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Common bean (Phaseolus vulgaris L.) and maize (Zea mays L.) are two crops central to 

indigenous America and of great global agricultural importance. However, the landraces of 

common bean are largely underrepresented in genebanks, and despite the importance of 

elements and tocochromanols to plant function and human health, there are still gaps in the 

understanding of the transport and accumulation of these nutrients in maize grain. Through 

the array of research tools offered by the field of population genomics and quantitative 

genetics, this dissertation works towards addressing such gaps. The genomic characterization 

of ~ 300 accessions of common bean from Native Seeds/SEARCH collected from 

southwestern US and northwestern Mexico established it as a unique and underrepresented 

resource that contained important genetic diversity. Five genes encoding MYB transcription 

factors proximal to the C locus were identified, which is a complex genomic region 

responsible for the primary control of seed coat patterns. An additional novel association for 

partial colored seed coats was identified on chromosome 10. Through genome-wide 

association studies (GWAS) with high density SNP set and the 1500-line Ames panel, I 

investigated the genetic basis of natural variation for the concentration of 11 elements in grain 

and identified a total of nine causal genes encoding metal chelator or transporter. Notably, 

two novel associations were reported between rte2 and irt1 with boron and nickel, 

respectively, and a potential biofortification target, nas5, was identified for both zinc and iron. 



 

Similar moderate predictive abilities (0.33–0.53) were obtained for the 11 grain elemental 

phenotypes with Bayesian Ridge Regression (BRR) and BayesB. However, BayesB, allowing 

SNPs to have large effects, had a better fit to the genetic architecture of nickel, molybdenum, 

and copper, thus outperforming BRR by 4-10%. Finally, through GWAS, transcriptome-wide 

association studies (TWAS) and expression quantitative trait locus (eQTL) mapping, 13 

causal genes that were mostly under strong cis-regulatory control were identified to associate 

with tocochromanol levels in maize grain. Four genes were pinpointed to be associated with 

tocochromanol concentrations in maize grain, including vte5, dxs1, vte7, and samt. Overall, 

this dissertation demonstrates a multidisciplinary approach to characterize a unique common 

bean collection and the genetic control of its seed coat pattern, and provides a comprehensive 

assessment of the genetic basis of nutritional qualities in maize grain. 
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Chapter 1 Introduction 

Agriculture in indigenous America emerged around 7,000 years ago, and with the 

domestications of maize (Zea mays L.), bean (Phaseolus vulgaris L.), and squash (Cucurbita 

pepo L.), the Three Sisters garden was created in which the three crops were planted together 

(Landon, 2008; Terry et al., 2020). This form of sustainable polyculture had spread 

throughout Mesoamerica by 3,500 years ago, providing a balance among the three crops, both 

in terms of the agronomic practices and the nutritions they would provide for human 

subsistence. Agronomically, these three crops can benefit each other when planted together. 

Maize plants can provide tall stalks for bean plants to climb upon and compete well against 

weeds, bean functions as a nitrogen fixing legume providing nitrogen required for maize plant 

growth, and squash plants can grow rapidly along the ground with large leaves to retain soil 

moisture and suppress weeds for maize and bean (Hart, 2008). These three crops also provide 

complementary values to diets when consumed together. Maize is high in calories mainly 

through carbohydrates, but is relatively low in fiber and protein and missing two essential 

amino acids (lysine and tryptophan). Bean provides a rich source of protein, but lacks the 

essential amino acid methionine. As a result, the dietary combination of bean and maize can 

provide a complete essential amino acid profile for human health (Kaplan, 1965; Terry et al., 

2020). In addition, squash is high in vitamins and minerals and together with beans and 

maize, the Three Sisters can provide a more complete array of nutrients for human 

consumption.  

The Three Sisters, particularly bean and maize, are of great agricultural importance. 

https://paperpile.com/c/75Q8sr/eEn9J+k0DTg
https://paperpile.com/c/75Q8sr/ZywKm
https://paperpile.com/c/75Q8sr/vYXnS+k0DTg
https://paperpile.com/c/75Q8sr/vYXnS+k0DTg
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Common bean is the most widely consumed legume species of the genus Phaseolus, 

especially in Latin American and African countries, and accounts for more than 90% of the 

total production of the five domesticated Phaseolus species (P. coccineus, P. acutifolius, P. 

lunatus, P. dumosus, and P. vulgaris) (FAO, 2019). Similarly, maize is currently the crop 

species with the highest production worldwide (FAO, 2019), serving as food crop for humans, 

as well as animal feeds and for ethanol fuel production, among other commodities. 

This widespread success of these two crops can be attributed to breeding, along with 

the mechanization of production and commercial use of fertilizers and pesticides. However, 

loss of genetic diversity in populations of these species can be catastrophic for breeding, 

resulting in increases of disease and pest susceptibility and lower responsiveness to changing 

climates (Plucknett et al., 1983). Genebanks can offer a great solution for counteracting such 

limitations, as the conserved landraces and wild relatives can hold important genes and alleles 

that were otherwise lost or overlooked during domestication and improvement processes 

(Plucknett et al., 1983; Plucknett & Smith, 2014). In addition to breeding, such germplasm 

collections are also valuable resources for genetic studies, providing genetic diversity and 

mapping resolution that will help with the identification of favorable alleles and detection of 

causal variants for traits of interest (Diepenbrock & Gore, 2015; Plucknett et al., 1983). Apart 

from genebanks, a large amount of genetic diversity still exists within landraces in the hands 

of small-holder farmers and also in wild relatives or progenitors that are yet to be explored 

and incorporated into breeding. For example, wild common bean possesses a wide range of 

adaptive traits (Acosta-Gallegos et al., 2007) and improved nutritional value (Guzmán-

Maldonado et al., 2000), but are underrepresented in the genebanks of many countries 

https://paperpile.com/c/75Q8sr/rTCeE
https://paperpile.com/c/75Q8sr/rTCeE
https://paperpile.com/c/75Q8sr/6DDoD
https://paperpile.com/c/75Q8sr/B6Bx0+6DDoD
https://paperpile.com/c/75Q8sr/qorYh+6DDoD
https://paperpile.com/c/75Q8sr/UttmY
https://paperpile.com/c/75Q8sr/amyh5
https://paperpile.com/c/75Q8sr/amyh5
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(Dennis et al., 2014; Escribano et al., 1998; Espinosa-Alonso et al., 2006; Leitão et al., 2017; 

Okii et al., 2014). 

To utilize this extant genetic diversity in an effort to understand the genetic basis of 

phenotypic variation, quantitative genetics offer a variety of tools for such efforts. In 

particular, genome-wide association studies (GWAS) proves to be one approach that exploits 

historical recombination events within a population to find associations between genetic 

markers and traits of interest (Korte & Farlow, 2013; Nordborg & Weigel, 2008). The patterns 

of non-random association between alleles at two or more loci, or linkage disequilibrium 

(LD), is the result of recombination and other evolutionary processes. The size of LD blocks, 

which are comprised of genetic markers in strong LD with each other, impact the resolution 

of GWAS and are generally smaller for out-crossing species such as maize relative to self-

pollinated species such as common bean (Remington et al., 2001). As such, natural diversity 

panels with large sample sizes, high allelic diversity, and rapid LD decay are ideal for GWAS 

(Korte & Farlow, 2013). In addition to GWAS, genome-wide transcription profiles from 

tissues and developmental time points of interest can be a complementary source of 

information for causal gene identification that is generally independent of LD. The integrated 

approach of transcriptome-wide association studies (TWAS), which tests for associations 

between transcript abundance and traits of interest, and GWAS, has proven to increase 

statistical power and prioritize candidate gene selection in maize and sorghum (Ferguson et 

al., 2020; Kremling et al., 2019; Pignon et al., 2021). 

In this dissertation, Chapter 2 focuses on the genomic characterization of a novel and 

underrepresented common bean genetic resource from Native Seeds/SEARCH collection and 

https://paperpile.com/c/75Q8sr/OKGPw+qI1qp+hyYVe+E1l4r+1e0Yx
https://paperpile.com/c/75Q8sr/OKGPw+qI1qp+hyYVe+E1l4r+1e0Yx
https://paperpile.com/c/75Q8sr/vLCzS+ylGiN
https://paperpile.com/c/75Q8sr/9CK4c
https://paperpile.com/c/75Q8sr/ylGiN
https://paperpile.com/c/75Q8sr/IpGN5+QVl4b+ab7yl
https://paperpile.com/c/75Q8sr/IpGN5+QVl4b+ab7yl
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establishes this collection as a unique source of traditional landraces. Additionally, GWAS 

was conducted to identify putative causal genes responsible for variation in seed coat 

phenotypes. Chapters 3 and 4 are devoted to understanding the genetic basis of nutritional 

qualities in maize grain, another crop of the Three Sisters. The maize Ames diversity panel 

consisting of ~1,500 inbred lines was used for both projects, and GWAS was conducted to 

investigate the associations between high-density SNP sets and the natural variation of 

elemental and tocochromanol (vitamin E and antioxidants) levels in grain. In Chapter 3, apart 

from GWAS, two whole-genome prediction models were utilized to evaluate the predictive 

abilities of the elemental grain phenotypes. In Chapter 4, the addition of transcriptome data 

from developing kernels was shown to enhance our current understanding of grain 

tocochromanol accumulation and regulatory control of causal genes. Furthermore, Chapter 5 

describes a unique experiment that explores the involvement of chlorophyll and two 

previously identified chlorophyll pathway genes, protochlorophyllide reductases (por1 and 

por2) (Diepenbrock et al., 2017) in tocopherol biosynthesis in maize grain. Overall, this 

dissertation utilized population genomics and quantitative genetics tools to characterize a 

unique genetic resource, as well as to further our knowledge of the genetic control of the 

common bean seed coat pattern and nutritional qualities in the maize grain.   

https://paperpile.com/c/75Q8sr/42ZE4
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Chapter 2 Genomic characterization of the native seeds/search 

common bean (Phaseolus vulgaris L.) collection and its seed coat 

patterns1 

ABSTRACT 

Common bean (Phaseolus vulgaris L.) is one of the most important legume crops for human 

consumption. The Native Seeds/SEARCH common bean collection consists of locally-

adapted accessions collected from the southwestern US and northwestern Mexico. In this 

study, a representative panel of nearly 300 accessions from this collection was genotyped with 

more than 10,000 high-quality SNP markers and phenotyped for seed coat patterns. The 

collection consists primarily of accessions from the Mesoamerican gene pool, and they 

separate into three distinct subpopulations, with strong population differentiation (FST > 0.4) 

observed between them. Through a genome-wide association study with the Mesoamerican 

accessions, we identified several SNPs on chromosome 8 that are associated with seed coat 

pattern traits and reside proximal to the putative location of the C locus, a locus previously 

shown to control the pattern of the seed coat. Five myb transcription factors linked to these 

SNPs were identified as candidate causal genes for seed coat patterns controlled by the C 

locus. Furthermore, we identified a potentially novel locus on chromosome 10 that appears to 

control the Anasazi seed coat phenotype. Our work is the first to characterize the genetic 

 

 

1Wu, D., Hought, J., Baseggio, M., Hart, J. P., Gore, M. A., & Ilut, D. C. (2019). Genomic characterization of the native 

seeds/search common bean (Phaseolus vulgaris L.) Collection and its seed coat patterns. Genetic Resources and Crop 

Evolution, 66(7), 1469-1482. 

Copyright © 2019, Springer Nature B.V., permission to use in dissertation granted. 
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diversity of the Native Seeds/SEARCH common bean collection, providing valuable genetic 

information for germplasm conservation efforts. 

Abbreviations: BIC, Bayesian information criterion; FDR, False discovery rate; FIT, 

Index of panmixia; FST, Fixation index; GBS, Genotyping-by-sequencing; GWAS, Genome-

wide association study; IBS, Identity-by-state; LD, Linkage disequilibrium; MLMM, Multi-

locus mixed model; NPGS, National plant germplasm system; NS/S, Native Seeds/SEARCH; 

PA, Proanthocyanidins; PCA, Principal component analysis; SFS, Site frequency spectrum; 

SNP, Single-nucleotide polymorphism. 

INTRODUCTION 

Common bean (Phaseolus vulgaris L.) serves as a nutrient-rich staple food and major source 

of protein in many areas of the world, and it exhibits adaptation to a wide range of 

environments and cropping systems (Jones 1999). Common bean production has continued to 

increase worldwide over the past 20 years, reaching a total production of over 26 million tons 

in 2016, with more than half of the common bean production taking place in Latin America 

and Africa (FAO 2018). With the exception of Argentina where beans are mostly produced by 

large modern farms, common bean production is generally the result of smallholder farming 

(Wortmann 1998; Broughton et al. 2003). Yearly consumption of common bean has also 

increased in Latin America over the past 20 years, with the majority of production destined 

for local consumption (FAO 2018). Smallholder farming systems are expected to be 

particularly sensitive to the effects of climate change in the coming decades (Eitzinger et al. 

2017), and it is likely that new varieties will be needed to address such challenges. 

https://paperpile.com/c/SYWR5a/uuLJ
https://paperpile.com/c/SYWR5a/ogJq
https://paperpile.com/c/SYWR5a/JMdd+6zDs
https://paperpile.com/c/SYWR5a/ogJq
https://paperpile.com/c/SYWR5a/YMTF
https://paperpile.com/c/SYWR5a/YMTF
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Currently, international germplasm repositories such as the U.S. National Plant 

Germplasm System (NPGS) represent the primary sources of material for the development of 

new varieties. However, many native landraces are not necessarily well represented in such 

repositories. For this study, we had the opportunity to genotype for the first time accessions of 

common bean landraces in the Native Seeds/SEARCH (NS/S; https://www.nativeseeds.org) 

collection. NS/S is a nonprofit organization based in Tucson, Arizona, dedicated to the 

conservation of the genetic diversity of endangered traditional seeds from the southwestern 

US and northwestern Mexico (Burgess 1994). The NS/S seed bank houses over 1,900 locally-

adapted accessions of traditional crops utilized as food, fiber, and dye from local tribes and 

agriculturists (van Schoonhoven 1991). Over half of the accessions preserved by NS/S are the 

three sisters, i.e. maize, bean and squash, as well as over 100 additional species of crops and 

crop wild relatives. The common bean collection in the NS/S seed bank is comprised of over 

300 accessions, collected mostly from Arizona and New Mexico (US), and Sonora and 

Chihuahua (Mexico). 

The collection range for these NS/S common bean accessions overlaps considerably 

with the center of origin for common bean (Bitocchi et al. 2012b). Two major gene pools 

generally corresponding to distinct geographical regions have been described by several 

research groups using biochemical and molecular markers (Singh et al. 1991; Blair et al. 

2006; Bassett 2007; Kwak and Gepts 2009; Schmutz et al. 2014): the Mesoamerican gene 

pool, representing varieties grown in Colombia, Central America, and Mexico, and the 

Andean gene pool, representing varieties grown in Peru, Bolivia, and Argentina (Bitocchi et 

al. 2012b). The wild progenitors of the two gene pools were derived from a common ancestral 

https://paperpile.com/c/SYWR5a/c1QV
https://paperpile.com/c/SYWR5a/OyX0
https://paperpile.com/c/SYWR5a/OtTe+VAip+Bd6R+PhZm+MMqw
https://paperpile.com/c/SYWR5a/OtTe+VAip+Bd6R+PhZm+MMqw
https://paperpile.com/c/SYWR5a/OyX0
https://paperpile.com/c/SYWR5a/OyX0
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wild population in Mesoamerica (Bitocchi et al. 2012b), followed by parallel domestications 

in Central and South America which generated the Mesoamerica and Andean gene pools 

respectively (Bitocchi et al. 2012a; Mamidi et al. 2013; Schmutz et al. 2014). Higher genetic 

diversity has been observed in the Mesoamerican gene pool as compared to the Andean gene 

pool (Kwak and Gepts 2009; Bitocchi et al. 2012b; Schmutz et al. 2014; Ariani et al. 2018), 

supporting the Mesoamerican origin of the common bean. Microsatellite data have identified 

five common bean groups in the Mesoamerican gene pool and four groups in the Andean gene 

pool (Kwak and Gepts 2009). Significant gene pool differentiation as well as racial 

differentiation within gene pools is observed, and the domesticated populations generally 

possess lower genetic diversity and higher FST compared with wild populations. While 

domesticated common bean accessions have been sampled across the vast majority of 

Mesoamerican and Andean locations, few studies have focused on the landraces and varieties 

cultivated and/or preserved from northern Mexico and the United States, and the NS/S 

common bean collection is a rich resource to bring under the lens of genetic characterization.  

Being the primary agricultural product of the plant, the presentation of the seed is an 

important factor in consumer preference, with local, cultural, and aesthetic factors working 

together to form hyper-local preferences for seed colors and patterns. The distinct cultural and 

commercial market classes of both dry and immature podded beans have been defined based 

on their seed type and deployed extensively in agriculture, and the current commercial market 

classes of common bean in North America largely continue the gene pool, race structure, and 

seed-type distinctions selected by early agriculturists (van Schoonhoven 1991). Therefore, in 

addition to suitability to a specific local environment, the uptake of candidate varieties for 

https://paperpile.com/c/SYWR5a/OyX0
https://paperpile.com/c/SYWR5a/VAip+jpPZ+vGll
https://paperpile.com/c/SYWR5a/OtTe+VAip+OyX0+z8xn
https://paperpile.com/c/SYWR5a/OtTe
https://paperpile.com/c/SYWR5a/4y71
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cultivar replacement is likely dependent on consumer preference as well. As reviewed in 

Bassett (2007), seed coat colors and patterns are controlled by different Mendelian loci with 

complex epistatic interactions, with seed coat patterning phenotypes primarily controlled by C 

and T. The C locus appears to be a complex of closely linked interacting genes controlling 

sharply defined patternings, characterized by a contrast of darker pattern color and lighter 

background color (Prakken 1974). Recessive alleles at the T locus are required for partial 

coloring, which is characterized by a white background and a colored zone on the seed coat. 

Other modifying genes, such as those at the J (=L) and Bip (=Ana) loci, have epistatic 

interactions with C and T for specific patterns. To our knowledge, the causal genes underlying 

these loci have not been conclusively identified. 

The overall goal of our study was to complete a genetic characterization of the NS/S 

common bean collection and to identify candidate genomic regions likely involved in seed 

coat appearance. Our specific objectives were to: (1) investigate the levels and patterns of 

genetic diversity in the NS/S common bean collection, and (2) identify candidate genes 

responsible for the major differentiation features of seed coat patterns. 

MATERIALS AND METHODS 

Plant materials and growth conditions 

The common bean panel analyzed here was assembled with 324 representative accessions 

from Native Seeds/SEARCH (NS/S) (Supplemental Table S2.1), all of which are directly 

available to the public from NS/S. The collection is comprised of accessions that capture a 

wide range of variation for traits such as seed size, shape, color, and plant growth habit. In 

https://paperpile.com/c/SYWR5a/PhZm
https://paperpile.com/c/SYWR5a/5AFa
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June 2015, two seeds of each accession were planted in a single 5.7L (1.5 gallons) pot that 

contained Cornell soil mix (Boodley and Sheldrake 1972) and thinned to one seedling per pot 

after seedling establishment. In addition, we planted seeds of accession G19833 to generate 

eight pots (biological replicates) with a single plant each. Accession G19833 in the NPGS 

collection was originally sourced from the International Center for Tropical Agriculture 

(CIAT) in Cali, Colombia, and these seeds were derived from a subset of G19833 seeds that 

had been previously purified via inbreeding for the purpose of reference genome sequencing 

(Schmutz et al. 2014) and are therefore expected to be more genetically similar to each other 

than a similar size sample from the G19833 accession in the NPGS collection. Plants were 

grown under natural light in a greenhouse at the Guterman Bioclimatic Lab (Ithaca, NY, 

USA). All plants were fertilized once a day with irrigation using 21-5-20 All Purpose LX 

nutrient solution (JR Peters Inc, Allentown, PA, USA), and a trellis was set up before 

flowering to provide a stable growing environment for climbing beans. 

In order to provide evolutionary and genetic context for this common bean panel, we 

selected an additional 46 accessions from the National Plant Germplasm System (NPGS) 

maintained by the Western Regional Plant Introduction System at Pullman, Washington, with 

23 accessions representing each of the Mesoamerican and Andean gene pools (Supplemental 

Table S2.1). These accessions were selected to include representatives of the specific trait 

complexes within each gene pool, as well as representatives of most of the commercial seed 

types important in North America (pinto, great northern, black, navy, small red, pink, white 

kidney, red kidney, yellow, cranberry, and snap beans). The race of each accession was 

inferred using the previously established seed type and plant morphology descriptions (Singh 

https://paperpile.com/c/SYWR5a/cjJs
https://paperpile.com/c/SYWR5a/VAip
https://paperpile.com/c/SYWR5a/MMqw
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et al. 1991). One seed each of these accessions was planted in 15-cell trays on greenhouse 

benches for leaf tissue harvest. Only genotype data were collected for these plants.  

Seed phenotyping 

Mature pods were harvested from each of the 324 plants, with each plant representing a 

distinct accession derived from the NS/S collection. For each plant, threshed seeds were 

bulked and dried at 37 ºC for 3 days. On average, a subsample of eight seeds randomly 

selected from each bulk was visually scored for one of the following seven seed coat pattern 

categories: striped, netted, mottled, a combined pattern which included two of the three 

aforementioned patterns, Anasazi, Little Appaloosa, and solid (single color, no pattern) 

(Supplemental Table S2.2). Representative images of these patterns are presented in 

Supplemental Figures S2.1 and S2.2. Each seed subsample was homogeneous for a single 

pattern category. These pattern classifications were further reduced to three classes that are 

expected to be controlled by distinct genetic loci, following the treatment of Bassett (2007): 

solid color, partial color (containing the “Anasazi” pattern), and patterned (containing striped, 

netted, mottled, combined and Little Appaloosa patterns). In addition, for each of the three 

pattern classes, we created presence/absence (binary) classes that were used to investigate the 

association of genetic loci with specific pattern classes. 

Tissue collection, genotyping, and initial SNP filtering 

We harvested the first emerged trifoliolate leaves of each plant from 3-week-old seedlings and 

stored them at -80°C for at least 1 h before lyophilizing for 72 h. For each plant, including 

NS/S accessions, G19833 and USDA NPGS accessions, 20 mg lyophilized leaf tissue samples 

https://paperpile.com/c/SYWR5a/MMqw
https://paperpile.com/c/SYWR5a/PhZm/?noauthor=1
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were ground individually using a SPEX SamplePrep Geno/Grinder (SPEX SamplePrep, 

Metuchen, NJ, USA) and total genomic DNA was isolated with the Qiagen DNeasy Plant 

Mini Kit (Qiagen Inc., Valencia, CA, USA).  

Sequencing libraries for 378 samples were generated using the standard genotyping-

by-sequencing (GBS) protocol (Elshire et al. 2011) with restriction enzyme ApeKI at the 

Cornell Biotechnology Resource Center Genomics Facility (Cornell University, Ithaca, NY, 

USA). The libraries were sequenced on an Illumina sequencer HiSeq 2500, with 96 samples 

multiplexed in each lane (four lanes total). Sequence data from this study have been deposited 

at the National Center of Biotechnology Information Sequence Read Archive under 

BioProject accession number PRJNA542132.   

The single-end 100 bp reads were aligned to the non-masked reference genome 

P.vulgaris v2.0 (downloaded from Phytozome website 

https://phytozome.jgi.doe.gov/pz/portal.html, accessed 2018-05-08) with Bowtie (version 2; 

Langmead and Salzberg 2012). Through the implementation of the TASSEL (version 5.2.4; 

Bradbury et al. 2007) GBS analysis pipeline v2 (Glaubitz et al. 2014), we identified 181,137 

putative SNPs, which were further filtered using VCFtools (version 0.1.13; Danecek et al. 

2011) and custom scripts as described below.  

First, using the initial 181,137 putative SNPs, we set all genotype calls with a 

genotype quality less than 30 to missing, and removed clustered SNPs that had physical 

positions of 1 bp apart from each other. Subsequently, we evaluated allele counts and 

distributions in the 378 samples, removing SNPs with more than two alleles and biallelic 

SNPs with minor alleles observed in only one sample (singletons and doubletons).  

https://paperpile.com/c/SYWR5a/qoyE
https://phytozome.jgi.doe.gov/pz/portal.html
https://paperpile.com/c/SYWR5a/ziMs
https://paperpile.com/c/SYWR5a/7DuA/?prefix=version%205.2.4%3B
https://paperpile.com/c/SYWR5a/7DuA/?prefix=version%205.2.4%3B
https://paperpile.com/c/SYWR5a/TD8u
https://paperpile.com/c/SYWR5a/8DmV/?prefix=version%200.1.13%3B%20
https://paperpile.com/c/SYWR5a/8DmV/?prefix=version%200.1.13%3B%20
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Next, for each sample, we inspected the read alignment depth at each genotype call 

and calculated an upper threshold of read depth defined as the lowest value expected for the 

5% high tail of a Poisson distribution with λ equal to the mean observed read depth across 

SNPs. Furthermore, for heterozygous genotype calls, we calculated an allele balance score by 

dividing the lowest allele read depth by the total read depth. We filtered out genotype calls 

with a read depth smaller than 2 or larger than the sample’s upper threshold, as well as 

heterozygous genotype calls with an allele balance score less than 0.3, by setting the genotype 

call as missing. With the remaining 127,409 SNPs, we removed three samples (15DW257, 

15DW338, 15DW388) with a genotype call rate of less than 0.6, resulting in a total of 375 

samples retained for further filtering. 

SNP data subsetting and subpopulation assignment 

Starting with the 375 samples and 127,409 SNPs retained after the initial filtering, we applied 

further quality control filters to generate four different sets of SNPs (SNP sets 0, I, II, and III) 

targeted toward different analyses (Supplemental Figure S2.3, Supplemental Table S2.3). 

SNP Set 0 was used to identify unintended sample replicates that are likely to result from 

independent sampling of widely distributed bean varieties with distinct local names, and 

replace each group of such replicates with a representative sample for that group. SNP Set I 

was used to classify NS/S accessions as from the Andean or Mesoamerican gene pool. SNP 

sets II and III were limited to Mesoamerican NS/S accessions with unintended sample 

replicates removed, and were used for the genome-wide association study (GWAS) and 

population structure analysis, respectively. They differed primarily by whether missing data 

were imputed (SNP Set II) or not (SNP Set III). 
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For SNP filtering purposes, at each SNP over all 375 samples we calculated the index 

of panmixia (FIT; Romay et al. 2013), and used Fisher’s exact test to determine if the two 

alleles were independent in our population, calculating the level of significance (α = 0.001) at 

which the null hypothesis of independence was rejected.  We generated SNP Set 0 by 

removing SNPs matching any of the following criteria: 1) FIT < 0.9; 2) proportion of missing 

genotype calls ⩾ 0.3; 3) minor allele frequency < 0.05; 4) Fisher’s exact test α = 0.001; or 5) a 

proportion of heterozygous genotype calls > 0.1. A total of 11,472 SNPs were retained after 

this filtering step, and they were used to calculate the centered identity-by-state (IBS) value 

(Endelman and Jannink 2012) using TASSEL. The IBS threshold for identifying unintended 

sample replicates was set to 99.94%, the minimum IBS value among all pairs of the eight 

known biological replicates of G19833. Using this threshold, a total of 51 samples were 

assigned to 16 distinct groups such that the IBS value between any members of a group was 

above the threshold identified above, and the sample with the highest genotype call rate 

within each group was selected as a representative sample. As a result, a total of 340 

accessions, which consisted of 294 NS/S accessions and 46 NPGS accessions, were retained 

for further filtering.  

For SNP Set I, we used all 340 accessions and removed SNPs with a FIT < 0.9 and a 

proportion of missing genotype calls ⩾ 0.8. The missing genotype calls for the remaining 

22,064 SNPs were imputed using TASSEL FILLIN (Swarts et al. 2014), and the post-

imputation SNP set was further filtered by removing SNPs that matched any of the following 

criteria: 1) proportion of missing genotype calls ⩾ 0.3; 2) minor allele frequency < 0.05; 3) 

Fisher’s exact test α = 0.001; or 4) a proportion of heterozygous genotype calls > 0.1. After 

https://paperpile.com/c/SYWR5a/u3bt
https://paperpile.com/c/SYWR5a/u3bt
https://paperpile.com/c/SYWR5a/u3bt
https://paperpile.com/c/SYWR5a/nspZ
https://paperpile.com/c/SYWR5a/ZLAk
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filtering, SNP Set I contained 340 accessions and 13,846 SNPs. 

We used SNP Set I to perform a principal component analysis (PCA) in R (R Core 

Team 2019) using the probabilistic approach for missing value estimation implemented in the 

package ‘pcaMethods’ (version 1.60.0, Stacklies et al. 2007). We used fastSTRUCTURE (Raj 

et al. 2014) to determine the most likely number of subpopulations using the simple prior 

approach, followed by using the logistic prior approach to determine population composition 

for each of the 340 samples using the previously determined K value (K = 2). We used a 

population assignment value of Q ⩾ 0.5 to assign samples to each of the two subpopulations, 

and the labeling of the subpopulations as Andean or Mesoamerican was determined by the 

membership of the 46 known accessions from those gene pools obtained from the USDA 

NPGS (Supplemental Figure S2.4). 

