Full citation: Diepenbrock, C. H., and M. A. Gore. 2015. Closing the Divide between Human 
Nutrition and Plant Breeding. Crop Sci. 55:1437-1448. doi:10.2135/cropsci2014.08.0555 
 
Christine H. Diepenbrock and Michael A. Gore* 
Plant Breeding and Genetics Section, School of Integrative Plant Science, Cornell Univ., 310 Bradfield Hall, Ithaca, 
NY 14853. Received 15 Aug. 2014.  
*Corresponding author (mag87@cornell.edu). 

ABSTRACT 
Improvement of crop nutritional quality through breeding, termed biofortification, is a strategy 

being used to address micronutrient deficiencies worldwide. These efforts stand to benefit 

tremendously from recent advances across the plant sciences, from flourishing germplasm and 

genomic resources and phenotyping tools to improved characterization at the levels of 

physiology, cell biology, and gene expression. Next steps in crop biofortification in this decade 

and beyond include adapting high-throughput phenotyping platforms for measurement of 

nutritional quality traits, testing genome-wide and other DNA marker-based selection strategies 

that can mine parsimonious answers from large data sets, and further characterizing genotype × 

environment interactions and post-harvest effects on end nutrition. Also necessary are 

accompanying considerations of yield and other agronomic traits—in particular, the non-uniform 

responses of both these and quality traits to climate change across crops, environments, and 

farming management systems. These integrative analyses from genotype to phenotype and 

planting to consumption can minimize trade-offs between yield and nutrition and maximize the 

range, magnitude, and longevity of the benefits of biofortified varieties to human health and 

nutrition. 

 

Nutritional deficiencies present a major challenge to a burgeoning human population over the 
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next century. Frequently referenced as hidden hunger, micronutrient malnutrition is more 

difficult to prevent, diagnose, and treat than undernutrition due to its sometimes subtle but still 

persistent effects on energy levels and wellbeing. Deficiencies in vitamin A, iron, and zinc are 

especially prevalent, with global estimates of 33% of children under 5 showing vitamin A 

deficiency, 41% of pregnant women and 27% of children under age 5 having iron-deficiency 

anemia, and 89% of children under 5 living in nations with insufficient absorbable zinc in the 

food supply (WORLD HEALTH ORGANIZATION 2009). These and other nutritional deficiencies are 

most pronounced in regions relying on staple crops such as maize (Zea mays L.), rice (Oryza 

sativa L), wheat (Triticum aestivum L.), or cassava (Manihot esculenta Crantz) that provide 

calories but are insufficient in micronutrient content. While diet diversification, food 

fortification, and vitamin and mineral supplements can be viable strategies for mitigating 

deficiency, the development of crop varieties with improved nutritional content via plant 

breeding has been advocated as a sustainable way to improve human nutrition―particularly in 

areas where these other solutions are not feasible due to expense or lack of transportation 

networks (MEENAKSHI et al. 2010). This approach, termed biofortification, has been proponed as 

low-cost and self-sustaining, for once seeds have been distributed they can be re-planted year 

after year (BOUIS et al. 2011). 

HarvestPlus, a program of the International Food Policy Research Institute and CGIAR, 

has recognized breeding approaches to bolster staple crop nutritional value as a top priority. The 

organization’s project in partnership with the International Maize and Wheat Improvement 

Center (CIMMYT); our project group consisting of researchers from Cornell University, 

Michigan State University, Purdue University, and the United States Department of Agriculture-

Agriculture Research Service; and many others to enhance provitamin A content in maize grain 
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provides a useful case study. Maize is a predominantly starchy staple crop (Figure 1.1) that can 

account for more than 50% of daily calories (SMALE et al. 2013) in regions such as sub-Saharan 

Africa and Latin America where vitamin A deficiency and its symptoms, including night 

blindness, decreased immune response, and eventual death, are widespread (WEST 2002). Given 

that the crop is also a primary source of protein throughout these regions, quality protein maize 

with higher lysine and tryptophan content has been a breeding target since the 1960s (PRASANNA 

et al. 2001). Maize is a prime candidate for further biofortification efforts: it does not currently 

provide recommended daily allowances of provitamin A or other micronutrients such as iron, 

zinc, and vitamin E (BOUIS AND WELCH 2010; FITZPATRICK et al. 2012), but also has higher 

genetic diversity and more developed genomic resources than many other food staples, 

facilitating its improvement through breeding. 

 

Figure 1.1. Maize kernel composition per 100 g. Major constituents in left figure are listed in 
g/100 g, with minor constituents in right table in mg/100 g. Data were obtained for dried yellow 
field corn from the USDA National Nutrient Database for Standard Reference. Color coding in 
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table indicates major constituent in which macro- and micronutrients are solubilized: minerals 
and B-vitamins (blue) are water-soluble; vitamins A, E, and K (red) are fat-soluble. 

While the grain of most yellow maize varieties cultivated worldwide contains less than 2 

µg/g of the provitamin A compound beta-carotene, considerable variation has been found for this 

and a number of other non-provitamin A carotenoids with health benefits in diversity panels—

including beta-carotene content nearing the 15 µg/g fresh weight (17 µg/g dry weight) 

provitamin A breeding target established by HarvestPlus (HARJES et al. 2008; BOUIS AND WELCH 

2010). This extensive genetic diversity, characteristic of maize, is being dissected and leveraged 

to identify alleles at quantitative trait loci (QTL) favorable for high provitamin A content in grain 

at harvest (WONG et al. 2004; CHANDER et al. 2008; HARJES et al. 2008; YAN et al. 2010; ZHOU 

et al. 2012; FU et al. 2013; OWENS et al. 2014). Some of these alleles are being backcrossed into 

varieties already adapted to HarvestPlus target regions in Zambia, Nigeria, and Ghana to 

maintain competitive grain yield and disease resistance. Eight hybrid or open-pollinated varieties 

with provitamin A levels of 6 to 8 µg/g were released by HarvestPlus in these regions in 2012, 

with current varieties achieving up to 11 µg/g and others in development that exceed the 15 µg/g 

target (DHLIWAYO AND MENKIR personal communication, 2014). 

Possibly counteracting efforts to mitigate nutrient deficiencies through agriculture, the 

dramatic shifts in rainfall and temperature patterns that come with global climate change present 

a serious threat to the sustainability of maize and other staple crop production (BATTISTI AND 

NAYLOR 2009; EDMEADES 2013). Current and projected trends suggest increasingly prevalent 

high temperatures and non-uniform changes in rainfall patterns. Because unpredictable rainfall 

can be as much of a bane to farmers as infrequent or too much rainfall, continually adjusting to a 

changing climate will come at high cost and uncertainty. These adjustments will be especially 

precarious and important for farmers in predominantly rainfed (dryland) production regions in 
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the tropics and subtropics, where nutritional deficiencies tend to coincide, given that irrigation is 

rarely an available defense against crop failure and the livelihoods of many people in these 

regions depend on agriculture. 

Crop nutritional profiles are classified as quality traits in the sense that they primarily 

impact the value of a crop to consumers (LUBY AND SHAW 2009). Quality traits tend to be 

understudied because they are harder to measure, often involving direct biochemical assays in 

the case of nutrition, and in most cases are not yet profitable enough to be the subject of 

extensive private-sector involvement or biotechnology ventures. In recognition of this void and 

the prevalence of global nutritional deficiencies, members of the extended plant breeding 

community, funding sources included, are becoming more focused on the importance of crop 

quality traits to human nutrition and health. Because these traits have their greatest impact at 

consumption, characterizing them exhaustively will require an integrated, holistic approach that 

spans the growing season and even through to consumption. This perspective will highlight 

recent work to dissect the genetics of crop nutritional quality, a field also termed as nutritional 

genomics (DELLAPENNA 1999). Additionally, we will discuss next steps in genomics, 

phenotyping, and integration of related fields, calling in particular for greater attention to 

physiological factors affecting end nutrition such as crop stress responses and post-harvest 

fluxes. We then offer final thoughts on directions this great integration could feasibly take in 

subsequent decades―namely, strategies for optimizing the impact of crop biofortification efforts 

even in light of non-uniform climatic changes across the world’s agricultural regions.  

A DECADAL VISION FOR NUTRITIONAL GENOMICS IN CROPS 

Germplasm Resources and their Utilization 

Building up genome sequence, molecular marker and informatics resources with deeper 
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coverage, higher density and wider breadth will remain an enormous part of genomics-assisted 

breeding efforts (VARSHNEY et al. 2005; RIBAUT et al. 2010). Genotyping-by-sequencing (GBS) 

has been leveraged in linkage map construction, trait dissection and prediction and other efforts 

in species both with and without a reference genome (ELSHIRE et al. 2011; POLAND et al. 2012a; 

POLAND et al. 2012b; GORE et al. 2014). In maize, for example, the technique has allowed low-

cost single-nucleotide polymorphism (SNP) genotyping of nearly 3,000 diverse inbred lines, 

collected from around the world and available in the North Central Regional Plant Introgression 

Station (Ames, Iowa) U.S. national germplasm collection, at a density starting to approach 

sufficiency for a genome-wide association study (GWAS) of complex traits (ROMAY et al. 2013). 

Even at current marker densities, GBS has been useful in further characterizing the genetic 

architecture of traits such as carotenoid and tocochromanol levels in maize grain (LIPKA et al. 

2013a; OWENS et al. 2014). The African Orphan Crops Consortium's project to sequence a 

reference genome and one hundred lines for each of one hundred traditional African food crops, 

with release beginning in 2014, will quickly usher these lesser-studied crops into the era of 

genomics-based crop improvement (http://www.mars.com/global/african-orphan-crops.aspx). As 

sequencing costs continue to plummet, whole-genome resequencing is already becoming feasible 

for a small subset of lines, such as phenotypic outliers (TAKAGI et al. 2013) or a mapping panel's 

founders (CHIA et al. 2012) for species with publicly available reference genome sequences, and 

will be the way of the future as higher genomic resolution is sought in larger populations for 

purposes such as finely mapping quantitative trait loci (HUANG et al. 2009) and detecting rare 

causal variants (reviewed in CIRULLI AND GOLDSTEIN 2010). 

Regardless of the availability of genomic resources for a given crop, large germplasm 

collections or panels that maximize genetic diversity will assist in the identification of QTL 
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alleles favorable for nutritional profiles, some of which may be relatively rare in frequency. A 

demonstrative example is provided by GWAS in three rice diversity panels: putative causal 

variants for amylose content and starch gelatinization temperature, and a newly detected cluster 

of multiple amylase inhibitor genes associated with the latter, were identified by de novo 

haplotype assembly in 950 O. sativa indica and japonica lines after evading detection in nearly 

400 indica landrace lines (HUANG et al. 2010; HUANG et al. 2012). These efforts to increase size 

of and geographic range represented by mapping populations will be bolstered even further by 

the recent whole-genome resequencing of 3000 rice accessions (THE 3000 RICE GENOMES 

PROJECT 2014).  

Our project group is now using the maize NAM population (YU et al. 2008; BUCKLER et 

al. 2009; MCMULLEN et al. 2009)  to elucidate the genetic basis of carotenoid and tocochromanol 

content in maize grain (KANDIANIS et al. 2014; LIPKA et al. 2014), and the same is being done 

for grain macro- and micro-nutrients including iron and zinc (BAXTER et al. 2011; BAXTER et al. 

2012). The genomic regions containing QTL identified for these traits in the NAM population 

can then be targeted in larger populations to identify alleles that are even more favorable—the 

Ames inbred panel (ROMAY et al. 2013), for example. Once validated, the marker-trait 

associations and QTL effect estimates gleaned from these large diversity panels can be used, 

likely in some combination of QTL-targeted and genomic selection (GS) breeding strategies 

(RUTKOSKI et al. 2012; OWENS et al. 2014; ZHAO et al. 2014), for improvement of nutritional 

quality in locally adapted populations. 

Large diversity panels with known family structure can also be used to examine the 

contribution of pleiotropy and epistasis to complex trait variation (reviewed in WALLACE et al. 

2014). Pleiotropy is likely to be more common in the case of quality traits given their typical 
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biochemical basis: for example, levels of nutritional compounds produced within the same 

metabolic pathway are inherently correlated, and likely affected by the same master pathway 

regulators (ZHANG et al. 2010). SOLOVIEFF et al. (2013) provide a thorough description of 

statistical approaches that are being used to decipher this mediated pleiotropy in human GWAS 

data sets and could also be applied in plants. Epistatic interactions, or situations in which the 

effect of an allele at one genetic locus depends on the allele(s) present at one or more other loci, 

can complicate both QTL detection and the success of subsequent selection efforts. In general, 

two-way interactions have not passed significance thresholds in the maize NAM population after 

multiple testing corrections, showing minor effects on total phenotypic variance that may only be 

detectable in analyses explicitly designed to uncover them (WALLACE et al. 2014). A simulation 

study of three-way epistatic interactions among QTL in a metabolic pathway compared the 

relative statistical power conferred by various analytical methods and mating designs, including 

the maize NAM population. Results suggest that the maize NAM population holds promise for 

the identification of three-way epistatic interactions, but the use of optimally allocated distance-

based (i.e., genetic dissimilarity) designs with the NAM parents could further increase statistical 

power for the detection of higher-order epistatic QTL (STICH et al. 2007).  

Phenotyping Nutritional Quality Traits 

Compared to the genomics era, phenotyping technologies have been slower to advance and in 

many cases continue to be factors limiting population size in breeding programs. Furthermore, 

the developments with potential to significantly reduce phenotyping time and costs in the 

field―such as proximal sensing with high-clearance tractors (WHITE et al. 2012; ANDRADE-

SANCHEZ et al. 2014) and small unmanned aircraft systems (BERNI et al. 2009)—are largely 

focused on phenotyping of canopy traits. Some field-based techniques such as on-combine near-
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infrared reflectance spectroscopy (NIRS) (LONG et al. 2008; LONG et al. 2012; LONG et al. 2013) 

measure grain compositional traits but are mostly limited to total oil, starch, and protein. Spectral 

tools based in the lab or field house are becoming more applicable to seed quality traits through 

indirect selection: use of correlated, more easily phenotyped traits as proxies for traits of interest. 

For example, more intense orange kernel and yellow root or color has been shown to correlate 

with higher total carotenoid content to varying degrees in maize and cassava (SÁNCHEZ et al. 

2006; HARJES et al. 2008), allowing visual color to be used as a pre-screening tool or potentially 

in combination with marker-assisted selection for increases in provitamin A content (CHANDLER 

et al. 2013). In fresh cassava roots, total carotenoid content as measured by NIRS was observed 

to be highly correlated (r2 greater than 0.9) with high-performance liquid chromatography 

(HPLC) and spectrophotometer quantification, and digital chromameter readings showed lower 

but still reasonable correlations with the latter two methods (SÁNCHEZ et al. 2014). These low-

cost, high-throughput screening tools offer advantages over HPLC, which accrues many person-

hours and $10 to 15 per sample in reagent costs, and are likely the way forward for provitamin A 

content and other traits showing spectral signatures. 

Partial or complete automation of phenotyping at high resolution appears especially 

promising. Single-kernel NIRS is a rapid, non-destructive method that has shown diverse 

applications; properties measured, with some even used as criteria for automated sorting, include 

moisture content; total protein, starch, and oil; and kernel color, hardness, weight, and 3D shape 

(ARMSTRONG 2006; SPIELBAUER et al. 2009; FOX AND MANLEY 2014; GUSTIN et al. 2014). A 

preliminary study measuring β-glucan content of malted barley (Hordeum vulgare L.) by single-

kernel NIRS showed reasonable repeatability, and low correlations with enzymatic assays were 

attributed to the need for more variety-specific NIRS calibration curves due to variation in other 
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kernel properties (SZCZODRAK et al. 1992; DE SÁ AND PALMER 2006). Ionomic profiles 

comprised of 20 elements can be collected in only two minutes per single-kernel sample on 

inductively coupled plasma-mass spectrometry, and capture both final grain nutritional value and 

the net accumulation of ions resulting from a plant's interactions with its environment through 

development. These single-kernel profiles had moderate to high heritabilities for most elements, 

even across six environments, permitting robust QTL detection in a maize recombinant inbred 

line population (BAXTER et al. 2014). Digital image analysis is another rapidly evolving strategy 

for phenotyping of quality traits, with platforms currently in use for fruit color and color 

uniformity in tomato (DARRIGUES et al. 2008), grain density in barley (WALKER et al. 2013), and 

panicle architecture traits that have implications for grain quality in rice (CROWELL et al. 2014). 

Finally, a new method for non-destructive analysis of living or synthetic tissue, known as 

internal extractive electrospray ionization mass spectrometry, has already been used for targeted 

metabolite analysis in the softer tissues of leaves, fruits, and roots (ZHANG et al. 2013a), and 

could potentially be adapted to dried grain samples through use of a seed chipper or other device 

to expose the seed matrix. Pairing this technique with NIRS or other methods measuring physical 

grain properties may be useful in understanding interactions between nutrient accumulation and 

other components of grain structure and composition, and notably would tend to uncover any 

correlated physical phenotypes as candidates for indirect selection within nutritional programs.  

An additional area of recent focus has been the use of early-stage phenotyping and GS to 

speed up the breeding process for both agronomic and quality traits. Grain-filling traits measured 

in maize inbred parents were found to be highly heritable and purported to be mostly controlled 

by additive effects, allowing accurate prediction of derived hybrid performance (ALVAREZ 

PRADO et al. 2013). In cassava, advancement of seedlings based on their highly heritable beta-
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carotene and total carotenoid content in tubers was the basis of a rapid cycling recurrent selection 

approach that reduced cycle time from eight to three years and achieved gains in these two 

nutritional traits as well as dry matter content (CEBALLOS et al. 2013). While gains in the 

efficiency of phenotypic selection are valuable and needed, DNA marker-based approaches offer 

the additional benefit of being amenable to greenhouse or off-season nursery grow-outs, for they 

can be carried out without observing phenotypic performance in the target environment. Two to 

three cycles can thus be carried out per year, whereas phenotypic selection is typically conducted 

once per year in the target environment. This advantage was sufficient in analyses of biparental 

populations of maize, Arabidopsis (Arabidopsis thaliana (L.) Heynh.), and barley to give 

marker-based selection a projected higher net gain per unit time, even for traits showing higher 

response to phenotypic selection (LORENZANA AND BERNARDO 2009). Further, a simulation 

study comparing GS and MAS schemes in commercial maize and public wheat programs 

similarly found that GS achieved greater gain per unit time on an equivalent budget, even with 

genomic estimated breeding values of only moderate accuracy (HEFFNER et al. 2010). 

Integrating Transcriptomics, Physiology, and Cell Biology 

As a seed develops, environmental factors can drastically influence its developmental program. 

Nutritional traits tend to be firmly rooted in biochemistry, with the involved enzymes and 

processes facing regulation at all levels in the central dogma of molecular biology. Transcription 

and translation can vary widely across tissues and developmental time due to factors such as 

DNA methylation, histone modification, and activity by small RNAs (HE et al. 2011; TURCK 

AND COUPLAND 2014). Expression data are beginning to be used to identify gene sets most 

functionally related to phenotypes of interest; for prototypical applications to type 2 diabetes in 

humans and lignin content in sorghum, respectively, please see ZHONG et al. (2010) and 
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SHAKOOR et al. (2014). However, there has also been an argument for directly measuring 

enzyme activity rather than gene expression: the former is more stable over time and considers 

protein degradation and modification, which affect final function (STITT AND GIBON 2014). 

Finally, abiotic and biotic interactions with the ambient environment, whether at the field level or 

within the seed, give rise to physiological responses that often occur at the tissue and cellular 

levels. 

Given these multiple layers of spatial and temporal variation, next steps in pathway 

characterization and breeding for nutritional content will include narrowing analyses to relevant 

tissues and even subcellular compartments. Greater partitioning of micronutrients into rice 

endosperm rather than bran would increase nutrition in the hulled, white rice consumed 

throughout the world. It has been hypothesized that membrane localization of carotenoid 

biosynthetic enzymes could differ between endosperm and leaf plastids (WURTZEL et al. 2012)—

another example of the need for tissue-specific studies when nutrition is the end goal. At the 

cellular level, a gene shown to enhance the sink strength of chromoplasts, the storage organelle 

for carotenoids, has endured a proof-of-concept transgenic study in cauliflower (Brassica 

oleracea L. var. botrytis) and potato (Solanum tuberosum L.) as a viable method for increasing 

carotenoid content (LU et al. 2006); increasing plastid compartment size has shown similar 

potential in a tomato (Solanum lycopersicum L.) mutant with intensified fruit pigmentation 

(GALPAZ et al. 2008). Finally, the membrane processes and genetics underlying coordinated 

transport of multiple elements can be probed by ionomics. Through association mapping efforts, 

the QTL identified can likely be leveraged to develop varieties with optimized uptake of mineral 

nutrients (BAXTER AND DILKES 2012). 

Understanding the spatial and temporal dynamics of expression QTL (eQTL) influencing 
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quality traits will likely become a key trajectory. Namely, dissecting the genetic basis of gene 

expression traits within a population will require carefully designed sampling schemes and 

statistical analyses to separate signal from noise over space and time (HIRSCH et al. 2014; 

TRAPNELL et al. 2014). In the case of carotenoids, evidence of feedback loops between 

carotenoid accumulation and transcript abundance have been detected at various parts of the 

pathway, with the activity of these loops changing over developmental time (reviewed in 

CAZZONELLI AND POGSON 2010; DIRETTO et al. 2010). As phenotyping of nutritional traits 

becomes lower-cost and higher-throughput, time course analyses capturing multiple points in 

development will allow examination of natural variation in accumulation, degradation, and 

modification processes at higher resolution than is afforded by a single time-point measurement 

at or post-harvest. In cases of crop-nutrient combinations for which improvement through 

breeding is expected to be small—for example, due to minimal or non-existent natural variation 

exhibited in extant populations—manipulation of enzyme expression and co-expression within 

nutritional biosynthetic pathways is expected to form a large portion of plant metabolic 

engineering efforts. Approaches suggested so far include coordinating mineral nutrient uptake 

and transport through development by placing expression of certain key genes under a common 

inducible promoter across tissues (WATERS AND SANKARAN 2011) and introducing pathway 

enzymes to the harvested organ consumed as food (MARTIN 2013). The latter strategy was 

employed in the creation of Golden Rice, effectively introducing the carotenoid biosynthetic 

pathway into rice endosperm to increase provitamin A content (YE 2000; BEYER et al. 2002; 

PAINE et al. 2005). This area of research may see rapid expansion with the advent of highly 

efficient genome editing technologies (WENDT et al. 2013; XIE AND YANG 2013; ZHANG et al. 

2013b). 
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Improving Stability in Field, at Harvest, and through Processing  

Successful development of more nutritious crops is contingent on better characterizing genotype-

by-environment (G × E) interactions at the field level, especially as regional climates undergo 

non-uniform changes. A 46-environment study of a small hybrid sunflower panel in Argentina 

concluded that selecting for local adaptation produced three times the gains in oil yield compared 

to selecting for generalists in a heterogeneous target region (DE LA VEGA AND CHAPMAN 2006). 

A similar study in CIMMYT’s eastern and southern African maize program found little evidence 

of G x E for grain yield when the target population of environments was subdivided based on 

climates, altitudes, geographies, or national borders (WINDHAUSEN et al. 2012). However, 

environments created by dividing more homogenous sub-regions according to yield levels (< 3 

t/ha trial mean yield classified as low, > 3 t/ha as high) showed a significant G × E interaction, 

indicating that maize hybrids tended to rank differently in low vs. high-yielding sub-regions. 