To generate SNP Set II, out of the 294 NS/S accessions remaining after removal of 

unintended sample replicates we selected only the 281 NS/S accessions assigned to the 

Mesoamerican gene pool by the SNP Set I analysis, removed any SNPs that were 

monomorphic in this subset, and applied the same SNP filtering and imputation criteria as for 

SNP Set I. The remaining 5,766 SNPs were used to identify Mesoamerican subpopulations 

and classify samples based on subpopulation membership. Specifically, we combined the 

results of simple prior fastSTRUCTURE, PCA (Supplemental Figure S2.5), and a 

phylogenetic analysis (Supplemental Figure S2.6) to select K = 3 as the number of NS/S 

Mesoamerican subpopulations, and used the logistic prior approach in fastSTRUCTURE to 

assign samples with a subpopulation-specific value of Q ⩾ 0.8 to the respective 

subpopulation. Samples with Q < 0.8 for all three population were labeled as admixed and 

https://www.r-project.org/
https://www.r-project.org/
https://paperpile.com/c/SYWR5a/bjqq/?prefix=version%201.60.0%2C%20
https://paperpile.com/c/SYWR5a/euEQ
https://paperpile.com/c/SYWR5a/euEQ
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excluded from population genetics analysis. After subpopulation classification, we further 

filtered SNPs to remove those that have fewer than 10 genotype calls in each subpopulation, 

resulting in a total of 281 accessions and 5,732 SNPs for SNP Set II. For FST comparison 

purposes (Supplemental Table S2.4), we also assigned samples to subpopulations with a more 

relaxed cutoff of Q ⩾ 0.5 using the same procedure, but this classification was not used in any 

other analysis. 

Finally, SNP Set III, which was used for our population genetic analysis of the 

Mesoamerican gene pool, was generated in a manner similar to SNP Set II. We used the same 

281 Mesoamerican accessions, but did not perform imputation and applied a more stringent 

filtering threshold for the proportion of missing genotype call (0.2) and a more stringent 

percent heterozygosity criterion (5%). Filters for FIT (0.9), Fisher’s exact test (α = 0.001), and 

minimum genotype call counts in subpopulations (10) were as before. SNP Set III contains a 

total of 281 accessions and 4,872 SNPs.  

Population genetic analysis 

The 281 accessions of Mesoamerica origin and 4,872 SNPs from SNP Set III were used for all 

further population genetic analysis. Nucleotide diversity (Hudson et al. 1992), Tajima’s D 

(Tajima 1989), and all pairwise fixation index (FST) values among the three subpopulations 

were calculated and averaged on 100-kb genomic bins containing at least three variants using 

VCFtools. In addition to the full set of SNPs, we generated two subsets of SNPs that address 

ascertainment bias per pairwise FST: one subset excluded SNPs that were not polymorphic in 

the first subpopulation, and the other excluded SNPs that were not polymorphic in the second 

subpopulation. Total number of SNPs that were polymorphic in each of the three 

https://paperpile.com/c/SYWR5a/uKYL
https://paperpile.com/c/SYWR5a/g4we
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subpopulations are 2,701, 1,994 and 1,814, respectively. 

Genome-wide association and linkage disequilibrium estimation 

Using SNP Set II, consisting of 281 accessions and 5,732 partially imputed SNPs, we 

conducted a genome-wide association study for the seed coat pattern traits. Principal 

components (Price et al. 2006) and a kinship matrix based on VanRaden’s method 1 

(VanRaden 2008) were calculated based on SNP Set II and included in the multi-locus mixed 

model (MLMM) to control for population structure and unequal relatedness. The Bayesian 

information criterion (BIC; Schwarz 1978) was used to determine the optimal number of 

principal components included as covariates in the mixed linear model for each trait. Any 

remaining missing genotypes were conservatively imputed as heterozygous using the Genome 

Association and Prediction Integrated Tool (GAPIT, version 2017.08.18; Lipka et al. 2012) in 

R with the ‘middle’ option. We employed MLMM to account for several loci with large 

effects (Segura et al. 2012), given that this was the expected genetic architecture for seed coat 

pattern traits in common bean (Bassett 2007). The MLMM uses a stepwise mixed-model 

regression with forward inclusion and backward elimination, while re-estimating the genetic 

and error variances at each step. The optimal model was selected using the extended Bayesian 

information criterion (eBIC; Chen and Chen 2008). 

Linkage disequilibrium (LD) between all pairs of SNPs on each chromosome was 

estimated in TASSEL using the squared allele-frequency correlation (r2) method of Hill and 

Weir (Hill and Weir 1988). SNP Set II with 5,732 SNPs was used to estimate LD and 

approximate physical distance of where median LD decayed to a genome-wide background 

level of r2 = 0.1. 

https://paperpile.com/c/SYWR5a/TXK4
https://paperpile.com/c/SYWR5a/B102
https://paperpile.com/c/SYWR5a/iA2H/?prefix=BIC%3B%20
https://paperpile.com/c/SYWR5a/JufR/?prefix=GAPIT%2C%20version%202017.08.18%3B%20
https://paperpile.com/c/SYWR5a/VzYq
https://paperpile.com/c/SYWR5a/PhZm
https://paperpile.com/c/SYWR5a/Ayhv/?prefix=eBIC%3B
https://paperpile.com/c/SYWR5a/jTbk
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We used the primer sequences for sequence-tagged site (STS) markers developed by 

McClean et al. (2002) to identify the most likely genomic location for several genetic loci 

previously determined to be related to our seed coat traits of interest. Specifically, we used 

NCBI BLAST (Camacho et al. 2009) to align the primer sequences to the P. vulgaris 

reference genome (version 2.1) and selected likely locations for these markers on the 

reference genome (Supplemental Table S2.5). First, we identified locations where at least one 

of the forward or reverse primer sequences had a unique best (lowest E-value) match on the 

chromosome indicated by the genetic map associated with the marker. Second, for markers 

that had multiple likely matches for the second primer sequence, we selected the closest 

location to the unique best match identified in the first step. We used the genomic location of 

these primer sequences as a proxy for the likely genomic location of the corresponding STS 

marker. 

RESULTS 

Population structure and genetic diversity of the NS/S common bean collection 

Principal component analysis of SNP Set I revealed two distinct subgroups along the first 

principal component (PC1, explaining 41.7% of the variation; Supplemental Figure S2.4), 

separating the Andean and Mesoamerican NPGS accessions as expected. Using 

fastSTRUCTURE, we identified K = 2 as the most likely number of subpopulations and 

partitioned the 294 NS/S accessions in SNP Set I into two distinct groups: 281 accessions 

clustering with NPGS accessions from the Mesoamerican gene pool, and 13 accessions 

clustering with NPGS accessions from the Andean gene pool. The NS/S accessions were 

https://paperpile.com/c/SYWR5a/BXdY/?noauthor=1
https://paperpile.com/c/SYWR5a/YDs0
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predominantly assigned to the Mesoamerican gene pool, which is consistent with their 

collection locales. Therefore, we performed the remaining analysis exclusively on the 281 

NS/S accessions from the Mesoamerican gene pool, which were further divided into three 

subpopulations (Figure 2.1, Supplemental Table S2.1, Supplemental Figures S2.5 and S2.6). 

If the probability of an accession being derived from a given subpopulation was at least 80% 

(as determined by fastSTRUCTURE analysis), the accession was assigned to that 

subpopulation, otherwise it was classified as admixed. The three subpopulations (SP1, SP2, 

and SP3) have population sizes of 139, 29 and 55, respectively, and a total of 58 samples were 

assigned as admixed samples. All the accessions originally collected in the US were in SP3, 

and SP1 and SP2 consisted of accessions exclusively collected from Mexico.  

In order to better understand the differences between these three subpopulations, we 

used SNP Set III to quantify the genetic differentiation using measurements of fixation index 

(FST), nucleotide diversity (π), and Tajima’s D, correcting for differences in sample sizes via 

either an estimator that is independent of population size (Hudson FST), or different 

ascertainment schemes (Table 2.1, Supplemental Table S2.4). Nucleotide diversity estimates 

(π) at the genome-wide level for the three subpopulations (SP1, SP2 and SP3) were similar to 

each other (range: 8.08e–06 to 9.09e–06), but lower than the population of 281 Mesoamerican 

NS/S accessions (1.14e–05). Genome-wide Tajima’s D values were all positive for the three 

subpopulations, with a slightly higher D value for the overall population. Without 

ascertainment bias correction, the weighted average genome-wide FST ranged from 0.45 to 

0.64 for all three pairs when using Q ⩾ 0.8 as the population assignment filter to define the 

three subpopulations. When using Q ⩾ 0.5 as the population assignment filter, we assigned 
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170, 36 and 68 samples to SP1, SP2 and SP3 respectively, and the weighted average genome-

wide FST (without ascertainment bias correction) was approximately 15% lower than using 

the 0.8 threshold, ranging from 0.37 to 0.56 (Supplemental Table S2.4).   

 

Figure 2.1. Subpopulation structure of the NS/S Mesoamerican population. Subpopulation 

contribution (top) and geographics distribution (bottom) is shown for SP1 (black), SP2 

(orange), and SP3 (blue), with subpopulation membership for each sample assigned using a Q 

⩾ 0.5 cutoff. Accessions categorized as admixed at a Q ⩾ 0.8 cutoff are represented by lighter 

color bars (top) and open circles (bottom). The right edge strip on each map contains 

accessions for which latitude information was inferred, and no longitude information was 

available. 
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Table 2.1. Population genetic statistics for the NS/S Mesoamerican population and its three 

subpopulations, calculated using SNP Set III. 

Subpopulation π D FST SP1  FST SP2 FST SP3 

All 1.14E–05 1.21 – – – 

SP1 8.22E–06 0.58 – 0.50 (0.42) 0.43 (0.36) 

SP2 9.09E–06 0.67 0.55 (0.45) – 0.62 (0.56) 

SP3 8.08E–06 0.47 0.46 (0.38) 0.55 (0.54) – 

FST values are the result of calculations without ascertainment bias. FST values are reported for 

subpopulation assignment thresholds of Q ⩾ 0.8 (primary number) and Q ⩾ 0.5 (alternative, 

in parenthesis). All, all 281 NS/S Mesoamerican accessions; π, nucleotide diversity; D, 

Tajima’s D statistics; FST, weighted fixation index 

 

Genome-wide association study of seed coat traits 

The genetic control of seed coat patterning in the NS/S common bean population of 281 

accessions of Mesoamerican origin was dissected via GWAS using 5,732 genome-wide SNP 

markers from SNP Set II. The MLMM analysis selected three SNPs on chromosome 8 

(S8_3258880, S8_3229903 and S8_3258963) and one SNP (S10_36816230) on chromosome 

10 (Figure 2.2, Supplemental Figure S2.7, Supplemental Table S2.6) that were associated 

with the seed coat pattern phenotype (solid color, partially colored, and patterned categories) 

observed in this panel. 
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Figure 2.2. GWAS results for the three-class seed coat pattern trait. Genetic loci controlling 

seed coat color and pattern identified in previous work are indicated with blue vertical lines 

corresponding to their putative genomic location, and the lines are labelled with the 

corresponding gene names. SNPs selected by the MLMM as significantly associated with the 

three-class seed coat pattern trait are shown in red, while the remaining unselected SNPs are 

shown in grey. 

 

In order to better assign the association signals to the three different categories that 

defined the seed coat pattern phenotype, we performed MLMM analyses on the three binary 

seed coat pattern classifications (Supplemental Table S2.7). With the “Anasazi binary” trait, 

six SNPs were found to be associated with this trait: the previously identified SNP on 
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chromosome 10 (S10_36816230), two SNPs on chromosome 6, two on chromosome 7, and 

one on chromosome 5. For “pattern binary” and “color binary” traits, MLMM results were the 

same, identifying five SNPs on chromosome 8 (S8_3258880, S8_3229903, S8_3258963, 

S8_2905184, S8_2907111), the first three of which were the same as identified by MLMM 

with the three class seed coat pattern trait. 

Within this group of 281 Mesoamerican samples, the genome-wide median LD (50th 

percentile) decayed to background levels (r2 < 0.1) by ~128 Kb, (Supplemental Figure S2.8) 

and, as such, the candidate gene search space was limited to ± 128 Kb of the GWAS-detected 

SNP markers. The region on chromosome 8 contains, within 28 Kb of the most significant 

SNP (S8_3258880), the putative location of the Gy-STS (OW17) marker previously 

genetically mapped proximal (2.7 cM) to the C locus (McClean et al. 2002). Previous work 

(Prakken 1974) identified this as a complex locus consisting of many closely linked genes that 

are responsible for various seed coat patterns including striped, mottled and netted seed coats. 

When searching for candidate genes in the ± 128 Kb regions flanking the three MLMM-

selected SNPs on chromosome 8, five myb transcription factors (Phvul.008G038000, 

Phvul.008G038200, Phvul.008G038400, Phvul.008G038500, and Phvul.008G038600) were 

identified within this region (Supplemental Table S2.7). 

A single SNP on chromosome 10 (S10_36816230) was associated with seed coat 

pattern traits by both the two-class and three-class MLMM analysis. Two loci associated with 

the partial color phenotype have been previously mapped to this chromosome: J and Bip. The 

putative physical position of the J locus, estimated using the STS marker OL4S500 1.2 cM 

away from the J locus (McClean et al. 2002) as a proxy, is ~ 4 Mb away from this SNP.  The 

https://paperpile.com/c/SYWR5a/BXdY
https://paperpile.com/c/SYWR5a/5AFa
https://paperpile.com/c/SYWR5a/BXdY
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putative physical position of the Ana locus, estimated using the STS marker OM9S200 5.4 cM 

away from the Ana locus (McClean et al. 2002) as a proxy, is ~ 35 Mb away from this SNP.  

The J locus had been previously shown (Bassett et al. 2002b; McClean et al. 2002; Bassett 

2007) to be associated with the expression of seed coat color (J) and expression of pattern 

restriction (L) in partly colored seed coat, while the Bip locus has been associated with the 

Anasazi (Ana) and bipunctata (Bip) seed coat patterns (Bassett et al. 2000). No clear 

candidate genes were found proximal to this SNP on chromosome 10. 

DISCUSSION 

The NS/S common bean collection represents a unique sampling of landraces throughout the 

northern native range of Mesoamerican common bean. Only a small subset of this collection, 

primarily from the US, is available through the USDA NPGS, with most of the accessions 

originating in Mexico available only from the NS/S collection. Our study is the first high-

density genomic characterization of the genetic diversity and population structure within this 

collection, as well as the first identification and genetic diversity comparison among these 

three subpopulations of the Mesoamerican common bean gene pool. Furthermore, the wide 

variation of seed coat phenotypes among these accessions enabled us to provide higher 

resolution mapping and identify several candidate genes at the C locus, as well as identify a 

novel locus potentially associated with the Anasazi seed coat pattern phenotype. 

Population structure 

Due to the paucity of Andean genotypes in our panel, we focused genetic analyses on the 

Mesoamerican population. Previous molecular-based studies, whether using GBS (Ariani et 

https://paperpile.com/c/SYWR5a/BXdY
https://paperpile.com/c/SYWR5a/aG37+BXdY+PhZm
https://paperpile.com/c/SYWR5a/aG37+BXdY+PhZm
https://paperpile.com/c/SYWR5a/ryJx
https://paperpile.com/c/SYWR5a/z8xn
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al. 2018), select nuclear genes (Bitocchi et al. 2012b), or microsatellite markers (Kwak and 

Gepts 2009), have consistently recovered strong population structure within Mesoamerican 

common bean, identifying between three and four subpopulations, including sympatric 

subpopulations. Consistent with those findings, our study identified three subpopulations that 

are strongly differentiated (pairwise weighted FST > 0.4), with two of them having completely 

overlapping geographical ranges in sampling.  

Given that the vast majority of the NS/S accessions in our study originate further 

North than previous studies, with little to no overlap in sampling locale (Supplemental Figure 

S2.9), and most of our accessions represent unique collections of landraces cultivated by 

indigenous groups, a straightforward comparison of the subpopulations in our study and those 

from previous work is not possible. Only one accession genotyped in our study, PI 615391, 

was previously genotyped, and it was assigned to the K9 (Races Jalisco and Durango) 

subpopulation of Kwak and Gepts (2009). This accession is genetically similar to SP3 

(Supplemental Figure S2.6), a subpopulation almost exclusively found in the southwest US in 

our study, and this is consistent with the relationships of other NPGS accessions labelled as 

“Jalisco” or “Durango”. It is therefore plausible that SP3 corresponds to subpopulations 

labelled as “Jalisco & Durango” in previous studies, containing the “Jalisco” and “Durango” 

Mesoamerican common bean races, but our study suggests this subpopulation is endemic to 

southwest US rather than Mexico. The other Mesoamerican common bean race, 

“Mesoamerica,” is represented in our study by five NPGS accessions (Supplemental Table 

S2.1), and in our phylogenetic analysis they are contained within a clade primarily consisting 

of admixed samples (Supplemental Figure S2.6), distinct from both the SP1 and SP2 clades. 

https://paperpile.com/c/SYWR5a/z8xn
https://paperpile.com/c/SYWR5a/OyX0
https://paperpile.com/c/SYWR5a/OtTe
https://paperpile.com/c/SYWR5a/OtTe
https://paperpile.com/c/SYWR5a/OtTe/?noauthor=1
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Therefore, both SP1 and SP2 appear to be novel subpopulations that do not correspond to 

previously described Mesoamerican common bean races. Further joint analysis of samples 

from our and previous work would be needed to draw confident parallels between 

Mesoamerican subpopulations identified here and previously. However, due to differences in 

technology used (select genes, microsatellite markers) or enzyme choice (GBS), this is not 

possible with the existing data, and new genotyping on a common platform will be necessary 

for this work. 

Differentiation among Mesoamerican subpopulations in this study is relatively high, 

with pairwise weighted FST values, regardless of the ascertainment scheme of population 

assignment threshold, higher than those observed between Mesoamerican and Andean gene 

pools. At the same time, although the overall diversity within our Mesoamerican gene pool (π 

= 1.14e–05) is in line with previously reported values (π = 1.42e–05; Ariani et al. 2018), 

diversity within subpopulations is lower (π = 8.08e–06 to 9.09e–06). This suggests that the 

genetic diversity within the Mesoamerican gene pool is partitioned among subpopulations. 

Given that the accessions in this study consisted exclusively of domesticated beans, this 

allelic segregation, as well as the various degrees of admixture observed among these 

subpopulations, are likely the result of not only population genetic factors but also 

ethnographic and ethnobotanical factors such as historical inter-locality trade flow and local 

preferences for common bean landraces. Future interdisciplinary work would be needed to 

elucidate the relative contributions of these factors and paint a fuller picture of population 

differentiation within this Mesoamerican germplasm pool. 

https://paperpile.com/c/SYWR5a/z8xn/?prefix=%CF%80%20%3D%201.42e-05%3B
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Seed coat trait-associated genomic loci 

The genetic control of seed coat patterning and coloring has been of long standing interest to 

the common bean community, with research into the genetic control of these traits spanning 

decades (Bassett 2007 and references within). Complementing the designs of previous studies, 

which followed pre-determined genetic crosses, GWAS allowed us to leverage the phenotypic 

and genotypic diversity of our mapping population and identify SNP markers associated with 

seed coat traits. Given the complex nature of genetic control for color (Bassett 2007) and the 

difficulty in reliably phenotyping color variation in the presence of various coat patterns, we 

chose to focus on the three major classes of patterning, following Bassett (2007), as traits of 

interest: solid, patterned, and partial coloring. Previous work has shown a complex 

architecture controlling seed coat patterning, consisting of two primary genes (C and T) and a 

larger number of modifier genes such as Z, J, Bip, etc (McClean et al. 2002; Bassett 2007). A 

gene within the C locus is expected to control patterned seed coat, whereas the T locus is 

expected to control partial coloring. Alternate alleles at these loci result in the default “solid” 

pattern. Using the primer sequences for STS markers linked to these loci published in 

McClean et al. (2002), we were able to identify the likely physical location of several of these 

markers on the P. vulgaris genome. This allowed us to compare the SNP positions identified 

by GWAS with the expected location of relevant loci, such as the C associated marker 

OAP2S650 at approximately 9.7 Mb on chromosome 8 and the T associated marker OM19S350 

at approximately 11.7 Mb on chromosome 9. 

We did indeed find three independent SNPs on chromosome 8 associated with seed 

coat pattern, consistent with the expectation that the C locus is comprised of a gene complex. 

https://paperpile.com/c/SYWR5a/PhZm/?suffix=and%20references%20within
https://paperpile.com/c/SYWR5a/PhZm
https://paperpile.com/c/SYWR5a/PhZm/?noauthor=1
https://paperpile.com/c/SYWR5a/BXdY+PhZm
https://paperpile.com/c/SYWR5a/BXdY
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Moreover, these SNPs were shown to be significantly associated both in the three-class 

GWAS (solid, patterned, partial color) and the two-class GWAS involving solid or patterned 

phenotypes, but not in the two-class GWAS involving the partial color phenotype. This again 

is consistent with the expectation that the C locus controls the patterned phenotype, but is 

independent of the partial color phenotype controlled by T. Although these SNPs are 

approximately 6.5 Mb away from the likely location of the C associated STS marker 

OAP2S650, they span a region that overlaps the likely location of the Gy associated STS 

marker OW17S600 previously genetically mapped proximal (2.7 cM) to the C locus (Bassett et 

al. 2002a; McClean et al. 2002). Together, this evidence strongly suggests that the SNPs 

found by GWAS to be associated with the patterned traits are in strong LD with causal genes 

at the (potentially expansive) C locus.  

The C locus controls common bean seed coat patterns by regulating the differential 

expression of flavonoids via epistatic interactions with J and V loci (Feenstra 1960). Within 

the family of flavonoids that accumulate in the seed coat of common bean, proanthocyanidins 

(PA), or condensed tannin, has been shown to be partially controlled by the C locus in certain 

genetic backgrounds (Caldas and Blair 2009). Our search for plausible causal genes in the 

vicinity of the seed coat pattern associated SNPs on chromosome 8 resulted in the 

identification of five myb genes. Multiple lines of evidence implicate the role of myb genes, 

the most abundant transcription factor family in common bean (Kalavacharla et al. 2011), in 

the PA biosynthesis pathway in the seed coat of plant species (Nesi et al. 2001; Aharoni et al. 

2001; Yang et al. 2010; Zabala and Vodkin 2014; Liu et al. 2014; Hong et al. 2017). 

Furthermore, in addition to evidence for involvement in PA accumulation, differential 

https://paperpile.com/c/SYWR5a/BXdY+GYg4
https://paperpile.com/c/SYWR5a/BXdY+GYg4
https://paperpile.com/c/SYWR5a/9CBi
https://paperpile.com/c/SYWR5a/iZiW
https://paperpile.com/c/SYWR5a/plhE
https://paperpile.com/c/SYWR5a/14Vr+UU8S+NRmY+kmnF+wbF9+I9bL
https://paperpile.com/c/SYWR5a/14Vr+UU8S+NRmY+kmnF+wbF9+I9bL
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expression analysis in soybean implicated the involvement of a myb gene in disruptive cell 

wall formation and net pattern of seed coat (Kour et al. 2014). Therefore, among the genes 

proximal to the MLMM-selected SNPs on chromosome 8, the MYB transcription factors 

identified are the most biologically plausible candidate causal genes for the patterning of 

common bean seed coat. The presence of five myb genes within this 80-Kb genomic region is 

consistent with the hypothesis of Prakken (1974) that the C locus is comprised of a set of 

tightly linked genes. 

In contrast, we did not identify any SNPs on chromosome 9 (the expected location of 

the T locus) significantly associated with the partial color phenotype. Given that only 2% (6 

out of 281) Mesoamerican accessions exhibited this phenotype, and the SNP set used in 

GWAS was filtered to remove SNPs with minor allele frequency below 5%, we did not 

expect to find any SNPs in perfect LD with the causal gene for this phenotype, but rather 

proximal SNPs above that threshold that would be in partial LD with the locus. However, in 

our GWAS SNP set, the closest SNP to the expected location of the T associated marker 

OM19S350 was approximately 600 Kb away, almost 5 times further away than the genome-

wide average LD decay distance. It is therefore not surprising that we were unable to detect 

SNPs associated with the T locus, because we did not evaluate any SNPs that were likely to 

be in LD with it. We did, however, identify a SNP on chromosome 10 that was associated 

with seed coat pattern, the same chromosome where the Bip and J loci, two loci modulating 

partial coloring, are located. This SNP was significantly associated with the trait both in the 

three-class trait GWAS, as well as in the two-class trait GWAS involving the partial color 

phenotype, but was not associated with the trait in the two-class trait GWAS involving solid 

https://paperpile.com/c/SYWR5a/cURD
https://paperpile.com/c/SYWR5a/5AFa/?noauthor=1
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or patterned phenotype, indicating that it is associated with the partial color phenotype.  

A closer inspection of the phenotypes classified as partial color (Supplemental Figure 

S2.2) shows that they appear much more similar to the Anasazi phenotype (Bassett et al. 

2000, Fig. 1) rather than the various phenotypes controlled by the J locus and its interactions 

(Bassett 2007 Fig. 8.3). The Anasazi pattern is expected to be controlled by the Bip locus 

(Bassett et al. 2000).  However, our associated SNP is more than 25 Mb downstream of the 

likely location of the Ana associated STS marker OM9S200 of McClean et al. (2002), on a 

different chromosome arm. There are several plausible explanations for this incongruency. 

Although the distance is too large to be explained alone by low mapping resolution from only 

six accessions with the Anasazi phenotype, the detected SNP could be indirectly associated 

with the causal gene of this rare phenotype due to cryptic population structure. Accessions 

exhibiting the Anasazi phenotype are likely derived from ancient beans cultivated in the four 

corners region of the SW US (Bassett et al. 2000) and are thus expected to have very similar 

genetic backgrounds. Three of these six accessions are indeed from that region, whereas the 

other three are from the SP1 subpopulation that is limited to Mexico. However, all three of the 

SP1 accessions were classified as admixed. The accessions possess a mixture of SP1 and SP3 

(primarily of US origin) alleles, with more than 20% of alleles derived from SP3 

(Supplemental Figure S2.10). Although the MLMM is expected to control for population 

structure and unequal relatedness through PCs and a kinship matrix, it may not have been able 

to adequately control for such partial population structure where only a subset of loci is 

introgressed into an otherwise distinct genetic background. Therefore, it is possible that the 

SNP detected is associated with a larger Ana-containing introgression, or a group of 

https://paperpile.com/c/SYWR5a/ryJx/?suffix=%2C%20Fig.%201
https://paperpile.com/c/SYWR5a/ryJx/?suffix=%2C%20Fig.%201
https://paperpile.com/c/SYWR5a/PhZm/?suffix=Fig.%208.3
https://paperpile.com/c/SYWR5a/ryJx
https://paperpile.com/c/SYWR5a/BXdY/?noauthor=1
https://paperpile.com/c/SYWR5a/ryJx
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introgressed loci, rather than the causal locus itself. Indeed, the multiple MLMM selected 

SNPs in the Anasazi-binary GWAS (Supplemental Figure S2.7), at four distinct loci across 

the genome, would be consistent with a population structure signal representing a group of 

introgressed loci. Moreover, unlike the T locus, our dataset did include proximal SNPs, as 

close as 18 Kb, that are expected to be in LD with the likely locus for the Ana-linked marker, 

but no significant association was found for these SNPs. Overall, under the assumption that 

Ana is the controlling gene for the observed phenotypes, this suggests that our analysis did not 

recover a signal for the Bip locus, but rather a cryptic population structure signal. However, it 

is also possible that the SNP is tagging a novel allele of the J locus whose resultant phenotype 

strongly resembles the Anasazi phenotype, as several seed coat partial color patterns 

controlled by J, such as “expansa” or “white ends” (Bassett 2007, Fig. 8.3 C and E 

respectively) partially resemble Anasazi. Further work with an expanded panel of Anasazi 

beans will be necessary to elucidate this issue and more accurately locate the locus or loci 

responsible for the Anasazi phenotype. 

Finally, it should be noted that common bean is one of several Phaseolus species with 

interesting variation in seed coat patterning and coloring. Previous work in lima bean 

(Phaseolus lunatus L.) suggests a similar genetic control mechanism for seed coat color in that 

species (Allard 1953, Bemis 1957), and future comparative genomics work between common 

bean and lima bean might be able to shed light on the evolution of these loci. Seed coat color 

diversity appears to be maintained in scarlet runner bean (Phaseolus coccineus L.) landraces 

as well (Acampora et al. 2007). Given their overlapping centers of origin and domestication, 

it would be instructive for future comparative genomics work to include landraces of all three 

https://paperpile.com/c/SYWR5a/PhZm/?suffix=%2C%20Fig.%208.3%20C%20and%20E%20respectively
https://paperpile.com/c/SYWR5a/PhZm/?suffix=%2C%20Fig.%208.3%20C%20and%20E%20respectively
https://paperpile.com/c/SYWR5a/jjPd
https://paperpile.com/c/SYWR5a/VGcY
https://paperpile.com/c/SYWR5a/jjPd+exOS
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of these species. 

CONCLUSIONS 

Foremost, our study represents the genomic characterization and population genetic analysis 

of a unique set of common bean accessions from previously underrepresented geographic and 

ethnographic sources. Using this novel genetic resource, we identified both allopatric and 

sympatric population structure, suggesting that, in addition to natural segregation, human 

selection factors have shaped the population structure of domesticated Mesoamerican 

common beans. This highlights the importance of the NS/S collection for understanding the 

various ethnographic factors that have shaped the history of domestication and cultivation of 

Mesoamerican common beans, and it establishes the NS/S collection as a unique resource of 

traditional landraces that contains important genetic diversity and likely possesses important 

alleles for biotic and abiotic stress tolerance that have been selected by smallholder farmers 

over thousands of years. With respect to overall common bean genetic architecture, we were 

able to identify putative causal genes for the various seed coat pattern phenotypes controlled 

by the C locus and identified a potential novel locus controlling a subset of partial coloring 

phenotypes. This brings us closer to understanding the complex genetic control of the 

extremely varied patterning and coloring of common bean seed coats.   
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SUPPLEMENTAL INFORMATION 

Supplemental Figure S2.1 Visual examples of the seed coat pattern classification 

used in this study. 

Supplemental Figure S2.2 Visual examples of the seed coat pattern for all six 

accessions classified as “Anasazi”. 

Supplemental Figure S2.3 Schematic overview of the SNP filtering pipeline. SNP 

Set 0 was used to identify unintended sample duplicates. SNP Set I was used to separate 

accessions into Andean and Mesoamerican groups. SNP Set II was used for GWAS. SNP Set 

III was used for population genetics analysis. 

Supplemental Figure S2.4 Principal component analysis of SNP Set I. Mesoamerican 

NPGS and Andean NPGS classifications are based on a priori annotation of NPGS 

accessions. Mesoamerican NSS and Andean NSS classifications are based on K-means 

clustering (K = 2) along PC1 with the respective group of NPGS accessions. 

Supplemental Figure S2.5 Principal component analysis of SNP Set II. 

Subpopulation labels are based on fastSTRUCTURE analysis of SNP Set III, with a 

subpopulation assignment criterion of Q ⩾ 0.8. 

Supplemental Figure S2.6 Neighbour joining phylogenetic tree of the NS/S (SP1, 

SP2, SP3, SP mixed) and NPGS (NPGS Durango, NPGS Jalisco, NPGS Mesoamerica) 



 

 

 

 

 

36 

Mesoamerican accessions, rooted using the reference genome accession (G19833, 8 samples, 

Andean genotype). NPGS accession PI 615391, used in both our study and Kwak and Gepts 

(2009), is indicated by the dotted line and label. Subpopulation labels are based on 

fastSTRUCTURE analysis of SNP Set III, with a subpopulation assignment criterion of Q ⩾ 

0.8. 

Supplemental Figure S2.7 GWAS results of three-class and binary coding of seed 

coat pattern traits. SNPs selected by the MLMM as significantly associated with the trait are 

shown in red, while the remaining SNPs are shown in black. 

Supplemental Figure S2.8 Linkage disequilibrium (LD) estimates between SNPs in 

the NS/S Mesoamerican population of 281 accessions. The distribution of SNPs at different 

percentile cutoffs are indicated by the labeled lines. Median LD is indicated by the solid line 

labelled 50%, which decays to background levels (r2 < 0.1) at a physical distance beyond 128 

Kb.  

Supplemental Figure S2.9 Histograms of latitude distributions for accessions used in 

this study and three previous studies. The red color indicates accessions collected from 

Mexico. 

Supplemental Figure S2.10 Subpopulation composition of the six accessions with 

Anasazi phenotypes using fastSTRUCTURE results. Three accessions (15DW320, 15DW324, 

15DW306) are assigned to SP1 at Q ⩾ 0.5, but classified as mixed at Q ⩾ 0.8. 

Supplemental Table S2.1 The complete list of 375 accessions included in this study 

and relevant metadata. The “Group ID” column indicates whether or not an accession was 

part of an unintended sample duplicate group, and the “Choice” column indicates whether or 

https://paperpile.com/c/SYWR5a/OtTe/?noauthor=1
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not an accession was selected as a representative for its unintended sample duplicate group. 

The NS/S-assigned accession number, catalog number, common name, and phenotype 

description are reported for accessions sourced from NS/S. For NPGS sourced accessions, the 

data refers to annotation from the GRIN database. The race of each NPGS accession was 

inferred using the documented seed type and morphology description with criteria from Singh 

et al. (1991). 

Supplemental Table S2.2 Accession geographical provenance and seed coat pattern 

trait encoding for the NS/S accessions of Mesoamerican origin. The last column indicates the 

corresponding seed coat pattern and color descriptors according to IBPGR (1982) and 

Kornerup (1967). 

Supplemental Table S2.3 Summary of the four SNP sets used in this study. 

Supplemental Table S2.4 FST results of all pairwise comparisons between the three 

subpopulations within the NS/S Mesoamerican population.  

Supplemental Table S2.5 BLAST results for STS marker sequences for a priori seed 

coat color and pattern genes. Putative genomic locations of seven out of the 11 STS markers 

described in Table 2 of McClean et al. (2002) are presented. 

Supplemental Table S2.6 Seed coat pattern trait GWAS results and genomic location 

information for MLMM selected SNPs. 

Supplemental Table S2.7 All annotated genes within 128 Kb of the MLMM selected 

SNPs reported in Supplemental Table S2.6.  
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Chapter 3 High-resolution genome-wide association study 

pinpoints metal transporter and chelator genes involved in the 

genetic control of element levels in maize grain1 

ABSTRACT 

Despite its importance to plant function and human health, the genetics underpinning element 

levels in maize grain remain largely unknown. Through a genome-wide association study in 

the maize Ames panel of nearly 2,000 inbred lines that was imputed with ~7.7 million SNP 

markers, we investigated the genetic basis of natural variation for the concentration of 11 

elements in grain. Novel associations were detected for the metal transporter genes rte2 

(rotten ear2) and irt1 (iron-regulated transporter1) with boron and nickel, respectively. We 

also further resolved loci that were previously found to be associated with one or more of five 

elements (copper, iron, manganese, molybdenum, and/or zinc), with two metal chelator and 

five metal transporter candidate causal genes identified. The nas5 (nicotianamine synthase5) 

gene involved in the synthesis of nicotianamine, a metal chelator, was found associated with 

both zinc and iron and suggests a common genetic basis controlling the accumulation of these 

two metals in the grain. Furthermore, moderate predictive abilities were obtained for the 11 

elemental grain phenotypes with two whole-genome prediction models: Bayesian Ridge 

Regression (0.33-0.51) and BayesB (0.33-0.53). Of the two models, BayesB, with its greater 

 

 

1 Wu, D., Tanaka, R., Li, X., Ramstein, G. P., Cu, S., Hamilton, J. P., ... & Gore, M. A. (2021). High-resolution genome-wide 

association study pinpoints metal transporter and chelator genes involved in the genetic control of element levels in maize 

grain. G3, 11(4), jkab059. 
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emphasis on large-effect loci, showed ~4-10% higher predictive abilities for nickel, 

molybdenum, and copper. Altogether, our findings contribute to an improved genotype-

phenotype map for grain element accumulation in maize. 

INTRODUCTION 

Elements are important in every aspect of organismal development. In higher plants, at least 

20 elements are involved in key biological functions (Mengel and Kirkby 2012). To maintain 

elemental homeostasis, plants require the activities of metal transporters, chelators, and 

signaling pathways for the regulation of optimal uptake, transport, and storage of metal ions 

(Clemens 2001). The complex network responsible for elemental accumulation in various 

plant organs and tissues such as physiologically mature seed is coordinated at the genetic 

level, but it can be perturbed by alterations in the soil chemical environment, plant 

architecture, physiology, and metabolism (Baxter 2009). However, the genetic underpinnings 

of the biological processes that regulate elemental uptake, transport, and storage have yet to 

be fully elucidated in model plants and crop species. 

Maize (Zea mays L.) is a globally important staple crop, serving as a critical source of 

calories in Sub-Saharan Africa and Latin America (FAOSTAT 2018). However, the declining 

soil fertility of farming systems contributes in part to the unrealized potential yield of maize in 

these geographies (Dixon et al. 2001). Not only does the deficiency or excess of one or more 

key elements in the soil limit maize plant productivity (ten Berge et al. 2019), but it also has 

implications for human nutrition if this causes an unfavorable elemental profile in the maize 

grain (Graham and Welch 1996; Welch 2002; Welch and Graham 2004). This could pose 
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serious malnutrition-related health problems in a maize-based diet because such a diet may 

not provide the recommended dietary allowances of micronutrients such as iron (Fe) and zinc 

(Zn) (Welch and Graham 2002). The development of crop varieties with improved nutritional 

quality through plant breeding, a strategy known as “biofortification,” has the potential to 

sustainably address micronutrient deficiencies in developing nations (Diepenbrock and Gore 

2015; Bouis and Saltzman 2017). 

Depending on the element and plant species, elements accumulated in seed could 

originate from direct root uptake or remobilization from senescing tissues through the 

involvement of transporters and chelators (Waters and Sankaran 2011). Several metal 

transporter and chelator protein families, such as METAL TOLERANCE PROTEIN (MTP), 

NATURAL RESISTANCE-ASSOCIATED MACROPHAGE PROTEIN (NRAMP), 

NICOTIANAMINE SYNTHASE (NAS), YELLOW STRIPE-LIKE (YSL), and ZINC-

REGULATED TRANSPORTER (ZRT)/IRON-REGULATED TRANSPORTER (IRT)-LIKE 

PROTEIN (ZIP), have been bioinformatically identified in the genomes of Arabidopsis 

[Arabidopsis thaliana (L.) Heynh.], rice (Oryza sativa L.), maize and other plant species, yet 

only a subset from each family have been functionally characterized (Whitt et al. 2020). 

Many metal transporters and chelators have broad substrate specificity (Axelsen and 

Palmgren 2001), making it difficult to infer their primary roles with homology-based 

approaches. In maize, only a few metal transporter genes have been functionally studied 

including rotten ear1 (rte1), rte2, and tassel-less1 (tls1) for boron (B) (Chatterjee et al. 2014, 

2017; Durbak et al. 2014), yellow stripe1 (ys1) and ys3 for Fe (Von Wiren et al. 1994; Chan-

Rodriguez and Walker 2018), and ysl2 (Zang et al. 2020) and zip5 (Li et al. 2019) for Fe and 
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Zn. Of these, transgenic maize overexpressing zip5 with an endosperm-specific promoter was 

shown to accumulate higher levels of Fe and Zn in grain (Li et al. 2019). 

Genetic mapping approaches offer another opportunity to identify the largely 

unknown genes responsible for elemental concentration in maize grain. There have been a 

number of linkage analysis studies that have used biparental populations to identify 

quantitative trait loci (QTL) associated with an elemental concentration in maize grain, 

especially for Fe and Zn (Lung’aho et al. 2011; Šimić et al. 2011; Qin et al. 2012; Baxter et 

al. 2013; Jin et al. 2013; Gu et al. 2015; Asaro et al. 2016; H. Zhang et al. 2017; Ziegler et al. 

2017; Fikas et al. 2019). However, the biparental populations used in these studies did not 

provide gene-level mapping resolution due to the limited number of recent recombination 

events (Zhu et al. 2008; Myles et al. 2009). Thus, the causal genes presumably residing in the 

large QTL intervals with low resolution could not be conclusively identified. 

Genome-wide association studies (GWAS) that exploit the extensive phenotypic 

variation and ancient recombination of many individuals comprising a diversity population 

(association panel) often offer higher mapping resolution to dissect complex traits than 

biparental mapping populations (Myles et al. 2009; Lipka et al. 2015). A total of 46 marker-

trait associations for the concentration of Zn and Fe in grain were identified in a tropical 

maize association panel (Hindu et al. 2018). Some of these associations were independently 

supported by separate QTL analyses in biparental populations. However, the association 

signals were not definitively resolved to causal genes. Through joint-linkage (JL) analysis and 

GWAS in the US maize nested association (NAM) panel, Ziegler et al. (2017) identified six 

high confidence candidate genes underlying association signals for four elements (manganese, 
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Mn; molybdenum, Mo; phosphorus, P; and rubidium, Rb), but not all signals for these and 

other elements could be unambiguously mapped to single genes. Overall, the promise of 

GWAS for identifying the causal genes responsible for elemental accumulation in maize grain 

has yet to be fully realized, but efforts could be improved with the use of larger, more diverse 

association panels which have been densely genotyped. 

When GWAS is employed to elucidate the molecular genetic basis of phenotypes, the 

significantly associated markers tend to be those in strong linkage-disequilibrium (LD) with 

causal loci of large effect (Myles et al. 2009). Therefore, if a phenotype is genetically 

controlled by mostly small-effect loci, the heritable fraction of a phenotype may not be 

completely explained by GWAS-detected loci alone. If this occurs, genomic prediction 

models that employ all available genome-wide markers to account for a range of small to 

large marker effects across the entire genome (i.e., whole-genome prediction, WGP) could be 

used to improve trait prediction accuracy (Meuwissen et al. 2001; Gianola et al. 2009; de Los 

Campos et al. 2013). Furthermore, trained WGP models are used in genomic selection to 

increase genetic gain per unit of time when breeding for phenotypes having polygenic 

inheritance, as marker-assisted selection is better suited for Mendelian and oligogenic traits 

(Lorenz et al. 2011; Desta and Ortiz 2014; Owens et al. 2014). To date, WGP models have 

only been evaluated on elemental grain phenotypes of wheat (Triticum aestivum L.) (Velu et 

al. 2016; Manickavelu et al. 2017; Alomari et al. 2018) and only Zn for maize (Guo et al. 

2020; Mageto et al. 2020). 

In our study, a maize inbred association panel consisting of 1,813 individuals imputed 

with ~7.7 million SNP markers was used for the genetic dissection and prediction of natural 
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variation for elemental concentration in grain. The objectives of our study were to (i) assess 

the extent of phenotypic variation and heritability of 11 elemental grain phenotypes, (ii) 

conduct a GWAS to identify candidate causal genes controlling variation for 11 elemental 

phenotypes in maize grain, (iii) compare detected GWAS signals with genetic mapping results 

from the U.S. maize NAM panel, and (iv) evaluate the predictive abilities of two WGP 

models having different assumptions of the underlying genetic architecture for the elemental 

grain phenotypes. 

MATERIALS AND METHODS 

Plant materials and experimental design 

We evaluated more than 2,400 maize inbred lines from the North Central Regional Plant 

Introduction Station association panel (hereafter, Ames panel) (Romay et al. 2013) at Purdue 

University’s Agronomy Center for Research and Education in West Lafayette, IN, on Raub 

silt loam (fine-silty, mixed, superactive, and mesic Aquic Argiudolls) and Chalmers silty clay 

loam (fine-silty, mixed, superactive, and mesic Typic Endoaquolls) soils in 2 consecutive 

years (2012-2013). A single replicate of the entire experiment was grown in each of the two 

years following a design that has been previously described in Owens et al. (2019). Briefly, 

the maize inbred lines were partitioned into six sets according to their flowering time, with 

each set arranged as a 20 × 24 incomplete block design. Within a set, each incomplete block 

was augmented with the random positioning of a B73 plot (experiment-wide check) and two 

plots of a set-specific check. Experimental units were one-row plots that had a length of 

3.81m, with ~15 plants per plot. The physiologically mature grain from the hand-harvested, 
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dried, and shelled self-pollinated ears (at most six) of each harvestable plot were bulked to 

generate a representative, composite sample for element analysis. 

Phenotypic data analysis 

We ground 4,406 grain samples weighing 10 g each from 2,177 inbred lines and a separate set 

of 11 repeated check lines with a Retsch ZM200 mill (Retsch, Haan, Germany). For 

inductively coupled plasma mass spectrometry (ICP-MS) analysis, ~0.3 g of each ground 

sample, which had been oven dried at 80°C for 4 h to remove remaining moisture, was acid-

digested in a closed tube as described in Wheal et al. (2011). Elemental concentrations of 

samples were measured using ICP-MS (7500x; Agilent, Santa Clara, CA) according to the 

method of Palmer et al. (2014). The 18 quantified elements were aluminum (Al; for only 

monitoring contamination with soil), arsenic (As), boron (B), calcium (Ca), cadmium (Cd), 

cobalt (Co), copper (Cu), Fe, potassium (K), magnesium (Mg), Mn, Mo, sodium (Na), nickel 

(Ni), P, lead (Pb), selenium (Se), and Zn in μg g–1 on a dry weight basis. In each of 10 

digestion batches, a blank and a certified reference material (CRM; NIST 8433 corn bran) 

were added for quality assurance. Additionally, 6 to 7 experimental samples were replicated 

twice within each batch, allowing the assessment of technical (measurement) error. Technical 

replicate sample pairs with a relative standard deviation > 10% were removed, which resulted 

in the removal of three inbred lines. Samples (0.8%) with Al present at > 5 μg g–1 were 

considered to have unacceptable levels of purported soil contamination (Yasmin et al. 2014), 

thus resulting in the removal of an additional eight inbred lines from the dataset. 

To improve the quality of the resultant dataset of 4,351 samples from the remaining 

2,166 inbred lines and separate set of 11 repeated check lines, we assessed phenotypes for 
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missing values due to the limit of detection (LOD) for ICP-MS. The levels of Ca and Ni were 

below the LOD for 1.98% and 18.30% of samples, respectively. Separately for each of these 

two elements, a μg g–1 value was approximated for the missing value of each of these samples 

by imputing a uniform random variable ranging from 0 to the minimum ICP-MS detection 

value for the given element within each year (Lubin et al. 2004; Lipka et al. 2013). Given the 

potential for biased results (Lubin et al. 2004), we excluded six elements (As, Cd, Co, Na, Pb, 

and Se) that had more than 70% of samples with a concentration below the LOD for ICP-MS. 

We screened the generated dataset of 11 elemental phenotypes without missing values 

from the 2,166 inbred lines and separate set of 11 repeated check lines for significant outliers 

according to the procedure of Owens et al. (2019). Briefly, the full mixed linear model 

(equation 1) of Owens et al. (2019) was fitted for each elemental phenotype in ASReml-R 

version 3.0 (Gilmour et al. 2009). The model terms included check as a fixed effect and 

genotype (noncheck line), year, genotype-by-year (G × Y) interaction, set within year, plot 

grid row within year, incomplete block within set within year, and ICP-MS batch as random 

effects. Studentized deleted residuals (Neter et al. 1996) produced from these mixed linear 

models were examined to remove significant outlier observations for each phenotype after a 

Bonferroni correction for α = 0.05. The variance component estimates generated by refitting 

the full model (Figure 3.1) for each outlier screened phenotype were used to calculate 

heritability on a line-mean basis (Holland et al. 2003; Hung et al. 2012), with the delta 

method (Lynch and Walsh, 1998; Holland et al. 2003) used to calculate their standard errors. 
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Figure 3.1. Sources of variation for 11 elemental grain phenotypes in the Ames panel. The 

phenotypic variance was statistically partitioned into the following components: genotype 

(G), genotype-by-year interaction (G×Y), year (Y), set within year [S(Y)], block within set 

within year [BL(S×Y)], inductively coupled plasma mass spectrometry (ICP-MS) batch (BA), 

row within year [R(Y)], and residual error variance (REV). Variance component estimates 

were calculated for all random effects from the full model equation 1 of Owens et al. (2019). 

The table below indicates which random effects were significant (*) according to a likelihood 

ratio test (α = 0.05). 
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To generate best linear unbiased predictor (BLUP) values, a best fit model was 

selected for each outlier-screened phenotype through iteratively fitting the above full mixed 

linear model in ASReml-R version 3.0 and retention of only random effect terms found to be 

significant (α = 0.05) in a likelihood ratio test (Littell et al. 2006). The final best fitted model 

was used to obtain a BLUP for each elemental phenotype for each inbred line (Supplemental 

Table S3.1). Given that elements are not always distributed evenly among seed tissues (e.g., 

pericarp, endosperm, and embryo) and extreme grain phenotypes could have substantially 

altered elemental composition (Lombi et al. 2009, 2011; Pongrac et al. 2013; Baxter et al. 

2014), 247 inbred lines classified according to Romay et al. (2013) and Germplasm Resources 

Information Network (GRIN; https://www.ars-grin.gov/) as sweet corn, popcorn, or with an 

endosperm mutation were conservatively removed from the dataset. All of the remaining 

1,919 inbred lines had BLUP values for 10 or more of the 11 elemental phenotypes. 

Genotype data processing and imputation 

We used target and reference SNP genotype sets in B73 RefGen_v4 coordinates (B73 v4) to 

increase the marker density of the Ames panel with an approach similar to Ramstein et al. 

(2020). In brief, the raw genotypes of genotyping-by-sequencing (GBS) SNPs 

(ZeaGBSv27_publicSamples_raw_AGPv4-181023.h5, available on CyVerse at 

http://datacommons.cyverse.org/browse/iplant/home/shared/panzea/genotypes/GBS/v27) 

scored at 943,455 loci were obtained for the Ames panel from Romay et al. (2013), providing 

a total of 2,172 GBS samples with a call rate ≥ 20% from 1,839 of the 1,919 inbred lines with 

phenotypic data for constructing the target set. We initially used a stringent filtered dataset of 

35,082 SNPs [call rate ≥ 50%, % heterozygosity ≤ 10%, index of panmixia FIT ≥ 0.8, and 
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linkage disequilibrium (LD) r2 ≤ 0.2] derived from the Romay et al. (2013) dataset to 

calculate pairwise identity by state (IBS) between multiple samples of the same “accession 

number” for each of 260 lines in PLINK version 1.9 (Purcell et al. 2007). This analysis 

resulted in the detection and removal of all samples of 23 inbred lines that had a mean IBS 

value < 0.95 for all within-line sample comparisons, producing a concordance-enhanced 

dataset of 2,098 GBS samples from 1,816 inbred lines that segregated for biallelic SNPs at 

477,155 of the 943,455 SNP loci. To merge two or more GBS samples from the same line, 

SNP genotype calls with ≥ 50% occurrence were selected as the consensus genotype, whereas 

calls with < 50% occurrence were set to missing. After consensus-calling, 1,813 lines with a 

call rate ≥ 0.2, % heterozygosity ≤ 10%, and inbreeding coefficient (F) ≥ 0.8 were retained, 

which comprised the final set of lines used for downstream genetic analyses. Finally, 

heterozygous genotype calls were set to missing given their potential to be the result of 

paralogous alignments. 

To construct the reference SNP genotype set, we used the maize HapMap 3.2.1 

unimputed datasets (hmp321_agpv4_chrx.vcf.gz, where x is 1 to 10, available on CyVerse at 

https://datacommons.cyverse.org/browse/iplant/home/shared/panzea/hapmap3/hmp321/unimp

uted/uplifted_APGv4/) consisting of ~83 million variants identified from more than 1,200 

lines (Bukowski et al. 2018) that included variants called from the higher coverage 

sequencing (average of ~7x) of the maize 282 (Goodman-Buckler) panel of Flint-Garcia et al. 

(2005). This dataset was processed in the following manner: selection of 14,613,169 SNPs 

[biallelic, call rate ≥ 50%, minor allele frequency (MAF) ≥ 1%, local LD flag present, and 

NI5 flag absent], heterozygous genotype calls set to missing, and imputation of all missing 
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SNP genotype data. With the resultant dataset serving as the reference panel, SNP genotypes 

at the 14,613,169 loci were imputed based on GBS SNPs (target set) in the final set of 1,813 

lines from the Ames panel with BLUP values (Supplemental Table S3.1). All imputation was 

conducted in BEAGLE v5.0 (Browning et al. 2018) with 10 iterations for initial burn-in, 15 

sampling interactions, an effective population size of 50,000 (Ross-Ibarra et al. 2009), and the 

U.S. maize NAM genetic linkage map (McMullen et al. 2009) 

(https://www.maizegdb.org/data_center/map) to provide further information on the 

recombination landscape. The quality of the imputed genotypes was further enhanced by 

retaining only biallelic SNPs with MAF ≥ 1% and predicted dosage r2 (DR2) ≥ 0.80, resulting 

in 12,211,420 SNPs. In PLINK version 1.9 (Purcell et al. 2007), this SNP dataset was LD 

pruned with a sliding window of 100 SNPs and step size of 25 SNPs to construct datasets for 

the 1,813 lines that included only those SNPs with pairwise r2 < 0.99 (7,719,799 SNPs for 

marker-trait association tests) or r2 < 0.10 (361,302 SNPs for population structure and 

relatedness estimation). 

Genome-wide association study 

We conducted marker-trait associations at the genome-wide level as previously described in 

Owens et al. (2019). Briefly, to reduce heteroscedasticity and nonnormality of the residuals, 

the Box-Cox power transformation procedure (Box and Cox 1964) was invoked for each 

phenotype with an intercept-only model through the ‘boxcox’ function in MASS package 

version 7.3-50 in R version 3.5.1 (R Core Team 2018) that chose the optimal convenient 

lambda (Supplemental Table S3.2) for transformation of BLUP values (Supplemental Table 

S3.3). With a mixed linear model that used the population parameters previously determined 
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approximation (Zhang et al. 2010), each of the 7,719,799 SNP markers was tested for an 

association with transformed BLUP values of each phenotype from the 1,813 lines in the R 

package GAPIT version 2018.08.18 (Lipka et al. 2012). The fitted mixed linear models 

included principal components (PCs) and a genomic relationship matrix (kinship) to control 

for population structure and relatedness. In GAPIT, the 1,813 line × 361,302 SNP genotype 

matrix was used to calculate the kinship matrix with VanRaden’s method 1 (VanRaden 2008) 

and PCs with the prcomp function from the R base package. The Bayesian information 

criterion (Schwarz 1978) was used to determine the optimal number of PCs for model 

inclusion. The amount of phenotypic variation explained by a SNP was approximated as the 

difference between the likelihood-ratio-based R2 statistic (R2
LR) (Sun et al. 2010) of a mixed 

linear model with or without a given SNP included. The Benjamini–Hochberg procedure 

(Benjamini and Hochberg 1995) was used to control the false discovery rate (FDR) at the 5% 

level for each phenotype. 

To better clarify complex association signals, the multi-locus mixed-model (MLMM) 

approach (Segura et al. 2012) that employs forward-backward stepwise regression to 

sequentially add significant markers as fixed effects (covariates) was used to control for 

major-effect loci in genome-wide scans for marker-trait associations. The multiple-Bonferroni 

criterion (mBonf) was used to choose the optimal model. The statistical control of major-

effect loci was further evaluated by reconducting GWAS with the MLMM-selected SNPs 

included as covariates in the mixed linear models fitted in GAPIT. 

Population structure analysis 

We classified the inbred lines of the Ames panel to better understand the allele frequency 
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patterns of associated SNPs across subpopulations. The 1,813 line × 361,302 SNP genotype 

matrix, which had been also used for a principal component analysis (PCA; see Genome-wide 

association study section of Materials and Methods), served as the input dataset for the 

estimation of population structure with fastSTRUCTURE (Raj et al. 2014). The number of 

ancestral populations (K) were varied from 1 to 10 with the simple prior when conducting the 

fastSTRUCTURE analysis. We selected K=3 as the number of subpopulations based on the 

collective evaluation of the fastSTRUCTURE and PCA results in combination with earlier 

findings on patterns of population structure in the Ames panel (Romay et al. 2013). The 1,813 

lines were assigned to one of three subpopulations (SP1, SP2, or SP3) if they had an 

assignment value of Q ≥ 0.7. If lines had assignment values of Q < 0.7 for all three 

subpopulations, they were considered to be admixed (Supplemental Table S3.4). The SP1, 

SP2, and SP3 subpopulations predominantly consisted of lines classified as nonstiff stalk 

(NSS), tropical, and stiff stalk (SS), respectively. 

Candidate gene identification 

To identify candidate genes, we first constructed a set of distinct loci significantly associated 

with the elemental phenotypes. A locus was defined as an association signal composed of at 

least two SNPs significant at 5% FDR within 100 kb from one another, with the most 

significant SNP designated as the peak marker at a locus. Estimates of pairwise LD (r2) 

between a peak SNP and all SNPs within ± 5 Mb were calculated in TASSEL v5.2.49 

(Bradbury et al. 2007). If two or more peak SNPs occurred within ± 5 Mb of each other, a 

locus was declared distinct if its peak SNP had an r2 value < 0.2 with all other designated 

peak SNPs. The genomic search space to identify candidate genes was limited to within ± 100 
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kb of each peak SNP, given the rapid LD decay in this maize association panel (Romay et al. 

2013). In addition, the candidate gene search process was partly informed by a curated list of 

genes involved in the accumulation of elements in plants (Whitt et al. 2020). The top three 

unique best hits of the nine most plausible candidate genes in Arabidopsis (Columbia-0 

ecotype) and rice (O. sativa L. ssp. Japonica cv. “Nipponbare”) with E-values < 1 were 

identified by BLASTP with default parameters at TAIR (https://www.arabidopsis.org) and 

RAP-DB (https://rapdb.dna.affrc.go.jp) databases, respectively (Supplemental Table S3.5). 