Within the wheat breeding program in Queensland, Australia, stress nurseries with incremental 

water limitations designed to simulate farms throughout the target population of environments 

were shown to be a poor predictor of on-farm wheat yield, especially with increasing stress 

severity (COOPER et al. 1997). While the number of field testing locations is limited by time and 

cost, deciding the sub-regions within which to test and the metric used to define them will need 

re-calibration at a frequency that scales with climatic changes. The U.S. maize community’s 

Genomes to Fields Initiative, being piloted in 2014, aims to characterize G × E by growing 

thousands of genotypes in hundreds of well-characterized locations over the next ten years 

(SCHNABLE AND WRIGHT 2014). In a similar vein, the recent development of technology-based, 

grower-driven information networks, referred to in one place as distributed phenomics 

(http://photosynq.org/), offer promise as a way to retrieve disease severity, varietal performance, 
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or other data from target environments, thus expanding the effective range and resolution of a 

breeding program. 

Once characterized, the effects of environment can be leveraged to accelerate local 

adaptation through breeding. There is evidence that both genetic and environmental 

heterogeneity can effectively redistribute the relative contributions of QTL, meaning that there 

could be a suite of constitutive QTL among others that are more transient, i.e. only occurring in 

certain populations or combinations of environmental conditions (VARGAS et al. 2006; HOLLAND 

2007; MESSMER et al. 2009). In mature wheat embryos, environment-specific gene expression 

networks were found to exhibit functions in pathogen response, RNA processing, and heat 

response (MUNKVOLD et al. 2013). Even in the consensus network of genes, mostly 

housekeeping, showing correlated expression in both environments tested, none of the identified 

eQTL co-localized across the two environments. Another study in wheat that tested four 

environments—two locations, each with wet and dry treatments—detected 18 QTL for end-use 

quality traits in all four environments; 25 in two or three environments; and 35 in only a single 

environment (EL-FEKI et al. 2013). All of the large-effect QTL (>20% of phenotypic variation 

explained) identified in the study were detected in three or four environments, but 28 of the 

single-environment QTL were of intermediate effect (between 5 and 20% of phenotypic 

variation explained). This result suggests that, in the case of traits that have plateaued after initial 

gains achieved by broadly adaptive QTL, genetic mapping studies in more diverse sub-

populations and environments could unlock further incremental gains by adding these 

intermediate-effect, more specialist QTL to the breeder’s toolbox when funding allows. 

Biofortification efforts related to mineral uptake must be especially cognizant of 

environmental effects. Varieties can be expected to perform very differently across contrasting 
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soil types, for example, in either a uniform or a genotype-dependent manner. Indeed, a large-

scale study of spelt (Triticum aestivum (L.) Thell. ssp. spelta (L.) Thell.) grain mineral nutrient 

concentrations in Turkey found the effect of environment to explain a range of 37 to 69% of the 

total phenotypic variation; G × E, 17 to 58%; and genotype, only 11 to 41% for the nine nutrients 

measured: K, P, Mg, S, Ca, Fe, Mn, Cu, and Zn (GOMEZ-BECERRA et al. 2010). In a study of 

mineral content across four pulses, large effects of year, location, and their interactions with 

genotype were found to be significant for a majority of the 32 pulse-mineral combinations tested 

(RAY et al. 2014). For mineral content and other traits showing large environmental effects, 

selecting based on QTL with constitutive effects across environments, which can also be thought 

of as a generalist breeding strategy, can be supplemented by using genome-wide markers to 

select the locally adapted varieties showing best uptake as the recurrent parents for breeding 

schemes. In this way, genetic backgrounds that are specifically favorable in the target 

environment can be retained to also capitalize upon specialist adaptation. 

Post-harvest related losses in nutritional quality are a significant concern involving the 

even smaller-scale environments of storage facilities and households. Carotenoids are known to 

undergo both enzymatic and non-enzymatic—namely heat-and light-induced—oxidation, as well 

as isomerization reactions that affect bioavailability (RODRIGUEZ-AMAYA et al. 2008). These 

losses can be incurred during storage, processing, and cooking. LA FRANO et al. (2014) provide a 

summary of studies assessing bioavailability through these three post-harvest steps in biofortified 

varieties of seven staple crops: maize, sweet potato (Ipomoea batatas (L.) Lam.), and cassava 

(provitamin A), and wheat, rice, common bean (Phaseolus vulgaris L.), and pearl millet 

(Pennisetum glaucum L.) (iron, zinc, or both). While horticultural crops have been the traditional 

focus of post-harvest nutrient loss assessments, continuing to characterize the problem’s extent 



 

 31 

and nature in food staples will be crucial in ensuring that the effects of biofortification are carried 

through to consumption. Notably, while cassava tubers are especially prone to post-harvest 

physiological deterioration (PPD) (OWITI et al. 2011), early results have suggested that 

provitamin A-biofortified varieties show reduced PPD, likely due to the antioxidant properties of 

carotenoids (SÁNCHEZ et al. 2006; MORANTE et al. 2010). Examination of the effects of higher 

nutrient levels on plant health pre-harvest, e.g. when under oxidative or other abiotic stress in the 

field, and post-harvest shelf life will be an important complement to human nutrition studies and 

could impact rates of adoption of biofortified varieties by growers. 

FINAL THOUGHTS 

Measuring bioavailability, while it means disentangling complex gut and microbiome 

interactions that vary within human populations, is needed to ultimately assess the impact of a 

biofortified variety on human nutrition. Furthermore, these complex interactions may afford 

breeders more flexibility: it may be feasible to select for promoter substances that enhance 

absorption of a target nutrient or against anti-nutrients preventing it in addition to selecting for 

the nutrient itself. The genetic architectures, biochemical bases, and importance to plant 

processes of the involved compounds are all important considerations. For example, iron and 

zinc absorption are promoted by beta-carotene, a provitamin A compound, and inhibited by 

phytate (WELCH AND GRAHAM 2004; WHITE AND BROADLEY 2009). Thus, a crop variety 

biofortified with provitamin A, iron, and zinc could leverage synergistic interactions to address 

multiple major deficiencies in human populations. However, phytate, likely the anti-nutrient 

targeted most heavily in breeding programs to date, has been found to also be important for 

germination and seedling vigor due to its very ability to bind and hold mineral nutrients in 

reserve (GRAHAM et al. 2001). Thus, setting breeding targets for optimal levels of nutrients 
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and/or their interacting substances is no simple matter, and must be a process into which new 

findings across plant physiology, biochemistry, breeding, agronomy, and nutrition are constantly 

integrated. Greater detail on bioavailability in the context of crop nutritional quality, including 

the model systems being used for assessment, additional promoters and anti-nutrients, and other 

factors at play, can be found in LA FRANO et al. (2014), GRAHAM et al. (2001), and HOUSE 

(1999). 

Further development of field-based phenotyping methods is clearly needed. Unlike 

genomic samples that can typically withstand shipping to centralized sequencing facilities 

(RIBAUT et al. 2010), phenotypes capturing canopy status or that are unstable once off the plant 

are most accurately measured on site in real time. An analogy can be made to the portable, low-

cost, low-tech methods being developed to test phenotypes most telling of human nutritional 

status (GARRETT et al. 2011). The development of similar bio-markers for crop nutritional 

quality would afford phenotyping a chance of keeping pace with genomics by allowing breeders 

to survey traits of interest in the field with efficiency and at scale. Best practices are still being 

established for field-based phenotyping. Major questions include how often to calibrate field-

based instruments, and by which metric; for example, correlations can be tested between field 

measurements and mass spectrometer, or between both of these and actual end nutrition 

(requiring bioavailability studies). For field-based collection of accurate phenotypes to really 

become the norm will require maximizing these correlations and gaining a complete picture of 

nutrition from planting to consumption. These objectives are best accomplished through global 

partnerships that prioritize capacity-building and sharing of protocols and software programs for 

instrument calibration, experimental design, statistical analysis, and data management (RIBAUT et 

al. 2010). Programs with broad international domains, whether through the CGIAR, Bill and 
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Melinda Gates Foundation, Biosciences Eastern and Central Africa, West African Centre for 

Crop Improvement, private industry, or others, will be instrumental in establishing high-access 

phenotyping networks for both agronomic and quality traits. The cassava community especially 

stands to benefit from robust, on-the-ground disease and PPD phenotyping, and discussions 

regarding this sort of monitoring system have already begun within the Global Cassava 

Partnership for the 21st Century (GCP21 2013).  

Another critical area to consider is soil nutrition: nitrogen and phosphorus for fertilizer 

are already limiting to crop growth in much of the tropics and subtropics, and demand for 

phosphorus in particular is expected to increasingly outstrip supply as this century progresses 

(BOUWMAN et al. 2009; CORDELL et al. 2009). Soil infertility places a major cap on consumer 

nutrition and merits increased attention in the coming decades, particularly as root imaging 

platforms and profiling of the plant rhizosphere microbiome are scaled up for large-scale field 

studies. There is certainly a role for genetic improvement, leveraging natural variation in root 

and related traits, e.g. strength of association with microbial communities, to maximize uptake 

from low-fertility soils (VANCE et al. 2003; LYNCH 2007). Improving soil management practices 

will also be crucial (JONES et al. 2013); as an example, arbuscular mycorrhizal fungi, which can 

be made more abundant and diverse in the soil through inoculations or crop rotations (ABBOTT 

AND ROBSON 1982; JEFFRIES et al. 2003; PLENCHETTE et al. 2005; BERRUTI et al. 2014), increase 

a root's effective surface area for nutrient absorption and have been shown to especially increase 

phosphorus uptake under soil drying conditions (NEUMANN AND GEORGE 2004). Examples of all-

inclusive approaches to improve mineral nutrition from soil to grain have been documented for 

phosphorus (MANSCHADI et al. 2014) and for zinc (CAKMAK 2008; IMPA AND JOHNSON-

BEEBOUT 2012). Impa and Johnson-Beebout (2012) suggest the use of a biofortification recovery 
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efficiency index, measuring the increase in nutrient concentration of consumed grain per unit of 

that nutrient applied in the field, to directly compare the impact of fertilization strategies on end 

nutrition.  

There has been an ongoing debate on whether "the breeder's dilemma", or an inherent 

conflict between improving nutritional quality and simultaneously maintaining or improving 

yield (MORRIS AND SANDS 2006)or other essential traits, is true or false. This conflict was 

apparent for many years in cassava, when increased provitamin A content was seen to positively 

correlate with lower dry matter content―an undesirable outcome that results in reduced cooking 

quality. However, the Center for International Tropical Agriculture (CIAT) recently reported that 

the putative linkage between genetic loci controlling the two traits had been broken within its 

germplasm collection (CEBALLOS et al. 2013). When seeking to increase both yield and 

nutritional value, a strategy recently undergoing a proof-of-concept study in maize was the 

development of heterotic groups to maximize genetic distance between parents within a 

provitamin A biofortification breeding program. This approach indeed showed improved grain 

yield compared to within-group crosses with no significant effect on total provitamin A content, 

suggesting that the two traits can be simultaneously improved (SUWARNO et al. 2014). 

Alternatively, the genomic selection and prediction methods mentioned above for early-

stage phenotyping offer a ready opportunity to consider diversity of genetic background in 

selection decisions because they necessarily involve genome-wide markers. The use of polygenic 

breeding values has been shown to optimize selection for a trait controlled by one or more major 

QTL in addition to a series of smaller-effect loci in simulation studies, even over five and ten 

generations of selection, with benefits especially pronounced when loci showed non-additive 

effects (DEKKERS 1998). Combining marker-assisted schemes for major-effect genes with 
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genomic selection to parameterize smaller-effect loci and genetic background effects would be a 

natural extension of this optimization strategy to quantitative traits, and merits testing in breeding 

populations. Tocochromanol (vitamin E and antioxidants) and carotenoid traits could provide the 

appropriate genetic architecture contrast needed to evaluate these statistical methods. Crucial to 

seed longevity, tocochromanol traits are likely millions of years old, predating the split between 

Zea and Tripsacum. Older traits in the evolutionary sense tend to be more genetically 

complex―under the control of numerous small-effect loci (WALLACE et al. 2014). Indeed, 

tocochromanol levels in maize grain were found to be under the control of more QTL, most of 

which with smaller allelic effects, than were detected for carotenoid levels, traits that came under 

selection during or after the domestication of maize from teosinte ~10,000 years ago (LIPKA et 

al. 2013b).  

Whether or not it describes the current state of affairs, the breeder's dilemma as a concept 

will remain relevant as climates change, and will likely show different outcomes across crops 

and traits. Photosynthetic productivity is expected to increase for C3 crops due to more available 

CO2, whereas C4 crops maintain low internal CO2 thus are already saturated at ambient 

conditions (BUCHANAN et al. 2000). A meta-analysis of elevated CO2 field studies in C3 grasses 

(wheat, rice), C3 legumes (field pea, soybean), and C4 grasses (maize, sorghum) found decreased 

iron and zinc content in the C3 grasses and legumes and decreased protein content in the C3 

grasses, with C4 grasses showing no significant differences aside from a small decrease in iron 

content (MYERS et al. 2014). Continued attention will need to be paid to the differing effects on 

C3 vs. C4 crops, and yield vs. nutrient uptake, as new interactions between unprecedented CO2, 

increasing temperatures, and changing water availability become manifest. To make this great 

complexity tractable, and to breed for the present and future of crop and human health, will 
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require scientific approaches that cross disciplines. With carefully designed experiments, 

integration of technologies and perspectives new and old, and continued strengthening of global 

partnerships, the challenge is certainly surmountable, and will likely leave us, a better-nourished 

population, in even greater awe and appreciation of plant systems than ever before. 
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ABSTRACT 

Tocopherols, tocotrienols and plastochromanols (collectively termed tocochromanols) are lipid-
soluble antioxidants synthesized by all plants. Their dietary intake, primarily from seed oils, 
provides vitamin E and other health benefits. Tocochromanol biosynthesis has been dissected in 
the dicot Arabidopsis thaliana, which has green, photosynthetic seeds, but our understanding of 
tocochromanol accumulation in major crops, whose seeds are non-photosynthetic, remains 
limited. To understand the genetic control of tocochromanols in grain, we conducted a joint 
linkage and genome-wide association study in the 5,000-line U.S. maize (Zea mays) nested 
association-mapping panel. Fifty-two quantitative trait loci (QTL) for individual and total 
tocochromanols were identified, and of the 14 resolved to individual genes, six encode novel 
activities affecting tocochromanols in plants. These include two chlorophyll biosynthetic 
enzymes that explain the majority of tocopherol variation, which was not predicted, given that, 
like most major cereal crops, maize grain is non-photosynthetic. This comprehensive assessment 
of natural variation in vitamin E levels in maize establishes the foundation for improving 
tocochromanol and vitamin E content in seeds of maize and other major cereal crops. 
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 Tocochromanols are synthesized by all plant tissues but are most abundant in seeds, 

where they limit the oxidation of membrane and storage lipids, making them essential for seed 

viability (SATTLER et al. 2004; MÈNE-SAFFRANE et al. 2010) and overall plant fitness (MAEDA et 

al. 2006; MAEDA AND DELLAPENNA 2007; DELLAPENNA AND MÈNE-SAFFRANÉ 2011; INOUE et 

al. 2011). In the human diet, tocochromanols serve as both lipid-soluble antioxidants and the 

essential nutrient vitamin E (HUSSAIN et al. 2013; AHSAN et al. 2015), with α-tocopherol having 

the highest vitamin E activity, α-tocotrienol and γ-tocopherol 3- and 6-fold lower activity, 

respectively, and other tocochromanols being negligible (KAMAL-ELDIN AND APPELQVIST 1996; 

DELLAPENNA AND MÈNE-SAFFRANÉ 2011). While plant seed oils are the major source of dietary 

vitamin E, seeds of most crops predominantly contain tocochromanols with low vitamin E 

activity (DELLAPENNA AND MÈNE-SAFFRANÉ 2011). 

Tocochromanols are synthesized in plastids using various prenyl-diphosphates derived 

from the plastidic isopentenyl pyrophosphate (IPP) pathway and homogentisic acid (HGA), an 

intermediate in aromatic amino acid catabolism (Figure 2.1). Condensation of HGA with phytyl-

diphosphate (phytyl-DP), geranylgeranyl-diphosphate (GGDP) or solanesyl-diphosphate 

(solanesyl-DP) yields committed intermediates that are cyclized and methylated to produce the α, 

β, γ and δ isoforms of tocopherols and tocotrienols, and plastochromanol-8 (PC-8), respectively. 

Tocochromanol biosynthesis is fully elucidated in Arabidopsis thaliana and involves 36 

enzymatic activities (encoded by 53 genes) for the biosynthesis of HGA, prenyl-diphosphates 

and the core tocochromanol pathway itself [vitamin E (VTE) loci 1 through 6] (DELLAPENNA 

AND MÈNE-SAFFRANÉ 2011; LIPKA et al. 2013a). Genes encoding these enzymatic reactions are 

considered a priori candidates in the Arabidopsis genome that may influence natural variation 

for tocochromanol traits. Because these 36 enzymatic reactions are conserved across the plant 
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kingdom (CHENG et al. 2003; SATTLER et al. 2004; KARUNANANDAA et al. 2005; GILLILAND et 

al. 2006; TANG et al. 2006; DELLAPENNA AND MÈNE-SAFFRANÉ 2011; FRITSCHE et al. 2012; 

WANG et al. 2012) a priori homologs can be readily identified in both monocot and dicot species 

(e.g., the maize (Zea mays) genome contains 80 such a priori candidates that encode these 36 

activities, Supplemental Data Set 2.1). In addition, like most monocots, maize also encodes 

homogentisate geranylgeranyl transferase (HGGT), the committed step in tocotrienol 

biosynthesis (CAHOON et al. 2003). 

 

Figure 2.1. Tocochromanol biosynthetic pathways in maize. Precursor pathways are 
summarized in gray boxes. The seven quantified compounds are shown in black text with their 
corresponding structures. Key a priori genes are in bold italicized text at the pathway step(s) 
executed by their encoded enzyme with the 8 a priori genes identified in this study highlighted in 
red text. Compound abbreviations: SDP, solanesyl diphosphate; Phytyl-DP, phytyl diphosphate; 
GGDP, geranylgeranyl diphosphate; HGA, homogentisic acid; MSBQ, 2-methyl-6-solanyl-1,4-
benzoquinol; MPBQ, 2-methyl-6-phytyl-1,4-benzoquinol; MGGBQ, 2-methyl-6-geranylgeranyl-
1,4-benzoquinol; PQ-9, plastoquinone-9; DMPBQ, 2,3-dimethyl-5-phytylbenzoquinol; 
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DMGGBQ, 2,3-dimethyl-5-geranylgeranyl-1,4-benzoquinol. Gene abbreviations: 1-deoxy-D-
xylulose-5-phosphate synthase (dxs2 and 3); arogenate/prephenate dehydrogenase family protein 
2 (arodeH2); solanesyl diphosphate synthase (sds); phytol kinase (vte5); phytol phosphate kinase 
(vte6); p-hydroxyphenylpyruvate dioxygenase (hppd1); homogentisate geranylgeranyltransferase 
(hggt1); MPBQ/MGGBQ methyltransferase (vte3); and γ-tocopherol methyltransferase (vte4). 
 

The cloning of Arabidopsis VTE genes allowed the core tocochromanol pathway to be 

engineered for improved nutritional content and composition in various plants (SHINTANI AND 

DELLAPENNA 1998; SAVIDGE et al. 2002; COLLAKOVA AND DELLAPENNA 2003; 

KARUNANANDAA et al. 2005; KUMAR et al. 2005; RACLARU et al. 2006; HUNTER AND CAHOON 

2007; LI et al. 2010; DELLAPENNA AND MÈNE-SAFFRANÉ 2011; LU et al. 2013; ZHANG et al. 

2013b). Altering the expression of the pathway methyltransferase genes, vte3 and vte4, has 

profound impacts on the qualitative profiles of specific tocopherols and tocotrienols in leaves 

and seed without affecting total tocochromanol levels (SHINTANI AND DELLAPENNA 1998; 

CHENG et al. 2003; VAN EENENNAAM et al. 2003; KARUNANANDAA et al. 2005; DELLAPENNA 

AND MÈNE-SAFFRANÉ 2011; LU et al. 2013). Engineering total tocotrienol content has proven 

relatively straightforward, with hggt1 overexpression increasing tocotrienols to levels several 

times that of tocopherols (CAHOON et al. 2003; KIM et al. 2011; YANG et al. 2011; ZHANG et al. 

2013b; TANAKA et al. 2015). In contrast, engineering total tocopherol content is more difficult, 

and even with coordinate overexpression of multiple pathway steps, the increases achieved were 

modest (SAVIDGE et al. 2002; COLLAKOVA AND DELLAPENNA 2003; KARUNANANDAA et al. 

2005; RACLARU et al. 2006; LU et al. 2013). Identification of the tocopherol-deficient 

Arabidopsis vte5 and vte6 mutants (VALENTIN et al. 2006; VOM DORP et al. 2015), encoding 

kinases that sequentially phosphorylate phytol to generate phytyl-DP, suggested a mechanism 

underlying the divergent engineering results for tocotrienols and tocopherols: while tocotrienol 

biosynthesis can directly utilize GGDP, tocopherol biosynthesis requires phytol to be produced 
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from GGDP and then phosphorylated. 

Recent genome-wide association studies (GWAS) in maize and rice (Oryza sativa) grain 

(LI et al. 2012; LIPKA et al. 2013a; WANG et al. 2015) showed strong associations of γ-

tocopherol methyltransferase (vte4) with α-tocopherol concentrations and much weaker 

associations of tocopherol cyclase (vte1), hggt1, and an arogenate/prephenate dehydratase with 

tocotrienol traits in maize grain (LIPKA et al. 2013a). The panel sizes and density of single-

nucleotide polymorphisms (SNPs) in these studies limited both the identification of controlling 

loci and gene-level resolution of causal variants. In this study, we leveraged the superior 

statistical power and mapping resolution of the maize nested association mapping (NAM) panel 

of ~5,000 recombinant inbred lines (RILs) (YU et al. 2008; MCMULLEN et al. 2009) and the ~29 

million sequence variants of maize HapMap v1 and v2 (GORE et al. 2009; CHIA et al. 2012) to 

comprehensively investigate of the quantitative trait loci (QTL) and underlying genes 

responsible for natural variation in tocochromanol and vitamin E levels in maize grain, one of the 

most abundantly consumed food staples on the planet. 

RESULTS 

Genetic dissection of tocochromanol accumulation in maize grain 

We assessed the genetic basis of tocochromanol traits across the 25 RIL families of the 

U.S. maize NAM population. Physiologically mature grain samples were quantified for seven 

tocochromanol compounds by HPLC with fluorescence detection, and the data used to calculate 

best linear unbiased estimators (BLUEs) for the seven compounds, total tocopherols (ΣT), total 

tocotrienols (ΣT3), and total tocochromanols (ΣTT3) (Table 2.1, Supplemental Data Set 2a,b). 

With the exception of PC-8, all traits had high estimates of heritability (0.71 to 0.89; Table 2.1). 
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Although the seven tocochromanols are synthesized by a shared biosynthetic pathway (Figure 

2.1), only three pairs of compounds had correlations greater than ~0.4 (Supplemental Figure 2.1). 

 

 

 

 

Trait No. 

Lines  

BLUEs  Heritabilities 
Median SDa Rangeb  Estimate SEc 

α-Tocopherol (αT) 4,786 8.68 5.22 -2.97 - 33.19  0.82 0.01 
δ-Tocopherol (δT) 4,724 1.43 1.71 -1.74 - 10.05  0.71 0.02 
γ-Tocopherol (γT) 4,789 40.08 19.63 -2.78 - 128.49  0.75 0.02 
Total Tocopherols (ΣT) 4,790 51.97 22.30 1.50 - 153.19  0.72 0.02 
α-Tocotrienol (αT3) 4,784 10.15 4.18 -7.62 - 28.61  0.74 0.02 
δ-Tocotrienol (δT3) 4,689 0.76 1.15 -0.86 - 7.86  0.89 0.01 
γ-Tocotrienol (γT3) 4,770 18.49 11.69 -12.23 - 73.86  0.85 0.01 
Total Tocotrienols (ΣT3) 4,765 28.91 13.87 -10.33 - 93.83  0.82 0.02 
Total Tocochromanols (ΣTT3) 4,779 86.14 28.88 13.96 - 221.78  0.76 0.02 
Plastochromanol-8 (PC-8) 4,787 1.06 0.29 0.05 - 2.38  0.18 0.02 

 

Table 2.1. Sample sizes, ranges, and heritabilities for tocochromanol traits. Medians and 
ranges (in µg g-1 grain) for untransformed best linear unbiased estimators (BLUEs) of ten 
tocochromanol grain traits evaluated in the U.S. maize nested association mapping (NAM) 
population, and estimated heritability on a line-mean basis across two years. 
aSD, Standard deviation of the BLUEs. 
bNegative BLUE values are a product of the statistical analysis. Specifically, it is possible for BLUEs to equal any 
value from -∞ to +∞. 
cSE, Standard error of the heritability estimate. 
 

We mapped QTL across the 25 NAM families by joint-linkage (JL) analysis using a 

composite genetic map of ~14,000 markers (OGUT et al. 2015). This identified 162 QTL, with 

eight to 21 QTL per trait (Table 2.2, Supplemental Data Set 2.3) and phenotypic variance 

explained (PVE) of 0.6-48.2% (Supplemental Data Sets 2.4, 2.5). Given the biosynthetic 

relationships of tocochromanols (Figure 2.1), it seemed likely that multiple traits could be 
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affected by individual QTL and indeed, 90% of overlapping QTL support intervals were also 

significantly pleiotropic (Supplemental Data Set 2.6, Supplemental Figure 2.2). When 

overlapping QTL were merged, their numbers were reduced from 162 to 52 unique QTL 

intervals, of which 31 affected multiple traits (Supplemental Data Set 2.4). 

 

 

 

Table 2.2. Genetic association results for tocochromanol traits. Summary of joint-linkage 
quantitative trait loci (JL-QTL) and genome-wide association study (GWAS) variants identified 
for ten tocochromanol grain traits evaluated in the U.S. maize nested association mapping 
(NAM) population. 
a SD, standard deviation. 
b GWAS variants residing within JL-QTL support intervals for each trait that exhibited a resample model inclusion 
probability (RMIP) of 0.05 or greater. 
 

To more finely resolve these 52 unique QTL, we conducted a GWAS using the ~29 

million variants of maize HapMap v1 and v2 imputed onto the ~4900 NAM RILs. A total of 

1,752 marker-trait associations achieved a resample model inclusion probability (RMIP) value 

(VALDAR et al. 2009) > 0.05 (Supplemental Data Set 2.7). Of these, 34.5% localized to a 

          Trait 
Number 
of JL-
QTL 

Median size 
(SDa) of α = 
0.01 JL-QTL 

support 
interval (Mb) 

Number 
of JL-
QTL 

intervals 
containing 

a priori 
genes  

Number 
of 

GWAS-
associated 
variants 
in JL-
QTL 

intervalsb 

Maximum 
RMIP 

α-Tocopherol (αT) 13 4.17 (13.38) 4 57 0.98 
δ-Tocopherol (δT) 18 3.36 (16.84) 7 65 0.92 
γ-Tocopherol (γT) 21 7.21 (22.64) 10 72 0.95 
Total Tocopherols (ΣT) 18 8.00 (21.48) 8 58 0.90 
α-Tocotrienol (αT3) 17 4.65 (14.76) 4 49 0.92 
δ-Tocotrienol (δT3) 21 5.74 (22.20) 7 68 0.91 
γ-Tocotrienol (γT3) 14 8.35 (31.01) 8 52 0.98 
Total Tocotrienols (ΣT3) 12 15.47 (24.02) 8 49 0.98 
Total Tocochromanols (ΣTT3) 20 6.05 (21.32) 6 95 0.70 
Plastochromanol-8 (PC-8) 8 5.05 (21.37) 4 40 0.66 
JL-QTL TOTAL 162 5.90 (21.43) 66 605  
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corresponding trait JL interval (Table 2.2), with 47 markers having associations with 2-4 traits, 

for a total of 605 marker-trait associations. Linkage disequilibrium (LD) decays rapidly in the 

NAM panel, with the majority of HapMap v1 and v2 polymorphisms (GORE et al. 2009; CHIA et 

al. 2012) showing average LD decay in genic regions to background levels (r2<0.2) by 1 kb, but 

with large variance dependent on allele frequencies (WALLACE et al. 2014). As our GWAS-

detected markers showed a similar trend of LD decay (Supplemental Figure 2.3), we limited our 

candidate gene search space to ±100 kb of GWAS-detected variants, which is appropriate given 

the high marker density, reported localization of NAM GWAS signals to within a few kilobases 

of causal variants (WALLACE et al. 2014), and presence of upstream enhancer elements that have 

lower proximity to genes. 

To aid in the identification of genes underlying QTL, we employed a triangulation 

approach (RITCHIE et al. 2015) that tested for correlations between a) genotype of GWAS 

marker(s), b) log2-transformed RNA-seq expression levels across six developing kernel stages of 

the NAM parents for all genes in a search space (Supplemental Figure 2.4, Supplemental Table 

2.1, Supplemental Data Set 2.8), and c) transformed allelic effect estimates of individual-trait 

QTL for each family compared to B73, the maize reference genome and  recurrent parent of the 

U.S. maize NAM population. We initially focused on the 23 unique QTL whose intervals 

contained one or more of the 81 a priori genes (Supplemental Data Set 2.1) reasoning they 

provide a high-quality set of known targets, which if positively identified in an interval, could 

guide application of the approach to intervals that lacked a priori candidate genes. Based on the 

narrow search space defined by LD and GWAS signals in combination with the triangulation 

data sets, eight a priori genes were determined to underlie a unique QTL (Figure 2.2, 

Supplemental Figure 2.5). These include three genes involved in prenyl group biosynthesis, two 
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in aromatic head group biosynthesis, and three core tocochromanol pathway enzymes (Figure 

2.1, Figure 2.3). 

The role of a priori pathway genes 

The prenyl diphosphates for tocochromanol biosynthesis are made using five-carbon 

building blocks from the plastidic IPP pathway (eight activities encoded by 16 genes in maize). 

Only two IPP pathway genes were found to underlie QTL; both encode 1-deoxy-D-xylulose 5-

phosphate synthase (DXS), the first and committed step of the pathway. dxs2 affected five traits 

(2.5-5.7% PVE), and dxs3 was specific for PC-8 (2.6% PVE), but unexpectedly, neither was 

associated with tocopherol traits. Allelic effect estimates and the expression of dxs2, but not 

dxs3, were strongly correlated from mid-grain development onward, indicating dxs2 is an 

expression QTL (eQTL, Figures 2.2 and 2.3). The maize genome encodes 11 prenyl synthases 

capable of producing phytyl-DP, GGDP, and solanesyl-DP for the biosynthesis of tocopherols, 

tocotrienols, and PC-8, respectively, but only one locus, solanesyl-DP synthase (sds), was 

identified in this study. SDS produces the prenyl tail group for PC-8 and affected PC-8 and two 

other traits, all with small PVEs. Taken together, these findings indicate that dxs2 and dxs3 

function in the primary steps controlling provision of IPP for the biosynthesis of tocotrienol and 

PC-8 prenyl groups, but surprisingly not for tocopherol prenyl groups. 
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Figure 2.2. Master summaries for selected identified genes. Marker shapes correspond to trait 
class: circles, tocopherols; triangles, tocotrienols; squares, total tocochromanols, and diamonds, 
PC-8. Marker colors indicates compound type: yellow, alpha (α); orange, delta (δ); cyan, gamma 
(γ); purple, PC-8; brown, summed traits (Σ). Gene names are as they appear in Figure 2.3. 
Left panels: Directional gene models are depicted as black arrows and the identified gene as a 
green arrow. Lines with trait names above gene models indicate resample model inclusion 
probability (RMIP) of significant GWAS hits ± 100 kb of the peak RMIP variant. Lines below 
gene models indicate pairwise linkage disequilibrium (LD; r2) of each GWAS variant with the 
peak RMIP variant (dark blue line). The blue ribbon depicts the highest LD, per 200-bp window, 
to the peak RMIP variant while black ribbons indicate the density of variants tested in GWAS in 
the 200-bp window (log2 scale). Darker colors correspond to higher values. 
Right panels: Correlations (r) between JL-QTL allelic effect estimates and expression of the 
identified gene across six developing kernel time points. Significant correlations are indicated by 
trait abbreviations above the respective time point. Traits with both JL and GWAS associations 
appear in black text to the right of the graph and have solid trend lines and symbols, while those 
with only JL associations are in gray with dashed trend lines and open symbols. 
 

 
Figure 2.3. Percent phenotypic variance explained (PVE) by a priori and novel genes 
underlying joint-linkage quantitative trait loci (JL-QTL). 
aeQTL (expression QTL) indicates significant correlations between expression values and JL-QTL allelic effect 
estimates at >2 time points for at least one trait. 
bBlue shading corresponds to range of PVEs for JL-QTL, with darker blue indicating higher PVEs. 
cColor coding indicates QTL predominantly affects a trait class (having at least two-thirds of summed PVE). 

 

The aromatic head group for all tocochromanols, HGA, is an intermediate in tyrosine 

metabolism, and two genes in this pathway were identified as underlying QTL. p-

Hydroxyphenylpyruvate dioxgenase1 (hppd1) showed association with eight traits, with PVEs 

for tocotrienol traits (7.9-10.7% for δT3, γT3, and ΣT3) being much higher than those for the 
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corresponding tocopherol traits. Also identified, with smaller PVEs for αT3 and ΣT3 only, was 

arogenate dehydrogenase2 (arodeH2); the encoded enzyme carries out the oxidative 

decarboxylation of L-arogenate to L-tyrosine, which in one additional enzymatic step is 

converted to HPPD, the substrate for hppd1. Thus, these two genes are the key regulated steps 

for producing the aromatic head group of individual and total tocochromanols that accumulate in 

mature maize grain. Two other loci of relevance previously found to be weakly associated with 

tocochromanol traits in a maize inbred association panel (LIPKA et al. 2013), vte1 and one of 

seven prephenate dehydratases (GRMZM2G437912), were not detected in this study. vte1 was 

present in multiple JL intervals in the same recombination-suppressed pericentromeric region as 

hppd1, but signals specific to vte1 could not be resolved due to long-range LD. Prephenate 

dehydratase association signals were extremely weak in the prior study (LIPKA et al. 2013), and 

this gene was not detected in NAM JL-GWAS. 

The three remaining a priori genes identified in this study encode the core tocochromanol 

pathway enzymes, HGGT1, VTE4 and VTE3. HGGT1 is a prenyl transferase that condenses 

HGA and GGDP for the biosynthesis of all tocotrienols and had large PVEs for tocotrienols and 

moderate PVEs for tocopherols (Figure 2.3), a result consistent with its kinetic preference for 

GGDP over PDP (YANG et al. 2011). hggt1 was a strong eQTL—i.e., expression QTL, meaning 

that the contribution of this QTL to trait variation is significantly associated with variation in 

expression of the identified gene—through all developing kernel stages analyzed. This gene is 

strongly expressed in endosperm, the major site of tocotrienol accumulation, and showed little to 

no expression in other tissues, as also reported for the genes encoding HGGT in rice and barley 

(Hordeum vulgare) (CAHOON et al. 2003). Consistent with this expression pattern, 83% of the 

tocochromanols in endosperm of 30 DAP seed of NAM parents were tocotrienols, while only 
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2.5% were tocotrienols in embryos (Supplemental Data Set 2.9a, b). Notably, HGGT was found 

to have the largest PVEs for three traits, approximately 40% for γT3 and ΣT3 and 24% for δT3, 

suggesting that this locus is indeed the key player for tocotrienol traits, with the exception of 

αT3. VTE4 catalyzes the final step in αT and αT3 biosynthesis and had the largest PVE for these 

traits at 48.2% and 32.0%, respectively. This gene was an eQTL with particularly strong 

correlations with αT allelic effects. These effects spanned a range of 11.58 µg/g, suggesting that 

vte4 is key for increasing vitamin E levels, a finding concordant with the large PVEs and clear 

GWAS results obtained for vte4 in this and previous studies (LI et al. 2012; LIPKA et al. 2013). 

The final gene, vte3, encodes a methyltransferase at the branchpoint for δ- and γ-tocochromanols 

and was the largest-effect a priori QTL for δT (8.2% PVE), with smaller PVEs for four other 

traits. 

Novel large-effect loci control total tocopherol and vitamin E accumulation 

These eight identified a priori genes guided the application of our approach for gene-

level resolution in the remaining 44 QTL, which define novel loci affecting tocochromanol traits 

in maize grain. Like the identified a priori genes, for a gene to be identified in these 44 QTL 

intervals, it must meet at least two of three criteria: have at least one significant GWAS variant 

within ±100 kb of the gene, significant correlations between JL allelic effect estimates and gene 

expression (FPKM) at two or more developing kernel stages, and a compelling biological 

function for involvement in tocochromanol biosynthesis/accumulation. Applying these criteria to 

the 44 remaining QTL resulted in the identification of six genes not known to affect 

tocochromanol traits in any plant system that fall into three categories: metabolism, metabolite 

transport/storage, and transcriptional regulation. 

Both metabolic genes identified for QTL5 and QTL24 encode homeologs of 
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protochlorophyllide reductase (POR), a highly regulated step in chlorophyll biosynthesis (Figure 

2.4A). Notably, por2 (QTL24) had the highest PVEs in the panel for γT, δT, ΣT, and ΣTT3 and 

por1 (QTL5) the second highest PVEs for γT and ΣT (Figure 2.3); together, they account for the 

largest allelic effects observed (well beyond those of a priori genes) for tocopherol traits (Figure 

2.3 and Supplemental Figure 2.6). The two por loci were the most robust eQTL in this study and 

had the largest epistatic interactions (Figure 2.5), contributing 2.2-4.0% additional PVE to the 

four tocopherol traits. 
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Figure 2.4. Chlorophyll metabolism in relation to phytol generation and tocopherol 
biosynthesis in developing maize embryos and endosperm. 

A. Correlation of chlorophyll metabolites and total tocopherol concentrations (pmol·g-1). B. 
Compound concentration means (log scale) of NAM parents. c, Overview of chlorophyll 
biosynthesis and degradation and phytol generation in maize embryos and endosperm with the 
protochlorophyllide reductase expression QTL indicated in red. Compounds measured are in 
bold black text with the four detectable chlorophyll metabolites in embryos (only chl a was 
measurable in endosperm) highlighted in boxes colored as in panels A and B. Other relevant 
compounds are in gray and relevant enzymes in black bold italics. Arrow widths represent mean 
gene expression (FPKM) across embryo development in B73. The black dashed arrows show the 
proposed route for generating phytol for tocopherol biosynthesis in maize embryos from 
chlorophyll biosynthetic intermediates, instead of by chlorophyll degradation. Compound 
abbreviations: ƩT, total tocopherols=αT+δT+γT; Chlide: chlorophyllide; Chl, chlorophyll; Pheo, 
pheophytin; Protochlide, protochlorophyllide; Phytyl-DP, phytyl diphosphate; GGDP, 
geranylgeranyl diphosphate. 
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Figure 2.5. Genome-wide distribution of tocochromanol joint-linkage quantitative trait loci 
(JL-QTL) and their pairwise epistatic interactions. From the outermost ring to the center: 
Black arcs show chromosomes labeled in 20 Mb increments, with small open circles marking 
centromeres. Gene names are as they appear in Figure 2.3, and are adjacent to purple and green 
capsules that indicate a priori and novel gene classes, respectively. Radial, light blue lines show 
the positions of peak markers for the 162 individual-trait QTL. Lines linking markers show 
significant epistatic (additive x additive) interactions, with line thickness proportional to 
phenotypic variance explained by the interaction term (which range from 0.3% to 4.0%). Links 
are colored by trait class for the interaction: yellow, tocopherols (T); orange, tocotrienols (T3); 
black, total tocochromanols (ΣTT3). 
 

The strong and specific association of two chlorophyll biosynthetic genes with 
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tocopherols was unexpected for a monocot seed like maize that lacks obvious green coloration 

during development and is chlorophyll-deficient at physiological maturity (i.e., in dry grain). To 

assess whether, despite the lack of green coloration in developing grain, chlorophylls might still 

be present, we dissected embryos and endosperm from the NAM parents at 16, 20, 24, 30 and 36 

DAP to quantify the levels of tocochromanols and four major classes of chlorophyll metabolites: 

chlorophylls a and b, chlorophyllides a and b, pheophytins a and b and pheophorbides a and b 

(Supplemental Data Set 2.9a, b). Embryo tocochromanols are composed of >90% tocopherols, 

whose absolute levels reflect the extreme diversity of NAM parents, varying by 10-100 fold at 

each developmental stage (Supplemental Figure 2.7). Surprisingly, developing embryos also 

contain extremely low, but detectable, levels of chlorophylls a and b, chlorophyllide a, and 

pheophytin a (Figure 2.4b), while the other four chlorophyll metabolites assessed were below 

detection in all samples. Though detectable, total chlorophyll metabolite levels are ~500 times 

lower in embryos than in leaves (MA et al. 2008), and 100-1,000 fold lower than embryo 

tocopherols (Figure 2.4b). The correlation of total tocopherols with chlorophyll a, chlorophyll b, 

and chlorophyllide a was strong at 16 DAP (r=0.71-0.76); chlorophyll a correlations with total 

tocopherols peaked at r=0.93 at 20 DAP, and with the exception of 30 DAP remained above 

r=0.7. Correlations with chlorophyllide a and chlorophyll b with total tocopherols gradually 

decreased to r=0.48 and r=0.36, respectively, at 30 DAP, after which chlorophyll b correlation 

increased. Pheophytin a is a key intermediate and metabolite marker for the chlorophyll 

degradation pathway in senescing leaves (SCHELBERT et al. 2009; HÖRTENSTEINER AND 

KRÄUTLER 2011; HORTENSTEINER 2013), where it provides phytol for senescence-associated 

tocopherol biosynthesis (SCHELBERT et al. 2009; ZHANG et al. 2014; VOM DORP et al. 2015), but 

pheophytin a only showed weak correlations with total tocopherols at 16 and 20 DAP (r=0.23 



 

 66 

and 0.31, respectively) and was negatively correlated at later developmental stages. Tocopherol 

accumulated in endosperm to levels <2% that in embryos, and endosperm chlorophyll metabolite 

levels were similarly reduced, with only chlorophyll a being consistently above the limits of 

detection (Supplemental Data Set 2.9b, Figure 2.4b). Nonetheless, correlations of chlorophyll a 

with total tocopherols in endosperm ranged from r=0.50 to 0.74 at three stages of development 

(Figure 2.4a). 

A second group of novel genes has predicted roles in the transport and storage of 

lipophilic molecules. The identified gene in QTL10, affecting five traits, is one of 12 genes in 

maize encoding plastid-localized fibrillins, structural proteins that bind hydrophobic molecules 

and play various roles in their biosynthesis and accumulation in other systems (DERUÈRE et al. 

1994; KIM et al. 2015). Fibrillins are prominent components of plastoglobules (YTTERBERG et al. 

2006; BRÉHÉLIN et al. 2007), subcompartments of the chloroplast that also contain 

tocochromanols, carotenoids, lipids and various biosynthetic enzymes including tocopherol 

cyclase. The genetic association of a fibrillin gene family member with tocochromanol content is 

thus consistent with prior biochemical knowledge that other members of the fibrillin family bind 

hydrophobic metabolites (e.g., carotenoids). QTL30 also affected multiple traits, and its 

identified gene encodes a cytosolic glycol(neutral)lipid transfer protein that could participate in 

the transport of tocochromanols to oil bodies for storage. Finally, QTL6 only affects αT3, and its 

underlying gene encodes a type of SNARE protein predicted to be plastid-targeted and whose 

function is consistent with a role in vesicular transport. Of these three genes, only QTL10 was an 

eQTL. The final gene identified, in QTL39, was an eQTL that affected αT3 and encodes a 

predicted transcription factor with plant homeodomain (PHD) zinc finger domains. 

DISCUSSION 



 

 67 

This study, a comprehensive assessment of natural variation in vitamin E levels in maize grain, 

provides important insights into the control of tocochromanol content and composition in a 

global staple crop, with major implications for human nutrition. In total, 52 unique QTL were 

identified with PVEs as large as 48.2%. We resolved 14 QTL to the gene level using an approach 

integrating JL-QTL effect estimates, localization of GWAS signals, and RNA-seq data from six 

stages of developing kernels for the NAM parental genotypes. Only two of the 14 genes 

identified in this study had been previously associated with natural variation for tocochromanols 

in maize grain (LI et al. 2012; LIPKA et al. 2013). These 14 genes included seven of the nine 

intervals with largest PVEs (Figure 2.3, Supplemental Table 2.2) and in an additive model 

explained 56-93% of phenotypic variation attributed to QTL for the traits analyzed in this study 

(Supplemental Figure 2.8). This degree of gene-level resolution of JL-GWAS signals was much 

greater than in earlier NAM studies (BUCKLER et al. 2009; BROWN et al. 2011; KUMP et al. 2011; 

POLAND et al. 2011; TIAN et al. 2011; COOK et al. 2012; PEIFFER et al. 2014; WALLACE et al. 

2014; YAN et al. 2015; ZHANG et al. 2015) due to three main factors: clear molecular evidence of 

functional involvement through the incorporation of RNA-seq data, increased marker density 

provided by the additional 27.4 million HapMap v2 variants, and the tractable genetic 

architecture of tocochromanol traits (oligogenic and highly heritable). Eight of the 14 identified 

genes were on a list of 81 a priori maize candidate genes generated based on prior elucidation of 

precursor and core tocochromanol pathways, primarily in Arabidopsis, while the remaining six 

encode functions not previously demonstrated to affect tocochromanols in any plant species 

despite over two decades of molecular genetic studies (SHINTANI AND DELLAPENNA 1998; 

SAVIDGE et al. 2002; CAHOON et al. 2003; CHENG et al. 2003; SATTLER et al. 2004; VALENTIN et 

al. 2006; DELLAPENNA AND MÈNE-SAFFRANÉ 2011). With the exception of HGGT, which is 
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only present in the monocot lineage, and the plant homeodomain (PHD) transcription factor, all 

other genes identified in this study have clear homologs in major monocot and dicot crop 

species, providing clear targets to assess in other crops for potential association with desired 

tocochromanol traits. 

In most cases, the eight a priori genes affected tocochromanol traits in ways consistent 

with the known biochemical activities of their encoded enzymes (SHINTANI AND DELLAPENNA 

1998; CAHOON et al. 2003; CHENG et al. 2003; COLLAKOVA AND DELLAPENNA 2003; VAN 

EENENNAAM et al. 2003; KARUNANANDAA et al. 2005; KUMAR et al. 2005; TANG et al. 2006; 

HUNTER AND CAHOON 2007; DELLAPENNA AND MÈNE-SAFFRANÉ 2011). For example, the two 

pathway methyltransferases, vte3 and vte4 (SHINTANI AND DELLAPENNA 1998; CHENG et al. 