Integration of genetic mapping results 

The genetic mapping results from joint linkage (JL) analysis and GWAS of grain elemental 

phenotypes in the U.S. nested association mapping (NAM) panel (Ziegler et al. 2017) were 

joined with those generated from our GWAS in the Ames panel (Supplemental Tables S3.6 

and S3.7). Given that the four field sites (New York, Florida, North Carolina, and Puerto 

Rico) included in the study of Ziegler et al. (2017) had climates and soil types different from 

those of the Indiana field site, we focused the comparative on NAM genetic mapping results 

based on BLUP phenotypes generated from a combined analysis of all four locations (All 

Locs). To accomplish this, first the markers used for JL analysis (SNPs) and GWAS (SNPs 

and small indels) in the NAM panel were uplifted from B73 RefGen_AGPv2 (B73 v2) to B73 

RefGen_AGPv4 (B73 v4). To uplift markers, 50 nt flanking sequences (101 nt total) were 

clipped from each side of the marker position in the B73 v2 assembly, followed by alignment 

of the flanking sequences to the B73 v4 assembly through the use of Vmatch v2.3.0 (Kurtz, 

2010) with the following options: -d -p -complete -h1. Alignments to B73 v4 were filtered to 

retain the highest scoring and unique alignment for each individual marker. Markers not 

https://paperpile.com/c/QTkajh/kl5j
https://paperpile.com/c/QTkajh/kl5j
https://paperpile.com/c/QTkajh/kl5j
https://paperpile.com/c/QTkajh/kl5j
https://www.arabidopsis.org/
https://rapdb.dna.affrc.go.jp/
https://paperpile.com/c/ETc40O/qkZ27
https://paperpile.com/c/ETc40O/qkZ27
https://paperpile.com/c/ETc40O/qkZ27
https://paperpile.com/c/ETc40O/zZhEg
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having a high confidence, unique alignment were discarded from the uplifted results. If 

markers defining the upper or lower bounds of a QTL support interval could not be uplifted to 

B73 v4, then the next closest outer SNP marker that could be uplifted was used so as not to 

compromise the calculated 95% support interval. 

Whole-genome prediction  

We evaluated two WGP models, Bayesian ridge regression (BRR) and BayesB (Habier et al 

2011; Pérez and de los Campos 2014). The BGLR package version 1.0.8 (Pérez and de los 

Campos 2014) was used to implement the two WGP models for the transformed BLUP values 

of each phenotype from the 1,813 lines with a Markov chain Monte Carlo process as follows: 

12,000 iterations with a burn-in of 4,000 and a thinning of 5. As a compromise between 

model run time and performance, the LD-pruned (r2 < 0.10) dataset of 361,302 genome-wide 

SNPs was used for both computationally intensive WGP models with an expected minimal 

loss of information. A stratified five-fold cross-validation scheme that accounted for 

population structure was conducted 10 times for each of the 11 phenotypes, with predictive 

ability calculated as the mean Pearson’s correlation of transformed BLUP values with 

genomic estimated breeding values across folds. Both models used the same fold assignments, 

and each fold had the same subpopulation (SP) proportion (SP1, SP2, SP3, and admixed) as 

calculated for the entire panel (Supplemental Table S3.4). 

 

https://paperpile.com/c/QTkajh/7Qt5+syP8
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RESULTS 

Phenotypic variation  

On average, K, P, and Mg were the most abundant (> 1,000 μg g–1) elements in grain from the 

Ames panel, followed by Ca at an almost two orders of magnitude lower average 

concentration (Table 3.1). For the other elements, the average concentrations of Zn and Fe 

were closest to Ca, whereas Mn, Cu, B, Mo, and Ni had average concentrations < 7 μg g–1. 

The calculated correlations between the 11 elements ranged from essentially nonexistent (r < 

0.01) between Mo and Ni to very strong (r = 0.70) between P and Mg (Supplemental Figure 

S3.1). Interestingly, we detected a strong correlation (r = 0.55) between Fe and Zn, which 

suggests that these two elements could have a partially shared genetic architecture. All 11 

elements showed significant genotype-by-year interaction, but which accounted for only a 

small percentage of the total phenotypic variance (Figure 3.1). The 11 phenotypes had an 

average heritability of 0.70, with a range of 0.33 for B to 0.87 for Cu (Table 3.1). Even 

though these phenotypes were influenced by the environment, our results indicate that the 

exhibited phenotypic variation was mostly attributable to genetic variation among inbred 

lines. 

Genome-wide association study  

A GWAS was conducted for the 11 elemental phenotypes with 1,813 lines of the Ames panel 

imputed with ~7.7 million SNPs. Collectively, 1,917 significant marker-trait associations 

were detected for B, Cu, Mn, Mo, Ni, and Zn, but none were found for Ca, Fe, Mg, K, and P 

at a genome-wide FDR of 5% (Figure 3.2, Table 3.2, and Supplemental Figure S3.2). 
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Examination of local LD patterns resolved the 1,917 marker-trait associations into a robust set 

of 33 loci (Supplemental Table S3.8). The search space for candidate genes was defined as ± 

100 kb of the most significant SNP (i.e., peak SNP) at each of the 33 loci, a window size 

considerate of high marker density, wide variance in rapid rate of LD decay (mean r2 of 0.2 

within ~1-10 kb) in the panel (Romay et al. 2013), and distant cis-regulatory variants (Salvi et 

al. 2007; Studer et al. 2011; Wallace et al. 2014; Rodgers-Melnick et al. 2016; Huang et al. 

2018; Ricci et al. 2019). 

 

Table 3.1. Means, ranges, and standard deviations (Std. Dev.) of untransformed BLUP values 

(in μg g–1) for 11 elemental grain phenotypes evaluated in the Ames panel and estimated 

heritability on a line-mean basis and their standard errors (Std. Err.) across two years. 

Phenotype 
Number of 

lines 

BLUPs Heritabilities 

Mean Range Std. Dev. Estimate Std. Err. 

B 1812 2.19 1.59 - 3.09 0.21 0.33 0.03 

Ca 1813 39.72 8.60 - 121.08 12.7 0.77 0.01 

Cu 1812 2.32 0.91 - 5.75 0.68 0.87 0.01 

Fe 1810 23.59 14.62 - 36.33 3.29 0.75 0.01 

K 1813 4435.72 2944.20 - 6671.02 431.62 0.76 0.01 

Mg 1813 1334.16 955.20 - 1814.08 115.97 0.61 0.02 

Mn 1812 6.12 2.38 - 11.69 1.44 0.78 0.01 

Mo 1812 0.49 0.29 - 0.85 0.07 0.65 0.02 

Ni 1809 0.23 -0.04 - 1.12 0.14 0.77 0.01 

P 1813 3298.76 2453.00 - 4341.12 277.24 0.61 0.02 

Zn 1813 30.68 12.59 - 52.32 4.36 0.79 0.01 

 

https://paperpile.com/c/QTkajh/kl5j
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Figure 3.2. Manhattan plot of results from a genome-wide association study of the six 

elemental grain phenotypes with significant associations at the 5% false discovery rate (FDR) 

level in the Ames panel. Each point represents a SNP with its -log10 P-value (y-axis) from a 

mixed linear model analysis plotted as a function of physical position (B73 RefGen_v4) 

across the 10 chromosomes of maize (x-axis). The red horizontal dashed line indicates the -

log10 P-value of the least statistically significant SNP at 5% FDR. The most probable 

candidate genes within ± 100 kb of the most significant SNP (i.e., peak SNP) of each 

numbered locus are labeled above their corresponding association signals. 
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Table 3.2. Most plausible candidate genes identified through a genome-wide association study of 11 elemental phenotypes in grain 

from the Ames panel. 

 

 

aSNP ID nomenclature consists of chromosome number, followed by physical position (bp) in B73 RefGen_v4 coordinates 
bSNP R2 is calculated as follows: R2 likelihood ratio of model with SNP minus R2 likelihood ratio of model without SNP 

(Supplemental Table S3.8) 

Phenotype 
Locus 

number 
SNP IDa P-value FDR-adjusted 

P-value 

SNP 

R2b 
Gene ID Annotated gene function 

B 2 3-128693026 6.47E–08 4.59E–02 0.01 Zm00001d041590 B transporter (rte2) 

Cu 6 8-136857539 9.10E–15 2.34E–08 0.03 Zm00001d011013 Ca transporter (cap1) 

Cu 7 8-137939692 4.69E–24 3.62E–17 0.04 Zm00001d011063 Metal chelator (MT) 

Mn 10 1-162962818 3.61E–12 2.79E–05 0.02 Zm00001d030846 Metal transporter (NRAMP) 

Mn 11 3-184559931 2.11E–07 1.71E–02 0.01 Zm00001d042939 Metal transporter (MTP) 

Mo 12 1-248672716 5.58E–24 4.31E–17 0.04 Zm00001d033053 Mo transporter (MOT) 

Ni 17 1-262893725 1.98E–26 6.75E–20 0.05 Zm00001d033446 Metal transporter (ZIP; irt1) 

Zn 32 5-195765640 1.10E–09 8.51E–03 0.02 Zm00001d017427 Metal-NA transporter (YSL; ysl2) 

Zn 33 7-179962589 8.67E–09 1.75E–02 0.01 Zm00001d022557 Metal chelator (NAS; nas5) 

Fe   7-180077496 1.06E–07 1.53E–01 0.01 Zm00001d022557 Metal chelator (NAS; nas5) 
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The two loci significantly associated with B comprised a mildly complex association 

signal spanning from 127.4 to 128.7 Mb on chromosome 3 (Figures 3.2 and 3.3; 

Supplemental Table S3.8). The peak SNP of each locus (locus 1: 3-127841465, P-value 

2.68E–08; locus 2: 3-128693026, P-value 6.47E–08) was separated by a physical distance of 

~851 kb, with virtually no LD (r2 = 0.03) between them. The peak SNP of the second locus, 3-

128693026, was located ~59 kb from the open reading frame (ORF) of the rotten ear2 (rte2) 

gene (Zm00001d041590) encoding a B efflux transporter (Chatterjee et al. 2017). 

The peak SNPs for the strongest two of five association signals for Cu on chromosome 

8 (Figure 3.2) were separated by a physical distance of ~1.1 Mb and in weak LD (r2 = 0.15) 

with each other. Of the two, the more significant peak SNP (8-137939692; P-value 4.69E–24) 

was located within a gene (Zm00001d011063) (Supplemental Figure S3.3) coding for a 

protein 43-60% identical at the amino acid sequence level to three type 2 metallothioneins 

(MTs) in rice (Supplemental Table S3.5) (Zhou et al. 2006; Kumar et al. 2012). Members of 

the plant MT family are low-molecular weight, cysteine-rich metal-binding proteins and of 

which some have been shown to bind Cu and other metal ions (Guo et al. 2008; Benatti et al. 

2014). 

The least significant of the two peak SNPs (8-136857539; P-value 9.10E–15) resided 

within the calcium pump1 (cap1) gene (Zm00001d011013) (Supplemental Figure S3.4) 

encoding a calmodulin-regulated P-type Ca2+-ATPase that had been shown to have slightly 

enhanced mRNA expression in maize roots under anoxic conditions (Subbaiah and Sachs 

2000). Although plausible, to our knowledge it had never been reported to transport Cu. The 

peak SNPs for the other three loci (3-5) on chromosome 8, as well as the two loci (8-9) on 

https://paperpile.com/c/QTkajh/nOgs
https://paperpile.com/c/QTkajh/nOgs
https://paperpile.com/c/QTkajh/nOgs
https://paperpile.com/c/QTkajh/CkcS
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chromosomes 3 and 7 were within ± 100 kb of candidate genes (Supplemental Table S3.9) 

less likely to be involved in Cu chelation or transport. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.3. A regional Manhattan plot of locus 2. Scatter plot of association results from a 

mixed model analysis of B grain concentration and linkage disequilibrium (LD) estimates (r2) 

for a genomic region that contains the peak SNP (3-128693026) at locus 2. Each vertical line 

represents the -log10 P-value of a SNP. Triangles are the r2 values of each SNP relative to the 

peak SNP (indicated in red) at 128,693,026 bp (B73 RefGen_v4) on chromosome 3. The red 

horizontal dashed line indicates the -log10 P-value of the least statistically significant SNP at a 

genome-wide false discovery rate of 5%. The yellow vertical line indicates the genomic 

position of the rotten ear2 (rte2) gene Zm00001d041590. The open triangles indicate SNPs 

that are within the candidate gene. The light blue rectangle demarcates the ± 100 kb candidate 

gene search space surrounding the peak SNP. 
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Of the two loci associated with Mn (Figure 3.2), the strongest signal was located 162.9 

to 163.2Mb on chromosome 1 (Supplemental Figure S3.5). The peak SNP (1-162962818, P-

value 3.61E–12) of this locus resided about 2.2kb from a gene (Zm00001d030846) encoding a 

protein with 74% and 72% sequence identity to NRAMP3 and NRAMP4 of Arabidopsis 

(Supplemental Table S3.5) that in addition to Fe, export Mn from vacuoles to chloroplasts in 

leaf mesophyll cells (Lanquar et al. 2005, 2010). An additional four SNPs within this gene 

were significantly associated (P-values 7.48E–11 to 3.18E–10) with Mn and in very strong 

LD (r2 > 0.90) with the peak SNP. 

The weaker effect locus at ~184.6Mb on chromosome 3 (Supplemental Figure S3.6) 

for Mn was defined by two significant SNPs. Both SNPs were in very strong LD (r2= 0.79) 

with one another. The peak (3-184559931; P-value 2.11E–07) and second SNPs (3-

184590243; P-value 5.46E–07) were approximately 29 and 0.78kb, respectively, from a gene 

(Zm00001d042939) that codes for a protein with 80% sequence identity to METAL 

TOLERANCE PROTEIN 11 (MTP11) of Arabidopsis (Supplemental Table S3.5) that 

transports Mn2+ (Delhaize et al. 2007). 

The strongest signal for Mo spanned from 246.5 to 250.3Mb on chromosome 1 

(Supplemental Figure S3.7), with the peak SNP (1-248672716; P-value 5.58E–24) ~71 kb 

from the molybdate transporter1 (mo1) gene (Zm00001d033053) that codes for a protein 

having 69% sequence identity to the mitochondrial-localized MOLYBDATE 

TRANSPORTER 1 (MOT1) from Arabidopsis (Supplemental Table S3.5) that specifically 

transports Mo (Tomatsu et al. 2007; Baxter et al. 2008). Furthermore, the peak SNP was in 

very strong LD (r2 =0.95) with a highly significant SNP (P-value 1.03E–21) located within 

https://paperpile.com/c/QTkajh/xtgV
https://paperpile.com/c/QTkajh/xtgV
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the gene. The other four loci (13-16) collectively consisted of 10 significant SNPs across three 

chromosomes but were within ± 100 kb of less probable candidate genes (Supplemental Table 

S3.9). 

Of the 15 loci associated with Ni, the strongest signal mapped from 261.8 to 263.3 Mb 

on chromosome 1 (Figure 3.2). The peak SNP (1-262893725, P-value 1.98E–26) at this locus 

(Figure 3.4) was located ~82 kb from the iron-regulated transporter1 (irt1) gene 

(Zm00001d033446) (Mondal et al. 2014), which encodes a protein sharing amino acid 

sequence similarity (55-57% identical) with members of the ZIP transporter family in 

Arabidopsis that transport a variety of divalent metal ions including Ni2+ (Vert et al. 2009; 

Nishida et al. 2011; Li et al. 2019). In addition, 15 significant SNPs within irt1 were 

associated with Ni and, on average, were in strong LD (mean r2 of 0.52) with the peak SNP. 

The peak SNPs for the other 14 Ni-associated loci (18-31), however, were within ± 100 kb of 

candidate genes (Supplemental Table S3.9) with more speculative involvement in Ni 

accumulation. 

Two significant SNPs comprised the locus associated with Zn at ~179.9Mb on 

chromosome 7 (Supplemental Table S3.8). Also, these two SNPs were in moderately strong 

LD (r2 = 0.69) with each other. Of these two SNPs, the peak SNP (7-179962589; P-value 

8.67E–09) was nearest (~1.9 kb) to the nicotianamine synthase5 (nas5) gene 

(Zm00001d022557) that codes for a class II NAS purportedly involved in synthesizing the 

metal ion chelator nicotianamine (Zhou et al. 2013). Notably, a weaker association signal 

significant at 15% FDR was identified for Fe with a peak SNP (7-180077496; P-value 1.06E–

07) at a distance of ~112 kb from nas5 (Supplemental Figure S3.8). The minor allele of each 

https://paperpile.com/c/QTkajh/tsaT
https://paperpile.com/c/QTkajh/tsaT
https://paperpile.com/c/QTkajh/tsaT
https://paperpile.com/c/QTkajh/CNXs
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peak SNP, which was associated with a higher mean concentration of either Zn or Fe, 

occurred at very low frequencies in the tropical (~5%) and Stiff Stalk (~1%) subpopulations 

(Supplemental Table S3.10). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.4. A regional Manhattan plot of locus 17. Scatter plot of association results from a 

mixed model analysis of Ni grain concentration and linkage disequilibrium (LD) estimates 

(r2) for a genomic region that contains the peak SNP (1-262893725) at locus 17. Each vertical 

line represents the -log10 P-value of a SNP. Triangles are the r2 values of each SNP relative to 

the peak SNP (indicated in red) at 262,893,725 bp (B73 RefGen_v4) on chromosome 1. The 

red horizontal dashed line indicates the -log10 P-value of the least statistically significant SNP 

at a genome-wide false discovery rate of 5%. The yellow vertical line indicates the genomic 

position of the iron-regulated transporter1 (irt1) gene Zm00001d033446. The open triangles 

indicate SNPs that are within the candidate gene. The light blue rectangle demarcates the ± 

100 kb candidate gene search space surrounding the peak SNP. 
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On chromosome 5, the association signal for Zn ranged from 195.6 to 195.8Mb 

(Supplemental Figure S3.9), with the peak SNP (5-195765640; P-value 1.10E–09) only 1.2 

kb from the yellow stripe-like2 (ysl2) gene (Zm00001d017427). The protein encoded by ysl2 

has 58% and 63% sequence identity with AtYSL1 and AtYSL3 (Yordem et al. 2011) that 

transport metal-nicotianamine complexes to various Arabidopsis plant tissues (Waters et al. 

2006). Also, three significant SNPs (P-values 7.72E–08 to 1.38E–07) within this gene were in 

moderately strong LD (mean r2 of 0.39) with the peak SNP. 

Clarification of association signals to identify the largest-effect loci 

The MLMM approach, which helps resolve complex association signals, selected one or more 

SNPs for Cu, Mn, Mo, Ni, and Zn, but none for the presumably weaker signals of the other 

six elements (Supplemental Table S3.11). The top one or two most significant peak SNP 

markers that had been detected with the mixed linear model in GAPIT were selected by the 

MLMM for Cu (locus 7; MT), Mn (locus 10; NRAMP), Mo (locus 12; mo1), Ni (locus 17; 

irt1), and Zn (locus 32, ysl2; locus 33, nas5). Furthermore, the MLMM had selected an 

additional two SNPs, 9-1875785 (locus 29) and 9-745061 (locus 28), for Ni. When a 

conditional mixed linear model analysis was conducted separately for Cu, Mn, Mo, Ni, and 

Zn with their respective MLMM-selected SNPs as covariates, there were no remaining 

significant SNPs at a genome-wide 5% FDR (Supplemental Figure S3.10). This suggests the 

MLMM had identified and conditional models had accounted for the major loci contributing 

to phenotypic variation. 

https://paperpile.com/c/QTkajh/tsVL
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Comparison of genetic mapping results  

We assessed the findings of our study through a comparison involving the JL-QTL analysis 

and GWAS results of these elemental grain phenotypes in the U.S. maize NAM panel 

(Supplemental Tables S3.6 and S3.7) (Ziegler et al. 2017). Of the identified candidate genes, 

rte2 and irt1 were novel associations, whereas the other seven candidate genes were 

coincident with NAM JL-QTL (Ziegler et al. 2017). However, cap1, mo1, Zm00001d011063 

(MT), Zm00001d030846 (NRAMP), nas5 for Zn, and ysl2 were distant from their respective 

NAM GWAS peak variants within JL-QTL support intervals (average: ~1.68Mb; range: 0.356 

- 4.67Mb), whereas nas5 for Fe and Zm00001d042939 (MTP) were 126.9 and 0.203kb, 

respectively, from their closest peak NAM GWAS variant. The joint consideration of GWAS 

results suggests that the large-effect loci associated with natural variation for the six grain 

elements in the NAM panel were all resolved to the level of highly probable causal genes in 

the Ames panel. 

Whole-genome prediction 

We evaluated the predictive ability of WGP for the 11 elemental phenotypes with two models 

that have different assumptions about the distribution of underlying genetic effects, BRR and 

BayesB (Habier et al. 2011; Pérez and de los Campos 2014). On average, BRR and BayesB 

had nearly identical prediction abilities of 0.45 and 0.46, respectively, across the 11 

phenotypes (Table 3.3). As expected, given the results of Combs and Bernardo (2013), the 

predictive abilities of both WGP models were strongly correlated with the heritabilities of all 

phenotypes (BRR, r = 0.66, P-value < 0.05; BayesB, r = 0.65, P-value < 0.05). While the 

https://paperpile.com/c/QTkajh/AqHK
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predictive abilities from both models were essentially equivalent for most phenotypes, the 

predictive abilities of Ni, Mo, and Cu increased by 10.42%, 4.00%, and 3.92%, respectively, 

with BayesB relative to BRR.  

Table 3.3. Predictive abilities of 11 elemental grain phenotypes of the Ames panel from 

Bayesian ridge regression (BRR) and BayesB models. 

Phenotype 
BRR BayesB 

Predictive ability Std. Dev. Predictive ability Std. Dev. 

B 0.33 0.01 0.33 0.01 

Ca 0.47 0.01 0.47 0.01 

Cu 0.51 0.01 0.53 0.01 

Fe 0.46 0.01 0.46 0.01 

K 0.34 0.01 0.34 0.01 

Mg 0.45 0.01 0.45 0.01 

Mn 0.50 0.01 0.50 0.01 

Mo 0.50 0.01 0.52 0.01 

Ni 0.48 0.01 0.53 0.01 

P 0.40 0.01 0.40 0.01 

Zn 0.50 0.01 0.50 0.01 

 

DISCUSSION 

Elemental homeostasis is critically important, with prolonged deficiencies or toxicities in 

essential elements negatively affecting plants (Marschner 2011). To date, the identification of 

causal genes via GWAS has mostly centered on elemental levels in roots and shoots for model 

and crop plant species (Huang and Salt 2016; Yang et al. 2018), thus the prioritization of 

candidate genes contributing to elemental accumulation in grain of staple crops remains an 

important pursuit. To this end, we conducted GWAS on the concentrations of 11 elements in 

grain from ~2,000 lines of the maize Ames panel imputed with ~7.7 million SNP markers. By 

https://paperpile.com/c/QTkajh/vb2G
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leveraging the tremendous genetic diversity and rapid intragenic LD decay of this powerful 

genetic resource, we identified nine candidate genes encoding proteins with functions relevant 

to the accumulation of elements in maize grain. We also demonstrated moderate prediction 

abilities for the 11 elements with two different WGP models, which is especially relevant for 

Fe and Zn biofortification of maize grain (Welch and Graham 2002). 

Novel loci associate with B and Ni 

We detected novel associations of rte2 and irt1 with levels of B and Ni in maize grain, 

respectively. The rte2 gene, coding for a B efflux transporter, is one of six members of a 

small gene family (rte1-6) (Chatterjee et al. 2017). Even though the duplicated rte1 and rte2 

genes were reported to have contrasting tissue-specific expression patterns across maize 

reproductive and root tissues, it was also shown that they work in concert to provide B for 

maize plants growing in B-depleted soils (Chatterjee et al. 2017). It is possible that rte1 

(maize1 subgenome) and rte2 (maize2 subgenome) functionally diverged following the most 

recent tetraploidization event for the maize genome (Schnable et al. 2011), potentially 

explaining why not even a very weak association signal was detected with B at rte1. Given 

that rte2 has high sequence similarity to the class I B transporters of Arabidopsis and rice 

(Miwa et al. 2006; Nakagawa et al. 2007; Miwa and Fujiwara 2010; Chatterjee et al. 2014, 

2017), we hypothesize in our study that rte2 had an indirect involvement in the accumulation 

of B in grain by playing a role in xylem loading of B. 

The irt1 gene, which underpinned an association signal for Ni on chromosome 1, is in 

the maize gene family with sequence similarity to the ZIP family of transporters (Mondal et 

https://paperpile.com/c/QTkajh/2LDe
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al. 2014) that transport Fe, Zn, and other divalent metal ions in other plants (Eide et al. 1996; 

Grotz et al. 1998; Korshunova et al. 1999; Li et al. 2019). AtIRT1, which is 55% identical in 

amino acid sequence to ZmIRT1 (Mondal et al. 2014), is a plasma membrane protein 

demonstrated to be critical for Fe2+ uptake inside Arabidopsis root epidermal cells (Vert et al. 

2002), but also showed to have enhanced activity as a transporter of Ni2+ in Arabidopsis roots 

under Ni excess conditions (Nishida et al. 2011, 2015). Li et al. (2015) reported that 

overexpression of Zmirt1 in Arabidopsis produced higher concentrations of Fe and Zn in roots 

and seeds. Therefore, we speculate that irt1 contributed to Ni accumulation in maize grain as 

a metal transporter with a yet to be characterized broader range of specificity that includes 

Ni2+. 

Higher mapping resolution afforded by the Ames panel 

The other seven identified candidate genes co-localized with NAM JL-QTL and GWAS 

signals. With the exception of Zm00001d042939 (MTP), they were more finely mapped in the 

Ames panel than in the U.S. NAM panel. The proteins with the highest identity (80% and 

93%) to Zm00001d042939 in Arabidopsis (AtMTP11) and rice (OsMTP11) (Supplemental 

Table S3.5) are Golgi-localized Mn transporters involved in conferral of Mn tolerance by a 

mechanism hypothesized to involve one or both of vesicular transport to the vacuole or 

extracellular secretion (Delhaize et al. 2007; Peiter et al. 2007; Farthing et al. 2017; Zhang 

and Liu 2017; Tsunemitsu et al. 2018). Notably, through a GWAS in a sorghum association 

panel, a syntenic ortholog (Sobic.003G349200) of Zm00001d042939 (Y. Zhang et al. 2017) 

was implicated in the genetic control of Mn grain levels (Shakoor et al. 2016). Although 
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different in cellular function and localization compared to MTP11, Zm00001d030846 

(NRAMP), a member of a largely uncharacterized maize gene family (Jin et al. 2015), 

encodes a protein closely related to the multispecific metal transporters AtNRAMP3 and 

AtNRAMP4 in Arabidopsis. In addition to their roles as vacuolar iron effluxers, these two 

NRAMP proteins were shown by Lanquar et al. (2005, 2010) to be functionally redundant 

vacuolar membrane-localized transporters involved in the export of Mn to the cytosol from 

the vacuole of mature leaf mesophyll cells in Arabidopsis. 

The mo1 gene, inferred to be orthologous to MOT1 proteins in Arabidopsis and rice 

(Supplemental Table S3.5), underlied the Mo association signal on chromosome 1. AtMOT1 

was the first cloned and characterized Mo-specific transporter in plants (Tomatsu et al. 2007; 

Baxter et al. 2008) and hypothesized to regulate Mo content (Baxter et al. 2008). 

Complementation studies with Arabidopsis ecotypes also showed that natural allelic variants 

of AtMOT1 altered shoot Mo content (Baxter et al. 2008). Comparatively, a QTL identified 

for the genetic control of shoot and grain Mo concentration in a rice mapping population was 

fine mapped to a molybdate transporter (OsMOT1;1), with the Mo transport activity of this 

causal gene confirmed via genetic and transgenic complementation (Huang et al. 2019). 

Furthermore, Huang et al. (2019) showed that a knockout of OsMOT1;1, a gene shown to 

have strong root expression, produced lower levels of Mo in grain, resulting likely from lower 

root-to-shoot translocation of Mo. 

The stronger of two association signals for Cu on chromosome 8 was underlain by the 

candidate Zm00001d011063, which encodes an uncharacterized protein possessing weak 

amino acid sequence similarity to Arabidopsis MTs (Supplemental Table S3.5) that are 
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involved in homeostasis and remobilization of Cu (Benatti et al. 2014). Although not yet 

implicated in Cu accumulation, the rice protein with the highest sequence identity to 

Zm00001d011063, OSMT2b (also named as OsMT-I-2c) (Supplemental Table S3.5), had 

altered transcript abundance in rice shoot and root seedling tissues after Cu treatment (Yuan et 

al. 2008). The second genetically distinct signal coincided with cap1, a gene that codes for a 

calmodulin regulated P-type Ca2+-ATPase (Subbaiah and Sachs 2000). The CAP1 protein is 

80% identical in sequence to ECA1 in Arabidopsis (Supplemental Table S3.5), which is an 

ER-localized P2A-type Ca2+-ATPase reported to transport Ca2+, Mn2+, and potentially other 

divalent cations in root cells (Wu et al. 2002). This is a somewhat unexpected but still 

plausible finding, given that heavy metal P1B-type ATPase subfamily members from 

Arabidopsis and rice have demonstrated Cu transport activity (Hirayama et al. 1999; Andrés-

Colás et al. 2006; Kobayashi et al. 2008; Deng et al. 2013; Huang et al. 2016). 

A key step toward the biofortification of maize grain 

Suggestive of a pleiotropic locus for two correlated phenotypes, nas5 underpinned the 

coincident association signals for Fe and Zn on chromosome 7. This gene family member 

encodes a class II NAS putatively responsible for synthesizing nicotianamine–a divalent metal 

chelator responsible for the internal transport of trace metals including Fe and Zn (reviewed in 

Curie et al. 2009; Schuler et al. 2012). Nicotianamine is also a precursor for producing 

mugineic acid family phytosiderophores exuded by roots of graminaceous plants to facilitate 

Fe uptake (reviewed in Curie et al. 2009; Swamy et al. 2016). In particular, activation tagging 

of OsNAS3, the rice protein with the highest sequence identity to nas5 (Zhou et al. 2013), 
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resulted in higher nicotianamine levels that led to increased Fe and Zn in rice grain (Lee et al. 

2009). In maize, nas5 was found to be strongly expressed in stems and induced under 

excessive Fe and Zn conditions, suggesting its more localized involvement in homeostasis and 

transport, but this has yet to be extensively characterized (Zhou et al. 2013). Nonetheless, the 

identification of SNPs tagging the low frequency nas5 alleles associated with increasing Fe or 

Zn grain levels is a key step towards facilitating biofortification of tropical maize. Many 

people with deficiencies for both of these elements subsist predominantly on maize grain in 

developing nations (Welch 2002; Welch and Graham 2004). 

The ysl2 gene associated with Zn on chromosome 5 encodes a protein with amino acid 

sequence similarity to the YSL family of transporters that uptake metal-phytosiderophores or 

metal-nicotianamine complexes (reviewed in Curie et al. 2009). Of the three Arabidopsis 

proteins (AtYSL1-3) with high sequence identity to ysl2, AtYSL1 and AtYSL3 (Yordem et 

al. 2011) were both implicated in the remobilization of Zn from senescing leaves as a 

complex with nicotianamine to developing seeds (Waters et al. 2006). Recently, Zang et al. 

(2020) showed that ZmYSL2 is a metal-nicotianamine transporter involved in the transport of 

Fe from the endosperm to embryo in the developing maize grain, but importantly they also 

implicated ZmYSL2 in the transport of Zn. Interestingly, the ys1 gene that encodes a Fe(III)-

PS transporter (Curie et al. 2001), the gene family member most closely related to ysl2 

(Yordem et al. 2011), was ~68 kb from the peak SNP for Zn on maize chromosome 5, but has 

contradictory support as a key contributor for Zn uptake or allocation (Wiren et al. 1996; 

Roberts et al. 2004; Schaaf et al. 2004; Chan-Rodriguez and Walker 2018). Therefore, ys1 

and ysl2 merit joint consideration in future fine mapping and mutagenesis studies to more 
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conclusively determine their independent or collective contribution to Zn accumulation in 

grain. 

Generalizability of genetic mapping results 

Importantly, our GWAS findings for all 11 elemental traits may not be generalizable beyond 

the Ames panel itself or where it was grown. As an example, the number of JL-QTL detected 

by Ziegler et al. (2017) for each of the 11 elemental grain phenotypes ranged from 3 (B) to 17 

(Mn) with varied effect sizes (R2 = 0.8 to 37.6%) in the U.S. NAM panel that affords higher 

statistical power (Yu et al. 2008). The findings of Ziegler et al. (2017) include a total of 11, 

5, 12, and 11 JL-QTL identified for Ca, K, Mg, and P, respectively, which are the four 

elements that lacked significant associations in the Ames panel (Supplemental Table S3.6). 

Although these detected genetic differences could be attributed to environmental factors that 

influence elemental accumulation in grain (Ziegler et al. 2017), it is also possible that in the 

Ames panel the genetic architecture for each of these high concentration macroelements is 

predominated by rare variants of weak to modest effect, thus limiting their detectability even 

with a high density of SNP markers used in GWAS. Despite the genetic differences between 

association panels for macronutrients, seven of the nine candidate causal genes identified for 

micronutrients in the Ames panel co-localized with NAM JL-QTL and GWAS signals, thus 

these genetic signals are more likely to be reproduced in further independent genetic mapping 

panels and environments. 

Informing whole-genome prediction with genetic mapping results 

We conducted WGP of grain elemental phenotypes in maize, resulting in, on average, 
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moderate predictive abilities from BRR (0.45) and BayesB (0.46) across all phenotypes that 

are comparable to those obtained for elemental phenotypes in wheat grain (Velu et al. 2016; 

Manickavelu et al. 2017; Alomari et al. 2018) and for Zn in maize grain (Guo et al. 2020; 

Mageto et al. 2020). For Ni, Mo, and Cu, the BayesB model that allows for a few of many 

genome-wide markers to have large effects (Meuwissen et al. 2001; Gianola et al. 2009; de 

Los Campos et al. 2013) modestly outperformed (3.92-10.42%; Table 3.3) the BRR model 

with homogeneous shrinkage across all markers (Gianola 2013; de Los Campos et al. 2013). 

These three elements had the highest number of associated loci (5 to 15) and largest amount 

of phenotypic variation explained by peak SNPs (3 to 5%) tagging a candidate causal gene 

(Figure 3.2; Table 3.3), implying that BayesB could better fit the genetic architecture of Ni, 

Mo, and Cu (de Los Campos et al. 2013). Taken together, our GWAS-informed WGP results 

provide a foundational framework for exploring the additional modeling of identified large-

effect loci when conducting genomic selection of elemental grain phenotypes in maize 

breeding populations (Bernardo 2014). 

CONCLUSIONS 

We found 11 elemental grain phenotypes to be moderately heritable in the maize Ames panel, 

with minor but significant genotype-by-year interaction. The novel associations of rte2 and 

irt1 with B and Ni, respectively, in combination with enhanced pinpointing of seven candidate 

causal genes for Cu, Fe, Mn, Mo, and/or Zn illustrate the high level of statistical power and 

mapping resolution conferred by the Ames panel for genetically dissecting complex trait 

variation in maize. However, not all detected GWAS signals were resolved down to an 
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individual gene with a definitive role in metal transport or chelation, thus potentially revealing 

novel candidate genes that could be further assessed for function in mutagenesis experiments. 

Additionally, we identified two loci (nas5 and ysl2) that could be leveraged with marker-

based breeding approaches to increase Zn levels in maize grain. Notably, the nas5 gene also 

associated with the concentration of Fe in grain, thus helping to enable multi-trait selection 

(Jia and Jannink 2012) for developing biofortified maize varieties to help combat dietary Fe 

and Zn deficiencies that collectively affect more than 2 billion people worldwide (Viteri 1998; 

Prasad 2014). Furthermore, the moderate WGP prediction accuracies for Zn and Fe 

concentrations imply that both grain phenotypes should respond favorably to genomic 

selection approaches. Overall, our work has provided new insights into the genetic 

architecture of elemental accumulation in maize grain and strengthened the knowledge base 

needed to accelerate genomics-assisted breeding efforts for increased grain concentrations of 

Zn and Fe in maize breeding populations. 

DATA AVAILABILITY  

The raw genotypes of GBS SNPs Samples_raw_AGPv4-181023.h5) are available on CyVerse 

(at http://datacommons.cyverse.org/browse/iplant/home/shared/ panzea/genotypes/GBS/v27). 

The maize HapMap 3.2.1 unim- puted datasets (hmp321_agpv4_chrx.vcf.gz, where x is 1 to 

10) are available on CyVerse (at https://datacommons.cyverse.org/ 

browse/iplant/home/shared/panzea/hapmap3/hmp321/unim puted/uplifted_APGv4/). The 

untransformed and transformed BLUP values of the phenotypes are provided in Supplemental 

Tables S3.1 and S3.3, respectively. 
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SUPPLEMENTAL INFORMATION 

Supplemental Figure S3.1. Sources of variation for 11 elemental grain phenotypes in 

the Ames panel. The phenotypic variance was statistically partitioned into the following 

components: genotype (G), genotype-by-year interaction (G×Y), year (Y), set within year 

[S(Y)], block within set within year [BL(S×Y)], inductively coupled plasma mass 

spectrometry (ICP-MS) batch (BA), row within year [R(Y)], and residual error variance 

(REV). Variance component estimates were calculated for all random effects from the full 

model equation 1 of Owens et al. (2019). The table below indicates which random effects 

were significant (*) according to a likelihood ratio test (α = 0.05).  

Supplemental Figure S3.2. Correlation matrix for untransformed BLUP values for 11 

elemental grain phenotypes in the Ames panel. Pearson’s correlation coefficients (r) 

calculated with the function ‘cor’ in R are presented in the upper triangle, whereas the 

corresponding P-values for the significance of correlations (α = 0.05) are displayed below the 

diagonal. The untransformed BLUP values were used to represent the true directionality of 

the relationship between phenotypes. 

Supplemental Figure S3.3. Manhattan plot of results from a genome-wide 

association study of the five elemental grain phenotypes without significant associations at the 

5% false discovery rate level in the Ames panel. Each point represents a SNP with its -log10 

P-value (y-axis) from a mixed linear model analysis plotted as a function of physical position 

(B73 RefGen_v4) across the 10 chromosomes of maize (x-axis). 

Supplemental Figure S3.4. A regional Manhattan plot of locus 6. Scatter plot of 
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association results from a mixed model analysis of Cu grain concentration and linkage 

disequilibrium (LD) estimates (r2) for a genomic region that contains the peak SNP (8-

137939692) at locus 6. Each vertical line represents the -log10 P-value of a SNP. Triangles are 

the r2 values of each SNP relative to the peak SNP (indicated in red) at 137,939,692 bp (B73 

RefGen_v4) on chromosome 8. The red horizontal dashed line indicates the -log10 P-value of 

the least statistically significant SNP at a genome-wide false discovery rate of 5%. The yellow 

vertical line indicates the genomic position of the gene Zm00001d011063 with homology to 

metallothioneins (MTs) in rice and Arabidopsis (Supplemental Table S3.5). The open 

triangles indicate SNPs that are within the candidate gene. The light blue rectangle 

demarcates the ± 100 kb candidate gene search space surrounding the peak SNP.   

Supplemental Figure S3.5. A regional Manhattan plot of locus 7. Scatter plot of 

association results from a mixed model analysis of Cu concentration and linkage 

disequilibrium (LD) estimates (r2) for a genomic region that contains the peak SNP (8-

136857539) at locus 7. Each vertical line represents the -log10 P-value of a SNP. Triangles are 

the r2 values of each SNP relative to the peak SNP (indicated in red) at 136,857,539 bp (B73 

RefGen_v4) on chromosome 8. The red horizontal dashed line indicates the -log10 P-value of 

the least statistically significant SNP at a genome-wide false discovery rate of 5%. The yellow 

vertical line indicates the genomic position of the calcium pump1 (cap1) gene 

Zm00001d011013. The open triangles indicate SNPs that are within the candidate gene. The 

light blue rectangle demarcates the ± 100 kb candidate gene search space surrounding the 

peak SNP.   

Supplemental Figure S3.6. A regional Manhattan plot of locus 10. Scatter plot of 
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association results from a mixed model analysis of Mn grain concentration and linkage 

disequilibrium (LD) estimates (r2) for a genomic region that contains the peak SNP (1-

162962818) at locus 10. Each vertical line represents the -log10 P-value of a SNP. Triangles 

are the r2 values of each SNP relative to the peak SNP (indicated in red) at 162,962,818 bp 

(B73 RefGen_v4) on chromosome 1. The red horizontal dashed line indicates the -log10 P-

value of the least statistically significant SNP at a genome-wide false discovery rate of 5%. 

The yellow vertical line indicates the genomic position of the gene Zm00001d030846 with 

homology to NATURAL RESISTANCE-ASSOCIATED MACROPHAGE PROTEINs 

(NRAMPs) in rice and Arabidopsis (Supplemental Table S3.5). The open triangles indicate 

SNPs that are within the candidate gene. The light blue rectangle demarcates the ± 100 kb 

candidate gene search space surrounding the peak SNP.   

Supplemental Figure S3.7. A regional Manhattan plot of locus 11. Scatter plot of 

association results from a mixed model analysis of Mn grain concentration and linkage 

disequilibrium (LD) estimates (r2) for a genomic region that contains the peak SNP (3-

184559931) at locus 11. Each vertical line represents the -log10 P-value of a SNP. Triangles 

are the r2 values of each SNP relative to the peak SNP (indicated in red) at 184,559,931 bp 

(B73 RefGen_v4) on chromosome 3. The red horizontal dashed line indicates the -log10 P-

value of the least statistically significant SNP at a genome-wide false discovery rate of 5%. 

The yellow vertical line indicates the genomic position of the gene Zm00001d042939 with 

homology to METAL TOLERANCE PROTEINs (MTPs) in rice and Arabidopsis 

(Supplemental Table S3.5). The open triangles indicate SNPs that are within the candidate 

gene. The light blue rectangle demarcates the ± 100 kb candidate gene search space 
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surrounding the peak SNP.   

Supplemental Figure S3.8. A regional Manhattan plot of locus 12. Scatter plot of 

association results from a mixed model analysis of Mo grain concentration and linkage 

disequilibrium (LD) estimates (r2) for a genomic region that contains the peak SNP (1-

248672716) at locus 12. Each vertical line represents the -log10 P-value of a SNP. Triangles 

are the r2 values of each SNP relative to the peak SNP (indicated in red) at 248,672,716 bp 

(B73 RefGen_v4) on chromosome 1. The red horizontal dashed line indicates the -log10 P-

value of the least statistically significant SNP at a genome-wide false discovery rate of 5%. 

The yellow vertical line indicates the genomic position of the gene Zm00001d033053 with 

homology to MOLYBDATE TRANSPORTER (MOT) in rice and Arabidopsis (Supplemental 

Table S3.5). The open triangles indicate SNPs that are within the candidate gene. The light 

blue rectangle demarcates the ± 100 kb candidate gene search space surrounding the peak 

SNP.  

Supplemental Figure S3.9. A regional Manhattan plot of the nas5 gene. Scatter plot 

of association results from a mixed model analysis of Zn (a) and Fe (b) grain concentration 

and linkage disequilibrium (LD) estimates (r2) for a genomic region that contains the peak 

SNPs (Zn: 7-179962589, locus 33; Fe: 7-180077496) at the nas5 gene. Each vertical line 

represents the -log10 P-value of a SNP. Triangles are the r2 values of each SNP relative to the 

peak SNP (indicated in red) at 179,962,589 bp and 180,077,496 bp (B73 RefGen_v4) on 

chromosome 7 for Zn and Fe, respectively. The yellow triangle indicates the peak SNP for Fe 

in the Zn Manhattan plot, and vice versa. The red and green horizontal dashed lines indicate 

the -log10 P-value of the least statistically significant SNP at a genome-wide false discovery 
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rate of 5% (Zn) and 20% (Fe), respectively. The yellow vertical line indicates the genomic 

position of the nicotianamine synthase5 (nas5) gene (Zm00001d022557). The open triangles 

indicate SNPs that are within the candidate gene. The light blue rectangle demarcates the ± 

100 kb candidate gene search space surrounding the peak SNP. 

Supplemental Figure S3.10. A regional Manhattan plot of locus 32. Scatter plot of 

association results from a mixed model analysis of Zn grain concentration and linkage 

disequilibrium (LD) estimates (r2) for a genomic region that contains the peak SNP (5-

195765640) at locus 32. Each vertical line represents the -log10 P-value of a SNP. Triangles 

are the r2 values of each SNP relative to the peak SNP (indicated in red) at 195,765,640 bp 

(B73 RefGen_v4) on chromosome 5. The red horizontal dashed line indicates the -log10 P-

value of the least statistically significant SNP at a genome-wide false discovery rate of 5%. 

The yellow vertical line indicates the genomic position of the yellow stripe-like2 (ysl2) gene 

(Zm00001d017427). The open triangles indicate SNPs that are within the candidate gene. The 

light blue rectangle demarcates the ± 100 kb candidate gene search space surrounding the 

peak SNP. 

Supplemental Figure S3.11. Manhattan plot of results from a conditional genome-

wide association study (GWAS) of five elemental grain phenotypes in the Ames panel. For 

each phenotype, the SNPs selected by the optimal multi-locus mixed model were included as 

covariates in the mixed linear model to control for large-effect loci. Each point represents a 

SNP with its -log10 P-value (y-axis) from a mixed linear model analysis plotted as a function 

of physical position (B73 RefGen_v4) across the 10 chromosomes of maize (x-axis). None of 

the tested SNPs in the conditional GWAS were significant at a genome-wide false-discovery 
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rate of 5%. 

Supplemental Table S3.1. Untransformed best linear unbiased predictors of 11 

elemental grain phenotypes used for the genome-wide association study and whole-genome 

prediction in the Ames panel. 

Supplemental Table S3.2. Lambda values used in Box-Cox transformation of 11 

elemental grain phenotypes in the Ames panel. 

Supplemental Table S3.3. Transformed best linear unbiased predictors of 11 

elemental grain phenotypes used for the genome-wide association study and whole-genome 

prediction in the Ames panel. 

Supplemental Table S3.4. Population structure analysis of the Ames panel. Included 

in the table are the first two principal components (PCs) calculated from the SNP genotype 

matrix (PC1 and PC2), assignment value (Q) for each subpopulation (subpopulations 1 to 3), 

group classification of lines following assignments of Romay et al. (2013), largest Q 

assignment value, and the subpopulation (Subpopulation 1, 2, 3, or Admixed) to which each 

line was assigned (Category) in our study. 

Supplemental Table S3.5. Rice and Arabidopsis homologs of the nine candidate 

genes identified for elemental grain phenotypes via a genome-wide association study in the 

maize Ames panel. 

Supplemental Table S3.6. Joint-linkage QTL support intervals (SI) of 11 elemental 

grain phenotypes analyzed in the maize NAM panel (Ziegler et al., 2017) uplifted from 

RefGen_v2 to v4 and their relationship to peak SNPs within ± 100 kb of candidate genes 

identified from a genome-wide association study in the Ames panel (Table 3.2 and 

https://paperpile.com/c/QTkajh/kl5j/?noauthor=1


 

 

 

 

 

85 

Supplemental Table S3.8). 

Supplemental Table S3.7. Genome-wide association study results of 11 elemental 

grain phenotypes analyzed in the maize NAM panel (Ziegler et al. 2017) uplifted from 

RefGen_v2 to v4. Only NAM marker variants with resample model inclusion probability 

(RMIP) ≥ 5 are shown and those that reside within joint-linkage QTL support intervals 

(Supplemental Table S3.6) are demarcated in the “NAM QTL number” column. The 

relationship of NAM marker variants to the candidate genes identified in genome-wide 

association study in the Ames panel (Table 3.2) are also presented. 

Supplemental Table S3.8. Statistically significant results from a genome-wide 

association study of 11 elemental grain phenotypes in the Ames panel. 

Supplemental Table S3.9. Genomic information (RefGen_v4) for the candidate genes 

within ± 100 kb of the peak SNPs identified in the genome-wide association study. 

Supplemental Table S3.10. Frequencies, mean concentrations (in μg g–1), and 

standard deviations (Std. Dev.) for peak SNPs within ± 100 kb of candidate genes identified 

in the genome-wide association study. 

Supplemental Table S3.11. Statistically significant results from a multi-locus mixed-

model analysis of 11 elemental grain phenotypes in the Ames panel. 
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Chapter 4 Integrating GWAS and TWAS to identify causal genes for 

tocochromanol levels in maize grain 

ABSTRACT 

Tocochromanols (tocopherols and tocotrienols) are lipid-soluble antioxidants that are 

important for human health and plant fitness. Tocochromanols from plant-derived products, 

notably from seed oils, are the main sources of vitamin E in the human diet. The 

tocochromanol biosynthesis pathway has been elucidated in Arabidopsis thaliana, but the 

complete role of pathway genes and their regulators in the genetic control of natural variation 

of tocochromanol levels in seed of cereal crops largely remains to be determined. To more 

fully catalogue the causal genes involved in tocochromanol accumulation in maize grain, we 

utilized the high mapping resolution of the maize Ames panel of ~1,500 inbred lines scored 

with 12.2 million SNPs and generated metabolomic (mature grain) and transcriptomic 

(developing grain) datasets for genetic mapping. Through integrating results from genome- 

and transcriptome-wide association studies, we identified a total of 13 causal candidate genes 

and of which four were associated with maize grain tocochromanols for the first time. These 

four include vte7 (alpha/beta hydrolase), samt1 (S-adenosylmethionine transporter 1), vte5 

(phytol kinase), and dxs1 (1-deoxy-D-xylulose-5-phosphate synthase). Expression quantitative 

trait locus (eQTL) mapping was conducted for the identified 13 genes, revealing they were 

predominantly regulated by cis-eQTL. phytoene synthase 1, which encodes an enzyme that 

catalyzes the first committed step in carotenoid synthesis, was identified to underlie a trans-

eQTL that was the strongest signal for dxs2. Through these integrated -omics analyses, we 
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have performed the most detailed genetic dissection of tocochromanol accumulation in maize 

grain to date and provide insights for biofortification breeding efforts in maize and other 

cereals. 

INTRODUCTION 

Tocochromanols, which include the biosynthetically related tocopherols and tocotrienols, are 

a group of plant-synthesized lipid-soluble antioxidants that have a chromanol ring head 

derived from homogentisic acid (HGA) and hydrophobic polyprenyl side chain. Tocopherols 

have a saturated side chain derived from phytol-diphosphate (PDP), whereas the side chain of 

tocotrienols derives from geranylgeranyl diphosphate (GGDP) and has three double bonds. 

Within each tocochromanol class, there are four isoforms (α, β, δ, and γ) that vary in their 

degree and position of methyl groups on the chromanol ring head. Among the 

tocochromanols, α-tocopherol has the highest vitamin E activity (DellaPenna & Mène-

Saffrané, 2011), while tocotrienols tend to have greater antioxidant activity (Sen et al., 2006). 

Although severe vitamin E deficiency leading to ataxia and myopathy is rare in human 

populations (Traber, 2012), less than optimal dietary intake of vitamin E exists in certain 

population segments (Ford et al., 2006; McBurney et al., 2015) and has been linked to an 

elevated risk of cardiovascular diseases (Knekt et al., 1994; Kushi et al., 1996). 

Tocochromanols are found at high levels in plant seeds where they confer protection against 

lipid peroxidation during seed storage and germination (Collakova & DellaPenna, 2003; Liu 

et al., 2008; Sattler et al., 2004); however, α-tocopherol is not the major tocochromanol in 

cereal seed and their extracted oil, thus limiting vitamin E in the diet of both humans and 

https://paperpile.com/c/QdPMVH/fXLZ3
https://paperpile.com/c/QdPMVH/fXLZ3
https://paperpile.com/c/QdPMVH/OvE7
https://paperpile.com/c/QdPMVH/riso
https://paperpile.com/c/QdPMVH/OGrH+ZjdD
https://paperpile.com/c/QdPMVH/mbfC+qnWy
https://paperpile.com/c/QdPMVH/vYmYc+JUG4+PA0b
https://paperpile.com/c/QdPMVH/vYmYc+JUG4+PA0b
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animals (DellaPenna & Mène-Saffrané, 2011). 

Tocochromanols are only synthesized by photosynthetic organisms, with the 

tocochromanol biosynthetic pathway deciphered and highly conserved in the plant kingdom 

(DellaPenna & Mène-Saffrané, 2011). In the committed step of tocopherol synthesis (Figure 

4.1), a homogentisate phytyltransferase (VTE2) condenses PDP and HGA from the shikimate 

pathway to produce MPBQ (2-methyl-6-phytyl-1,4-benzoquinol) (Sattler et al., 2004). In the 

monocot lineage, HGA is condensed with geranylgeranyl diphosphate (GGDP) from the 

methylerythritol 4-phosphate (MEP) pathway by homogentisate geranylgeranyltransferase 

(HGGT1) to generate MGGBQ (2-methyl-6-geranylgeranyl-1,4-benzoquinol) in the 

committed step in tocotrienol synthesis. The committed precursors for tocopherols (MPBQ) 

and tocotrienols (MGGBQ) serve as the starting substrate for a sequence of cyclization 

(VTE1, tocopherol cyclase) and methylation (VTE3, MPBQ/MGGBQ methyltransferase; and 

VTE4, γ-tocopherol methyltransferase) reactions to generate the α, β, δ, and γ isoforms of 

tocopherols and tocotrienols (Cheng et al., 2003; Porfirova et al., 2002; Sattler et al., 2004; 

Shintani & DellaPenna, 1998; Van Eenennaam et al., 2003). The methylation reactions 

catalyzed by VTE3 and VTE4 transfer a methyl group from S-adenosyl-L-methionine (SAM). 

The generation of PDP as a precursor in the committed step of tocopherol synthesis can 

directly result from the enzymatic reduction of GGDP, or indirectly through the sequential 

phosphorylation of chlorophyll-derived phytol by VTE5 (phytol kinase) and VTE6 (phytol 

phosphate kinase) (Valentin et al., 2006; Vom Dorp et al., 2015). The major source of phytol 

for tocopherol synthesis is provided directly from chlorophyll biosynthesis through the 

hydrolase activity of VTE7 (alpha/beta hydrolase) in seeds (Arabidopsis and maize) and 

https://paperpile.com/c/QdPMVH/fXLZ3
https://paperpile.com/c/QdPMVH/fXLZ3
https://paperpile.com/c/QdPMVH/PA0b
https://paperpile.com/c/QdPMVH/MpMh+9snc+tnKf+PA0b+Q5P4
https://paperpile.com/c/QdPMVH/MpMh+9snc+tnKf+PA0b+Q5P4
https://paperpile.com/c/QdPMVH/FDq6+jsEU
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leaves (maize) (Albert et al. in review). 

In the past decade, a number of loci associated with natural variation for the content 

and composition of tocochromanols in maize grain were identified via genome-wide 

association studies (GWAS) in mapping panels. Several studies have reported strong 

associations between vte4 and α-tocopherol concentration in maize grain (Baseggio et al., 

2019; Lipka et al., 2013; Q. Li et al., 2012; Wang et al., 2018), with relatively weaker 

associations detected for vte1, hggt1, and an arogenate/prephenate dehydratase with maize 

grain tocotrienol levels (Baseggio et al., 2019; Lipka et al., 2013). Suggesting the importance 

of genes outside of the core tocochromanol biosynthesis pathway, Wang et al. (2018) 

implicated genes responsible for fatty acid biosynthesis, chlorophyll metabolism, and 

chloroplast function as having involvement in the genetic control of grain tocopherol levels. 

Despite the progress made towards better understanding the genetic basis of tocochromanol 

levels in maize grain, these studies were limited by panel sizes and marker density. 

Through a joint-linkage (JL) analysis and GWAS in the 5,000-line U.S. maize nested 

association mapping (NAM) panel with superior statistical power, Diepenbrock et al. (2017) 

identified 50 unique QTL for tocopherol and tocotrienol grain traits. Of these, 13 QTL were 

resolved to seven a priori pathway genes (arodeH2, dxs2, hggt1, sds, vte3, hppd1, and vte4) 

and six novel genes (por1, por2, snare, ltp, phd, and fbn) encoding a predicted function not 

known to affect tocochromanol traits. Even though maize grain is a non-green, non-

photosynthetic tissue, the two protochlorophyllide reductases (por1 and por2) found to be 

major loci for controlling total tocopherols were hypothesized to be part of a cycle that 

provides chlorophyll-derived phytol for tocopherol synthesis in the maize embryo. The 

https://paperpile.com/c/QdPMVH/wGTx+5etZx+ihAe+UT1r
https://paperpile.com/c/QdPMVH/wGTx+5etZx+ihAe+UT1r
https://paperpile.com/c/QdPMVH/5etZx+ihAe
https://paperpile.com/c/QdPMVH/09ux5/?noauthor=1
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involvement of por2 in the accumulation of tocopherols in maize grain has since been 

transgenically confirmed by Zhan et al. (2019). Although the U.S. NAM panel provided 

tremendous mapping resolution, not all of the identified unique QTL could be resolved to the 

gene level, thus other mapping approaches combined with more diverse mapping panels are 

needed to better pinpoint the underlying candidate causal genes. 

For terminal phenotypes such as grain tocochromanols, intermediate phenotypes or 

endophenotypes can offer orthogonal genetic information to better connect genotype to 

phenotype. In a statistical approach that generates insight on biological processes, 

transcriptome-wide association studies (TWAS) correlates mRNA abundance with complex 

trait variation, allowing for the linkage of an intermediate phenotype to a terminal phenotype. 