2003; VAN EENENNAAM et al. 2003), were key for determining the degree of methylation, and 

hence the types of tocochromanols accumulated (i.e., α, γ or δ), but had no impact on total 

tocochromanol levels. Similarly, the aromatic head group for all tocochromanols, HGA, is 

produced by hppd1 (NORRIS et al. 1998; RIPPERT et al. 2004; DELLAPENNA AND MÈNE-

SAFFRANÉ 2011), which affected nearly every tocochromanol trait, though with larger 

contributions for tocotrienols. As a group, the eight a priori genes also highlight major 

differences in the genetic control of tocopherol vs. tocotrienol traits in maize grain, particularly 

in the generation and coupling of their prenyl tail groups to HGA. A single gene for the first and 

regulated step of the plastidic IPP pathway, dxs2, was strongly and specifically associated with 

tocotrienol traits, but neither it nor any other IPP pathway gene was associated with tocopherol 

traits. HGGT, the committed enzyme for tocotrienol biosynthesis, showed extremely strong 

tocotrienol associations and limited associations with tocopherol traits, a result consistent with its 

overexpression conferring high levels of tocotrienol production in numerous plant tissues and 
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systems (CAHOON et al. 2003; DELLAPENNA AND MÈNE-SAFFRANÉ 2011; ZHANG et al. 2013b; 

TANAKA et al. 2015) and with the enzyme preferentially condensing HGA with GGDP (YANG et 

al. 2011). In contrast, the corresponding enzyme that condenses HGA with phytyl-DP for 

tocopherol biosynthesis, homogentisate phytyltransferase (HPT), did not show association 

signals with natural variation in tocopherol traits. This was unexpected as like hggt 

overexpression, hpt overexpression increases total tocopherol content in a number of dicot plant 

systems and tissues (SAVIDGE et al. 2002; COLLAKOVA AND DELLAPENNA 2003; 

KARUNANANDAA et al. 2005; LU et al. 2013). While the genetic control of total tocotrienol 

content in maize grain is relatively simple, with three, large-effect a priori genes (dxs2, hppd1, 

and hggt1) collectively accounting for 81% of trait variation, a priori genes account for only 8% 

of variation in total tocopherol content. Instead, the trait is controlled primarily by novel loci 

(Supplemental Figure 2.8), indicating that in maize grain and likely other monocot seed, a 

fundamentally different process regulates biosynthetic flux to total tocopherols.  

Key insight into the regulation of tocopherol biosynthesis in maize grain comes from our 

finding that two major determinants of tocopherol natural variation in maize grain are homeologs 

encoding protochlorophyllide reductase (POR), a key reaction in chlorophyll biosynthesis. The 

two identified por genes accounted for 46% of total tocopherol variation attributed to QTL in an 

additive model (Supplemental Figure 2.8), the largest PVEs for δT, γT and ΣT and a substantial 

pairwise epistatic effect that is roughly one-third the dynamic range of their additive effects. The 

two POR homologs appear to be only partially differentiated in function across tissues and 

developmental time, resulting in a substantial non-additive compensation (i.e. diminishing 

returns) effect on tocochromanol levels exerted through their allelic combination. The key role of 

protochlorophyllide reductases in tocopherol biosynthesis in maize grain was especially 
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surprising given that this tissue, like most monocot seed, is non-photosynthetic and lacks any 

obvious green coloration. 

Our identification of two chlorophyll biosynthetic genes (por homeologs) as major 

determinants of tocopherol content in maize grain and supporting metabolite and expression data 

in developing embryo are consistent with chlorophyll degradation playing a minor role at best in 

tocopherol biosynthesis in non-photosynthetic tissues like maize grain. First, of the four 

chlorophyll metabolites detectable in developing embryos, pheophytin a, a committed 

intermediate and metabolic marker for chlorophyll degradation, had the lowest correlation with 

total tocopherol levels (Figure 2.4a), opposite of what would be expected if chlorophyll 

degradation provided the majority of phytol for tocopherol biosynthesis. Instead, chlorophylls a 

and b and chlorophyllide a, late-stage intermediates in chlorophyll biosynthesis, were strongly 

and positively correlated with total tocopherol levels throughout embryo development. 

Additionally, in developing maize embryos (i.e., 30 DAP), the chlorophyll:tocopherol molar 

ratio is ~1:800, and as only a single molecule of phytol is released for each chlorophyll degraded, 

degradation would only provide a trace of the phytol needed for tocopherol biosynthesis, unless 

massive flux to degradation occurs. While we cannot eliminate this possibility, it seems unlikely, 

as expression of chlorophyll biosynthetic enzymes prior to POR is extremely low (e.g., 0.1-1% 

that in leaves, Supplemental Data Set 2.10) and consistent with the low levels of chlorophyll 

metabolites in developing embryos (~0.3% of leaf levels (MA et al. 2008)). In contrast, the two 

enzymes downstream of POR, chlorophyll synthase (which esterifies GGDP to chlorophyllides a 

and b) and geranylgeranyl reductase (which reduces the geranylgeranylated intermediates to 

chlorophylls a and b) are the most highly expressed steps of the pathway in embryos (e.g., 9-

18% that in leaves, Supplemental Data Set 2.10). This suggests that their reactions are strongly 
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favored, which is consistent with chlorophyll a levels being 10-100 fold higher than those of 

other chlorophyll metabolites. Taken together, these findings suggest that aspects of chlorophyll 

biosynthesis, likely a cycle involving repeated removal of phytol from chlorophyll a followed by 

efficient re-esterification of the resulting chlorophyllides with GGDP and reduction of the 

geranylgeranylated intermediates to (“phytyl”)-chlorophylls, generates the large amounts of 

phytol needed for tocopherol biosynthesis in maize embryos (Figure 2.4c).  

Unlike maize grain, developing Arabidopsis seed are green, photosynthetic and contain 

high levels of tocopherol at a 2-4 fold molar excess to chlorophylls (ZHANG et al. 2014) while in 

unstressed leaves, tocopherol levels are much lower and chlorophyll is often at 20-50 fold molar 

excess to tocopherols (COLLAKOVA et al. 2003). As each mole of chlorophyll contains one mole 

of esterified phytol, bulk chlorophyll degradation has long been proposed as the source of phytol 

for tocopherol biosynthesis in such green, photosynthetic tissues (RISE et al. 1989; CHROST et al. 

1999; VALENTIN et al. 2006). The chlorophyll degradation pathway has recently been elucidated 

in Arabidopsis (SCHELBERT et al. 2009; HÖRTENSTEINER AND KRÄUTLER 2011; HORTENSTEINER 

2013) (Figure 2.4c), and the phytol released from pheophytin a by pheophytinase could be 

esterified to fatty acids to yield fatty acid phytyl esters (FAPEs) or phosphorylated by VTE5 and 

VTE6 to yield phytyl-DP (VALENTIN et al. 2006; TANAKA et al. 2010; DELLAPENNA AND MÈNE-

SAFFRANÉ 2011; LIPPOLD et al. 2012; ZHANG et al. 2014; VOM DORP et al. 2015) (Figure 2.4c). 

This latter route clearly provides phytyl-DP for the large amounts of tocopherol synthesized by 

senescing Arabidopsis leaves, as mutation of the pheophytinase gene eliminates both chlorophyll 

degradation and the senescence-associated increases in tocopherol and FAPE levels (SCHELBERT 

et al. 2009; ZHANG et al. 2014; VOM DORP et al. 2015). If flux through this chlorophyll 

degradation pathway provided the majority of phytol for tocopherol biosynthesis in other tissues 
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and leaf development stages, one would expect a similarly severe impact on tocopherol levels in 

these tissues. However, in non-senescing leaves and mature seed, tocopherol content in the 

pheophytinase mutant was unchanged (ZHANG et al. 2014). Chlorophyllases can also remove 

phytol from chlorophyll a and have been proposed as an alternate route for generating phytol, but 

mutations disrupting the two Arabidopsis chlorophyllases, singly or in combination with the 

pheophytinase mutant, again had no effect on seed tocopherol levels (ZHANG et al. 2014). These 

combined data indicate that though phytol is released by chlorophyll degradation late in 

Arabidopsis seed maturation, this phytol contributes little to tocopherol biosynthesis in 

developing seed, and instead phytol for tocopherol biosynthesis in seed and non-senescing leaves 

of Arabidopsis is provided from another source. Tocopherol biosynthesis from this alternative 

source of phytol is still dependent on VTE5 (phytol kinase activity), as in vte5 mutants, 

tocopherol levels are reduced by 80% and leaf tocopherol contents by 65% (VALENTIN et al. 

2006). We suggest that like maize grain, Arabidopsis operates a chlorophyll-based cycle for 

generating phytol for tocopherol biosynthesis in most tissues and developmental stages that is 

separate from the bulk chlorophyll pool.    

In addition to the por loci, the other novel genes identified in this study provide important 

insights into the accumulation of tocochromanols in plants, but especially for tocopherols, which 

have higher vitamin E activities than tocotrienols (KAMAL-ELDIN AND APPELQVIST 1996; 

DELLAPENNA AND MÈNE-SAFFRANÉ 2011). For example, we identified proteins with transport 

and storage functions that are associated with tocochromanols at the genetic level. Three of the 

novel loci encode such functions, including two, a fibrillin and a lipid transfer protein, affecting 

multiple tocopherol and tocotrienol traits. Fibrillins are encoded by moderate-sized gene 

families, with individual members having diverse functions ranging from storage of xanthophylls 
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in fruit and flower chromoplasts to interaction with enzymes involved in plastoquinone 

biosynthesis (DERUÈRE et al. 1994; SINGH AND MCNELLIS 2011; KIM et al. 2015). Tocopherols 

were reported as minor constituents of fibrillins isolated from red bell pepper (Capsicum 

annuum) fruit (DERUÈRE et al. 1994), and several members localize to plastoglobuli along with 

various lipid-soluble compounds and enzymes, including tocopherol cyclase (YTTERBERG et al. 

2006; BRÉHÉLIN et al. 2007). The association of multiple tocochromanol traits with a single 

member of the maize fibrillin family (GRMZM2G031028) suggests that the encoded protein 

specializes in tocochromanol storage in grain. Finally, lipid transfer proteins (LTPs) are encoded 

by large gene families in plants and have likewise been implicated in the movement of various 

lipophilic compounds between membranes. Here, we show that GRMZM2G060870 is an LTP 

implicated in the transport of tocochromanols. Overexpression and knockout studies of a priori 

genes in other systems have yielded important insight into their roles in tocochromanol 

biosynthesis (DELLAPENNA AND MÈNE-SAFFRANÉ 2011). Analogous experiments with the six 

novel genes identified in this study would provide additional insights into their roles and 

functions. 

Allelic variation at the 14 genes identified in this study, responsible for 56-93% of 

phenotypic variation attributed to QTL for tocochromanols in maize grain, establishes a near-

complete foundation for the genetic improvement of vitamin E and non-vitamin E 

tocochromanol levels in this major food crop and likely in seed of the other major cereals, which 

are also non-green, non-photosynthetic tissues that synthesize tocochromanols. That a moderate 

number of genes exerts large control over headgroup and tail biosynthesis and the core 

tocochromanol pathway itself holds great promise for both breeding and engineering of 

tocochromanols in staple crops. Because tocopherols and tocotrienols are largely under 
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independent genetic control by seven major-effect loci, genomics-assisted breeding approaches 

can target total tocotrienols (hggt1, hppd1, and dxs2), total tocopherols (two por homeologs), or 

vitamin E content (vte3 and vte4), separately or in combinatorial fashion. It remains an open 

question whether the levels of other vitamins and essential nutrients in major crop species are 

under similarly tractable control. If true, this would greatly accelerate global efforts to 

simultaneously enhance and balance the levels of multiple essential micronutrients in staple 

crops to benefit human health. 

 

METHODS 

Field environments and plant materials for genetic mapping 

The genetic and genomic approaches used to design and construct the maize (Zea mays) nested 

association mapping (NAM) population have been previously described (YU et al. 2008; 

BUCKLER et al. 2009; MCMULLEN et al. 2009). In brief, 25 families of 200 recombinant inbred 

lines (RILs) per family were generated by crossing maize inbred line B73 in a reference design 

to 25 other diverse inbred lines. These 25 NAM families, the intermated B73 × Mo17 (IBM) 

family (LEE et al. 2002), and an association mapping panel of 281 diverse inbred lines (FLINT-

GARCIA et al. 2005) were evaluated at the Purdue University Agronomy Center for Research and 

Education in West Lafayette, IN, under standard agronomic practices in the summers of 2009 

and 2010. The experimental field design has been previously described (CHANDLER et al. 2013). 

In brief, a sets design was used in each of the two environments, with each set including all lines 

of a family or the association panel. Each family set was arranged in a 10 × 20 incomplete block 

α-lattice design, and each incomplete block was augmented by the addition of both parental lines 

as checks. The association panel had a 14 × 20 incomplete block α-lattice design, with each 
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incomplete block augmented by the inclusion of maize inbred lines B73 and Mo17 as checks. A 

single replicate of the entire experiment of 5,481 lines from the NAM and IBM families as well 

as the 281-member association panel plus repeated check lines was grown in each environment. 

An experimental unit consisted of a single line planted in a one-row plot that was 3.05 m in 

length, with an average of 10 plants per plot. In both environments, a minimum of four plants 

within a plot was self-pollinated by hand. Self-pollinated ears were harvested at physiological 

maturity and dried to a grain moisture content of ~15%. Afterwards, the ears of each plot were 

shelled and bulked to generate a representative, composite grain sample for quantifying 

tocochromanol levels. 

Phenotypic data analysis 

Tocochromanols were extracted from approximately 50 ground kernels for each plot and 

quantified by high-performance liquid chromatography (HPLC) and fluorometry as previously 

described (LIPKA et al. 2013a). We assessed three types of tocochromanols based on HPLC data 

passing internal quality control measures that were collected on 10,306 grain samples from 4,862 

NAM and 198 IBM RILs, as well as the repeated parental check lines. The 10 evaluated 

tocopherol, tocotrienol, and plastochromanol phenotypes were as follows: α-tocopherol (αT), δ-

tocopherol (δT), γ-tocopherol (γT), α-tocotrienol (αT3), δ-tocotrienol (δT3), γ-tocotrienol (γT3), 

total tocopherols (αT + δT + γT), total tocotrienols (αT3 + δT3 + γT3), total tocochromanols 

(total tocopherols + total tocotrienols), and plastochromanol-8 (PC-8) in μg·g−1 seed. When the 

level of a tocochromanol compound for a grain sample was below the minimum detection limit 

of HPLC, a μg·g−1 value was approximated for the sample by assigning a uniform random 

variable ranging from 0 to the minimum HPLC detection value for that given compound within a 

family for each environment. The IBM RILs were not included in the joint-linkage analysis and 
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genome-wide association study (GWAS) of the 10 tocochromanol traits, as they were produced 

through intermating and thus exhibit a differential recombination rate relative to NAM RILs. 

However, the IBM family was still included in the following mixed linear model analysis along 

with the 25 NAM families to provide additional information on genotype-by-environment 

variation and within-environment spatial variation. 

To screen the 10 traits for phenotypic outliers, we initially performed mixed linear model 

selection with custom Java code invoking ASReml-W version 3.0 (GILMOUR et al. 2009) for 

each trait that followed the same steps of the two-stage model fitting process previously 

described (PEIFFER et al. 2014). In brief, in the first stage, mixed linear models separately fit for 

each of the two environments included a fixed effect for the grand mean and random effects 

including the genotypic effects of family and RIL within family, a laboratory effect for HPLC 

auto-sampler plate, and spatial effects for field, set within field, and block within set within field. 

Genetic, HPLC plate, and spatial effects were not confounded because the repeated parental 

check lines were considered to be from the association panel. Thus, the experimental design 

allowed for the estimation of genetic effects separate from the laboratory and spatial effects. A 

first-order autoregressive (AR1 × AR1) correlation structure was also fitted to account for spatial 

variation in the direction of rows and columns among plots within each environment. For each 

environment, a backward elimination procedure based on the likelihood ratio test (LITTELL et al. 

2006) was conducted to remove non-genetic random effects and AR1 × AR1 error structures 

from the model that were not significant (α = 0.05). 

In the second stage, a single mixed linear model across both environments was fitted that 

included and nested the significant laboratory and spatial effects from the individual first stage 

models. Additional random effects entering the multi-environment model included environment, 
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the interaction between family and environment, and the interaction between RIL within family 

and environment. Additionally, the significant AR1 × AR1 error structures within each 

environment were included in the model. From the final fitted model for each trait, influential 

phenotypic outliers were detected using the DFFITS criterion (NETER et al. 1996; BELSLEY et al. 

2005), and observations were deleted if they exceeded a conservative DFFITS threshold 

previously suggested for this experimental design of 2 𝑥𝑥 2 𝑥𝑥�𝑝𝑝′
𝑛𝑛

 where p′ is model degrees of 

freedom (df) + 1 and n the sample size (HUNG et al. 2012) (Supplemental Data Set 2.2 and 2.11a, 

Supplemental File 1). 

Once influential outliers were removed, the two-stage model fitting process was 

conducted again with minor modifications to estimate a best linear unbiased estimator (BLUE) 

for each RIL across environments. In this implementation, the genotypic effects of family and 

RIL within family were fitted as fixed effects. Additionally, unique error variances were not 

separately modeled for each environment when fitting the interaction between family and 

environment and between RIL within family and environment. To obtain variance component 

estimates, all terms except for the grand mean were then fitted as random effects. These variance 

components were used to estimate heritability on a line-mean basis ( ) across only the 25 

NAM families (HUNG et al. 2012), and the standard errors of these estimates were approximated 

using the delta method (HOLLAND et al. 2003). 

Prior to conducting joint-linkage mapping of QTL in the NAM population, the BLUEs of 

each trait were screened to detect any remaining statistical outliers using PROC MIXED in SAS 

version 9.3 (SAS Institute 2012). Specifically, the Studentized deleted residuals (KUTNER et al. 

2004) were examined, which were obtained from a parsimonious linear model fitted with fixed 

effects for the grand mean and a single randomly sampled, representative single-nucleotide 

2
l̂h
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polymorphism (SNP) marker (PZA02014.3) from the NAM genetic linkage map of 1,106 SNP 

markers (MCMULLEN et al. 2009). For each trait, a BLUE of each RIL was considered an outlier 

and removed if it generated a Studentized deleted residual, with n – p – 1 df, that had an absolute 

value greater than the Bonferroni critical value of t(1 – α/2n; n – p – 1), where t denotes the t-

distribution, α the significance level of 0.05, n the sample size of 5,460 RILs, and p the number 

of predictor variables (Supplemental Data Set 2.2 and 2.11b, Supplemental Figure 2.9 and 

Supplemental File 2.2). Finally, for the trait dT3, a single RIL was removed that was seen to 

exert unduly high leverage within the trait JL model, particularly upon the inclusion of 

interaction terms in epistasis analyses. The observed inflation of allelic effect estimates and 

PVEs was most severe for a JL peak marker with low alternate allele frequency, as has been 

previously observed (RAO AND PROVINCE 2016). 

Next, for each trait, the Box-Cox power transformation (BOX AND COX 1964) was 

performed on BLUEs with the aforementioned parsimonious model to identify the most 

appropriate transformation that corrected for unequal variances and non-normality of error terms. 

This process was conducted using PROC TRANSREG in SAS version 9.3 (SAS Institute 2012), 

and tested lambda values ranging from -2 to +2 in increments of 0.05 before applying the 

optimal lambda for each trait. Of the 10 traits, six had a variable number of RILs (range: 3 to 

258) with a BLUE of negative value. Negative values were a product of the shift in location 

(mean) and scale (standard deviation) of the metabolite trait distributions that takes place in the 

generation of BLUEs (BURKSCHAT 2009). A constant of the lowest possible integer needed to 

make all values positive—a requirement of the Box-Cox power transformation—was added to 

the BLUEs for a given trait before conducting the transformation procedure. The constants and 

Box-Cox lambda values applied for each trait are provided in Supplemental Table 2.3. 
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Joint linkage analysis 

A consensus genetic linkage map comprising 14,772 markers and derived across the 25 NAM 

families was used for joint linkage (JL) analysis. The map was constructed by scoring 4,892 

available NAM RILs with a genotyping-by-sequencing (GBS) protocol (ELSHIRE et al. 2011; 

GLAUBITZ et al. 2014) and imputing SNP markers at evenly spaced 0.1 cM intervals following a 

previously described procedure (OGUT et al. 2015). Using this consensus map, a previously 

described JL analysis procedure (BUCKLER et al. 2009) was conducted across the 25 families of 

the NAM population to identify and define positions of QTL controlling phenotypic variability 

of the 10 tocochromanol traits. In brief, a joint stepwise regression procedure was implemented 

using modified source code in TASSEL version 3.0 (provided on Github), in which transformed 

tocochromanol trait BLUEs were the response variable, the family main effect forced into the 

model first was an explanatory variable, and each of the 14,772 possible marker effects nested 

within family terms considered for inclusion into the final model were explanatory variables. The 

model entry or exit selection criterion of marker-by-family effects was based on a permutation 

procedure, where the transformed BLUEs of each tocochromanol trait were permuted 1000 times 

and the entry P-value thresholds (from a partial F-test) were chosen to control the Type I error 

rate at α = 0.05. These thresholds are listed in Supplemental Table 2.3. To prevent the 

simultaneous entry and exit of an effect in the same step, exit thresholds were set equal to twice 

the value of entry thresholds. 

Given that strong linkage between these high-density genetic markers could introduce 

extensive collinearity among marker genotypes, we developed an additional model fitting 

approach to correct for multicollinearity and more precisely determine QTL locations and effect 

estimates thereafter. For the three tocotrienol compounds, their sum, and total tocochromanols, at 
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least one pair of peak JL markers (i.e., the markers in the optimal model determined from 

stepwise model selection) exhibited an absolute Pearson correlation coefficient (r) greater than 

0.8 in their SNP genotype states, calculated using the “pearson” method within the ‘cor’ base 

function in R. In these cases, the marker with smaller sum of squares within each pair in the 

corresponding JL model was removed. For each of the remaining peak markers in the JL model 

for that trait, a re-scan procedure was then implemented to test if any closely adjacent markers 

were more significantly associated with the trait than the peak marker identified in stepwise 

model selection. Specifically, if a marker on either side was showing, after the multicollinearity 

correction, a larger sum of squares than the original peak marker, that adjacent marker would 

replace the original peak marker in the model. This process was repeated until the peak marker 

under consideration showed the highest sum of squares compared to both of its neighbors, 

representing a local maximum. All final peak JL markers following re-scan, along with the 

family term, were then re-fitted to obtain a final JL model for each trait. Allelic effect estimates 

of these QTL within each family were generated by fitting final trait models using the ‘lm’ 

function within the lme4 package in R, which also tests the significance of each effect within a 

family term in two-sided independent t-tests. The Benjamini-Hochberg procedure (BENJAMINI 

AND HOCHBERG 1995) was used to control the false discovery rate (FDR) at 0.05 when 

identifying potentially significant QTL effects. 

For each joint QTL in the final models for all traits, a support interval (using P-value 

threshold of 0.01) was calculated as previously described (TIAN et al. 2011). Logarithm of the 

odds (LOD) scores were calculated using the ‘logLik’ base function in R. The phenotypic 

variance explained (PVE) by each joint QTL was calculated using previous methods (LI et al. 

2011), with some modifications. This modified method accounted for within-family variation of 
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allele frequencies by taking a weighted average of an allelic effect of a marker based on its allele 

frequency within each family and the population size of that family. Solely to assess the true 

magnitude and direction of QTL allelic effects both within and across NAM families, allelic 

effect estimates were also generated using untransformed BLUEs, re-fitting the family term and 

final JL markers derived from the transformed BLUE model without further model selection or 

re-scan. 

Genome-wide association study 

For each chromosome and each trait, residuals for conducting a GWAS were obtained from the 

final full JL models with the family term and any joint QTL from that chromosome removed. 

The genotypic data set used to perform the GWAS in the NAM population consisted of 28.9 

million variants (SNPs and short indels of 15 or fewer bp in length) contained in HapMap 

versions 1 and 2, as well as ~0.8 million copy number variants, as previously described 

(WALLACE et al. 2014). To conduct a GWAS for each trait, these 29.7 million segregating 

variants were projected onto the NAM RILs based on their genotypic data and the dense 0.1 cM 

resolution linkage map. Using these projected variants, a forward selection regression procedure 

was repeated 100 times for each chromosome. This procedure sub-sampled 80% of the RILs 

from each family without replacement; this procedure was run separately on chromosome-

specific residuals using the NAM-GWAS plugin in TASSEL version 4.1.32 (BRADBURY et al. 