In an assessment of TWAS for the genetic dissection of tocochromanol and carotenoid grain 

traits in the Goodman-Buckler association panel, Kremling et al. (2019) showed that the 

statistical power to detect causal genes could be increased through an ensemble approach 

combining GWAS and TWAS results with the Fisher’s combined test (FCT). Additionally, 

this approach was used to identify plausible causal genes associated with natural variation for 

water use efficiency traits in sorghum (Ferguson et al., 2020; Pignon et al., 2021). The genetic 

markers used in GWAS could also be linked to mRNA abundance via expression quantitative 

trait locus (eQTL) mapping (reviewed in Majewski & Pastinen, 2011), enabling the regulatory 

landscape of gene expression to be better explored as it relates to a terminal phenotype as has 

been conducted for oil content in maize grain (Hui Li et al., 2013). 

In this study, we conducted a comprehensive genetic dissection of tocochromanol 

grain phenotypes in a large maize association panel that leveraged the scoring of ~12.2 

https://paperpile.com/c/QdPMVH/YkhB/?noauthor=1
https://paperpile.com/c/QdPMVH/P1VVr/?noauthor=1
https://paperpile.com/c/QdPMVH/5bNL+8Mxh
https://paperpile.com/c/QdPMVH/fv2e/?prefix=reviewed%20in
https://paperpile.com/c/QdPMVH/ykrY


 

 

 

 

 

101 

million SNP markers and transcript abundances from developing grain as an endophenotype. 

Our integrated GWAS and TWAS approach combined with eQTL mapping offered increased 

statistical power and mapping resolution to pinpoint multiple candidate causal genes and 

uncover their regulatory control. 

 

Figure 4.1. Tocochromanol biosynthetic pathways in maize. Precursor pathways are 

summarized in gray boxes. Key a priori genes are in italicized text at the pathway step(s) 

executed by their encoded enzyme, with the 13 causal genes identified in this study 

highlighted in red. Four genes that had not been previously shown to be associated with 

natural variations of tocochromanols in maize grains are bolded and marked with underscores. 

Compound abbreviations: DMGGBQ, 2,3-dimethyl-5-geranylgeranyl-1,4-benzoquinol; 

DMPBQ, 2,3-dimethyl-6-phytyl-1,4-benzoquinol; GGDP, geranylgeranyl diphosphate; GG-

Chlorophyll, geranylgeranyl-chlorophyll a; HGA, homogentisic acid; HPP, p-

hydroxyphenylpyruvate; MGGBQ, 2-methyl-6-geranylgeranyl-1,4-benzoquinol; MPBQ, 2-

HGAPhytol Phytyl-P

Shikimate pathway

MEP pathway

α-tocopherols

γ-tocopherols δ-tocopherols

β-tocopherols

vte4vte4

MPBQDMPBQ

vte1 vte1

vte3

vte2

HPP

GGDP

Phytyl-DP

Protochlorophyllide

Chlorophyll

Chlorophyllide

GG-Chlorophyll

α-tocotrienols

δ-tocotrienols γ-tocotrienols

β-tocotrienols

MGGBQ DMGGBQ

vte4vte4

vte1 vte1

vte3

hggt1

hppd1

vte5 vte6

vte7

por1
por2

dxs1
dxs2

arodeH2

Plastid

samt1
SAM

SAH



 

 

 

 

 

102 

methyl-6-phytyl-1,4-benzoquinol; Phytyl-DP, phytyl diphosphate; Phytyl-P, phytyl 

monophosphate; SAM, S-adenosyl-L-methionine; SAH, S-adenosyl-L-homocysteine. Gene 

abbreviations: 1-deoxy-D-xylulose-5-phosphate synthase (dxs1 and 2); α-/β-hydrolase family 

protein (vte7); arogenate/prephenate dehydrogenase family protein (arodeH2); phytol kinase 

(vte5); phytol phosphate kinase (vte6); p-hydroxyphenylpyruvate dioxygenase (hppd1); 

protochlorophyllide reductase (por1 and 2); homogentisate geranylgeranyltransferase (hggt1); 

homogentisate phytyltransferase (vte2); MPBQ/MGGBQ methyltransferase (vte3); γ-

tocopherol methyltransferase (vte4); S-adenosylmethionine transporter 1 (samt1); tocopherol 

cyclase (vte1). 

 

MATERIALS AND METHODS 

Experimental design for genetic mapping 

A total of 1,815 maize inbred lines from the North Central Regional Plant Introduction Station 

association panel (hereafter Ames panel) (Romay et al., 2013) were grown as a single 

replicate at Iowa State University’s Agricultural Engineering and Agronomy Research Farm 

in Ames, IA, in 2015 and 2017. The Ames panel was arranged in an augmented complete 

block design with B73 as a repeated check. For each year, two blocking directions were 

assigned: each range block consisted of three adjacent rows of plots, and each pass block 

consisted of eight adjacent columns of plots. At least one B73 check plot was planted within 

each pass block and range block. The inbred lines were grouped into two and three tiers for 

2015 and 2017, respectively, according to their days to silk (flowering time) recorded in 

Romay et al. (2013) for the 2015 experimental design and the recorded pollination date in 

2015 for the 2017 experimental design. Experimental units were one-row plots that had a 

length of 3.05 m, with 0.76 m inter-row spacing. There was a 0.76 m alley at the end of each 

plot. Each plot consisted of ~18 maize plants. An average of six plants (at most 11) per plot 

were self-pollinated, with pollination dates recorded. Ears that had been self-pollinated were 

https://paperpile.com/c/QdPMVH/ItAyY
https://paperpile.com/c/QdPMVH/ItAyY/?noauthor=1
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hand-harvested at physiological maturity. The kernels from all dried and shelled ears of each 

harvestable plot were bulked to comprise a representative sample for quantification of 

tocochromanols. 

The extraction of tocochromanols from 15-20 mg of ground kernels and their 

quantification by high-performance liquid chromatography (HPLC) and fluorometry were as 

previously described (Lipka et al., 2013). Briefly, two types of tocochromanols (tocopherols 

and tocotrienols) were assessed on 3,539 grain samples from 1,762 inbred lines and the 

repeated B73 check plots. The nine evaluated tocopherol and tocotrienol phenotypes in μg g−1 

dry seed were as follows: α-tocopherol (αT), δ-tocopherol (δT), γ-tocopherol (γT), α-

tocotrienol (αT3), δ-tocotrienol (δT3), γ-tocotrienol (γT3), total tocopherols (ΣT, αT + δT + 

γT), total tocotrienols (ΣT3, αT3 + δT3 + γT3), and total tocochromanols (ΣTT3, total 

tocopherols + total tocotrienols). 

Phenotypic data analysis 

To screen the raw HPLC data for significant outliers, we fitted a mixed linear model for each 

tocochromanol phenotype in ASReml-R version 3.0 (Gilmour et al., 2009). The full model 

(Equation 4.1) fitted to the data was as follows:  

Yijklmn= μ + checki + genotypei + yearj + year × grpij+ genotype × yearij + tier(year)jk + 

pass(tier × year)jkl + range(tier × year)jkm + plate(year)jn + εijklmn                    (Equation 4.1) 

in which Yijklmn is an individual phenotypic observation; μ is the grand mean; checki is the 

fixed effect for the ith check, where it is set to 0 if the genotype is a noncheck line; genotypei 

is the fixed effect of the ith genotype (noncheck line), where it is set as 0 and omitted if the ith 

https://paperpile.com/c/QdPMVH/5etZx
https://paperpile.com/c/QdPMVH/VaCqx
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observation is of a check line; yearj is the effect of the jth year; year × grpij is the interaction 

term between the jth year and ith grp, where grp is an indicator variable with two levels that 

indicates whether the ith observation is from a check or noncheck line; genotype × yearij  is 

the effect of the interaction between the ith genotype and jth year; tier(year)jk is the effect of 

the kth tier within the jth year; pass(tier × year)jkl is the effect of the lth pass within the kth tier 

within the jth year; range(tier × year)jkm is the effect of the mth range within the kth tier within 

the jth year; platen is the effect of the nth HPLC autosampler plate; and εijklmn is the residual 

error effect assumed to be independently and identically distributed (i.i.d.) according to a 

normal distribution with mean zero and variance σε
2, that is ~iid N(0, σε

2). Of these terms, μ, 

check, and genotype were modeled as fixed effects, while all other terms were modeled as 

random effects. Degrees of freedom were calculated with the Kenward-Roger approximation 

(Kenward & Roger, 1997). Studentized deleted residuals (Neter et al., 1996) generated from 

Equation 4.1 were examined to remove outlier observations based on the Bonferroni 

correction at the α = 0.05 level of significance. The removal of 147 significant outliers 

produced a dataset consisting of raw HPLC data for one or more tocochromanol phenotypes 

from 1,762 inbred lines and the repeated B73 check plots. 

With the outlier-screened phenotypic dataset, we generated best linear unbiased 

estimator (BLUE) values for the 1,762 inbred lines across years by fitting the full model 

(Equation 4.1) in ASReml-R (Gilmour et al., 2009). The full model was refitted with 

genotype as a random effect to generate variance component estimates for the calculation of 

heritability on a line-mean basis (Holland et al., 2003; Hung et al., 2012). Standard errors of 

the heritability estimates were calculated with the delta method (Holland et al., 2003; Lynch 

https://paperpile.com/c/QdPMVH/qE0Z9
https://paperpile.com/c/QdPMVH/NkQ7B
https://paperpile.com/c/QdPMVH/VaCqx
https://paperpile.com/c/QdPMVH/mV3Dy+Kv7Ek
https://paperpile.com/c/QdPMVH/Kv7Ek+lMCsO
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& Walsh, 1998). Considering that tocopherols and tocotrienols are unevenly distributed 

between the embryo and endosperm (Grams et al., 1970; Weber, 1987), kernel starch 

synthesis genes associate with tocotrienols in sweet corn (Baseggio et al., 2019), and 

morphologically extreme grain types can potentially have inflated tocochromanol 

concentrations based on a dry sample weight basis, we conservatively excluded 265 inbred 

lines that had been classified by Romay et al. (2013) and Germplasm Resources Information 

Network (GRIN; https://www.ars-grin.gov/) as sweet corn, popcorn, or having an endosperm 

mutation. The remaining set of 1,497 lines had BLUE values for one or more of the nine 

tocochromanol phenotypes.  

Genotype data processing and imputation 

The genetic imputation approach implemented in Wu et al. (2021) was used to generate a 

high-density single-nucleotide polymorphism (SNP) marker set in B73 RefGen_v4 

coordinates for the Ames panel. To construct the target SNP genotype set, unimputed 

genotyping-by-sequencing (GBS) SNP genotypes scored at 943,455 loci in the Ames panel by 

Romay et al. (2013) were downloaded from CyVerse 

(ZeaGBSv27_publicSamples_raw_AGPv4-181023.vcf.gz, available at 

http://datacommons.cyverse.org/browse/iplant/home/shared/panzea/genotypes/GBS/v27), 

which provided 1,779 GBS samples for 1,493 of the 1,497 lines that had BLUE values for 

tocochromanol phenotypes. Given that there were 220 lines with more than one corresponding 

GBS sample having a call rate ≥ 20%, we followed the approach of Wu et al. (2021) to merge 

two or more GBS samples from the same line. Briefly, a stringently filtered SNP set [call rate 

https://paperpile.com/c/QdPMVH/Kv7Ek+lMCsO
https://paperpile.com/c/QdPMVH/ZKBi7+bKQz6
https://paperpile.com/c/QdPMVH/ihAe
https://paperpile.com/c/QdPMVH/ItAyY/?noauthor=1
https://www.ars-grin.gov/
https://www.ars-grin.gov/
https://paperpile.com/c/QdPMVH/Reck/?noauthor=1
https://paperpile.com/c/QdPMVH/ItAyY/?noauthor=1
https://paperpile.com/c/QdPMVH/Reck/?noauthor=1
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≥ 50%, % heterozygosity ≤ 10%, index of panmixia FIT ≥ 0.8, MAF ≥ 0.01 and linkage 

disequilibrium (LD) r2 ≤ 0.2] of 32,267 SNPs derived from the Romay et al. (2013) 

unimputed marker dataset was used to calculate average pairwise identity-by-state (IBS) 

between multiple samples of the same line using PLINK version 1.9 (Purcell et al., 2007). A 

total of 19 lines with a mean IBS value < 0.95 for all within-line sample comparisons were 

removed from the analysis, followed by consensus genotype calling for the remaining 201 

lines. Collectively, the final target dataset consisted of a retained 1,462 lines with a call rate ≥ 

0.2%, heterozygosity ≤ 10%, and inbreeding coefficient (F) ≥ 0.8. All heterozygous genotype 

calls were set to missing prior to imputation. 

The reference SNP genotype set, which was identical to that constructed in Wu et al. 

(2021), consisted of 14,613,169 SNPs derived from maize HapMap 3.2.1 (Bukowski et al., 

2018). In BEAGLE v5.0 (Browning et al., 2018) with parameters as previously specified in 

Wu et al. (2021), the genotypes at the 14,613,169 SNP loci were imputed based on 443,419 

GBS SNPs (target set) in the 1,462 Ames panel lines. The resultant imputed dataset was 

further filtered for SNP quality, resulting in 12,184,805 biallelic SNPs with MAF ≥ 1% and 

predicted dosage r2 (DR2) ≥ 0.80 for conducting marker-trait association tests with a mixed 

linear model. In PLINK version 1.9 with a sliding window of 100 kb and step size of 25 

SNPs, the complete set of 12,184,805 SNPs was LD pruned to construct two reduced marker 

sets: 1) 7,319,895 SNPs with pairwise r2 < 0.99 for performing marker-trait association tests 

with a multi-locus mixed model (MLMM), and 2) 344,469 SNPs with pairwise r2 < 0.10 for 

estimation of population structure and relatedness. 

https://paperpile.com/c/QdPMVH/wu5J3
https://paperpile.com/c/QdPMVH/Reck/?noauthor=1
https://paperpile.com/c/QdPMVH/rn8h
https://paperpile.com/c/QdPMVH/rn8h
https://paperpile.com/c/QdPMVH/XQEI
https://paperpile.com/c/QdPMVH/Reck/?noauthor=1
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Genome-wide association study 

We conducted GWAS of the tocochromanol grain phenotypes measured on the 1,462 lines 

with two complementary mixed linear model approaches as previously described (Wu et al., 

2021). In brief, to correct for heteroscedasticity and non-normality of error terms, the Box-

Cox power transformation procedure (Box & Cox, 1964) was implemented through an 

intercept-only model with the MASS package version 7.3-50 in R version 3.5.1 (R Core 

Team, 2018) to select an optimal value (highest log-likelihood in a 95% confidence interval) 

of convenient lambda (−2 to +2, 0.5 increments) for transforming the non-negative BLUE 

values of each phenotype (Supplemental Table S4.1). Given that several negative BLUE 

values were generated in the model fitting process, we added a constant that made all values 

positive and no less than 1E−09 for αT, δT, γT, and γT3 before applying the transformation 

(Supplemental Table S4.1). The untransformed and transformed BLUE values of the nine 

tocochromanol phenotypes for the 1,462 lines are provided in Supplemental Tables S4.2 and 

S4.3, respectively. Each of the 12,184,805 SNPs from the complete marker set was tested for 

an association with transformed BLUE values from the 1,462 lines using a mixed linear 

model (Yu et al., 2006) that employed the population parameters previously determined 

approximation (Zhang et al., 2010) in the R package GAPIT version 2018.08.18 (Lipka et al., 

2012). The fitted mixed linear models controlled for population stratification and familial 

relatedness through the inclusion of principal components (PCs) and a genomic relationship 

matrix (kinship matrix). In GAPIT, the reduced set of 344,469 SNPs was used to calculate 

PCs and the kinship matrix with VanRaden method I (VanRaden, 2008). The optimal number 

of PCs to include in the mixed linear model fitted for each phenotype was determined by the 

https://paperpile.com/c/QdPMVH/Reck
https://paperpile.com/c/QdPMVH/Reck
https://paperpile.com/c/QdPMVH/XQj9q
https://paperpile.com/c/QdPMVH/ElKil
https://paperpile.com/c/QdPMVH/ElKil
https://paperpile.com/c/QdPMVH/BvhA
https://paperpile.com/c/QdPMVH/jOtQZ
https://paperpile.com/c/QdPMVH/Tw42b
https://paperpile.com/c/QdPMVH/Tw42b
https://paperpile.com/c/QdPMVH/uaQCr
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Baysian information criterion (BIC) (Schwarz, 1978). The amount of phenotypic variation 

explained by a SNP was approximated as the difference between the likelihood-ratio-based R2 

statistic (R2
LR) (Sun et al., 2010) of a mixed linear model with or without the SNP. A 

Pearson’s correlation coefficient (r) was calculated between the untransformed BLUEs of 

each pair of phenotypes from the 1,462 lines with the function ‘cor’ in R version 3.5.1 (R 

Core Team, 2018).  

To control for the statistical influence of large-effect loci, we used the MLMM 

approach of Segura et al. (2012) to conduct a GWAS of each tocochromanol phenotype with 

the reduced set of 7,319,895 SNPs that alleviated model constraints by removing perfectly 

correlated SNPs. Briefly, a stepwise regression was performed with forward selection and 

backward elimination of significant markers as covariates, with the multiple-Bonferroni 

criterion (mBonf) used to select the optimal model. In each fitted model for a phenotype, we 

included the same kinship matrix and BIC-determined optimal number of PCs that had been 

used for GWAS with the mixed linear model. To explore the complexity of large-effect 

association signals, we reconducted GWAS in GAPIT using the complete marker set of 

12,184,805 SNPs, with the MLMM-selected SNPs included as covariates in the refitted mixed 

linear models. The “p.adjust” function in base R version 3.5.1 (R Core Team, 2018) was used 

to apply the Benjamini-Hochberg multiple test correction procedure (Benjamini & Hochberg, 

1995) to the P-values of tested SNPs for each phenotype in each refitted models to control the 

false-discovery rate (FDR) at 5%. 

https://paperpile.com/c/QdPMVH/GNYYi
https://paperpile.com/c/QdPMVH/PRTCN
https://paperpile.com/c/QdPMVH/ElKil
https://paperpile.com/c/QdPMVH/ElKil
https://paperpile.com/c/QdPMVH/xgTcd/?noauthor=1
https://paperpile.com/c/QdPMVH/ElKil
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Experimental design for transcriptomic profiling of developing kernels 

In 2018, 1,022 of the 1,815 maize inbred lines from the Ames panel evaluated for grain 

tocochromanols plus five founders of the U.S. maize NAM panel (McMullen et al., 2009; Yu 

et al., 2008) not included within our earlier genetic mapping field trials were grown as a 

single replicate at Iowa State University’s Agricultural Engineering and Agronomy Research 

Farm in Ames, IA. This germplasm set was initially constructed by including 256 lines that 

met at least one of the following criteria: 1) extreme for a grain metabolite phenotype in the 

2015 field trial; 2) founder of the U.S. NAM panel; or 3) available genome assembly. The 

additionally selected 771 lines were included to maximize genetic diversity and increase the 

sample size. The 1,027 noncheck lines were partitioned and randomized into 24 blocks based 

on pollination dates recorded in the 2015 and 2017 field trials and divided across two tiers. To 

control for spatial variation across the field, the incomplete block design was augmented by 

planting a B73 check plot within each block. Additionally, we selected two local checks to be 

planted at random positions in each block to account for temporal variation across fresh 

harvest dates that spanned more than a month. Within each block, the latest-pollinated line 

was selected to serve as one of the two local checks; ties were broken by choosing the line 

with the highest sample call rate based on a filtered partially imputed GBS dataset 

(https://de.cyverse.org/data/ds/iplant/home/shared/GoreLab/dataFromPubs/Wu_AmesTocochr

omonols_2021). Each selected local check was also planted in their adjacent later-flowering 

block, so that two local check lines were present in blocks 2-24. An additional early-flowering 

line (S 117) was identified as a local check and planted in block 1, ensuring that two local 

check lines were planted in block 1 as well as in all other blocks. In addition, 25 local checks 

https://paperpile.com/c/QdPMVH/AYaG+Iwvx
https://paperpile.com/c/QdPMVH/AYaG+Iwvx
https://de.cyverse.org/data/ds/iplant/home/shared/GoreLab/dataFromPubs/Wu_AmesTocochromonols_2021
https://de.cyverse.org/data/ds/iplant/home/shared/GoreLab/dataFromPubs/Wu_AmesTocochromonols_2021
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(S 117, C38, A508, A641 Goodman-Buckler, C31, 807, LH202, 764, PHG71, PHB47, 

SD101, A680, B93, NC292, NC280, LH208, H100, NC252, NC314, LH51, CI 187-2, 

NC324, Mo11, NC334, and M37W) were also planted in a separate third tier to account for 

field effects on these lines. Experimental units were plots consisting of one row having a 3.05 

m length, with a 0.76 m alley length and 0.76 m inter-row spacing. Of the ~18 maize plants 

per plot, an average of six plants were self-pollinated and pollination dates recorded. A single 

self-pollinated ear was hand-harvested from each plot at ~23 days after pollination (DAP), 

followed by immediately freezing the dehusked ear in liquid N and covering it in dry ice until 

shelling. To control for temporal effects, a self-pollinated ear of a local check from the third 

tier was hand-harvested at 23 DAP on each day of fresh harvest, with all harvested ears 

identically processed with liquid N and dry ice prior to shelling. The mid-section of each 

frozen ear was individually shelled on dry ice and its kernels stored at −80°C until RNA 

extraction. In total, 1,012 and 107 samples were collected from non-check and check lines, 

respectively.  

RNA isolation and 3′ mRNA Sequencing  

Frozen kernels (8-10) were ground using liquid N cooled grinding cups in an IKA Tube Mill 

Control (IKA-Werke, Staufen, Germany) and approximately 100 mg of ground tissue was 

used for RNA isolation using a modified hot borate method (Wan & Wilkins, 1994). RNA 

was DNase treated with the Ambion Turbo DNA-free Kit (Thermo Fisher Scientific, 

Waltham, MA) and checked for quality using a combination of NanoDrop spectrophotometer 

(Thermo Fisher Scientific, Wilmington, DE) readings and agarose gel electrophoresis.  

https://paperpile.com/c/QdPMVH/GATg
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Isolated RNA was randomized into 96-well plates and submitted for 3′ mRNA 

sequencing at the Genomics Facility of the Cornell Institute of Biotechnology. Included in 

each plate submission were positive controls consisting of the same pool of B73 control RNA 

aliquoted into four wells in each plate, as well as four negative controls per plate consisting of 

water. This resulted in two positive and negative controls per lane of sequencing. Libraries 

were constructed using the Lexogen QuantSeq 3′ mRNA-Seq Library Kit FWD (Lexogen, 

Greenland, NH) and sequenced on an Illumina NextSeq 500 (Illumina, San Diego, CA) with 

each plate being split in half and each half being sequenced on a single lane to achieve 

desirable coverage.  

Expression abundance determination 

The 3′ QuantSeq reads were cleaned using two rounds of Cutadapt version 2.3 (Martin, 2011) 

in accordance with Lexogen recommendations (https://www.lexogen.com/wp-

content/uploads/2020/04/015UG009V0252_QuantSeq_Illumina_2020-04-03.pdf). In round 

one, Illumina adapters were trimmed from the reads and in round two the first 12 bases were 

clipped and polyA tails trimmed to finish cleaning the reads. Reads were then aligned to the 

B73 RefGen_v4 reference genome (Jiao et al., 2017) using HISAT2 version 2.1.0 (Kim et al., 

2019) with the following parameters: --min-intronlen 20, --max-intronlen 60000, --dta-

cufflinks, and --rna-strandness F. The resultant alignments were then sorted using SAMTools 

version 1.9 (Heng Li et al., 2009). Counts were then generated using the htseq-count function 

within HTSeq version 0.11.2 (Anders et al., 2015) using the B73 version 4.59 annotation with 

the following parameters: --format=bam, --order=pos, --stranded=yes, --minaqual=10, --

https://paperpile.com/c/QdPMVH/sxR2
https://www.lexogen.com/wp-content/uploads/2020/04/015UG009V0252_QuantSeq_Illumina_2020-04-03.pdf
https://www.lexogen.com/wp-content/uploads/2020/04/015UG009V0252_QuantSeq_Illumina_2020-04-03.pdf
https://paperpile.com/c/QdPMVH/kL7N
https://paperpile.com/c/QdPMVH/L38v
https://paperpile.com/c/QdPMVH/L38v
https://paperpile.com/c/QdPMVH/6NZp
https://paperpile.com/c/QdPMVH/PYls
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idattr=ID, --type=gene, and --mode=union. The DESeq2 rlog function (Love et al., 2014) was 

used to normalize the count data. All genes with a normalized count of less than or equal to 

zero in all samples were removed from the final count matrix. The normalization of the count 

data using the rlog function of DESeq2 was performed on a set of 1,171 samples that included 

1,012 noncheck, 107 check, and 52 B73 positive control samples. 

Expression data set quality control  

To verify the quality and integrity of the samples, SNPs were called using the 3′ QuantSeq 

read alignments and compared to SNP calls from a 942 maize line RNA-Seq dataset (WiDiv-

942 panel) (Gage et al., 2019). In total, 375 lines overlapped with the WiDiv-942 panel, for a 

total of 430 3′ QuantSeq samples and 54 positive controls. First, 3′ QuantSeq reads were 

mapped to the B73 RefGen_v4 assembly (Jiao et al., 2017) following the HISAT2 mapping 

protocol indicated above. Duplicate reads were identified and marked using Picard tools 

MarkDuplicates version 2.20.8 (https://broadinstitute.github.io/picard/). Output was sorted 

using SAMTools sort version 1.9 and a pileup file created using SAMTools mpileup with 

BAQ computation disabled (-B) and alignments with a mapQ less than 60 were omitted (-q 

60), allowing for only unique alignments to be processed. Only positions with a base quality 

of greater than or equal to 20 were included and all insertions and deletions were discarded. 

Genotype calls were made at a position in an individual if the coverage was at least five reads, 

but not greater than 500 reads, and the allele made up greater than 3% of the calls at that 

position in the individual. If more than two alleles passed the coverage and frequency cutoff, 

the position was scored as heterozygous and set to missing data only when calculating percent 

https://paperpile.com/c/QdPMVH/Ygxwz
https://paperpile.com/c/QdPMVH/ea0W
https://paperpile.com/c/QdPMVH/kL7N
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identity. After removing positions from the WiDiv-942 SNP matrix that were not called in the 

3′ QuantSeq dataset, there were 919,074 remaining positions. Percent identity between the 

same line in the two datasets was calculated by taking the number of positions that had the 

same genotype call at a position divided by the total number of positions excluding missing 

data positions in either dataset. 

Stringent filtering was employed to curate the final expression dataset and ensure it 

contained high quality data. Samples were filtered out based on the following criteria: 

sampling concerns (12 samples removed), number of cleaned reads were below 5 million (1 

sample removed), a HISAT2 alignment rate of less than or equal to 65% (17 samples 

removed), a Pearson’s correlation value (r) less than 0.90 with 40 or more samples (3 samples 

removed), samples that had less than 95% identity when compared to their high confidence 

WiDiv-942 panel counterpart during genotype confirmation assessment (15 samples 

removed), and finally removal of samples that had an heterozygosity greater than or equal to 

10% (339 samples removed). This final heterozygosity filter was employed to remove 

samples that were contaminated by spillover during library construction at the Cornell 

Institute of Biotechnology’s Genomics Facility. This stringent heterozygosity filtering was 

employed to ensure the final dataset was free of contaminating reads that may have impacted 

downstream analysis. The final data set of 784 high confidence, high quality samples included 

43 B73 positive control samples and 741 collected field samples of check and noncheck lines. 

The B73 positive controls were used during data processing for quality control. Only the 741 

check and noncheck samples were used for downstream analysis. 
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Expression data analysis 

The B73 expression data sets consisting of 665 samples for 664 noncheck lines and 76 

samples for 25 check lines were separately further stringently filtered at the gene level to 

ensure high quality data for statistical analysis (Supplemental Table S4.4). All genes that were 

expressed in less than half of the 741 samples were filtered out, resulting in the removal of 

2,195 genes. The rlog-transformed values of the 22,141 retained genes were screened for 

extreme outliers that could contribute to lack of model convergence, with the method of 

Davies and Gather (1993) used to remove values that exceeded a conservative threshold of 

100 median absolute deviations from the median for a given gene. This resulted in the 

removal of 2,008 extreme rlog-transformed values. The number of removed outliers exceeded 

10% for five genes, thus these genes were filtered out. Of the 22,136 retained genes, only 132 

had extreme outliers. The removed outliers were replaced with the median rlog-transformed 

value for a given gene because the downstream applied PEER (probabilistic estimation of 

expression residuals) approach (Stegle et al., 2012) did not allow for missing data. With the 

outlier-screened expression data set, we fit a mixed linear model that allows for modelling of 

genetic and field and laboratory non-genetic effects. To account for the effect of temperature 

differences given that not all ears could be harvested exactly at 23 DAP and differential rates 

of grain development among lines, growing degree days (GDD) was also included as a model 

term. The number of days from pollination date to fresh-harvest date were converted to GDD 

according to equation 1 from Bollero et al. (1996). For each gene, BLUE values were 

generated for each of the 664 noncheck lines in ASReml-R version 3.0 (Gilmour et al., 2009) 

as follows: 

https://paperpile.com/c/QdPMVH/093E/?noauthor=1
https://paperpile.com/c/QdPMVH/4ccm0
https://paperpile.com/c/QdPMVH/TtSp4/?noauthor=1
https://paperpile.com/c/QdPMVH/VaCqx
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Yijklmn= μ + checki + genotypei + α × GDDj + tierk + block(tier)kl + platem + 

lane(plate)mn+ εijklmn                                        (Equation 4.2) 

in which Yijklmn is an individual rlog-transformed value; μ is the grand mean; checki is the 

fixed effect for the ith check, where it is set to 0 if the genotype is a noncheck line; genotypei 

is the fixed effect of the ith genotype (noncheck line), where it is set as 0 and omitted if the ith 

observation is of a check line; α is a scalar regression coefficient for GDDj for plants 

harvested on the jth day; tierk is the kth tier; block(tier)kl is the lth block in the kth tier; platem 

is the mth RNAseq plate; lane(plate)mn is the nth lane (minimum unit of the RNAseq run) in 

the mth plate; and εijklmn is the residual error effect assumed to be ~iid N(0, σε
2). With the 

exception of the grand mean, check, genotype and GDD, all terms were fitted as random 

effects. Of the 664 lines, we excluded 104 classified as sweet corn, popcorn, or with an 

endosperm mutation and an additional 15 lines not analyzed in GWAS. The final data set 

contained BLUE expression values of 22,136 genes across 545 lines. 

To account for inferred confounders that influence expression variation, the PEER 

approach (Stegle et al., 2012) was separately applied to the 545 line × 22,136 gene matrix of 

BLUE expression values. The number of PEER hidden factors was determined to be eight 

based on the “elbow criterion” in a diagnostic plot of the factor relevance, with the number of 

hidden factors ranging from 1 to 25. The contribution of these factors was subtracted to 

generate a residual data set of the BLUE expression values (hereafter, PEER values). 

To screen the PEER values for significant outliers, we fitted a simple linear model that 

had only the grand mean of each gene in ASReml-R version 3.0 (Gilmour et al., 2009), with 

the obtained Studentized deleted residuals (Neter et al., 1996) examined to remove outliers for 

https://paperpile.com/c/QdPMVH/4ccm0
https://paperpile.com/c/QdPMVH/VaCqx
https://paperpile.com/c/QdPMVH/NkQ7B
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each gene at a Bonferroni adjusted significance threshold of α = 0.05. 

Given that the vte7 locus consists of tandemly duplicated genes (Zm00001d006778 

and Zm00001d006779) with high pairwise nucleotide sequence identity (> 99%) in the B73 

RefGen_v4 assembly (Jiao et al., 2017), the reads pertaining to these two genes were not 

uniquely mappable with the above described bioinformatic pipeline. Therefore, to calculate 

the transcript abundances at the vte7 locus, the number of read alignments to the two gene 

models using multi-mapping reads were summed and normalized to counts per million 

alignments (CPMA) as (total count within both loci/total reads aligned)*1,000,000. Next, the 

CPMA values were fitted with the Equation 4.2 model to generate BLUE values, which were 

then screened for outliers as described for the PEER values.  

Transcriptome-wide association study 

To associate gene expression values with tocochromanol phenotypes, we conducted a 

transcriptome-wide association study (TWAS) on the 545 lines and 22,136 genes with a 

mixed linear model approach that controlled for population stratification and familial 

relatedness (Yu et al., 2006; Zhang et al., 2010). Briefly, a mixed linear model was fit for the 

combination of each tocochromanol phenotype (transformed BLUE values, response variable) 

and expressed gene (outlier-screened PEER values, explanatory variable) similar to that of 

Kremling et al. (2019). To construct the SNP marker set for the 545 lines, 12,018,644 biallelic 

SNPs (DR2 ≥ 0.80; MAF ≥ 1%) were subsetted from the full set of 14,613,169 SNP loci and 

pruned down to 328,892 SNPs with pairwise r2 < 0.10 in PLINK version 1.9 as described in 

the Genotype data processing and imputation section. The PCs and the kinship matrix were 

https://paperpile.com/c/QdPMVH/kL7N
https://paperpile.com/c/QdPMVH/BvhA+jOtQZ
https://paperpile.com/c/QdPMVH/P1VVr/?noauthor=1
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generated from the 328,892 SNPs in the R package GAPIT version 2018.08.18 (Lipka et al., 

2012) as described in the Genome-wide association study section. The mixed linear model 

fitted for each tocochromanol phenotype*gene expression combination was implemented with 

the “GWAS” function, which allows for continuous explanatory variables, and setting the 

“P3D” option to FALSE in the R package rrBLUP version 4.6 (Endelman, 2011). The optimal 

models for all tocochromanol phenotypes included kinship and no PCs, as determined by the 

BIC (Schwarz, 1978). BIC values were based on log-likelihoods calculated with the method 

of Kang et al. (2008) using estimated variance components and effects of PCs generated from 

the “mixed.solve” function in rrBLUP. The association analysis with transcript abundances 

from the vte7 locus was conducted separately from the other genes, given that reads for the 

vte7 locus were uniquely processed. However, the P-value of the association test was 

compared to those from TWAS. 

FCT of GWAS and TWAS 

The top 10% of the most associated SNPs (1,218,480 SNPs) from GWAS with the mixed 

linear model were selected to perform FCT following Kremling et al. (2019). In brief, the 

GWAS P-value of each top 10% SNP was assigned to its nearest gene (gene direction was not 

considered) based on the B73 RefGen_v4 assembly and then paired with the TWAS P-value 

for that gene. We used the B73 version 4.59 GFF file to identify the physical position of 

genes, as this same GFF file was used for 3′ QuantSeq read alignments. The GFF file was 

initially filtered to remove the following genes: 1) 855 genes that were mapped to contigs or 

scaffolds, and 2) 627 non-protein-coding genes that were duplicated in annotation. This 

https://paperpile.com/c/QdPMVH/Tw42b
https://paperpile.com/c/QdPMVH/Tw42b
https://paperpile.com/c/QdPMVH/LQOhl
https://paperpile.com/c/QdPMVH/GNYYi
https://paperpile.com/c/QdPMVH/pAF1/?noauthor=1
https://paperpile.com/c/QdPMVH/P1VVr/?noauthor=1
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resulted in a set of 44,918 genes available for the FCT. When two or more gene regions 

overlapped (4,464 of the 44,918 genes), we merged them into a single gene region based on 

the union of their physical positions. In these instances, the nearest SNPs were paired with 

each of the merged genes. For genes that were not scored by 3′ QuantSeq or filtered out in 

previous quality control steps, their TWAS P-values were set to 1 before combining with 

GWAS P-values. FCT was conducted with the “sumlog” function implemented in the R 

package metap version 1.1 (Dewey, 2019). 

Candidate gene identification 

Given that GWAS, TWAS, and FCT differ in their statistical power and structure, we did not 

directly compare P-values thresholds across methods but instead used the rankings of P-

values according to Kremling et al. (2019). The top 0.02% of SNPs were selected according 

to their P-value from GWAS results for each phenotype, with selection of the percentage 

threshold guided by the oligogenic genetic architecture of these phenotypes in the U.S. maize 

NAM panel (Diepenbrock et al., 2014). To allow for a separate assessment of GWAS results, 

the Benjamini-Hochberg procedure (Benjamini & Hochberg, 1995) was used to control for 

the multiple testing problem at 5% FDR as described in the ‘Genome-wide association study’ 

section. Given the complex association signals detected via GWAS with the mixed linear 

model, a set of associated loci was constructed from the selected SNPs separately for each 

tocochromanol phenotype following the approach of Wu et al. (2021) with minor 

modification. Briefly, each declared locus consisted of at least two SNPs within 100 kb of one 

another, with the peak SNP (i.e., SNP with smallest P-value) of the locus having an estimated 

https://paperpile.com/c/QdPMVH/AoOo
https://paperpile.com/c/QdPMVH/P1VVr/?noauthor=1
https://paperpile.com/c/QdPMVH/uhc3
https://paperpile.com/c/QdPMVH/Reck/?noauthor=1
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pairwise r2 value < 0.05 with all other peak SNPs at loci on the same chromosome as 

calculated in TASSEL v5.2.49 (Bradbury et al., 2007). Considering the rapid LD decay in the 

Ames panel (Romay et al., 2013), the search interval for candidate genes was restricted to ± 

100 kb of each peak SNP. The top 0.5% of genes according to their P-value were selected 

from TWAS and FCT results for each phenotype, resulting in a total number of unique genes 

identified across phenotypes by each method comparable to that of GWAS. The identification 

of plausible causal genes was assisted by a list of 125 a priori candidate genes involved in 

aromatic head group synthesis, prenyl group synthesis, chlorophyll synthesis, and from the 

core tocochromanol pathway (Supplemental Table S4.5). The physical positions of 50 unique 

JL-QTL common support intervals (CSIs) and GWAS markers associated with these 

tocochromanol phenotypes in the U.S. NAM panel (Diepenbrock et al., 2017) were uplifted 

via Vmatch version 2.3.0 (Kurtz, 2010) to B73 RefGen_v4 coordinates (Supplemental Tables 

S4.6 and S4.7) following the approach described in Wu et al. (2021). A BLASTP with default 

parameters was conducted to identify the top three non-redundant hits (E-values < 1) of 

undescribed candidate causal genes in Arabidopsis (Columbia-0 ecotype) and rice (Oryza 

sativa L. ssp. Japonica cv. ‘Nipponbare’) at TAIR (https://www.arabidopsis.org) and RAP-

DB (https://rapdb.dna.affrc.go.jp) databases, respectively (Supplemental Table S4.8). 

eQTL mapping 

We performed expression QTL (eQTL) mapping to better understand the genetic regulatory 

landscape of gene expression variation for the identified candidate causal genes in developing 

grain. To conduct eQTL mapping, the 12,018,644 SNPs used in the TWAS approach were 

https://paperpile.com/c/QdPMVH/LFXAG
https://paperpile.com/c/QdPMVH/ItAyY
https://paperpile.com/c/QdPMVH/09ux5
https://paperpile.com/c/QdPMVH/ajfd
https://paperpile.com/c/QdPMVH/Reck/?noauthor=1
https://www.arabidopsis.org/
https://rapdb.dna.affrc.go.jp/
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individually tested for association with PEER values of each candidate causal gene using a 

mixed linear model implemented in GAPIT version 2018.08.18 (Lipka et al., 2012) in R 3.5.1 

(R Core Team, 2018). The calculated PCs and kinship matrix used in TWAS were also used 

in eQTL mapping to control for population structure and familial relatedness, with the optimal 

number of PCs determined by BIC. To have a stringent control of the Type I error rate in the 

presence of complex LD patterns and strong association signals, we accounted for multiple 

testing with a 5% Bonferroni significance threshold (P-value ≤ 4.16E−09). Significant loci 

were declared as described for GWAS signals in the Candidate gene identification section.  

To integrate the GWAS and TWAS findings with eQTL analysis, the candidate causal 

genes were separated into two groups based on r2 values between cis-eQTL and GWAS peak 

SNP signals (< 0.05: independent; > 0.05: correlated). The differences in three genomic 

features between the two groups were examined: 1) the distance of a GWAS peak SNP signal 

to the gene, 2) the distance of a cis-eQTL peak SNP signal to the gene, and 3) the TWAS 

ranking of each gene. For each genomic feature, a one-tailed t-test assuming equal variances 

as determined by the Levene’s test in ‘car’ package version 3.0-10 was used to test for 

differences between means of the two groups in R version 3.5.1 (R Core Team, 2018).  

RESULTS 

Phenotypic variation 

We assessed the extent of quantitative variation for tocochromanol concentrations in 

physiologically mature grain samples harvested from two outgrowths of the maize Ames 

panel. The measurement of six tocochromanol compounds by HPLC showed that γT (~55%) 

https://paperpile.com/c/QdPMVH/Tw42b
https://paperpile.com/c/QdPMVH/ElKil
https://paperpile.com/c/QdPMVH/ElKil
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and γT3 (~23%) collectively accounted for nearly 80% of ΣTT3, whereas the α- and δ-species 

for both tocopherols and tocotrienols individually represented approximately 1 (δT3) to 10% 

(αT3) of ΣTT3 (Table 4.1). The tocochromanol compound with the highest vitamin E activity, 

αT, had the third lowest mean concentration (5.83 μg g−1 dry seed) and accounted for only 

~8% of ΣTT3. Indicative of common genetic control, pairwise correlations were strongest 

within a compound class between the δ- and γ-species for tocopherols (r = 0.67) and 

tocotrienols (r = 0.62) and between compound classes for αT with αT3 (r = 0.45). However, 

only relatively weaker correlations (−0.15 to 0.19) were found between all other compounds 

despite having a shared biosynthetic pathway (Supplemental Figure S4.1). As inferred from 

the high estimates of heritability on a line-mean basis (0.77 to 0.94), the majority of variation 

for each of the six tocochromanol compounds and three sum phenotypes was attributable to 

genetic variation in the full Ames panel (Table 4.1 and Supplemental Figure S4.2).  

Genetic analysis of grain tocochromanol levels  

We integrated GWAS and TWAS results through FCT, an ensemble approach shown to have 

enhanced statistical power over either GWAS or TWAS alone for the detection of causal 

genes associated with natural variation for tocochromanol grain phenotypes in maize 

(Kremling et al., 2019). The findings from FCT (top 0.5%), GWAS (top 0.02%), and TWAS 

(top 0.5%) for each phenotype were integrated with the genetic mapping results of the same 

grain phenotypes in the U.S. NAM panel (Table 4.2), with the intent to further resolve loci 

previously found in the NAM panel to the level of causal genes (Figure 4.2, Supplemental 

Figures S4.3 - S4.10). A total of 720, 676, and 918 unique genes were identified across the 

https://paperpile.com/c/QdPMVH/P1VVr
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nine phenotypes in GWAS, TWAS, and FCT, respectively (Supplemental Table S4.9, S4.10, 

and S4.11). Of these, 330 (GWAS), 299 (TWAS), and 646 (FCT) genes were located within 

NAM JL-QTL CSIs for the nine tocochromanol phenotypes (Diepenbrock et al., 2017). 

Table 4.1. Means, ranges, and standard deviations (Std. Dev.) of untransformed BLUE values 

(in μg g-1) for nine tocochromanol grain phenotypes evaluated in the Ames panel and 

estimated heritability on a line-mean basis and genomic heritability and their standard errors 

(Std. Err.) across two years. 

Phenotype Number of lines 
BLUEs Heritabilities 

Mean Range Std. Dev. Estimate Std. Err. 

αT 1452 5.83 –1.79 - 41.36 4.59 0.87 0.006 

δT 1456 1.74 –0.33 - 14.32 1.62 0.85 0.007 

γT 1458 42.19 –1.32 - 158.91 21.34 0.86 0.006 

ΣT 1460 49.95 1.79 - 174.84 22.65 0.85 0.007 

αT3 1456 7.87 0.89 - 23.39 3.21 0.77 0.010 

δT3 1454 0.93 0.01 - 17.05 0.97 0.94 0.003 

γT3 1458 17.60 –1.79 - 90.39 11.71 0.93 0.003 

ΣT3 1458 26.55 2.62 - 111.01 13.32 0.91 0.004 

ΣTT3 1460 77.04 18.13 - 205.36 28.08 0.87 0.006 

 

Of the 14 genes identified to associate with grain tocochromanols in the U.S. NAM 

panel by Diepenbrock et al. (2017), five (por1, por2, vte4, hggt1, and hppd1), which tended to 

be large-effect loci in the NAM panel, were detected by FCT for one or more phenotypes in 

the Ames panel (Table 4.2). Of the five genes, por1, por2, vte4, and hggt1 were also 

identified by both GWAS and TWAS, whereas hppd1 was only detected by GWAS. Two 

copies of arodeH2 (Zm00001d014734 and Zm00001d014737) were within 100 kb of GWAS 

peak SNPs for γΤ3 and ΣΤ3, with the Zm00001d014734 gene having been previously 

implicated by Diepenbrock et al. (2017) in the genetic control of αΤ3 and ΣΤ3. Interestingly, 

https://paperpile.com/c/QdPMVH/09ux5
https://paperpile.com/c/QdPMVH/09ux5/?noauthor=1
https://paperpile.com/c/QdPMVH/09ux5/?noauthor=1
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in the Ames panel, Zm00001d014737 was detected by both FCT and GWAS, whereas 

Zm00001d014734 was detected by GWAS only. An additional one of the 14 genes identified 

by Diepenbrock et al. (2017), dxs2, was detected by TWAS only. 

The detection of these seven a priori pathway genes illustrated the gene-level 

resolution of our integrated genetic mapping approach, thus it was applied to better resolve 

NAM JL-QTL CSIs and detect loci novel to the Ames panel. In total, four NAM JL-QTL 

CSIs were further dissected, resulting in novel associations with three genes (samt1, vte7, and 

dxs1) and more precise mapping of a fourth gene (vte1) not fully resolved in the US NAM 

panel. A gene encoding a SAM transporter (samt1, Zm00001d017937) was detected by FCT, 

GWAS, and TWAS. This gene encodes a predicted protein that has 77% identity at the amino 

acid sequence level to SAMT1/SAMC1 (At4g39460) in Arabidopsis (Supplemental Table 

S4.8), which transports SAM, a tocopherol cosubstrate, through plastid envelopes and affects 

leaf tocopherol levels when silenced or knocked out (Bouvier et al., 2006; Palmieri et al., 

2006). The vte7 locus was found to be ~64 kb from a single SNP associated with δT in 

GWAS at 0.02% (Figure 4.2). Providing stronger evidence for the detection of vte7 in the 

Ames panel, this same SNP served as the peak of a declared δT-associated locus consisting of 

45 significant SNPs at an FDR of 5% (Supplemental Table S4.12). Two additional a priori 

pathway genes, dxs1 (TWAS) and vte1 (FCT and GWAS), were associated with several 

tocochromanol phenotypes. Indicating the value of the Ames panel beyond genetically 

dissecting unresolved NAM QTL, we detected an association of vte5 with ΣΤΤ3 by GWAS 

https://paperpile.com/c/QdPMVH/09ux5/?noauthor=1
https://paperpile.com/c/QdPMVH/wGtXF+hmF8
https://paperpile.com/c/QdPMVH/wGtXF+hmF8
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alone, which is the first report of this locus to be associated via GWAS with any 

tocochromanol grain trait in maize. 

 

 
Figure 4.2. GWAS, TWAS and FCT results for δT. A: Upset plot showing the number of 

overlapping genes between GWAS, TWAS, FCT, and a priori pathway genes involved in the 

biosynthesis of chlorophylls and tocochromanols (Supplemental Table S4.5). The number of 

genes that are within the NAM JL-QTL CSI for δT is highlighted in blue in the bar plots. B: 

Manhattan plots of GWAS, TWAS, and FCT results. Red horizontal dashed lines indicate the 

thresholds of top 0.02%, top 0.5% and top 0.5% for GWAS, TWAS, and FCT, respectively. 

Causal genes (Table 4.2) that are within 100 kb of a top 0.02% GWAS peak SNP or ranked 

top 0.5% in TWAS or FCT are highlighted with red dots and labeled in black in the 

Manhattan plots. Causal genes that are within 1 Mb of a top 0.02% GWAS peak SNP are 

labeled in gray. Novel genes are marked with a black rectangle. Novel gene that passed 5% 

FDR in GWAS are marked with a black rectangle with dashed line. 

 

We further supported our findings through conducting a GWAS with the MLMM 

approach, allowing us to control for large-effect loci. Of the eleven genes detected by GWAS 

with the MLM, eight genes (por2, vte1, both arodeH2 copies, hppd1, vte4, samt1, and hggt1) 
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were located within 100 kb of at least one MLMM-selected SNP for one or more of the nine 

tocochromanol phenotypes (Supplemental Table S4.13). Although at slightly lower mapping 

resolution, the por1 gene was located ~162 kb from one of the multiple MLMM-selected 

SNPs for tocopherol phenotypes. Of the MLMM-selected SNPs within 100 kb of vte4, 2-4 

SNPs were selected for αT, αT3, and γT, whereas only a single SNP each was selected for δT 

and γT3. Comparably, 2-3 SNPs from a ~1.2 Mb genomic region that included hggt1 were 

selected by the MLMM for δT3, γT3, and ΣT3; however, only two of the MLMM-selected 

SNPs were located within 100 kb of hggt1. The selection of multiple independent SNPs by 

the MLMM implies that multiple alleles (i.e., allelic heterogeneity) exist at the vte4 and hggt1 

loci in the Ames panel. 

eQTL mapping 

To gain insights into the regulatory patterns of the causal genes identified through GWAS, 

TWAS, and FCT in the Ames panel (Table 4.2), eQTL mapping was conducted for each of 

the 13 identified candidate causal genes (Figure 4.3, Supplemental Figure S4.11). Of the 13 

genes, cis-eQTL (peak SNP within 1 Mb of gene) were identified for all but one gene 

(arodeH2, Zm00001d014737), whereas five trans-eQTL were identified for four genes (vte5, 

por2, dxs1, and dxs2) (Supplemental Table S4.14). The peak SNPs for cis-eQTL were within 

100 kb of their respective gene, with the exception of arodeH2 (Zm00001d014734, 227 kb), 

dxs2 (808 kb), and vte1 (220 kb) (Supplemental Table S4.14). In general, cis-eQTL were 

more statistically significant than trans-eQTL, but the trans-eQTL for dxs2 was more 

significant than its cis-eQTL. This trans-eQTL for dxs2 was located on chromosome 6, having 
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a peak SNP 1.5 kb from phytoene synthase1 (psy1, Zm00001d036345)—a gene encoding an 

enzyme involved in the first committed step of carotenoid biosynthesis (Hirschberg, 2001).  

 

Figure 4.3. Manhattan plot of eQTL mapping results of dxs2. Each point represents a SNP 

with its -log10 P-value (y-axis) from a mixed linear model analysis plotted as a function of 

physical position (B73 RefGen_v4) across the 10 chromosomes of maize (x-axis). The red 

horizontal dashed line indicates the significant threshold after Bonferroni correction (α = 

0.05). Genomic position of dxs2 is marked by the blue vertical lines in the respective plots. 

Causal candidate gene within 100 kb of the eQTL peak SNP are labeled in the Manhattan 

plot. 

 

The extent of LD between cis-eQTL and GWAS signals at casual genes and its 

relationship to the rankings of these genes in TWAS were investigated to better understand 

the impact of regulatory variation on the grain tocochromanol phenotypes (Figure 4.4). Our 

tested hypothesis was that the causal genes with GWAS signals that co-locate with cis-eQTL 

(i.e., regulatory variants are tagged by SNPs in GWAS) near their ORF will have higher 

ranking in TWAS. When focusing on the 10 causal genes identified by GWAS that had 

detected cis-eQTL, we found that r2 values between cis-eQTL and GWAS peak SNPs for six 

gene*phenotype combinations were less than 0.05 (independent), whereas the r2 values 

exceeded 0.05 (correlated) for the other 16 gene*phenotype combinations. The correlated 

group included six genes (por2, hggt1, vte4, samt1, vte1, and hppd1), while the independent 
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group included five genes [vte5, vte7, arodeH2 (Zm00001d014734), vte4, and por1]. The vte4 

gene was included in both groups, as its r2 values were > 0.05 for αT, γT, αT3, γT3, and 

ΣTT3, but < 0.05 for δT (0.03). Significant differences (P < 0.05) were detected between the 

means of the correlated and independent groups for the distance of cis-eQTL (26.0 vs. 98.2 

kb) and GWAS signal (15.0 vs. 53.5 kb) peak SNPs from their respective causal genes, with 

even greater separation between groups (correlated 0.7 and 1.1 kb vs independent 49.4 and 

59.1 kb) observed for the median distance values of both cis-eQTL and GWAS signals. The 

gene*phenotype combinations in the correlated group (mean 8.06%) ranked significantly 

higher (P < 0.05) in TWAS relative to the independent group (mean 40.88%), but the median 

of rankings (correlated 0.03% vs. independent 35.62%) revealed a greater distinction between 

groups. Collectively, our findings support our hypothesis that expression-level variation most 

strongly correlates with grain tocochromanol levels in TWAS when cis-eQTL and GWAS 

signals co-locate in genomic regions where promoters and short-range regulatory elements are 

expected to reside. 
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Figure 4.4. Box plots showing the GWAS, TWAS and eQTL results of the causal genes. 

Results were grouped according to the LD (r2) between GWAS and cis-eQTL peak SNPs: 

Independent: r2 < 0.05; Correlated r2 > 0.05. For GWAS and eQTL, results of peak SNPs 

were used. 
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Table 4.2. GWAS, TWAS, FCT results of the nine tocochromanol phenotypes in the Ames panel. 

 

aCommon support intervals (CSI) from joint-linkage QTL (JL-QTL) results of nine tocochromanol grain phenotypes analyzed in the 

maize NAM panel (Diepenbrock et al., 2017) that contain the open reading frame of the gene (Supplemental Table S4.6) 

 

Gene ID Gene Chr Gene start Gene end GWAS TWAS FCT 
NAM JL-QTL 

CSI IDa 

Zm00001d032576 por1 1 231,120,510 231,123,615 ΣΤ δΤ, γΤ, ΣΤ, ΣΤΤ3 δΤ, γΤ, ΣΤ, ΣΤΤ3 NAM_JL_5 

Zm00001d001896 vte5 2 2,509,567 2,511,414 ΣΤΤ3    

Zm00001d006778 vte7 2 216,443,683 216,448,352 γΤ   NAM_JL_12 

Zm00001d013937 por2 5 25,431,430 25,434,346 δΤ, γΤ, ΣΤ, ΣΤΤ3 αΤ, δΤ, γΤ, ΣΤ, ΣΤΤ3 
αΤ, δΤ, γΤ, ΣΤ, 

ΣΤΤ3 
NAM_JL_24 

Zm00001d014734 arodeH2 5 61,099,110 61,100,192 γΤ3, ΣΤ3   NAM_JL_25 

Zm00001d014737 arodeH2 5 61,117,986 61,119,432 γΤ3, ΣΤ3  δΤ3, γΤ3, ΣΤ3 NAM_JL_25 

Zm00001d015356 hppd1 5 86,084,655 86,086,755 γΤ3, ΣΤ3  δΤ3, γΤ3, ΣΤ3, 

ΣΤΤ3 
NAM_JL_26 

Zm00001d015985 vte1 5 136,805,708 136,822,194 δΤ3  δΤ, δΤ3 NAM_JL_26 

Zm00001d017746 vte4 5 205,825,586 205,829,216 
αΤ, αΤ3, δΤ, γΤ, 

γΤ3, ΣΤΤ3 
αΤ, αΤ3, γΤ3 

αΤ, αΤ3, δΤ, γΤ, 

γΤ3 
NAM_JL_28 

Zm00001d017937 samt1 5 210,385,310 210,401,948 αΤ3, δΤ δΤ δΤ, δΤ3 NAM_JL_29 

Zm00001d038170 dxs1 6 150,418,144 150,422,431  γΤ3  NAM_JL_32 

Zm00001d019060 dxs2 7 14,494,700 14,497,925  δΤ3, γΤ3, ΣΤ3  NAM_JL_35 

Zm00001d046558 hggt1 9 95,895,575 95,899,061 αΤ3, δΤ3, γΤ3 δΤ3, γΤ3, ΣΤ3 
δΤ3, δΤ3, γΤ3, 

ΣΤ3, ΣΤΤ3 
NAM_JL_45 
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DISCUSSION 

In this study, we provided the most comprehensive study to date on the genetic basis of 

tocochromanol levels in maize grains by integration of GWAS, TWAS, FCT, and eQTL 

analyses. By utilizing the Ames diversity panel of over one thousand diverse inbred lines 

scored with 12 million SNP markers and the expression profiles of 22,136 genes at 23 DAP 

developing grains, we were able to identify 13 causal genes controlling the natural variation 

of tocochromanol levels in maize grain. Of the 13 genes identified, two novel genes (samt1, 

vte7) were first implicated as large-effect loci, and two a priori genes (dxs1, vte5) identified 

had not been previously shown to be associated with natural variation of tocochromanols in 

maize grain (Li et al., 2012; Lipka et al., 2013; Diepenbrock et al., 2017; Wang et al., 2018). 