2007) as previously described (WALLACE et al. 2014). For each trait, the significance threshold 

for the entry of a marker in the model was empirically determined using a permutation procedure 

run 1000 times on chromosome-specific residuals. The results of permutations were then 

averaged across chromosomes (WALLACE et al. 2014) to control the genome-wide Type I error 

rate at (α = 0.05). The entry thresholds determined from permutations and used in GWAS are 
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provided in Supplemental Table 2.3. For each trait and marker, the resample model inclusion 

probability (RMIP) value, defined as the proportion of 100 subsamples in which a tested marker 

was included in the final, forward selection-derived regression model, was calculated. Only 

markers having an RMIP value of 0.05 or greater were further examined in triangulation 

analyses. 

Growth environments and plant materials for RNA sequencing 

A total of three biological replications of the NAM founders were planted on May 10 (rep 1), 

May 20 (rep 2) and June 1 (rep 3), 2011, at Purdue University’s Agronomy Center for Research 

and Education (ACRE) in West Lafayette, IN, with approximately 15 plants per plot. All plants 

in each plot were self-pollinated, and pollination dates were recorded. A single ear from a given 

plot was harvested at (each of) 12, 16, 20, 24, 30 and 36 days after pollination. Immediately after 

harvest, whole ears were frozen in liquid nitrogen. The ears were stored at -80 °C until kernels 

could be removed from the still-frozen ears, placed in test tubes, and maintained at -80 °C. 

Kernels from each sample were packed in dry ice and shipped to Michigan State University, 

from which 30 kernels were randomly sampled and bulked across replicates. For the majority of 

samples, three biological replicates were available, and 10 seeds were taken from each. In a 

small number of instances, two or only one replicate was available; in these cases, 15 and 30 

seeds were taken from the replicates, respectively. 

For root and shoot tissues, seed from the NAM founders were surface-sterilized and 

germinated on wet filter paper for 4 to 5 days under grow lamps at room temperature. Next, three 

germinated seedlings were transplanted to 18.93 L containers with SureMix potting mix 

(Michigan Grower Products, Inc., Galesburg, MI) and fertilized with 1 X Hoagland’s solution. 

Plants were grown in the greenhouse under long-day conditions for 14 days at 30-33 °C at which 
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time the plants were removed from pots and rinsed with water to remove the soil. Roots and 

shoots were harvested separately, immediately frozen in liquid nitrogen, and stored at -80 °C 

until RNA extraction. Equal weights of shoots or roots from the three individual plants were 

combined into a single sample for RNA isolation. 

RNA sequencing and sample quality assessment 

Frozen samples were ground to a fine powder in liquid nitrogen. Total RNA from 100 mg of 

frozen kernel, shoot and root tissues was isolated using the hot borate protocol (WAN AND 

WILKINS 1994) except that a Qiagen shredder column (Qiagen, Germantown, MD) was used to 

filter the lysate prior to the LiCl precipitation step. To assess the quality and concentration of 

RNA, samples were analyzed using a NanoDrop (Thermo Fisher Scientific, Waltham, MA) and 

Bioanalyzer 2100 (Agilent Technologies, Santa Clara, CA). mRNA-Seq libraries were 

constructed from total RNA using the Illumina RNASeq kit (Illumina, San Diego, CA) following 

the manufacturer’s instructions. Sequencing was performed on the Illumina GAIIx and 

HiSeq2000 instruments at the Michigan State University Research Technology Support Facility. 

Reads (50 to 55 nucleotides; 11-140 M reads per sample) were generated and their quality 

evaluated using FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). A small 

number of libraries were sequenced in paired-end mode, but all downstream analyses treated 

reads as single-end. 

Identification of SNPs in RNA-seq data 

For SNP detection, RNA-seq reads were cleaned for quality using Cutadapt (v 1.4.1) (MARTIN 

2011). Specifically, Illumina adapter and primer sequences were removed (using the –b option), 

as well as bases at the 3′ end that had a quality score less than 20 and reads that were fewer than 

30 bases in length after cleaning. RNA-seq reads were then aligned to the maize B73 reference 
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genome (AGPv2; http://ftp.maizesequence.org/) using TopHat (v1.4.1) (LANGMEAD et al. 2009) 

and SAMTools (v0.1.12a) (LI et al. 2009). TopHat was run with a minimum and maximum 

intron size of five and 60,000 bp, respectively. Indel detection was disabled, and only unique 

alignments were reported using the -g option; all other options were set to default. BAMTools (v 

1.0.2) (BARNETT et al. 2011) was used to calculate mapping result statistics. The BAM file for 

each sample was sorted by leftmost coordinates using the SAMTools sort function (v 0.1.12a) 

(LI et al. 2009). This file was then indexed using SAMTools index, and a pileup file generated 

using SAMTools pileup with options –Bcf. An unfiltered matrix file was made and filtered to 

detect SNPs. SNPs were filtered according to the following requirements: 1) five reads per 

individual; 2) for an allele to be called within an individual, it had to be in 20% or more of the 

reads with at least two reads supporting it; 3) be homozygous (monoallelic) in each individual; 4) 

support by two individuals for an allele to exist; and 5) the position had to be polymorphic (at 

least two alleles) (HIRSCH et al. 2014). The identified SNPs, i.e. those passing all of these filters, 

were analyzed and clustered by genotype to identify any mis-labeled samples. In addition, 

genetic distances between all samples were calculated as previously described and clustered with 

seedling transcriptome-derived SNPs identified in the WiDiv 1.0 panel (HIRSCH et al. 2014) to 

further confirm genotype authenticity. All samples passing these quality control steps for an 

individual genotype were then merged using the SAMTools merge function, and the pipeline 

repeated from the sort and index step. A total of 175 samples representing 21 root, 21 shoot, and 

133 kernel samples (12, 16, 20, 24, 30, and 36 DAP) from 24 of the 26 NAM parents passed 

quality assessments and were used for SNP detection, and 172 of these were used for 

triangulation analyses (Supplemental Table 2.1, Supplemental Data Set 2.8). 

Gene expression analysis 
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RNA-seq reads were aligned to the maize B73 reference genome (AGPv2; 

http://ftp.maizesequence.org/) using TopHat (v 1.4.1) (LANGMEAD et al. 2009) and SAMTools (v 

0.1.12a) (LI et al. 2009); expression abundances were estimated using Cufflinks (v 1.3.0) 

(TRAPNELL et al. 2010) using the RefGen_v2 5b Filtered Gene Set (FGS) 

(http://ftp.maizesequence.org/release-5b/filtered-set/). When running TopHat, the minimum and 

maximum intron length was set to five and 60,000 bp, respectively, and the same maximum 

intron length was used for running Cufflinks. The –G and –b options were used when running 

Cufflinks; all other parameters were left at default. Boundaries of gene models in the AGPv2 

annotation were corrected for GRMZM2G012966 (lycopene epsilon cyclase) and 

GRMZM2G084942 (arogenate dehydrogenase), both which were incorrectly fused with a 

flanking gene. GRMZM2G012966 (lycopene epsilon cyclase) was split, resulting in a new locus 

labeled as GRMZM6G010010 (kinase-domain containing protein). GRMZM2G084942 

(arogenate dehydrogenase) was split, resulting in a new locus labeled as GRMZM6G010020 

(CBF1 interacting corepressor) and the FPKM values recalculated just for these modified loci. 

Expression data were reported in fragments per kilobase exon model per million fragments 

mapped (FPKM) values. A Pearson correlation coefficient (r) was calculated for all pairwise 

comparisons of all samples using FPKM data. Raw FPKM data were input into R (version 3.1.0) 

and transformed into a data matrix. Correlations for all observations were calculated using the 

“pearson” method of the ‘cor’ base function in R. The calculated correlation coefficients were 

then visualized for all pairwise comparisons using the ‘heatmap.2’ function within the gplots 

package in R (Supplemental Figure 2.4). 

FPKM filtering 

FPKM reads were annotated by gene not transcripts, mapping to a total of 39,455 loci. The 5b 
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FGS gene set was filtered such that at least one of the kernel developmental samples in at least 

one sampled founder line had an FPKM greater than 1.0; a total of 27,187 genes remained upon 

filtering with this criterion. Expression data for genes passing the specified threshold were 

transformed according to log2(FPKM + 1), where the constant of 1 was added to allow the 

transformation of ‘0’ values. These log2-transformed values are herein specified as “gene 

expression.” Within the filtered and transformed transcriptomic data set, early kernel samples 

correlated more closely in expression abundances with root and shoot samples than with mid- to 

late-kernel samples (Supplemental Figure 2.4). The number of aligned 50 or 55-bp reads per 

sample, both unique and multiple-mapping, had a median of 40 million reads (median 86% of 

total reads) with standard deviation of 16 million reads (Supplemental Table 2.1, Supplemental 

Data Set 2.8). 

Triangulation analysis 

Genomic regions in which both JL and GWAS associations co-localized were further 

investigated using the following procedure. First, JL support intervals from two or more 

individual-trait models that showed physical overlap were merged to form common support 

intervals. Support intervals detected for a single trait, with no physical overlap within other trait 

models, were also retained. For each final distinct support interval, Pearson correlations were 

tested in all pairwise comparisons between (1) QTL effect estimates for that interval in 

individual-trait JL model(s); (2) genotype state of significant GWAS marker(s) in the interval for 

the respective trait(s); and (3) log2-transformed expression values of candidate gene(s) directly 

hit by or within ± 100 kb of any of these significant GWAS markers. The use of 100 kb to define 

the candidate gene search range was established through examination of LD decay and is further 

elaborated in the results section. 
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To test for significance of the correlation between JL allelic effect estimates and 

expression values of each candidate gene proximal to significant GWAS markers, a multiple 

testing correction to control FDR at 0.05 was imposed on P-values of the correlation obtained for 

each gene. Namely, the Benjamini-Hochberg method (BENJAMINI AND HOCHBERG 1995) based 

on the total number of genes proximal to the GWAS marker (within ± 100 kb) was applied using 

the GAPIT package (LIPKA et al. 2012) in R. For those correlations involving one of the two 

traits with a negative optimal lambda for the Box-Cox transformation (i.e., an inverse power 

transformation was applied for dT and dT3), the sign of the correlation was flipped in graphical 

and tabular representations (Figure 2.2 and Supplemental Figure 2.5 for master gene summaries, 

Supplemental Figure 2.2 and Supplemental Table 2.6 for pleiotropy) to represent the true 

directionality of the relationship between traits. 

Epistasis 

For each trait, all possible pairwise interactions (additive x additive) between markers 

comprising the final JL model were individually tested for significance in a model containing all 

marker main (additive) effects. The P-value threshold required for an interaction to enter the 

model was determined by modeling 1000 null permutations of transformed trait BLUEs with 

only additive terms in the model to approximate a Type I error rate at α = 0.05. Interaction 

effects passing this threshold were used together with the main effects of markers comprising the 

final JL model to fit the final epistatic model. Calculations of PVE were performed using effect 

estimates and allele frequencies within families as described above, except that pairwise 

genotype scores were collapsed into three classes for interaction terms due to insufficient degrees 

of freedom to model all possible genotype states in the two-locus case. Specifically, the two 

vectors of genotype state scores were multiplied to obtain composite scores of -1 (one locus is 
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homozygous for reference allele and the other for minor), 0 (at least one heterozygote, meaning 

the two alleles are assumed to cancel any interaction), or 1 (both loci are homozygous for 

reference, or both for minor). Interactions were graphically depicted using the Circos software 

package (KRZYWINSKI et al. 2009) (Figure 2.5). 

Pleiotropy 

Pleiotropy, or shared genetic basis, was assessed between pairs of traits as previously described 

(BUCKLER et al. 2009), by applying the JL QTL model for each trait to every other trait. Pearson 

correlations between allelic effect estimates derived from the final JL model for a trait itself and 

the model applied from every other trait were evaluated for significance at α = 0.01, which with 

23 d.f. means a cutoff of |r| > 0.504. The sharedness, or percentage of shared QTL, between two 

traits was calculated as the sum of the percentage of significant correlations when the trait 1 

model was applied to trait 2 and the percentage when vice versa. Connections among QTL 

showing sharedness were visualized using the network R package (BUTTS 2008; BUTTS 2015) 

(Supplemental Figure 2.2). 

Pleiotropy was also examined within common support intervals to validate the merging 

of individual-trait intervals, a step conducted in previous NAM JL analyses (TIAN et al. 2011). In 

contrast to the above-described pleiotropy analysis, this QTL-level analysis fit the single peak JL 

marker within the common interval for each trait to every other trait that had a peak JL marker in 

the interval. 

Linkage disequilibrium analysis 

For each marker showing an RMIP of 0.05 or higher for one or more traits in GWAS, pairwise 

linkage disequilibrium (LD) with all other markers within ± 1 Mb was estimated through custom 

Python and R scripts using squared allele-frequency correlations (r2) as previously described 
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(WEIR 1996). A null distribution for LD was generated by performing the same estimation for 

50,000 markers selected at random. The same imputed genotypic data set of 29.7 million 

segregating markers used in JL-GWAS was used to estimate LD. 

Standardized effect sizes 

To more fully compare JL results across traits, effect sizes of JL peak markers were standardized 

and visualized in relation to the allele frequencies at these markers (Supplemental Figure 2.6). 

Given that 12 was the smallest number of QTL detected for a tocochromanol trait aside from PC-

8, an outlier in both JL model size (eight QTL) and line-mean heritability (lowest by four-fold), 

JL was re-run constraining the number of markers per trait to 12 using transformed BLUEs. 

Allelic effect estimates were obtained by subsequently re-fitting these 12-QTL models with 

untransformed BLUEs and scaled by multiplying by the total heritable variance for each trait 

(BROWN et al. 2011). Total heritable variance was estimated on a by-trait basis, as the line-mean 

heritability in NAM divided by the standard deviation of untransformed trait BLUEs in the 

Goodman-Buckler inbred diversity panel (LIPKA et al. 2013a). Allele frequencies were derived 

based on founders exhibiting NAM JL allelic effect estimates significantly different from those 

of B73, using estimates from transformed BLUEs given the involvement of statistical inference. 

Preparation and identification of standards for chlorophylls and their derivatives 

Chlorophylls a and b were isolated from fresh spinach (Spinacia oleracea) leaves as previously 

described (Canjura and Schwartz, 1991). Chlorophyllides were prepared by grinding fresh 

spinach leaves in 80% acetone with 20% 40 mM sodium citrate, pH 8, and incubating overnight 

at room temperature in darkness (HOLDEN 1961). After centrifuging to pellet debris, the 

supernatant was extracted twice with diethyl ether. The diethyl ether extracts were pooled, dried 

over anhydrous sodium sulfate, evaporated, and dissolved in 80:20 methanol:acetone. 
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Pheophytins a and b and pheophorbides a and b were prepared by acidification of their 

corresponding purified chlorophylls and chlorophyllides, respectively, as described (SCHWARTZ 

et al. 1981; CANJURA AND SCHWARTZ 1991). Each compound was isolated by semi-preparative 

HPLC using a Shimadzu Prominence HPLC and 5 µm Spherisorb ODS-2 column (250 x 4.6 

mm) (Orochem Technologies, Inc.). Pigments were eluted using a linear gradient at 1 mL/min in 

which Solvent A was 80% methanol in acetone and Solvent B was 80% methanol in 1 M 

ammonium acetate. The gradient used was 0-100% solvent A for 15 minutes, hold solvent A at 

100% for 15 minutes and then return to solvent B and re-equilibrate for 7 minutes. Individual 

compounds were identified and quantified by a combination of their retention and spectral 

characteristics (CAMARA 1985; LICHTENTHALER 1987; ZAPATA et al. 1987; MILENKOVIĆ et al. 

2012). 

Extraction and analysis of chlorophylls and derivatives 

Embryos and endosperm from each NAM parent were dissected from frozen kernels on a metal 

plate on dry ice to ensure all tissues remained frozen. Embryo and endosperm tissues were 

ground in liquid nitrogen and 50-60 mg tissue was extracted with 600 μL 10% (v/v) 0.2 M Tris-

HCL, pH 8 in acetone precooled to -20 °C (SCHELBERT et al. 2009; CHRIST et al. 2012) that 

contained 1 mg/mL butylated hydroxytoluene, and 1 mg/mL bixin and 1 mg/mL DL-α-

tocopherol acetate as internal recovery controls. Three 3-mm glass beads were added and 

extraction was done for 5 min by shaking using a commercial paint shaker (HERO, BC, Canada). 

Samples were centrifuged for 5 min at 13,000 RPM in a microfuge, and the supernatant was 

transferred to a new tube. 300 μL of HPLC grade water and 500 μL of diethyl ether were added, 

vortexed and centrifuged at 13,000 RPM for two minutes to allow for phase separation. The 

upper (diethyl ether) fraction was transferred to a new microcentrifuge tube, evaporated and 
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dissolved in 200 μL 100% acetone, which was divided into two aliquots and evaporated. One 

aliquot was dissolved in 100 μL of 3:1 (v/v) methanol:methyl tert-butyl ether for analyses of 

tocochromanols as previously described (LIPKA et al. 2013a). The second aliquot was dissolved 

in 100 μL of 80:20 (v/v) methanol:acetone and assessed by HPLC for levels of the eight target 

chlorophyll metabolites as described above. Pheophorbide b and pheophytin b, whose presence 

indicates artifactual conversions during extraction, were below detection levels in all samples 

analyzed. For each of the detected chlorophyll metabolites, Pearson correlations with total 

tocopherol levels were calculated within each time point after removing values (concentration, 

pmol g-1) that were more than three standard deviations from the mean for the respective 

compound (the chlorophyll metabolite and/or total tocopherols) within that time point. 

Accession numbers 

Genes identified in this study are as listed in Figure 2.3, using the following accession numbers 

as available in MaizeGDB: GRMZM2G084942, GRMZM2G493395, GRMZM2G173358, 

GRMZM2G173641, GRMZM2G112728, GRMZM2G082998, GRMZM2G088396, 

GRMZM2G035213, GRMZM2G036455, GRMZM2G073351, GRMZM2G039373, 

GRMZM2G060870, GRMZM2G128176, and GRMZM2G031028. 

HapMap sequence data, as described in Chia et al. (2012) and Gore et al. (2009), can be found in 

the NCBI Short Read Archive with accession numbers SRA051245 (HapMap v. 2) and 

SRP001145 (HapMap v. 1). Both SNP data sets are also available at www.panzea.org. 

The data reported in this paper are tabulated in Supplemental Data and archived in the following 

places: all RNA-seq reads are available at the National Center of Biotechnology Information 

Sequence Read Archive under BioProject Number PRJNA174231. Single nucleotide 

polymorphisms and expression abundances (FPKMs) are available from the Dryad Digital 

http://www.panzea.org/
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Repository (DOI provided at publication). Scripts used in this study are available on GitHub 

(repository URL to be provided at time of publication). 
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ABSTRACT 
 
Vitamin A deficiency is prevalent throughout much of Asia and Latin America in addition to 
sub-Saharan Africa, where maize is a staple crop that can account for more than half of daily 
calories. There is extensive natural variation for carotenoid levels in maize grain. To dissect the 
genetic basis of this variation, we conducted a joint linkage and genome wide association study 
in the 5,000-line U.S. maize nested association mapping panel. Twelve of the 35 QTL detected 
for carotenoid traits were resolved to individual genes; of these, 10 were a priori genes for 
carotenoid accumulation and retention and two encoded activities not previously associated with 
carotenoids in any plant system. Seven of these genes were expression QTL (eQTL), showing 
strong correlations between gene expression levels and QTL allelic effect estimates at multiple 
time points in grain development. Most of these eQTL also had highly correlated QTL allelic 
effect estimates across traits, suggesting that pleiotropy within this pathway is largely regulated 
at the expression level. A number of significant pairwise epistatic interactions were additionally 
detected, further elucidating the regulatory dynamics between identified genes within and outside 
of the biosynthetic pathway. Taken together, these findings serve as a comprehensive framework 
for accelerating progress in breeding for higher levels of provitamin A content in maize grain. 
 

Carotenoids are lipid-soluble isoprenoids (typically C40) synthesized by plants and algae and 

also some fungi, bacteria and yeast (reviewed in LI et al. 2016). Most carotenoids are yellow, 

orange, or red, colors that are a function of the length of their conjugated double bond system 

and functional groups (KHOO et al. 2011). Carotenoids containing oxygen functional groups are 
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termed xanthophylls and those without such groups, carotenes. In plants, carotenoids are 

synthesized and localized in plastids where they play numerous roles in photosystem structure 

and light harvesting and in photoprotection through their scavenging of singlet oxygen and 

dissipation of excess energy via the xanthophyll cycle (JAHNS AND HOLZWARTH 2012). 

Additionally, 9-cis isomers of violaxanthin and neoxanthin are precursors for the biosynthesis of 

abscisic acid (ABA), a plant hormone and C15 isoprenoid with critical roles in embryo dormancy 

and abiotic stress responses (KERMODE 2005; TUTEJA 2007). 

Provitamin A carotenoids are an essential micronutrient in human and animal diets as they 

can be converted to vitamin A by the body via oxidative cleavage (reviewed in EROGLU AND 

HARRISON (2013). The most abundant provitamin A carotenoids in the human diet are β-

carotene, which yields two molecules of retinol (vitamin A), and β-cryptoxanthin and α-carotene, 

which yield one retinol (STAHL AND SIES 2005; COMBS AND MCCLUNG 2016). Clinical vitamin A 

deficiency is highly prevalent, with an estimated 127.2 million preschool children and 7.2 

million pregnant women in countries determined at risk (WEST 2002). Symptoms can include 

xerophthalmia (“dry eye”), which often progresses to night blindness, as well as increased 

morbidity and mortality from infections (reviewed in WEST AND DARNTON-HILL 2008). The 

deaths of 650,000 preschool children per year are attributed to vitamin A deficiency (RICE et al. 

2004). Age-related macular degeneration in humans is another significant public health problem 

in both industrialized and developing countries affecting 170 million adults in 2014, and is 

projected to increase to 288 million in 2040 as populations continue to age (WONG et al. 2014). 

Age-related macular degeneration is associated with deficiency in two xanthophylls—lutein and 

zeaxanthin—that are highly abundant and have protective functions in the fovea, or cone-rich 

center of the retina (reviewed in BEATTY et al. 1999; KRINSKY et al. 2003; ABDEL-AAL EL et al. 
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2013). Finally, carotenoids offer additional nutritional benefits in human and animal systems 

through antioxidant and other activities (reviewed in ROCK 1997). 

Maize is a primary food staple in much of Latin America, sub-Saharan Africa, and Asia, 

where vitamin A deficiency remains highly prevalent (WEST 2002). There is extensive natural 

variation in levels of maize grain carotenoids, which are most highly concentrated in the vitreous 

(hard) portion of the endosperm (WEBER 1987; HARJES et al. 2008; MEURANT 2012). However, 

as a dietary staple the average provitamin A carotenoid levels of diverse yellow maize lines 

provide only 16% of the target level established based on recommended dietary allowances 

(HARJES et al. 2008; BOUIS AND WELCH 2010; OWENS et al. 2014). Genetic improvement of 

maize grain carotenoid (provitamin A) levels through breeding, an example of biofortification, 

has been proposed as a cost-effective approach for ameliorating vitamin A deficiency (GRAHAM 

et al. 2001; WELCH AND GRAHAM 2004; BOUIS AND WELCH 2010; DIEPENBROCK AND GORE 

2015). 

Carotenoids are derived from the 5-carbon central intermediate isopentenyl pyrophosphate 

(IPP) produced by the plastid-localized methyl-D-erythritol-4-phosphate (MEP) pathway (Figure 

3.1).  The committed step toward carotenoid synthesis is the head-to-head condensation of two 

20-carbon geranylgeranyl diphosphate (GGDP) molecules by the enzyme phytoene synthase to 

form phytoene.  Phytoene is sequentially desaturated and isomerized to form lycopene, which is 

then cyclized with two β-rings to form β-carotene or one β- and one ε- ring to form α-carotene. 

α- and β-Carotenes are hydroxylated twice to form lutein and zeaxanthin, respectively. 
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Figure 3.1. Carotenoid biosynthetic pathway in maize. Precursor pathways are summarized in 
black boxes. The a priori genes identified in this study are denoted with blue stars and with gene 
names in italicized text at the pathway step(s) executed by their encoded enzyme. The genes 
being used in marker-assisted selection efforts are additionally denoted with purple stars. 
Compound abbreviations: GGDP, geranylgeranyl diphosphate. Gene abbreviations: 1-deoxy-D-
xylulose-5-phosphate synthase (dxs2 and 3); phytoene synthase (psy1); phytoene desaturase 
(vp5); plastid terminal oxidase (ptox); lycopene ε-cyclase (lycE); ε-ring hydroxylase (lut1); β-
carotene hydroxylase (crtRB1); zeaxanthin epoxidase (zep1); carotenoid cleavage dioxygenase 
(ccd1). 
 

The MEP and carotenoid biosynthetic pathways are well-characterized in Arabidopsis, and 

the encoded genes are highly conserved across species, allowing the straightforward 

identification of homologs in other species. In maize, the MEP and carotenoid pathways are 

encoded by 60 genes, which can be considered a priori candidates for influencing natural 

variation for maize grain carotenoid levels (Supplemental Data Set 3.1). Four of these a priori 
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candidate genes, lycopene epsilon cyclase (lycE, HARJES et al. 2008), β-carotene hydroxylase 1 

(crtRB1, YAN et al. 2010), zeaxanthin epoxidase 1 (zep1, OWENS et al. 2014); SUWARNO et al. 

2015) and ε-ring hydroxylase (lut1, OWENS et al. 2014) have been shown to have genome-wide 

associations with various provitamin A and non-provitamin A carotenoid traits in maize grain. 

zep1 encodes zeaxanthin epoxidase, which converts zeaxanthin to violaxanthin via 

antheraxanthin, and was associated with zeaxanthin and total β-xanthophylls with large 

explanation of phenotypic variance for these traits (OWENS et al. 2014; SUWARNO et al. 2015). 

lut1 encodes a plastid-localized cytochrome P450 that hydroxylates the ε-ring of α-carotene to 

form zeinoxanthin, and was associated with zeinoxanthin levels and ratios of α-branch 

compounds (OWENS et al. 2014). Lycopene epsilon cyclase (lycE) catalyzes ε-ring cyclization of 

lycopene and is the key branch point enzyme controlling synthesis of α- vs. β-carotenes; alleles 

of lcyE having low expression in grain result in higher flux to β-carotene and β-xanthophylls 

(HARJES et al. 2008). crtRB1, encoding a non-heme diiron hydroxylase, sequentially 

hydroxylates β-carotene to produce β-cryptoxanthin and zeaxanthin, with poorly expressed 

alleles resulting in higher levels of β-carotene at the expense of β-xanthophylls, particularly 

zeaxanthin (YAN et al. 2010).  

Provitamin A breeding efforts in maize utilizing marker-assisted selection of favorable lycE 

and crtRB1 alleles have been underway for a decade at two CGIAR centers in coordination with 

HarvestPlus and numerous public and private partners and have made significant advancements 

(SALTZMAN et al. 2013; DHLIWAYO et al. 2014; SUWARNO et al. 2014). For example, maize 

hybrid and synthetic varieties that accumulate 40-70% of the target provitamin A level have been 

released, and others with higher levels are in national performance trials (MENKIR et al. 2017). 

However, introgression of favorable alleles of lycE and/or crtRB1 can have dramatically 
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different effects depending on genetic background (BABU et al. 2013; MENKIR et al. 2017; 

GEBREMESKEL et al. 2018), suggesting that further investigation of these and other involved 

genes may inform and expedite the consistent achievement of target provitamin A levels. 

Further, to simultaneously enhance and balance several other priority traits (e.g. lutein, 

zeaxanthin, and total carotenoids) requires a more comprehensive assessment of the genetics 

underlying natural variation in maize grain carotenoids. While substantial insight into the 

carotenoid pathway has been obtained from studies in Arabidopsis, its seed are green and 

photosynthetic whereas those of most major crops, including maize, are non-photosynthetic. 

Thus, maize grain is both inherently of interest as a key target crop for biofortification efforts 

and also potentially provides a more suitable model for carotenoid accumulation in other major 

crops. In this light, we used the 5000-line maize nested association mapping (NAM) panel to 

dissect, with high power and resolution, the quantitative trait loci (QTL) and underlying genes 

responsible for natural variation in grain carotenoid levels. 

RESULTS 

Genetic dissection of carotenoid accumulation in maize grain 

We used the U.S. nested association mapping (NAM) panel—25 families, each comprised of 200 

recombinant inbred lines (RILs), and with B73 as a common parent—to dissect the genetic basis 

of carotenoid content and composition in maize grain. Seven grain carotenoid compounds were 

quantified by high-performance liquid chromatography (HPLC) with photodiode array detection. 

These traits and one summed trait, total carotenoids, had high estimates of line-mean heritability 

(0.75 to 0.95, Table 3.1). Through a joint-linkage (JL) analysis across all 25 NAM families, we 

identified 92 individual-trait QTL (seven to 17 for each trait; Tables 3.1, 3.2, Supplemental Data 

Sets 3.2 and 3.3) that explained 52.1 to 87.9% of the phenotypic variance (Supplemental Data 
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Set 3.4). To dissect the identified QTL at higher resolution, we performed a genome-wide 

association study (GWAS) using ~29 million HapMap v1 and v2 markers imputed on the ~4,100 

NAM RILs (Table 3.2, Supplemental Data Set 3.5). A total of 1,049 total marker-trait 

associations (84 to 171 per trait) were found to have a resample model inclusion probability > 

0.05 (VALDAR et al. 2009). Of these, 297 (28.3%) were within a corresponding trait JL interval, 

with 48 of these being attributed to 20 sequence variants associated with two or more traits. 

Trait No. 
Lines  

BLUEs   Heritabilities 
Median SDa Rangeb   Estimate SEc 

Phytofluene 4,015 0.34 0.60 -0.85 - 3.58  0.81 0.01 

α-carotene 4,103 0.90 0.94 -0.99 - 5.22  0.75 0.02 

β-carotene 4,066 0.99 1.03 -0.94 - 5.84  0.76 0.02 

Zeinoxanthin 3,993 1.36 1.98 -1.27 - 10.98  0.90 0.01 

β-cryptoxanthin 4,042 1.51 1.68 -0.50 - 10.14  0.91 0.01 

Lutein 4,120 10.12 6.79 -2.23 - 39.83  0.91 0.01 

Zeaxanthin 3,995 6.65 7.24 -1.07 - 42.67  0.92 0.01 

Total carotenoids 4,121 31.22 16.32 -1.96 - 97.85  0.95 0.01 
 

Table 3.1. Sample sizes, ranges, and heritabilities for carotenoid traits. Medians and ranges 
(in µg g-1 grain) for untransformed best linear unbiased estimators (BLUEs) of eight carotenoid 
grain traits evaluated in the US maize nested association mapping (NAM) population, and 
estimated heritability on a line-mean basis across two years. 

aSD, Standard deviation of the BLUEs. 
bNegative BLUE values are a product of the statistical analysis. Specifically, it is possible for BLUEs to equal any 
value from -∞ to +∞. 
cSE, Standard error of the heritability estimate. 
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Trait  
Number 
of JL-
QTL 

 

Median size 
(SDa) of α = 
0.01 JL-QTL 

support 
interval (Mb) 

 

Number of 
JL-QTL 
intervals 

containing 
a priori 
genes 

 

Number of 
GWAS-

associated 
variants in 
JL-QTL 
intervalsb 

Maximum 
RMIP 

Phytofluene  11  3.11 (5.68)  6  38 0.79 
α-carotene  8  1.67 (3.00)  5  27 0.68 
β-carotene  7  1.58 (7.20)  6  27 0.90 
Zeinoxanthin  13  4.00 (39.09)  10  36 0.98 
β-cryptoxanthin  17  2.51 (23.70)  7  55 0.89 
Lutein  11  2.17 (23.94)  5  42 0.90 
Zeaxanthin  9  1.44 (7.03)  5  28 0.98 
Total carotenoids  16  2.20 (8.21)  2  44 0.98 
JL-QTL TOTAL    92   2.39 (20.51)   46   297  

 
Table 3.2. Genetic association results for carotenoid traits. Summary of joint-linkage 
quantitative trait loci (JL QTL) and genome-wide association study (GWAS) variants identified 
for eight carotenoid grain traits evaluated in the US maize nested association mapping (NAM) 
population. 
a SD, Standard deviation. 
b GWAS variants residing within JL-QTL support intervals for each trait that exhibited a resample model inclusion 
probability (RMIP) of 0.05 or greater. 
 

Given that individual carotenoid compounds share a biosynthetic pathway (Figure 3.1), it 

was not surprising that 86% of overlapping QTL support intervals were significantly pleiotropic 

(Supplemental Figure 3.2, Supplemental Data Set 3.6). When the 92 individual-trait QTL 

intervals were merged based on physical overlap, 35 unique QTL were obtained, of which 18 

impacted multiple traits (Supplemental Data Set 3.3). We then applied a triangulation approach 

integrating JL-QTL effect estimates (Supplemental Data Set 3.7), GWAS marker genotypes, and 

RNA-seq expression values at six developing kernel stages in NAM parents (Supplemental Table 

3.1, Supplemental Data Set 3.8) (DIEPENBROCK et al. 2017) to identify genes underlying the 35 

unique QTL (Figure 3.2, Supplemental Figure 3.3). The rapid decay of linkage disequilibrium 

(LD) in proximity of GWAS-detected markers (Supplemental Figure 3.4), in combination with 

the high resolving power of the NAM panel (WALLACE et al. 2014), supported using a search 
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space spanning ±100 kb of those GWAS signals residing within a unique QTL for gene 

identification. Based on the confluence of strong triangulation correlations for a single gene 

within these search spaces, 12 genes were identified as underlying a unique QTL (Table 3.3). Of 

these 12 genes, 10 are a priori genes from a list of 60 genes known from studies in various plants 

to play roles in IPP and carotenoid biosynthesis and carotenoid degradation (Supplemental Data 

Set 3.1) with the remaining two genes representing novel activities not previously reported to 

impact carotenoid traits in any plant system. Seven of these 12 genes were expression QTL 

(eQTL), in that their expression levels were significantly associated with the JL allelic effect 

estimates for the QTL at multiple time points (Table 3.3, Figure 3.2, Supplemental Figure 3.3). 

Gene 
class eQTLa 

Common 
Support 
Interval 

RefGen 
v2 ID Annotated Gene Function 

 

PHYF ACAR BCAR ZEI BCRY LUT ZEA TOT 
CAR 

a 
priori 

no 1 410515 phytoene desaturase 1 (vp5) 1.7 2.9     1.5       

no 3 143202 cytochrome P450 14 (lut1)      6.4   2.8   1 

no 6 102349 plastid terminal oxidase (ptox) 3.4 2   1.7 1.6       

yes 8 127139 zeaxanthin epoxidase 1 (zep1) 2.3           19.4 4.3 

yes 21 300348 phytoene synthase 1 (psy1) 11.1 3 8.1 8.3 9.2 8.6 8.1 21.9 

yes 23 493395 deoxy xylulose synthase 2 (dxs2) 4.9 5.5 7 8.5 10.2 3.1 2 8.6 

yes 30 012966 lycopene epsilon cyclase (lyce)  19.1 15.5 32.2 21 41.7 23.4   

no 32 173641 deoxy xylulose synthase 3 (dxs3)    1.7 1.3 1.6 1.3 2.1 3.8 

yes 33 057243 carot. cleavage dioxygenase 1 (ccd1)  2.4     1.4 10.5 9 12.1 

yes 35 152135 beta carotene hydroxylase 3 (crtRB1)    8 1 2.4   2.1 1.1 

Novel 
yes 18 431573 novel unknown protein 5.1   1.5   1.6   1.5 3.3 

no 29 171781 MYB transcription factor 30 (myb30)              2.5 

 
Table 3.3. Percent phenotypic variance explained (PVE) by a priori and novel joint-linkage 
quantitative trait loci (JL-QTL).  
aeQTL (expression QTL) indicates significant correlations between expression values and JL-QTL allelic effect 
estimates at >2 time points for at least one trait. 
bPHYF, phytofluene; ACAR, α-carotene; BCAR, β-carotene; ZEI, zeinoxanthin; BCRY, β-cryptoxanthin; LUT, 
lutein; ZEA, zeaxanthin; TOTCAR, total carotenoids. Blue shading corresponds to range of PVEs for JL-QTL, with 
darker blue indicating higher PVEs. 
 
The role of a priori pathway genes 

Of the 10 identified a priori genes, five encode enzymes that act upstream of the cyclization 

branch point of the carotenoid pathway, where the linear carotene lycopene is cyclized to either 
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α-carotene or β-carotene. All five loci were associated with multiple cyclic carotenoids (Table 

3.3), including provitamin A compounds (β-carotene, β-cryptoxanthin, and α-carotene), and all 

but psy1 represent novel associations at the genome-wide level with carotenoid variation in 

maize grain. Consistent with their sequential positions in the upstream portion of the pathway, all 

five loci showed positive pleiotropy (i.e., having positively correlated QTL allelic effect 

estimates) for the downstream cyclic carotenoids with which they were associated. Two of these 

five genes, dxs2 and dxs3, were homologs encoding 1-deoxy-D-xylulose 5-phosphate synthase 

(DXS), the first step in the plastid-localized MEP pathway that produces IPP for biosynthesis of 

carotenoids and other isoprenoids in the plastids. dxs2 and dxs3 were associated with eight and 

six traits, respectively, with PVEs of ~2-10% and ~1-4%, indicating that they are the major 

genetic control points for IPP provision by the MEP pathway. Of the two genes, dxs2 was found 

to be a strong eQTL in the later stages of kernel development (Figure 3.2). 
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Figure 3.2. Master summaries for selected identified genes. Marker colors indicate pathway 
branch of the associated trait: yellow for α-branch compounds; orange for β-branch compounds; 
purple for phytofluene; and black for total carotenoids. Marker shapes correspond to 
hydroxylation state of the associated trait: squares for α- and β-carotene; triangles for β-
cryptoxanthin and zeinoxanthin; circles for lutein and zeaxanthin; diamonds for phytofluene; and 
an X for total carotenoids.  
Left panels: Directional gene models are depicted as black arrows and the identified gene as a 
green arrow. Lines with trait names above gene models indicate resample model inclusion 
probability (RMIP) of significant GWAS hits ± 100 kb of the peak RMIP variant. Lines below 
gene models indicate pairwise linkage disequilibrium (LD; r2) of each GWAS variant with the 
peak RMIP variant (dark blue line). The blue ribbon depicts the highest LD, per 200-bp window, 
to the peak RMIP variant while black ribbons indicate the density of variants tested in GWAS in 
the 200-bp window (log2 scale). Darker colors correspond to higher values. 
Right panels: Correlations (r) between JL-QTL allelic effect estimates and expression of the 
identified gene across six developing kernel time points. Significant correlations are indicated by 
trait abbreviations above the respective time point. Traits with both JL and GWAS associations 
appear in black text to the right of the graph and have solid trend lines and symbols, while those 
with only JL associations are in gray with dashed trend lines and open symbols. 
 

Phytoene synthase (psy) catalyzes synthesis of the committed biosynthetic intermediate 

for all carotenoids, phytoene, by condensing two molecules of GGDP (BUCKNER et al. 1996; LI 

et al. 2008). The maize genome contains two psy loci, and plants having a functional psy1 allele 

accumulate carotenoids in endosperm and embryo whereas those homozygous for a recessive 

allele lack carotenoids and psy1 mRNA specifically in endosperm, with typically no effect on 

carotenoid content of other tissues (where carotenoids or carotenoid derivatives are essential for 

embryo dormancy and photoprotection) (BUCKNER et al. 1996, reviewed in GILMORE 1997; 

KOORNNEEF et al. 2002). The psy1 locus serves as a major genetic controller of quantitative 

variation for carotenoids in maize endosperm, the major site of carotenoid accumulation in grain 

(ZHU et al. 2008; FU et al. 2013), and psy1 had 3-11% PVE for all seven carotenoids analyzed 

and also the largest PVE observed in this study for the sum trait of total carotenoids (21.9%). 

When considering only the 14 families having non-white endosperm parents indicating 

functional psy1 alleles, this locus still showed PVEs of 5-13% for the seven measured 

carotenoids and 23% PVE for total carotenoids (Supplemental Data Set 3.9). This gene was an 
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extremely strong eQTL (Figure 3.2), with positive correlations between expression and effect 

estimates for all traits throughout kernel development, both across all 25 NAM families and 

across the 14 families having non-white endosperm founders.  

The next step in the pathway involves the sequential desaturation of phytoene to 

phytofluene and then ζ-carotene by phytoene desaturase (PDS, encoded by vp5), which requires 

plastoquinone as an electron acceptor (MAYER et al. 1990; NORRIS et al. 1995; FRISO et al. 2010; 

FOUDREE et al. 2012; BRAUSEMANN et al. 2017). The vp5 locus was associated with phytofluene 

(a desaturation intermediate) as well as α-carotene and β-cryptoxanthin, with PVEs of 1.5-2.9% 

and positive pleiotropy for all traits (Supplemental File 1). Another a priori gene (ZmPTOX) 

encodes a homolog of plastid terminal oxidase (PTOX) IMMUTANS in Arabidopsis (CAROL et 

al. 1999; ALURU et al. 2001), which transfers electrons from PQH2 to molecular oxygen to 

replenish PQ in the absence of an active photosynthetic electron transport chain, i.e. prior to 

greening and during early seedling development (reviewed in FOUDREE et al. 2012). This locus 

was associated with the same three traits as vp5, and also zeinoxanthin, with PVEs of 1.6-3.4%. 

Negative pleiotropy (i.e., negatively correlated QTL allelic effect estimates) was seen between 

phytofluene and the three cyclic carotenoids, which themselves had positively correlated effects 

(Supplemental File 1). 

Four biosynthetic genes downstream of the pathway branch point were associated with 

carotenoid traits, and all had major effects (Table 3.3). Lycopene epsilon cyclase (lyce1) is the 

committed step in α-carotene synthesis (CUNNINGHAM et al. 1996; BAI et al. 2009; CAZZONELLI 

AND POGSON 2010) and is the major genetic controller of relative flux into the α-carotene or β-

carotene pathway branches (HARJES et al. 2008). Accordingly, lyce1 showed negative pleiotropy 

for compounds between branches and positive pleiotropy for compounds within the same branch 
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(Supplemental File 1). This locus had the largest PVE observed in this study for each of the six 

α- and β-branch compounds (PVE = 15.5-41.7%) and, as reported in HARJES et al. (2008), had 

no significant impact on total carotenoids (Table 3.3).  

Subsequent hydroxylations of the ε- and β-rings of α- and β-carotenes are performed by 

P450s or non-heme dioxygenases, encoded by two and six genes, respectively, in the maize 

genome. Of these eight genes only two were associated with carotenoid traits in maize grain: β-

carotene hydroxylase 1 (encoded by crtRB1), which preferentially converts β-carotene to β-

cryptoxanthin and then zeaxanthin, and CYP97C (encoded by lut1), a cytochrome P450-type 

monooxygenase that preferentially hydroxylates the ε-ring of α-carotene to yield zeinoxanthin 

(TIAN et al. 2004; QUINLAN et al. 2012). The primary impact of lut1 was on the levels of 

zeinoxanthin (PVE=6.4%) and lutein (PVE=2.8%, Table 3.3). crtrb1 had PVEs of up to 8.0% for 

β-carotene, β-cryptoxanthin and zeaxanthin, with negative pleiotropic effects between its 

substrate, β-carotene, and its products, β-cryptoxanthin and zeaxanthin (Supplemental File 3.1). 

The subsequent β-branch enzyme, zeaxanthin epoxidase 1 (zep1), had positive pleiotropic effects 

between β-cryptoxanthin, zeaxanthin, and total carotenoids (Supplemental File 3.1). zep1 

primarily had a large effect on its substrate, zeaxanthin, with PVE of 19.4% (Figure 3.2). 

Concordant with this large PVE for the highly abundant compound zeaxanthin, this locus also 

had 4.3% PVE for the sum trait of total carotenoids (Table 3.3).  

Finally, the maize genome encodes 12 different carotenoid cleavage enzymes involved in 

ABA synthesis and carotenoid degradation. However, only one, carotenoid cleavage 

dioxygenase1 (ccd1), was associated with carotenoid levels in this study. CCD1 has been shown 

to be active toward multiple cyclic (as well as linear) carotenoids in vitro (VOGEL et al. 2008). A 

single copy of ccd1 exists in all lines at the progenitor ccd1-r locus, and in a limited number of 
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lines containing the dominant white cap1 (wc1) locus a variable number of tandem ccd1 copies 

(n=1-11 in the NAM founders) are found within a Tam3L transposon inserted 1.9 Mb proximal 

to ccd1-r (TAN et al. 2017). The QTL identified at wc1 had PVEs of 1-11% for four compounds, 

and 12% PVE for total carotenoids, making it the second-largest effect QTL for this trait after 

psy1 (Table 3.3). This locus showed positive pleiotropy for all traits detected (Supplemental File 

3.1) and was a strong eQTL (Figure 3.2). Correlations of ccd1 copy number from TAN et al. 

(2017) with NAM JL-QTL allelic effect estimates from our study were particularly strong for the 

most abundant carotenoids, lutein, zeaxanthin, and total carotenoids (r = -0.79 to -0.84), and 

moderate for α-carotene and β-cryptoxanthin (-0.57 to -0.58) (Supplemental Table 3.2). 

Correlation of ccd1 copy number with ccd1 expression level (FPKM) was also strong (r = 0.80 

to 0.84) across all six developing kernel stages. 

Novel genes for carotenoid accumulation 

Two genes with novel functions in carotenoid natural variation were identified in this study. A 

MYB-transcription factor (QTL29, myb30, GRMZM2G171781) showed association with total 

carotenoids and was not an eQTL (Supplemental Figure 3.3). MYB30 has also been shown 

(YILMAZ et al. 2009) to interact with genes in anthocyanin production and inflorescence 

development (BURDO et al. 2014). The second gene identified encodes a novel unknown protein 

(QTL18, GRMZM2G431573) that was associated with phytofluene, the three β-branch 

compounds, and total carotenoids with PVEs of 1-5%, and showed positive pleiotropy for all 

traits (Supplemental File 1). This gene was an eQTL (Figure 3.2) and encodes a protein in a 

homology class with uncharacterized proteins. 

Epistasis between identified genes 
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We tested all pairs of JL-QTL peak markers for epistasis in a joint analysis of all 25 NAM 

families, including 11 families that each segregated for a recessive allele of psy1 that conditions 

extremely low levels of carotenoids in the endosperm. In total, 68 interactions were found to be 

significant across the 25 families, with psy1 being a partner in 44 of them (Supplemental Data 

Set 3.10). The interaction of dxs2 with psy1 had 1.0-8.5% PVE for nine traits, indicative of the 

interdependency of carotenoid and IPP biosynthesis, and dxs3 and vp5 (encoding PDS) were also 

found to interact (PVE=1.0%). Notably, both novel identified genes interacted with psy1: the 

novel unknown protein (QTL18) for five traits with PVEs up to 11.0%—the largest interaction 

observed in this study—and myb30 (QTL29) for total carotenoids (PVE=4.5%; Figure 3.3a). 

A. 
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B. 

 

Figure 3.3. Genome-wide distribution of carotenoid joint-linkage quantitative trait loci (JL-
QTL) and their pairwise epistatic interactions in a) all 25 U.S. NAM families and b) the 14 
U.S. NAM families for which the non-B73 parent has non-white endosperm color. From 
outermost ring to center: Black arcs show chromosomes labeled in 20 Mb increments, with open 
circles marking centromeres. Names of identified genes are adjacent to purple and green capsules 
that indicate a priori and novel gene classes, respectively. Radial, light blue lines show positions 
of peak markers for the 92 individual-trait QTL. Lines linking markers show significant epistatic 
(additive x additive) interactions, with line thickness proportional to phenotypic variance 
explained (PVE) by the interaction term; PVEs range from 0.3 to 11.0% in the 25-family models 
and 0.46% to 1.16% in the 14-family models. Links are colored by pathway branch for the 
interaction: yellow for α-branch compounds; orange for β-branch compounds; purple for 
phytofluene; and black for total carotenoids. 
 



 

 121 

Testing epistasis using only the 14 families having parents with a non-white endosperm 

phenotype (i.e., functional psy1 alleles) reduced the number of significant interactions from 68 to 

12, with PVEs ranging from 0.46 to 1.16% (Figure 3.3b, Supplemental Data Set 3.11). Of these, 

seven interactions were between two QTL in which underlying genes were identified. All of 

these seven pairs of QTL were represented within the 68 significant interactions in the 25-family 

epistatic models, though not always for the same traits. psy1 was only involved in three 

interactions at the 14-family level, versus 44 in the 25-family model, interacting with lycE for 

lutein and the novel unknown protein (QTL18) for phytofluene and total carotenoids. The other 

interactions involving two identified genes were between ccd1 and zep1 for zeaxanthin and total 

carotenoids, ccd1 and lcyE for lutein, and dxs2 and lycE for zeaxanthin. 

DISCUSSION 

This study provides the most extensive dissection to date of the quantitative genetics of 

maize grain carotenoid levels. The key precursor and core biosynthetic pathway genes 

underpinning these traits are now largely elucidated: 12 of 35 carotenoid QTL were resolved to 

underlying genes, and the 10 identified a priori genes (Table 3.3) explain ≥80% of all PVE 

attributed to QTL (Supplemental Figure 3.5). Whereas studies in previous panels have made 

important contributions in identifying a few contributing genes, the thorough and simultaneous 

dissection of a full set of several large-effect genes underlying carotenoid traits offers 

tremendous gains in our functional understanding of the accumulation of these compounds in 

maize grain. Notably, the six identified genes having PVE ≥8% for one or more traits were all 

eQTL (Table 3.3). These six loci also tended to be strongly pleiotropic (Supplemental File 3.1): 

72% of the possible pleiotropic correlations for these six loci were significant compared to 36% 

for the other 29 NAM JL-QTL for carotenoid traits. Taken together, these findings suggest that 
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pleiotropy within the carotenoid pathway is largely regulated (directly or indirectly) at the level 

of gene expression. Epistatic effects were also seen between many of the identified genes, 

particularly involving psy1, the committed step for synthesis of all carotenoids (BUCKNER et al. 

1996). 

Importantly, this study has identified new and major breeding targets within the precursor 

pathway for carotenoid biosynthesis. The four identified a priori genes residing upstream of 

lycopene cyclization (vp5, ZmPTOX, dxs2, and dxs3) had not been previously associated with 

natural variation in maize grain carotenoids at the genome-wide level. Notably, dxs2 had the 

second-largest PVE in this study for β-cryptoxanthin, α-carotene, and zeinoxanthin (PVE =5.5-

10.2%), second only to that of psy1 for these traits. These two dxs homologs were also associated 

with natural variation for vitamin-E related traits (tocotrienols and plastochromanol-8; 

DIEPENBROCK et al. 2017). In that study, and concordant with the present findings for 

carotenoids, dxs2 was consistently found to have larger PVEs and was an eQTL while dxs3 was 

not (Figure 3.2, Table 3.3). DXS has been found in engineering and overexpression studies to be 

the rate-limiting step within the MEP pathway in Arabidopsis and E. coli, and is clearly the 

major control point providing IPP for biosynthesis of carotenoids, tocotrienols and likely other 

plastidic isoprenoids in maize grain (HARKER AND BRAMLEY 1999; ESTEVEZ et al. 2001). 

Genes encoding phytoene desaturase (PDS, vp5) and alternative oxidase (ZmPTOX), both 

of which are necessary for desaturation of phytoene, were identified in this study. PDS transfers 

electrons to plastoquinone (PQ), an essential co-factor for carotenoid biosynthesis (NORRIS et al. 

1995), as it desaturates phytoene to phytofluene to ζ-carotene. In photosynthetic tissues, reduced 

PQ (i.e., PQH2) resulting from activity of PDS is efficiently re-oxidized by the photosynthetic 

electron transport chain (ROSSO et al. 2006; SHAHBAZI et al. 2007; ROSSO et al. 2009, reviewed 
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in FOUDREE et al. 2012). However, in non-photosynthetic tissues that have a poorly developed 

electron transport chain—e.g. germinating seedlings and developing maize grain—alternative 

oxidase transfers electrons from PQH2 to molecular oxygen to regenerate the PQ needed for 

additional cycles of desaturation (BEYER et al. 1989; MAYER et al. 1990; CAROL et al. 1999; WU 

et al. 1999, reviewed in RODERMEL 2002; FOUDREE et al. 2012). Loss of function of the 

homologous plastid terminal oxidase (PTOX) IMMUTANS (IM) in Arabidopsis (CAROL et al. 

1999; WU et al. 1999) has been found to affect carotenoid synthesis (WETZEL et al. 1994; CAROL 

et al. 1999; ROSSO et al. 2009), with photo-oxidized sectors of vegetative tissue in im mutants 

also showing hyper-accumulation of phytoene (WETZEL et al. 1994; WU et al. 1999). In our 

study in maize grain, correlations of QTL allelic effects between phytofluene and downstream 

cyclic carotenoids were positive for vp5 and negative for ZmPTOX (Supplemental File 3.1). This 

suggests that an allele of ZmPTOX associated with less accumulation of phytofluene (e.g., via 

greater conversion to ζ-carotene) would also have increased accumulation of cyclic carotenoids. 

Neither PDS nor ZmPTOX was an eQTL (Figure 3.2). This is consistent with previous findings 

for IM (ALURU et al. 2001), and it has also been noted that IM does not directly affect expression 

of the gene encoding PDS in Arabidopsis (WETZEL AND RODERMEL 1998). While vp5 and 

ZmPTOX were largely associated with the same traits (Table 3.3), no significant epistatic 

interaction was seen between them (Figure 3.3). These genes represent another elucidated target 

for breeding or metabolic engineering efforts within the precursor pathway for carotenoid 

biosynthesis. 

A large number of significant pairwise epistatic interactions was detected between 

carotenoid QTL. Many of these interactions were attributable to psy1, for which a recessive 

allele results in very low carotenoid levels in maize endosperm (BUCKNER et al. 1996). The 
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presence of a recessive allele of psy1 in 11 of the families enabled the investigation of a more 

extensive epistatic network for these traits. Namely, the 25-family analysis of epistasis revealed 

that the extent of contribution of the two novel genes is highly dependent on the psy1 allele that 

is present. That is, both genes had an interaction PVE with psy1 for one or more traits that was 

greater than the PVEs of their main effects (Table 3.3, Supplemental Data Set 3.10). If these two 

novel genes are acting upstream of psy1, their interaction with psy1 could be due to recessive 

psy1 essentially cancelling out their effect (i.e., essentially no flux of substrate to the compounds 

measured in this study). On the other hand, if they are acting downstream of psy1, their 

interaction with psy1 could reflect that they are receiving essentially no substrate on which to act. 

The latter scenario, with potential feedback that affects phytofluene, seems more plausible given 

that no α-branch carotenoids were identified in association with the novel unknown protein. 

Another alternative is that one or both genes modifies the action of psy1. Knockout and 

overexpression studies for the two identified novel genes are needed to determine the 

mechanisms of involvement and assess their utility in breeding and engineering efforts. 

Considerable haplotype-level variation is still present at the psy1 locus in both temperate 

and tropical maize (SWARTS et al. 2017), and an allelic series was seen in the present study 

(Supplemental Data Set 3.7). Even within non-white-endosperm maize, previously found to 

exhibit natural variation for psy1 (FU et al. 2013), the locus was still shown to have large PVEs 

and significant interactions (Supplemental Data Sets 3.9 and 3.11, Figure 3.3b). This evidence 

suggests that explicit attention to selecting or fixing a favorable allele of psy1 may enhance the 

gains obtained from selection upon other genes, through greater flux of substrate (FU et al. 2013) 

and/or feedback mechanisms (RODRIGUEZ-VILLALON et al. 2009). Notably, the interactions 

observed between other identified genes in the 14-family model (Supplemental Data Set 3.11) 
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are more representative of what could be seen when breeding within yellow and orange maize 

germplasm, suggesting that breeding and engineering strategies leveraging favorable interactions 

that involve the genes being used in selection (e.g. lycE, zep1, ccd1, and the novel unknown 

protein, QTL18) may provide further gains. As mentioned above for psy1, these interactions may 

also have explanations other than that of substrate availability. For example, the gene encoding 

ZEP in Arabidopsis has been identified as a large-effect contributor to natural variation in seed 

carotenoids (GONZALEZ-JORGE et al. 2013), primarily because epoxidation enhances degradation 

by CCD4, which is plastidic. Combining null alleles of the two genes was found to greatly 

enhance accumulation of β-carotene and the epoxy-xanthophylls (antheraxanthin, neozanthin and 

violaxanthin) 2- to 3-fold, and also increased zeaxanthin by 40-fold (GONZALEZ-JORGE et al. 

2016). In our study in maize, zep1 and ccd1 had a significant interaction for zeaxanthin and total 

carotenoids, and both were eQTL in the six developing kernel stages analyzed. CCD1 is 

cytosolic (TAN et al. 2003) but is thought to have increasing access to plastid-stored carotenoids 

as desiccation begins (TAN et al. 2017). Monitoring the expression dynamics of these two genes, 

and also quantifying carotenoid metabolite levels, in the later stages of seed desiccation may 

provide more information regarding the basis of this interaction. 

Of the seven to 17 QTL detected per trait, two to four loci had >4% PVE, with one to two 

of these having >10% PVE (Table 3.3). These loci provide clear targets for genomics-assisted 

crop improvement strategies. For example, as major genes to achieve increased provitamin A 

levels, lycE, psy1, dxs2, and crtRB1 (listed in descending order of contribution) explained 87.4% 

of variation attributed to QTL for β-carotene, and lycE, dxs2, and psy1 explained 66.1% for β-

cryptoxanthin (Table 3.3, Supplemental Data Set 3.4). Notably, the positive pleiotropy observed 

for each of these three genes suggests that simultaneous increases in levels of both β-carotene 
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and β-cryptoxanthin are feasible. Given that only crtRB1 is currently in use in marker-assisted 

selection efforts (BABU et al. 2013), incorporating this larger set of major-effect genes in 

selection decisions offers to provide substantial gains. While higher heritability was achieved for 

α-carotene than in a smaller inbred diversity panel (OWENS et al. 2014), only two large-effect 

QTL, lycE and dxs2, were detected explaining 54.0% for α-carotene. Like beta cryptoxanthin, α-

carotene has only half of the provitamin A nutritional equivalent compared to β-carotene, the 

latter of which can be increased simultaneously with β-cryptoxanthin. Particularly given the 

strong effect of lycE in partitioning flux to one branch or the other (HARJES et al. 2008), a 

continued focus of provitamin A breeding efforts on β-carotene and β-cryptoxanthin (HARJES et 

al. 2008; DHLIWAYO et al. 2014) would be consistent with these data. It was previously 

recommended that both lycE and crtRB1 not be selected upon simultaneously, given that a 

decrease in total carotenoids was seen in lines homozygous for an identified favorable haplotype 

at both loci (BABU et al. 2013). However, if a different variant of crtRB1 is used that favors 

accumulation of β-cryptoxanthin and zeaxanthin in addition to β-carotene, tandem selection at 

lycE may again become viable, and gains may be substantial given the large PVEs and allelic 

effect estimates of lycE observed in this study in families with both temperate and tropical 

founders (Table 3.3, Supplemental Data Set 3.7). 

In addition to provitamin A, multiple other carotenoid traits are of immediate breeding 

interest (FU et al. 2013; KANDIANIS et al. 2013). Total carotenoids, a sum trait, is largely 

controlled by psy1, ccd1, dxs2, and zep1, which together explain 68.5% of phenotypic variation 

attributed to QTL (Table 3.3). Alleles of dxs2 and psy1 that increase flux to IPP and phytoene, 

respectively, could be expected to give rise to higher individual and total carotenoids, while 

selecting for low copy number of ccd1 could additionally decrease carotenoid turnover and 
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degradation. Highly correlated with total carotenoids are the two most abundant carotenoid 

compounds in maize grain, lutein and zeaxanthin, which are of high interest in breeding given 

their role in eye health. High concentration of zeaxanthin is additionally useful in marketing of 

biofortified maize due to its dark yellow to orange pigmentation (QUACKENBUSH et al. 1961; 

WEBER 1987), which provides an indicator of a novel, nutritious product (MEENAKSHI et al. 

2012). The major-effect genes for these compounds are lycE, ccd1, and psy1, and additionally 

zep1 for zeaxanthin. Similar to a previous finding of the relationship between relatively 

quantified ccd1 copy number and total carotenoid content (VALLABHANENI et al. 2010), 

correlations between ccd1 copy number (TAN et al. 2017) and trait effect estimates were highest 

for lutein and zeaxanthin, and ccd1 explained 10.5 and 9.0% of phenotypic variation, 

respectively. These results provide further indication that zep1 and ccd1, whose associations with 

carotenoid trait variation have been recently elucidated (OWENS et al. 2014; SUWARNO et al. 

2015), are key targets for breeding efforts. 

 With the genetic resolution of the NAM population, seven to 17 QTL have captured a 

large proportion of the phenotypic variation attributed to QTL, even approaching the upper limits 

of the high heritabilities observed for maize grain carotenoids (Table 3.1, Supplemental Data Set 

3.4). In summary, genomics-assisted breeding approaches to enhance and balance multiple 

carotenoid traits in maize grain are now both elucidated and highly feasible. Incorporation of this 

information into breeding efforts can expedite achievement of the provitamin A target level 

established by HarvestPlus (BOUIS AND WELCH 2010)—with simultaneous enhancement of other 

carotenoids beneficial to health—for the consistent delivery of varieties meeting recommended 

dietary intakes in human populations consuming maize as a staple. 

METHODS 
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Note that this materials and methods section was adapted from that of Chapter 2. 

Field environments and plant materials for genetic mapping 

The design of the maize (Zea mays) nested association mapping (NAM) population has been 

previously described (YU et al. 2008; BUCKLER et al. 2009; MCMULLEN et al. 2009). In brief, 

5,000 recombinant inbred lines (RILs)—25 families of 200 recombinant inbred lines (RILs) per 

family—were generated by crossing 25 diverse inbred lines with B73, a common parent. The 25 

NAM families, intermated B73 × Mo17 (IBM) family (LEE et al. 2002), and a 281-line inbred 

diversity panel designed for association mapping (FLINT-GARCIA et al. 2005) were evaluated in 

West Lafayette, IN, at the Purdue University Agronomy Center for Research and Education in 

the summers of 2009 and 2010 (i.e., two environments) using standard agronomic practices. The 

field design for these experiments has been previously described (CHANDLER et al. 2013). In 

brief, a sets design was used in each environment, with each set including all 200 RILs of a 

family or the 281-line association panel. Each set comprised of a NAM family was arranged in 

an augmented 10 × 20 incomplete block α-lattice design, with the two parental lines included as 

checks. Each set comprised of the 281-association panel had an augmented 14 × 20 incomplete 

block α-lattice design, with maize inbred lines B73 and Mo17 included as checks. A single 

replicate of the entire experiment of 5,481 lines from the 25 NAM families, the IBM family, and 

the 281-member association panel, plus repeated check lines, was grown in each environment. 

An experimental unit consisted of one inbred line planted in a one-row (3.05 m) plot, with an 

average of 10 plants per plot. A minimum of four plants per plot per environment was self-

pollinated by hand. Grain from these ears was harvested at physiological maturity, dried to a 

moisture content of ~15%, shelled, and bulked to generate a representative composite grain 

sample for quantifying carotenoid levels. 
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Phenotypic data analysis 

Extraction of carotenoids was conducted on ~50 ground kernels per plot, and seven 

carotenoids—phytofluene, α-carotene, β-carotene, zeinoxanthin, β-cryptoxanthin, lutein, 

zeaxanthin—as well as the sum trait of total carotenoids were quantified via high-performance 

liquid chromatography (HPLC) as previously described, with units of in μg·g−1 seed (Owens et 

al. 2014). We assessed carotenoids based on HPLC data passing internal quality control 

measures that were collected on 9,411 grain samples from 4,871 NAM and 198 IBM RILs, as 

well as the repeated parental check lines. When the value of a given carotenoid trait was below 

the minimum HPLC detection limit within a given grain sample, a uniform random variable was 

assigned ranging from 0 to the minimum HPLC detection limit for that trait within a family and 

environment. The IBM RILs were not included in joint-linkage (JL) analysis or genome-wide 

association study (GWAS), for they exhibit a differential recombination rate relative to NAM 

RILs due to the IBM RILs having been intermated. However, IBM was still included in the 

mixed linear model analysis for fitting of best linear unbiased estimators (described below) along 

with the 25 NAM families to provide additional information on spatial variation within 

environments and potential interactions of genotype and environment. 

To examine the data for phenotypic outliers, mixed linear model selection was conducted 

using custom Java code that calls ASReml-W version 3.0 (GILMOUR et al. 2009). This model 

selection process, conducted separately for each of the eight traits,was comprised ofd the same 

steps taken in a two-stage model fitting procedure previously described (PEIFFER et al. 2014). 

Briefly, mixed linear models were fit separately within each of the two environments in the first 

stage. The grand mean was the only fixed effect, and random effects were the genotypic effects 

(family and RIL nested within family); a laboratory effect (HPLC auto-sampler plate); and 
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spatial effects (field, set nested within field, and block nested within set within field). An 

autoregressive correlation structure (first-order, AR1 × AR1) was fitted to account for spatial 

variation across rows and columns within each environment. Non-genetic random effects and 

AR1 × AR1 error structures were not significant (α = 0.05) in the within-environment model 

were removed using a backward elimination procedure , with likelihood ratio tests as the 

statistical criterion (LITTELL et al. 2006). 

In the second stage, a mixed linear model was fitted across environments that included 

and nested the laboratory and spatial effects that were significant in the first stage. Additional 

random effects in this stage included environment, the family x environment interaction, and the 

RIL (nested within family) x environment interaction. The AR1 × AR1 error structures that were 

significant in the first stage were also included. From the final fitted multiple-environment model 

for each trait, phenotypic outliers with high influence were detected using the DFFITS 

(“difference in fits”) criterion (NETER et al. 1996; BELSLEY et al. 2005), and observations were 

set to NA if they exceeded a conservative DFFITS threshold previously suggested for this 

experimental design (HUNG et al. 2012) (Supplemental Data Set 3.2). 

Following outlier removal, the two-stage model fitting process was conducted again with 

minor modifications to estimate best linear unbiased estimators (BLUE) for the RILs. These 

modifications were that the genotypic effects of family and RIL within family were now 

included as fixed effects rather than random effects, and that unique error variances were not 

modeled for each environment separately when fitting the family x environment and RIL (within 

family) x environment interactions. All terms except for the grand mean were then again fitted as 

random effects to estimate variance components for the calculation of line-mean heritabilites (

). These heritability estimates were calculated only across the 25 NAM families (HUNG et al. 

2
l̂h
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2012), and the delta method was used to obtain standard errors (HOLLAND et al. 2003). 

The BLUEs generated for each trait were then examined to detect any remaining 

statistical outliers. Specifically, the Studentized deleted residuals (KUTNER et al. 2004) were 

examined using PROC MIXED in SAS version 9.3 (SAS Institute 2012). These residuals were 

obtained from a parsimonious linear model that contained the grand mean and a single randomly 

sampled, representative SNP (PZA02014.3) from the original genetic map for the NAM 

panel(MCMULLEN et al. 2009), both as fixed effects. The BLUE value of a given RIL for a given 

trait was set to NA if its corresponding Studentized deleted residual had magnitude greater than 

the Bonferroni critical value of t(1 – α/2n; n – p – 1). The significance level (α) used in this step 

was 0.05; n was the sample size of 5,460 RILs; and p was the number of predictorss 

(Supplemental Data Set 3.2).  

Next, the Box-Cox power transformation (BOX AND COX 1964) was performed separately 

on BLUEs for each trait. The same parsimonious model used to generate Studentized deleted 

residuals was also used to identify the most appropriate Box-Cox transformation (with λ tested 

between -2 and 2, step of 0.05) that corrected for heteroscedasticity and error terms that were not 

normally distributed. PROC TRANSREG within SAS version 9.3 (SAS Institute 2012) was used 

to find the optimal λ for each trait and apply the transformation. Note that the Box-Cox power 

transformation requires positive input values. Each of the traits had some number of negative 

BLUE values (range: 11 to 419 RILs per trait); these are a reasonable result of the BLUE-fitting 

process (BURKSCHAT 2009). The lowest possible integer needed to make all values positive for a 

given trait was added as a constant across that trait vector for all of the RILs before applying the 

transformation (Supplemental Data Set 3.12). 
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Joint linkage analysis 

A 0.1 cM consensus genetic linkage map (14,772 markers) was used for joint linkage (JL) 

analysis. This map was generated by imputing SNP genotypes at 0.1 cM intervals in a process 

previously described (OGUT et al. 2015), using genotyping-by-sequencing (GBS) data for ~4900 

NAM RILs as anchors (ELSHIRE et al. 2011; GLAUBITZ et al. 2014). JL analysis was then 

conducted, largely as previously described (BUCKLER et al. 2009), across the 25 families of the 

NAM population to map QTL for natural variation in one or more maize grain carotenoid traits. 

Specifically, joint stepwise regression was implemented using modified source code in TASSEL 

version 3.0 (provided on Github), with transformed BLUEs as the response variable, the family 

main effect forced into the model first as an explanatory variable. Then, the effects, nested within 

family, of each of the 14,772 markers in the 0.1 cM linkage map were tested for inclusion into 

the final model as explanatory variables. The significance threshold for model entry and exit of 

marker-within-family effects was based on conducting JL analysis on 1000 permutations of 

transformed BLUEs for each trait and selecting the entry P-value thresholds (from a partial F-

test) that control the Type I error rate at α = 0.05 (Supplemental Data Set 3.12). Exit thresholds 

were set to be twice the value of these empirically derived entry thresholds so that a marker 

would not both enter and exit the model in the same step. This permutation procedure was also 

applied within the 14 NAM families having parents with non-white endosperm color to enable 

JL analysis within those families using appropriate thresholds, e.g. due to the reduced sample 

size. 

Some multicollinearity between markers in the consensus map was expected, and indeed 

for three traits (β-carotene, zeaxanthin, and total carotenoids) at least two markers present in the 

final JL model had a Pearson correlation coefficient (r) with magnitude greater than 0.8 between 
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their SNP genotype states. In these cases, the marker with smaller sum of squares within the JL 

model was removed. A re-scan procedure was then conducted in the vicinity of any of the 

remaining peak markers for a given trait to test whether the removal of the multicollinear 

marker(s) meant a shift in the association signal. Specifically, if the immediately adjacent marker 

on either side now had, a larger sum of squares than the original peak marker, the adjacent 

marker would replace the original peak marker in the model, and this process was repeated until 

a local maximum in the sum of squares was found. The final peak JL markers following re-scan, 

along with the family term, were then re-fitted to obtain final statistics from the JL analysis of 

each trait. Allelic effect estimates for each QTL, nested within family, were generated by fitting 

final JL models with the ‘lm’ function (R, lme4 package), which also evaluates the significance 

of these QTL-within-family terms in two-sided independent t-tests; in this step false discovery 

rate was controlled at 0.05 via the Benjamini-Hochberg procedure (BENJAMINI AND HOCHBERG 

1995). 

Support intervals (α = 0.01) were calculated for the JL-QTL in each final model as 

previously described (TIAN et al. 2011). Logarithm of the odds (LOD) scores were calculated (R, 

‘logLik’ base function). The phenotypic variance explained (PVE) by each joint QTL was 

calculated using previous methods (LI et al. 2011), with some modifications as described in 

DIEPENBROCK et al. (2017). Briefly, modifications were made to account for segregation 

distortion across the families. While transformed data were used throughout the analyses in the 

present study, including in all steps requiring statistical inference, it was also desired to more 

closely examine the signs and magnitudes of QTL allelic effect estimates on the original trait 

scale and in directly interpretable units of nutrition. For this single purpose, the final JL model 

determined using transformed BLUEs was refit with untransformed BLUEs without further 
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model selection or re-scan. 

Genome-wide association study 

Chromosome-specific residuals for each trait were obtained from the final transformed JL 

models with the family term and any joint QTL located on the given chromosome removed. 

These residuals were used as the response variable in GWAS, whereas the genetic markers tested 

as explanatory variables consisted of the 28.9 million HapMap v. 1 and 2 variants (SNPs and 

indels  <15 bp), as well as ~0.8 million copy number variants, as previously described 

(WALLACE et al. 2014). These 29.7 million segregating variants were projected onto the NAM 

RILs using the dense 0.1 cM resolution linkage map, andGWAS was conducted in the NAM-

GWAS plugin in TASSEL version 4.1.32 (BRADBURY et al. 2007) as previously described 

(WALLACE et al. 2014), using a forward selection regression procedure100 times for each 

chromosome, with 80% of the RILs from every family sub-sampled each time. N. For each trait, 

the model entry threshold was empirically determined by conducting GWAS on 1000 

permutations of chromosome-specific residuals for each trait and  averaging the results across 

chromosomes (WALLACE et al. 2014) to control the genome-wide Type I error rate at α = 0.05 

(Supplemental Data Set 3.12). The significance threshold used for a marker in GWAS was its 

resample model inclusion probability (RMIP) value, or the proportion of the 100 final GWAS 

models in which that marker was included (i.e. meeting the model entry threshold). Markers 

having an RMIP > 0.05 were considered in downstream analyses. 

Growth environments and plant materials for RNA sequencing 

The RNA-seq materials and methods have been previously described in detail (DIEPENBROCK et 

al. 2017). Briefly, three biological replicates of the NAM founders (~15 plants per plot) were 

planted approximately ten days apart and self-pollinated in 2011 at the Purdue University 
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Agronomy Center for Research and Education (ACRE, West Lafayette, IN). One ear per plot 

was harvested and immediately frozen in liquid nitrogen at each of six developing kernel stages 

(12, 16, 20, 24, 30 and 36 DAP). The ears were stored at -80 °C until kernels could be removed 

from the still-frozen ears into test tubes and again maintained at -80 °C. The kernel samples were 

shipped in dry ice to Michigan State University; from these, 30 kernels were randomly sampled 

and bulked across replicates. Ten seeds were taken when three biological replicates were 

available for a NAM parent (this was typically the case), or 15 or 30 when two or only one 

replicate was available.  

Root and shoot tissues were generated from the germination and growing out (14 days in 

the greenhouse, long-day conditions) of surface-sterilized NAM founder seed. Roots and shoots 

were harvested separately, immediately frozen in liquid nitrogen, and stored at -80 °C until RNA 

extraction, and equal weights of shoots or roots from the three individual plants of a NAM parent 

genotype were pooled for RNA isolation. 

RNA sequencing and sample quality assessment 

The materials and methods of RNA sequencing and quality assessment were already described in 

detail (DIEPENBROCK et al. 2017). Briefly, frozen samples were ground to a fine powder in liquid 

nitrogen. Total RNA from 100 mg of frozen kernel, shoot and root tissues was isolated using the 

hot borate protocol (WAN AND WILKINS 1994) with slight modification: a Qiagen shredder 

column (Qiagen, Germantown, MD) was used to filter the lysate prior to the LiCl precipitation 

step. RNA quality and concentration were assessed using a NanoDrop (Thermo Fisher Scientific, 

Waltham, MA) and Bioanalyzer 2100 (Agilent Technologies, Santa Clara, CA). mRNA-Seq 

libraries were constructed from total RNA using the Illumina RNASeq kit (Illumina, San Diego, 

CA) following the manufacturer’s instructions. Sequencing was conducted on the Illumina 
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GAIIx and HiSeq2000 instruments at the Michigan State University Research Technology 

Support Facility. Reads (50 to 55 nucleotides; 11-140 M reads per sample) were generated and 

their quality evaluated using FastQC 

(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). A small number of libraries were 

sequenced in paired-end mode, but all downstream analyses treated reads as single-end. 

Identification of SNPs in RNA-seq data 

This section is as it appears in DIEPENBROCK et al. (2017) with very few stylistic modifications. 

For SNP detection, RNA-seq reads were cleaned for quality using Cutadapt (v 1.4.1) (MARTIN 

2011). Specifically, Illumina adapter and primer sequences were removed (using the –b option), 

as well as bases at the 3′ end with a quality score less than 20 and reads that were fewer than 30 

bases in length after cleaning. RNA-seq reads were then aligned to the maize B73 reference 

genome (AGPv2; http://ftp.maizesequence.org/) using TopHat (v1.4.1) (LANGMEAD et al. 2009) 

and SAMTools (v0.1.12a) (LI et al. 2009), with all options set to default except for a minimum 

and maximum intron size of five and 60,000 bp, respectively; indel detection disabled; and only 

unique alignmentsreported (using the -g option). Mapping result statistics were calculated in 

BAMTools (v 1.0.2) (BARNETT et al. 2011). The BAM file for each sample was sorted by 

leftmost coordinates using the SAMTools sort function (v 0.1.12a) (LI et al. 2009). This file was 

then indexed using SAMTools index, and a pileup file generated using SAMTools pileup with 

options –Bcf. An unfiltered matrix file was made and filtered to detect SNPs. SNPs were filtered 

according to the following requirements: 1) five reads per individual; 2) for an allele to be called 

within an individual, it had to be in 20% or more of the reads with at least two reads supporting 

it; 3) be homozygous (monoallelic) in each individual; 4) support by two individuals for an allele 

to exist; and 5) the position had to be polymorphic (at least two alleles) (HIRSCH et al. 2014). The 
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identified SNPs, i.e. those passing all of these filters, were analyzed and clustered by genotype to 

identify any mis-labeled samples. In addition, genetic distances between all samples were 

calculated as previously described and clustered with seedling transcriptome-derived SNPs 

identified in the WiDiv 1.0 panel (HIRSCH et al. 2014) to further confirm genotype authenticity. 

All samples passing these quality control steps for an individual genotype were then merged 

using the SAMTools merge function, and the pipeline repeated from the sort and index step. A 

total of 175 samples representing 21 root, 21 shoot, and 133 kernel samples (12, 16, 20, 24, 30, 

and 36 DAP) from 24 of the 26 NAM parents passed quality assessments and were used for SNP 

detection, and 172 of these were used in triangulation analyses (Supplemental Table 3.1, 

Supplemental Data Set 3.8). 

Gene expression analysis 

This section is as it appears in DIEPENBROCK et al. (2017) with very few stylistic modifications. 

RNA-seq reads were aligned to the maize B73 reference genome 

(AGPv2;http://ftp.maizesequence.org/) using TopHat (v 1.4.1) (LANGMEAD et al. 2009) and 

SAMTools (v 0.1.12a) (LI et al. 2009); expression abundances were estimated using Cufflinks (v 

1.3.0) (TRAPNELL et al. 2010) using the RefGen_v2 5b Filtered Gene Set (FGS) 

(http://ftp.maizesequence.org/release-5b/filtered-set/). When running TopHat, the minimum and 

maximum intron length was set to five and 60,000 bp, respectively, and the same maximum 

intron length was used for running Cufflinks. The –G and –b options were used when running 

Cufflinks; all other parameters were left at default. Boundaries of gene models in the AGPv2 

annotation were corrected for GRMZM2G012966 (lycopene epsilon cyclase) and 

GRMZM2G084942 (arogenate dehydrogenase), both which were incorrectly fused with a 

flanking gene. GRMZM2G012966 (lycopene epsilon cyclase) was split, resulting in a new locus 
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labeled as GRMZM6G010010 (kinase-domain containing protein). GRMZM2G084942 

(arogenate dehydrogenase) was split, resulting in a new locus labeled as GRMZM6G010020 

(CBF1 interacting corepressor) and the fragments per kilobase exon model per million fragments 

mapped (FPKM) values recalculated just for these modified loci. Expression data were reported 

in FPKM values. A Pearson correlation coefficient (r) was calculated for all pairwise 

comparisons of all samples using FPKM data. Raw FPKM data were input into R (version 3.1.0) 

and transformed into a data matrix. Pearson correlations for all observations were calculated in R 

(‘cor’ base function) and visualized for all pairwise comparisons using the ‘heatmap.2’ function 

within the gplots package in R (Supplemental Figure 4). 

FPKM filtering 

This section is as it appears in DIEPENBROCK et al. (2017) with very few stylistic modifications. 

FPKM reads were annotated by gene not transcripts, mapping to a total of 39,455 loci. The 5b 

FGS gene set was filtered such that at least one of the kernel developmental samples in at least 

one sampled founder line had an FPKM greater than 1.0; a total of 27,187 genes remained upon 

filtering with this criterion. Expression data for genes passing the specified threshold were 

transformed according to log2(FPKM + 1), where the constant of 1 was added to allow the 

transformation of ‘0’ values. These log2-transformed values are herein specified as “gene 

expression levels”. Within the filtered and transformed transcriptomic data set, early kernel 

samples correlated more closely in expression abundances with root and shoot samples than with 

mid- to late-kernel samples (Supplemental Figure 4). The number of aligned 50 or 55-bp reads 

per sample, both unique and multiple-mapping, had a median of 40 million reads (median 86% 

of total reads) with standard deviation of 16 million reads (Supplemental Table 3.1, 

Supplemental Data Set 3.8). 
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Triangulation analysis 

Genomic regions in which significant GWAS markers resided within JL-QTL intervals were 

further investigated through a triangulation approach. First, the JL support intervals from two or 

more individual-trait models that were physical overlapping were merged to form common 

support intervals. Physically distinct support intervals detected for a single trait were also 

retained. Within each interval, Pearson correlations were tested in all pairwise comparisons 

between (1) trait JL-QTL effect estimates; (2) marker genotype state for each significant GWAS 

marker in the interval for the respective trait(s); and (3) log2-transformed expression values of 

genes within ± 100 kb of any of these significant GWAS markers. The search space of 100 kb 

was selected based on LD decay; more details are included in the results section. 

To test for significance of the correlation between JL allelic effect estimates and 

expression values of each gene in the search space, a multiple testing correction to control FDR 

at 0.05 was imposed on P-values of the correlation obtained for each gene, implemented via the 

Benjamini-Hochberg method (BENJAMINI AND HOCHBERG 1995) in the Genome Association and 

Prediction Integrated Tool (GAPIT) package in R (LIPKA et al. 2012). For those correlations 

involving one of the three traits with a negative optimal lambda for the Box-Cox transformation 

(i.e., an inverse power transformation was applied for phytofluene, β-cryptoxanthin, and 

zeinoxanthin), the sign of the correlation was reversed in graphical and tabular representations 

(Figure 3.2 and Supplemental Figure 3.3 for master gene summaries, Supplemental Figure 3.2 

and Supplemental Data Set 3.6 for pleiotropy) to represent the true directionality of the 

relationship between traits. 

Epistasis 

For the peak markers in the final JL model for each trait, each possible additive x additive 
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pairwise interaction was individually tested for significance in a model containing all marker 

main effects. The model entry threshold for these interaction terms was determined by modeling 

1000 null permutations of transformed trait BLUEs with only additive terms in the model, and 

selecting the P-value approximating a Type I error rate at α = 0.05. Final epistatic models were 

then fit with all marker main effects and any significant interactions. PVE was calculated as 

described above, except that pairwise genotype scores were collapsed into three classes for 

interaction terms as previously described (DIEPENBROCK et al. 2017). Significant interactions 

were graphically depicted using the Circos software package (KRZYWINSKI et al. 2009) (Figure 

3.3). 

Pleiotropy 

Pleiotropy was assessed as previously described (BUCKLER et al. 2009), by applying the JL QTL 

model for each trait to every other trait. Pearson correlations between the allelic effect estimates 

for the original trait and the trait to which its model was applied were evaluated for significance 

at α = 0.01 after FDR correction via the Benjamini-Hochberg method. Significant pleiotropic 

relationships were visualized using the network R package (BUTTS 2008; BUTTS 2015) 

(Supplemental Figure 3.2). Pleiotropy was also examined within each common support interval 

(Supplemental File 3.1) to validate the merging of individual-trait intervals, a step conducted in 

previous NAM JL analyses (TIAN et al. 2011). In this QTL-level analysis, each speak JL marker 

within the interval was fit for every other trait that had a peak JL marker in the interval. 

Linkage disequilibrium analysis 

 The same imputed genotypic data set of 29.7 million segregating markers used in JL-GWAS 

was used to estimate LD. Specifically, pairwise linkage disequilibrium (LD) of each significant 

GWAS marker with all other markers within ± 1 Mb was estimated through custom Python and 
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R scripts as previously described (WEIR 1996; WALLACE et al. 2014). A null distribution was 

generated by performing the same estimation for 50,000 markers selected at random.  
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Chapter 4. Conclusion: Evaluating provitamin A-dense maize hybrids under combined 
drought and heat stress in Zimbabwe 
 

Chapters 2 and 3 describe the results of joint linkage, genome-wide association, and 

RNA-seq analyses for grain tocochromanol and carotenoid levels. These analyses were 

conducted in two maize association panels which contain a sampling of alleles from temperate 

and tropical breeding programs: specifically, 25% of the 281 lines comprising the Goodman-

Buckler diversity panel (described in chapter 1) had tropical or subtropical adaptation, as did 13 

of the 26 U.S. NAM founders. However, vitamin A deficiency is most prevalent in the tropics 

and subtropics, and favorable alleles at QTL associated with carotenoid levels in maize grain 

have been distinct in temperate vs. tropical germplasm (YAN et al. 2010). In addition to 

nutritional deficiencies, global climate change is another major challenge facing our growing 

human population over the next century, and projected future high temperature and drought also 

coincide in the tropics and subtropics. The utility of the findings obtained within these two 

diverse inbred panels, optimized for experimental field trials in the U.S., has not yet been tested 

in a large pool of tropical and subtropical material. For example, it is hypothesized that the 

predictive ability of marker-based statistical models may break down when abiotic stressors such 

as drought and high temperature are present. The needed adjustments to prediction models, and 

the identity and relative effect sizes of the genes and alleles controlling grain nutrient levels 

under these conditions, are timely research questions as breeding program priorities are re-

oriented towards sustaining and increasing nutritional quality in future climates. 

While food staple crops such as maize, sorghum, cassava, pearl millet, teff, and 

groundnut are especially suitable targets for biofortification, improving their whole-plant 

physiological responses to abiotic stresses such as drought and heat remains a key challenge. The 

sustainability of maize production, a foremost food staple that is less drought-tolerant than 
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sorghum and millets at least in sandy loam soils (SINGH AND SINGH 1995; SCHITTENHELM AND 

SCHROETTER 2014), is threatened by dramatic changes in rainfall and temperature patterns 

(BATTISTI AND NAYLOR 2009; EDMEADES 2013). Orange kernel, provitamin A-dense maize 

varieties that are additionally tolerant to abiotic stressors are substantially more likely to 

contribute to food security over the long term. Additionally, while drought and heat are known to 

have various impacts on plant growth and development, their effects specifically on provitamin 

A carotenoid levels in maize grain have yet to be studied. This question is especially pertinent 

given that the carotenoids showing provitamin A activity (β-carotene, β-cryptoxanthin, and α-

carotene) are highly susceptible to oxidative and thermal degradation, often resulting in lost 

nutritional value both pre- and post-harvest. In this light, a study of the biosynthesis and 

retention of grain carotenoids was undertaken directly within a key target environment for 

orange-grain maize—hot, arid regions of rural Zimbabwe—in conjunction with CIMMYT-

Harare, with the primary goals of informing and achieving concomitant gains in nutrition and 

climate resilience. 

Specific objectives under heat and managed drought stress conditions were to identify 

and predict genetic effects controlling carotenoid accumulation and retention in hybrid maize 

grain; identify the provitamin A-dense hybrids showing high productivity under these stresses 

(effectively a large-scale germplasm screen in which empirical selection is applied); and 

integrate findings, particularly favorable alleles and candidate inbreds and hybrids, into 

HarvestPlus orange, provitamin A-dense maize breeding programs and the drought and heat 

efforts already underway at CIMMYT. 

Following commercialization of orange, provitamin A-dense maize in Zambia in 2012, 

Zimbabwe has been part of a second major wave of varietal releases. These efforts are 
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coordinated by HarvestPlus, the branch of CGIAR responsible for biofortification and a 

collaborator of the nutritional genomics group that analyzed the U.S. NAM panel. While 

provitamin A levels, drought stress, and heat stress had not been studied simultaneously, the 

CIMMYT global maize program maintains separate germplasm panels for each of these traits 

that represent a large portion of maize tropical diversity. A total of 350 diverse yellow-to-orange 

inbreds were selected from these panels, and hybrids generated via isolation crossing block with 

a yellow-grain inbred adapted to Zimbabwe as the common parent. In addition to the importance 

of general phenological adaptation and resistance to endemic diseases, the exclusive focus on 

tropically adapted maize germplasm is important given that a) the favorable alleles have been 

found to differ from those found in temperate material, b) genetic background effects may differ, 

and c) stress response mechanisms themselves are often confounded with phenology. 

Empirically testing the effect of abiotic stressors on nutrient levels directly in the target 

germplasm and environment offers to contextualize, and thereby enhance the applicability of, 

genetic and genomic findings for nutritional traits in maize grain. As one preliminary example, 

46 inbreds were identified for favorable agronomic performance in the isolation crossing block 

and have been incorporated by the Zimbabwe CIMMYT/HarvestPlus provitamin A maize 

breeder in three-way crosses.  

The hybrid stress trials were grown in three environments in an augmented 0,1-α-lattice 

design. Within an environment, two replications of the hybrid panel (either 336 or all 350 lines) 

were planted within each of two treatments, well-watered and water-limited. The water-limited 

treatment corresponded to terminal drought, initiated ~2 weeks prior to flowering in accordance 

with CIMMYT drought irrigation protocols. Block size was 16 lines, with two master checks 

within each block. The experimental unit was a single-row plot. Thus, a full experiment within 
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one environment was comprised of 1536 or 1600 plots, which occupied ~0.5 ha. Two of the 

three environments were carried out in two different seasons at a research station with managed 

stress facilities in Chiredzi, Zimbabwe. This site has fersiallitic (ferrum, silica, and aluminum) 

soils, the most frequent soil type in the tropics (WIRTHMANN 2000), and irrigation was applied 

via overhead sprinklers. The first season coincided with El Niño, which manifested as extremely 

severe drought and heat stress such that the yield distributions between treatments showed little 

overlap (Fig. 4.1). The second season in Chiredzi saw more standard levels of drought and heat 

stress. The third environment was the single season undertaken at Chisumbanje, a managed 

stress site ~120 km northeast of Chiredzi that had vertisol soils. Drip irrigation was employed at 

this site in collaboration with a soil scientist at CIMMYT/University of Queensland. Whole ears 

were harvested at physiological maturity, dried, shelled, and representative samples taken (two 

15 mL conical tubes of whole grain per plot). 

 

 

 
Figure 4.1. Frequency histogram of model-fitted values for grain yield (tons/hectare) in 
season 1 of hybrid stress trials in Chiredzi, Zimbabwe. The depicted trait values for yield 

Water-limited          Well-watered 
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were generated after the use of checks to adjust for spatial variation, but prior to collapsing 
across replications of a genotype to generate best linear unbiased predictors. 

 
Carotenoid and tocochromanol levels in ground grain will be quantified by high-

performance liquid chromatography (HPLC) using the same protocol as for the US-NAM panel; 

simultaneous measurement of both trait sets is feasible on HPLC. Through a GWAS with mixed 

linear models that control for population structure and relatedness, the genetic basis of grain 

carotenoid and tocochromanol levels in the context of abiotic stress will be assessed. Genomic 

prediction will also be conducted within the panel, with the approaches used in the 281-line 

panel as a starting point. HarvestPlus has released orange maize varieties in several countries that 

achieve 40-70% of the established target provitamin A level (17 μg/g in dry grain, BOUIS AND 

WELCH 2010), largely using genetic markers tagging one or two carotenoid biosynthetic genes 

(MENKIR et al. 2017). Identification of additional genetic markers and statistical models that are 

consistently associated with and predictive of increased provitamin A levels in tropical genetic 

backgrounds will provide more tools with which to meet and sustain this target. In summary, this 

project has allowed a CIMMYT-Cornell collaborative group to directly test the resilience of 

maize hybrids and grain provitamin A levels in a tropical climate characterized by frequent and 

highly variable abiotic stress. 

These chapters describe genetic and genomic approaches to improve nutrition and abiotic 

stress resilience of food staple crops, with the goal of ensuring a food supply sufficient in 

quantity and quality in the long term. While much of plant breeding and genetics rely on 

statistics, calculus is also relevant. While response to selection itself (which has time as its 

denominator, e.g. length of breeding cycle) is of course important—a derivative, or slope, of trait 

values within a population per unit time—the actual genetic gain achieved over time more 

closely resembles an integral. It is possible to both optimize the curve in trait improvement and, 
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over time, pay attention to the area underneath it. As genomic selection approaches are adapted 

for the improvement of plant populations, myriad layers of complexity can be added (e.g. 

weighing the relative importance of various gene classes, or constructing various types of kernels 

to model the possible different distributions involved). However, constraining these models to 

maximally conserve genetic diversity through selection cycles has not yet been a clear priority in 

the field. This genetic diversity may contribute to phenotypic diversity in other, even untested 

locations or years, thus representing a possible contributor to long-term genetic gain. While not 

all germplasm can be kept, a relative rates approach could be taken in which a certain diverse 

subset, e.g. pre-selected landraces as demonstrated by MAYER et al. (2017), is retained in well-

characterized form in case a bottleneck is encountered and/or traits that are not yet of interest 

come into focus. The genotyping of seed banks is a positive step in this direction; how these 

characterization efforts will interface with GS and responses to unforeseen stressors such as 

maize lethal necrosis remains to be seen.  

As another, nearly orthogonal example of indirect selection for potentially increased genetic 

gain: it was found in orange, provitamin A-dense sorghum that co-expressing hggt on a 

carotenoid gene (psy, crtI) cassette, and namely the resulting elevated vitamin E content, brought 

about higher β-carotene levels at harvest and a nearly three-fold increase in half-life after harvest 

(to approximately 10 weeks) (CHE et al. 2016). While vitamin E is not currently the focus of 

breeding efforts in maize, selection based on HPLC measurements of tocochromanol levels 

and/or the now-elucidated genes responsible for natural variation in tocochromanol levels in 

maize grain, including hggt, may aid in stabilizing provitamin A. If so, this stabilization could be 

carried out through a tandem selection scheme. While such questions take years to solve, the 

increased understanding and refinement of future directions achieved by this nascent 
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international community for nutritional quality and stress resilience is designed to help 

generations of human beings. 
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