A total of 11 a priori pathway genes were identified in this study through the 

combination of GWAS, TWAS and FCT. These 11 genes are involved in the head group 

biosynthesis (two arodeH2 copies, hppd1), tail group biosynthesis (dxs1, dxs2, vte5, por1, and 

por2), and core tocochromanol pathway (hggt1, vte1, and vte4), which has been consistent 

with their known biological activities (Shintani and DellaPenna, 1998; Cahoon et al., 2003; 

Cheng et al., 2003; Collakova and DellaPenna, 2003; Karunanandaa et al., 2005; Valentin et 

al., 2006; Hunter and Cahoon, 2007; DellaPenna and Mène-Saffrané, 2011). As a result of the 

high resolution of this Ames panel, vte1 and hppd1, located in the pericentromeric region of 

chromosome 5 and previously unresolvable in the U.S. NAM and the Goodman-Buckler 

association panel (Lipka et al., 2013; Diepenbrock et al., 2017), can now be distinctly 

resolved to gene levels in our study (Table 4.2, Supplemental Figures S4.3 - S4.10, 

https://paperpile.com/c/QdPMVH/wGTx+5etZx+09ux5+UT1r
https://paperpile.com/c/QdPMVH/wGTx+5etZx+09ux5+UT1r
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https://paperpile.com/c/QdPMVH/wGTx+5etZx+09ux5+UT1r
https://paperpile.com/c/QdPMVH/wGTx+5etZx+09ux5+UT1r
https://paperpile.com/c/QdPMVH/wGTx+5etZx+09ux5+UT1r
https://paperpile.com/c/QdPMVH/wGTx+5etZx+09ux5+UT1r
https://paperpile.com/c/QdPMVH/wGTx+5etZx+09ux5+UT1r
https://paperpile.com/c/QdPMVH/MpMh+uOAi+Q5P4+JUG4+G42m+wQto+a76v+FDq6
https://paperpile.com/c/QdPMVH/MpMh+uOAi+Q5P4+JUG4+G42m+wQto+a76v+FDq6
https://paperpile.com/c/QdPMVH/MpMh+uOAi+Q5P4+JUG4+G42m+wQto+a76v+FDq6
https://paperpile.com/c/QdPMVH/MpMh+uOAi+Q5P4+JUG4+G42m+wQto+a76v+FDq6
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Supplemental Table S4.8). Notably, the two por genes, encoding chlorophyll biosynthesis 

pathway enzymes and novel genes firstly implicated in Diepenbrock et al. (2017) to control 

the level of tocopherols in non-green, non-photosynthetic maize grains, were also top-ranked 

genes in GWAS, TWAS and FCT for tocopherols in this study. 

On chromosome 5, two arodeH2 copies (Zm00001d014734 and Zm00001d014737) 

were identified in GWAS of γΤ3 and ΣΤ3 (Table 4.2). These two genes were ~18 kb apart, 

with Zm00001d014737 closer to the peak GWAS SNP (5_61159296). These two genes were 

both within NAM JL-QTL CSI 25 of Diepenbrock et al. (2017), and only Zm00001d014734 

was identified as the causal gene. Interestingly, although Zm00001d014734 was not a 

ceeQTL in U.S. NAM (defined as ‘significant correlations between expression values and JL-

QTL allelic effect estimates at more than two time points for at least one trait’), the expression 

of Zm00001d014737 was significantly correlated with JL-QTL allelic effect estimates of ΣΤ3 

at 12 and 16 DAP developing grain, making it a ceeQTL. Therefore, it is possible that 

Zm00001d014737 is the actual causal gene within the genomic region, or both copies are 

involved in the head group biosynthesis. However, we do not have enough evidence to more 

strongly support one hypothesis over the other, and further studies would be needed to 

illustrate their respective functions and interactions. 

A pair of homologs encoding 1-deoxy-D-xylulose-5-phosphate synthases were 

identified in TWAS for δT3 (dxs2), γT3 (dxs1 and dxs2), and ΣT3 (dxs2). Of the two genes, 

dxs2 has been previously reported to be associated with tocotrienols (Diepenbrock et al., 

2017), while to the best of our knowledge, this is the first time that the expression of dxs1 has 

been reported to affect the tocotrienol levels in mature maize grain. In the U.S. NAM panel, 

https://paperpile.com/c/QdPMVH/09ux5/?noauthor=1
https://paperpile.com/c/QdPMVH/09ux5/?noauthor=1
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dxs1 resides within QTL32 (Supplemental Table S4.6), which spanned ~26 Mb on 

chromosome 6 for αT, γT3, ΣT3 and ΣTT3; however, the significant GWAS SNPs were all 

more than 2 Mb from dxs1 (Supplemental Table S4.7). In agreement with Diepenbrock et al. 

(2017), the expression of dxs2 was strongly associated with solely tocotrienol phenotypes, 

although dxs2 was not identified in GWAS for any tocotrienol phenotypes in this study. The 

cis-eQTL of dxs2 was the second highest peak in eQTL and its peak SNP was located 800 kb 

from the ORF of dxs2, potentially explaining the lack of GWAS detection of dxs2 in this 

panel. The most significant eQTL for dxs2 was located on chromosome 6 and 1.5 kb from 

Zm00001d036345 (phytoene synthase 1; psy1) (Supplemental Table S4.13), which encodes 

the enzyme in the first committed step of carotenoid biosynthesis (Hirschberg, 2001). The 

epistatic interaction of psy1 and dxs2 had been reported before in tomato (Lois et al., 2000; 

Kachanovsky et al., 2012), but this is the first time that this regulatory role of psy1 to dxs2 has 

been observed in maize grain. 

A novel gene (samt1) was identified for δT on chromosome 5 through both GWAS 

and TWAS, which encodes a S-adenosylmethionine carrier 1 that transports SAM through 

plastid envelopes (Bouvier et al., 2006; Palmieri et al., 2006). In the U.S. NAM panel, this 

gene was located within JL-QTL CSI 29 for δT, δT3, and ΣTT3; however, as the GWAS 

signal was more than 100 Kb away from the gene this interval was not resolved to gene level 

(Diepenbrock et al., 2017). SAM is an important substrate for both chlorophyll and 

tocochromanol biosynthesis, with Arabidopsis knockout mutants showing significantly 

lowered chlorophyll and αT levels and slightly increased γT level in Arabidopsis (Bouvier et 

al., 2006). This same pattern of chlorophyll and αT level decreases and γT level increase was 

https://paperpile.com/c/QdPMVH/09ux5/?noauthor=1
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also observed in the independent experiment with the SAMT1–silenced N. benthamiana plants 

(Bouvier et al., 2006). It is possible that this SAM transporter can affect the level of δT both 

directly in the tocochromanol biosynthesis pathway as the cosubstrate of vte3 and vte4 (Lipka 

et al., 2013) and also indirectly through chlorophyll biosynthesis pathway, given the large 

effect sizes of por1 and por2 suggesting vital role of chlorophyll in tocopherol biosynthesis 

(Diepenbrock et al., 2017). In the U.S. NAM panel, samt1 was a ceeQTL, its expression in 16 

and 20 DAP developing grains having significant and negative correlations (r < -0.5) with the 

allelic effect estimates of δT. Given that chlorophyll levels should be positively correlated 

with tocopherol levels as the direct and major donor of phytol group for tocopherol 

biosynthesis (Diepenbrock et al., 2017), these negative correlations would suggest that samt1 

is more likely to affect δT level directly as cosubstrate of vte4, as increased SAM could lead 

to more δT being catalyzed by vte4. Interestingly, we did not find strong evidence of samt1 

affecting the levels of the γ- and α- branch of tocopherol. It is possible that vte3 and vte4 have 

different affinity towards SAM and as MAF of eight SNPs within vte3 are all less than 0.1 in 

the Ames panel, statistical power was not enough to differentiate the effect of samt1 on the γ- 

and α- branch of tocopherol biosynthesis. Further study would be needed to fully illustrate the 

functionality of samt1 in tocochromanol biosynthesis. 

Another novel locus identified in GWAS was vte7 on chromosome 2 for δT, which 

consists of tandemly duplicated genes that encode an alpha/beta-hydrolase (Albert et al. in 

prep). This gene was recently characterized to be a plastid-localized hydrolase that links the 

chlorophyll and tocopherol biosynthesis pathways and regulates the tocopherol levels in both 

Arabidopsis and maize. Separate TWAS was conducted for vte7 due to the tandem 
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duplication (Zm00001d006778 and Zm00001d006779) in the B73 RefGen_v4 genome, and 

compared with TWAS of genome-wide genes. None of the rankings were within top 0.5% in 

TWAS, with the highest ranking being top 0.6% for δT. This gene was located within the JL-

QTL CSI 12 in the U.S. NAM panel for δT, αT, γT, ΣT and ΣTT3 (Diepenbrock et al., 2017). 

However, the most significant GWAS marker was ~500 Kb from the gene and therefore this 

JL-QTL was not resolved in that study. Notably, only one copy of vte7 was observed in the de 

novo assemblies of all other NAM parents (Hufford, Seetharam and Woodhouse, 2021). We 

also checked for tandem duplication in the de novo assemblies of five stiff stalks (B84, 

LH145, NKH8431, PHB47, PHJ40) (available at http://maize.plantbiology.msu.edu), and 

only NKH8431, which has a B73 background, has the tandem duplication within the genome. 

In the U.S. NAM panel, as all of the other parents have a single copy of vte7, we would 

expect this QTL to be detected in all families if copy number variation at this locus is causal 

(Diepenbrock et al., 2017). In fact, this QTL was detected in 18, 17, and 16 families out of the 

25 NAM families for δΤ, γΤ, ΣT, respectively. Therefore, we lack enough evidence to 

determine whether causality is attributed to structural (tandem gene duplication) and/or non-

structural variants (SNP, indel) at this locus. In addition, suggestive of an association between 

the expression level of the vte7 locus and δT accumulation, we detected a weak TWAS signal 

for this locus with merged read counts, ranking at 0.6% for δT. 

Through the integration of GWAS, TWAS and eQTL results, we observed that the 

distance of GWAS to eQTL signal peak SNPs could be a strong indicator for our ability to 

detect the causal genes in TWAS. Although we only had a total of 13 and nine 

gene*phenotype combinations within the proximal group and distal group, respectively, we 
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still observed a weakly significant difference of the means of TWAS rankings between the 

two groups. Interestingly, in a study with 41 diverse maize phenotypes, Wallace et al. (2014) 

observed a main peak at ~25 kb between genome-wide SNPs to their nearest genes, as well as 

a secondary peak for only GWAS-hit SNPs at ~1-5 kb. This is consistent with our observation 

that the proximal group has a median of 1.0 and 0.7 kb for the distances between the gene and 

its GWAS and eQTL peak SNPs, respectively, coinciding with the expected location of 

promoters and short-range regulatory elements. For the proximal group, where the GWAS 

signal co-locate with the cis-eQTL signal, the causal variants that regulate gene expression 

and tocochromanol levels are likely to be the same or in strong LD. This in turn could result 

in a strong association between the transcript abundance and tocochromanol level, and a high 

ranking of the gene in TWAS. Contrastingly, the cis-eQTL and GWAS peak SNPs are not 

tagging the same genomic region in the distal group. As we only examined the peak SNPs 

from each analysis, there could be a less significant GWAS SNP signal in the vicinity of the 

gene that co-localize with eQTL peak SNP, and vice versa. Therefore, the regulatory region 

for gene expression may or may not be strongly associated with tocochromanol levels, and as 

a result, we observed a wide range of TWAS ranking in the distal group (0.009% - 96.634%).  

CONCLUSIONS 

We identified a total of 13 causal genes controlling the accumulation of nine tocochromanols 

in the grain of maize Ames panel through an integrated approach that combined GWAS and 

TWAS results. The identification of the novel genes samt1 and vte7, together with the novel 

association of two a priori pathway genes vte5 and dxs1 with tocochromanol accumulation, 

https://paperpile.com/c/QdPMVH/WihP/?noauthor=1
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demonstrates the superior statistical power and mapping resolution achieved by the Ames 

panel and the combined GWAS/TWAS approach to study the genetic basis for complex traits. 

The novel gene vte7 is hypothesized to be the missing gene that connects the chlorophyll and 

tocopherol biosynthesis pathways by providing phytol from a chlorophyll-based cycle 

proposed in Diepenbrock et al. (2017). And the identification of samt1 implies that, together 

with vte4 and vte3, the composition of tocochromanol isoforms could be more accurately 

modified through breeding. However, additional studies are needed to further validate the 

functions of the novel genes through gene editing or mutagenesis experiments. Through eQTL 

mapping, we determined that the 13 causal genes were regulated primarily by cis-eQTL, with 

only five trans-eQTL identified for four genes. A carotenoid pathway gene, psy1, which had a 

known epistatic interaction with dxs2, was first proposed to play a regulatory role in dxs2 

expression in maize grain. In summary, our work presented the most comprehensive analysis 

that utilized genomic and transcriptomic data on the large-scale to genetically dissect natural 

variations of tocochromanols in maize grain, and provided insights into the new breeding 

targets that could be tailored to provide an ideal tocochromanol profile for human nutritional 

intake. 

SUPPLEMENTAL INFORMATION 

Supplemental Figure S4.1. Correlation matrix for untransformed BLUE values for 

nine tocochromanol grain phenotypes in the Ames panel. Pearson’s correlation coefficients (r) 

calculated with the function ‘cor’ in R are presented in the upper triangle, whereas the 

corresponding P-values for the significance of correlations (α = 0.05) are displayed below the 

https://paperpile.com/c/QdPMVH/09ux5/?noauthor=1
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diagonal. The untransformed BLUE values were used to represent the true directionality of 

the relationship between phenotypes. 

Supplemental Figure S4.2. Sources of variation for nine tocochromanol grain 

phenotypes in the Ames panel. The phenotypic variance was statistically partitioned into the 

following components: G: genotype; G×Y: genotype × year; Y: year; Field: tier(year), 

pass(tier × year), range(tier × year); Plate: plate(year); and REV: residual error variance. 

Variance components were estimated by refitting the full model from Equation 4.1 with 

genotype as a random effect. 

Supplemental Figure S4.3. GWAS, TWAS and FCT results for αT. A: Upset plot 

showing the number of overlapping genes between GWAS, TWAS, FCT, and a priori 

pathway genes involved in the biosynthesis of chlorophylls and tocochromanols 

(Supplemental Table S4.5). The number of genes that are within the NAM JL-QTL CSI for 

αT3 is highlighted in blue in the bar plots. B: Manhattan plots of GWAS, TWAS, and FCT 

results. Red horizontal dashed lines indicate the thresholds of top 0.02%, top 0.5% and top 

0.5% for GWAS, TWAS, and FCT, respectively. Causal genes (Table 4.2) that are within 100 

kb of a top 0.02% GWAS peak SNP or ranked top 0.5% in TWAS or FCT are highlighted 

with red dots and labeled in black in the Manhattan plots. Causal genes that are within 1 Mb 

of a top 0.02% GWAS peak SNP are labeled in gray. Novel genes are marked with a black 

rectangle. 

Supplemental Figure S4.4. GWAS, TWAS and FCT results for αT3. A: Upset plot 

showing the number of overlapping genes between GWAS, TWAS, FCT, and a priori 

pathway genes involved in the biosynthesis of chlorophylls and tocochromanols 
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(Supplemental Table S4.5). The number of genes that are within the NAM JL-QTL CSI for 

αT3 is highlighted in blue in the bar plots. B: Manhattan plots of GWAS, TWAS, and FCT 

results. Red horizontal dashed lines indicate the thresholds of top 0.02%, top 0.5% and top 

0.5% for GWAS, TWAS, and FCT, respectively. Causal genes (Table 4.2) that are within 100 

kb of a top 0.02% GWAS peak SNP or ranked top 0.5% in TWAS or FCT are highlighted 

with red dots and labeled in black in the Manhattan plots. Causal genes that are within 1 Mb 

of a top 0.02% GWAS peak SNP are labeled in gray. Novel genes are marked with a black 

rectangle. 

Supplemental Figure S4.5. GWAS, TWAS and FCT results for δT3. A: Upset plot 

showing the number of overlapping genes between GWAS, TWAS, FCT, and a priori 

pathway genes involved in the biosynthesis of chlorophylls and tocochromanols 

(Supplemental Table S4.5). The number of genes that are within the NAM JL-QTL CSI for 

αT3 is highlighted in blue in the bar plots. B: Manhattan plots of GWAS, TWAS, and FCT 

results. Red horizontal dashed lines indicate the thresholds of top 0.02%, top 0.5% and top 

0.5% for GWAS, TWAS, and FCT, respectively. Causal genes (Table 4.2) that are within 100 

kb of a top 0.02% GWAS peak SNP or ranked top 0.5% in TWAS or FCT are highlighted 

with red dots and labeled in black in the Manhattan plots. Causal genes that are within 1 Mb 

of a top 0.02% GWAS peak SNP are labeled in gray. Novel genes are marked with a black 

rectangle. 

Supplemental Figure S4.6. GWAS, TWAS and FCT results for γT. A: Upset plot 

showing the number of overlapping genes between GWAS, TWAS, FCT, and a priori 

pathway genes involved in the biosynthesis of chlorophylls and tocochromanols 
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(Supplemental Table S4.5). The number of genes that are within the NAM JL-QTL CSI for 

αT3 is highlighted in blue in the bar plots. B: Manhattan plots of GWAS, TWAS, and FCT 

results. Red horizontal dashed lines indicate the thresholds of top 0.02%, top 0.5% and top 

0.5% for GWAS, TWAS, and FCT, respectively. Causal genes (Table 4.2) that are within 100 

kb of a top 0.02% GWAS peak SNP or ranked top 0.5% in TWAS or FCT are highlighted 

with red dots and labeled in black in the Manhattan plots. Causal genes that are within 1 Mb 

of a top 0.02% GWAS peak SNP are labeled in gray. Novel genes are marked with a black 

rectangle. 

Supplemental Figure S4.7. GWAS, TWAS and FCT results for γT3. A: Upset plot 

showing the number of overlapping genes between GWAS, TWAS, FCT, and a priori 

pathway genes involved in the biosynthesis of chlorophylls and tocochromanols 

(Supplemental Table S4.5). The number of genes that are within the NAM JL-QTL CSI for 

αT3 is highlighted in blue in the bar plots. B: Manhattan plots of GWAS, TWAS, and FCT 

results. Red horizontal dashed lines indicate the thresholds of top 0.02%, top 0.5% and top 

0.5% for GWAS, TWAS, and FCT, respectively. Causal genes (Table 4.2) that are within 100 

kb of a top 0.02% GWAS peak SNP or ranked top 0.5% in TWAS or FCT are highlighted 

with red dots and labeled in black in the Manhattan plots. Causal genes that are within 1 Mb 

of a top 0.02% GWAS peak SNP are labeled in gray. Novel genes are marked with a black 

rectangle. 

Supplemental Figure S4.8. GWAS, TWAS and FCT results for ΣT. A: Upset plot 

showing the number of overlapping genes between GWAS, TWAS, FCT, and a priori 

pathway genes involved in the biosynthesis of chlorophylls and tocochromanols 
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(Supplemental Table S4.5). The number of genes that are within the NAM JL-QTL CSI for 

αT3 is highlighted in blue in the bar plots. B: Manhattan plots of GWAS, TWAS, and FCT 

results. Red horizontal dashed lines indicate the thresholds of top 0.02%, top 0.5% and top 

0.5% for GWAS, TWAS, and FCT, respectively. Causal genes (Table 4.2) that are within 100 

kb of a top 0.02% GWAS peak SNP or ranked top 0.5% in TWAS or FCT are highlighted 

with red dots and labeled in black in the Manhattan plots. Causal genes that are within 1 Mb 

of a top 0.02% GWAS peak SNP are labeled in gray. Novel genes are marked with a black 

rectangle. 

Supplemental Figure S4.9. GWAS, TWAS and FCT results for ΣT3. A: Upset plot 

showing the number of overlapping genes between GWAS, TWAS, FCT, and a priori 

pathway genes involved in the biosynthesis of chlorophylls and tocochromanols 

(Supplemental Table S4.5). The number of genes that are within the NAM JL-QTL CSI for 

αT3 is highlighted in blue in the bar plots. B: Manhattan plots of GWAS, TWAS, and FCT 

results. Red horizontal dashed lines indicate the thresholds of top 0.02%, top 0.5% and top 

0.5% for GWAS, TWAS, and FCT, respectively. Causal genes (Table 4.2) that are within 100 

kb of a top 0.02% GWAS peak SNP or ranked top 0.5% in TWAS or FCT are highlighted 

with red dots and labeled in black in the Manhattan plots. Causal genes that are within 1 Mb 

of a top 0.02% GWAS peak SNP are labeled in gray. Novel genes are marked with a black 

rectangle. 

Supplemental Figure S4.10. GWAS, TWAS and FCT results for ΣTT3. A: Upset 

plot showing the number of overlapping genes between GWAS, TWAS, FCT, and a priori 

pathway genes involved in the biosynthesis of chlorophylls and tocochromanols 



 

 

 

 

 

141 

(Supplemental Table S4.5). The number of genes that are within the NAM JL-QTL CSI for 

αT3 is highlighted in blue in the bar plots. B: Manhattan plots of GWAS, TWAS, and FCT 

results. Red horizontal dashed lines indicate the thresholds of top 0.02%, top 0.5% and top 

0.5% for GWAS, TWAS, and FCT, respectively. Causal genes (Table 4.2) that are within 100 

kb of a top 0.02% GWAS peak SNP or ranked top 0.5% in TWAS or FCT are highlighted 

with red dots and labeled in black in the Manhattan plots. Causal genes that are within 1 Mb 

of a top 0.02% GWAS peak SNP are labeled in gray. Novel genes are marked with a black 

rectangle. 

Supplemental Figure S4.11. Manhattan plots of eQTL mapping results of the causal 

genes identified for the tocochromanol grain phenotypes (Table 4.2) in the Ames panel. Each 

point represents a SNP with its -log10 P-value (y-axis) from a mixed linear model analysis 

plotted as a function of physical position (B73 RefGen_v4) across the 10 chromosomes of 

maize (x-axis). The red horizontal dashed line indicates the significant threshold after 

Bonferroni correction (α = 0.05). 

Supplemental Figure S4.12. Box plots showing the GWAS, TWAS and eQTL results 

of the causal genes. Results were grouped according to the physical distance between GWAS 

and cis-eQTL peak SNPs. For GWAS and eQTL, results of peak SNPs were used. 

Supplemental Table S4.1. Lambda values used in Box-Cox transformation of nine 

tocochromanol grain phenotypes in the Ames panel. 

Supplemental Table S4.2. Untransformed best linear unbiased estimators (μg g–1) of 

nine tocochromanol grain phenotypes in the Ames panel. 

Supplemental Table S4.3. Transformed best linear unbiased estimators (μg g–1) of 
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nine tocochromanol grain phenotypes in the Ames panel. 

Supplemental Table S4.4. Number of samples and genes in the TWAS pipeline. 

Supplemental Table S4.5. Genomic information for the 125 a priori candidate genes 

in the tocochromanol and chlorophyll biosynthesis pathways. Causal genes that were 

identified in GWAS, TWAS and FCT in this Ames panel are bolded (Supports Table 4.2). 

Supplemental Table S4.6. Joint-linkage QTL results of nine tocochromanol grain 

phenotypes analyzed in the maize NAM panel (Diepenbrock et al., 2017) uplifted from 

RefGen_v2 to v4. 

Supplemental Table S4.7. Genome-wide association study results of nine 

tocochromanol grain phenotypes analyzed in the maize NAM panel (Diepenbrock et al., 

2017) uplifted from RefGen_v2 to v4. Only NAM marker variants with resample model 

inclusion probability (RMIP) ≥ 0.05 are shown and those that reside within joint-linkage QTL 

support intervals (Supplemental Table S4.6) are demarcated in the “NAM JL-QTL CSI ID” 

column. 

Supplemental Table S4.8. Rice and Arabidopsis homologs of samt1. 

Supplemental Table S4.9. Genomic information (RefGen_v4) for the candidate genes 

within ± 100 kb of the peak SNPs identified in the genome-wide association study. 

Supplemental Table S4.10. Genomic information (B73 RefGen_v4) for the genes in 

top 0.5% for the nine tocochromanol grain phenotypes in the transcriptome-wide association 

studies. 

Supplemental Table S4.11. Genomic information (RefGen_v4) for the SNP-gene 

pairs that were in top 0.5% for the nine tocochromanol grain phenotypes in the Fisher's 
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combined test. 

Supplemental Table S4.12. Significant results from a genome-wide association study 

of nine tocochromanol grain phenotypes in the Ames panel. 

Supplemental Table S4.13. Significant results from a multi-locus mixed-model 

analysis of nine tocochromanol grain phenotypes in the Ames panel. 

Supplemental Table S4.14. Cis- and trans-eQTL of the 13 causal genes (Table 4.2) 

identified for tocochromanol phenotypes in the Ames panel. Genomic information 

(RefGen_v4) for the candidate genes within ± 100 kb of the trans-eQTL peak SNPs were 

presented. Two candidate causal genes underlying trans-eQTL of dxs1 and dxs2 are bolded 

(supports Figure 4.3). 

Supplemental Table S4.15. Directionality of association between gene expression 

(PEER) and nine tocochromanol phenotypes. Gene-trait pairs that were significant in TWAS 

(Table 4.2) are bolded. 
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Chapter 5 Chlorophyll dephytylation is the main phytol provider for 

tocopherol synthesis in maize grain 

ABSTRACT 

Tocopherol is a class of tocochromanols exhibiting high vitamin E activity. However, the 

mechanism of phytol synthesis, one of the key precursors of tocopherols, is still largely 

unknown in cereal seeds, a non-photosynthetic tissue. Recently, two protochlorophyllide 

reductases (por1 and por2) involved in chlorophyll synthesis were identified as large-effect 

loci controlling the concentration of tocopherols in maize grain in the U.S. nested association 

mapping (NAM) panel. In this study, we further investigated the involvement of por1 and 

por2 in a hypothesized chlorophyll-based cycle in the provision of phytol for tocopherol 

synthesis in maize grain. Three differential light treatments (high-light, light-deprived, and 

control) were applied to developing kernels on self-pollinated ears of several parents of the 

U.S. NAM panel with contrasting por1 and por2 effects. Significant genotype, treatment, and 

genotype × treatment effects were observed for all tocopherol phenotypes (α-, δ-, γ-, and total 

tocopherols) measured on mature grain and developing embryo samples. In contrast to 

tocotrienol phenotypes (α-, δ-, γ-, and total tocotrienols), near-zero and significantly lower 

tocopherol levels were observed in grain samples from light-deprived ears relative to high-

light and control ears, suggesting the involvement of chlorophyll dephytylation in tocopherol 

synthesis. Expression profiling of developing maize embryos revealed limited light-mediated 

control of gene expression in the isopentenyl pyrophosphate pathway and prenyl group 

synthesis relative to the chlorophyll pathway, implying that phytyl diphosphate for producing 
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tocopherols is mostly synthesized from chlorophyll-derived phytol. Overall, our study 

provides evidence that strongly supports the hypothesis that the predominant generation of 

phytol for tocopherol synthesis results from a chlorophyll-based cycle that occurs in the 

embryo of maize grain. 

INTRODUCTION 

Vitamin E is an essential micronutrient for the human diet. Substandard dietary intake of 

vitamin E can result in a higher risk of cardiovascular disease and a weakened immune system 

(Wolf, 2005). The lipid-soluble compounds synthesized in plants with a range of vitamin E 

and antioxidant activities are collectively known as tocochromanols, which are structurally 

separated into two classes, tocotrienols and tocopherols. Each class has four isoforms: α, β, δ, 

and γ. Of the two tocochromanol classes, tocopherols generally have higher vitamin E 

activity, with α-tocopherol conferring the highest vitamin E activity on a molar basis (Leth & 

Søndergaard, 1977). In plants, tocochromanols are important antioxidants, providing 

protection to lipids by quenching reactive oxygen species in photosynthetic tissues and lipid 

peroxy radicals resulting from peroxidation of polyunsaturated fatty acids in the seed 

(Collakova & DellaPenna, 2003; X. Liu et al., 2008; Sattler et al., 2004).  

The core tocopherol biosynthesis pathway has been well-characterized in Arabidopsis 

thaliana (DellaPenna & Mène-Saffrané, 2011). The committed step of tocopherol synthesis is 

catalyzed by vte2 (homogentisate phytyltransferase), which condenses homogentisic acid 

(HGA) and phytyl diphosphate (PDP) to produce 2-methyl-6-phytyl-1,4-benzoquinol 

(MPBQ), the immediate precursor of the four tocopherol isoforms. This condensation reaction 

https://paperpile.com/c/UbN1kI/UYGo
https://paperpile.com/c/UbN1kI/99tC
https://paperpile.com/c/UbN1kI/99tC
https://paperpile.com/c/UbN1kI/nhJ1+85am+3WBX
https://paperpile.com/c/UbN1kI/3qAgt
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is a rate-limiting step for overall tocopherol biosynthesis (Collakova & DellaPenna, 2003). 

Also, the low availability of tocopherol precursors, especially HGA and phytol, could 

significantly limit tocopherol synthesis (reviewed in Mène-Saffrané & Pellaud, 2017). PDP 

could originate from isoprenoid synthesis via the reduction of geranylgeranyl-diphosphate 

(GGDP) by geranylgeranyl reductase (GGR) (Keller et al., 1998), or synthesized via the two-

step phosphorylation of free phytol by phytol kinase (vte5) and phytol phosphate kinase (vte6) 

(Valentin et al., 2006; Vom Dorp et al., 2015). In photosynthetic tissues, the supply of phytol 

for tocopherol synthesis is majorly dependent on chlorophyll breakdown (Vom Dorp et al., 

2015). In addition to chlorophyll breakdown, the chlorophyll-salvage cycle is primarily 

involved in the release of chlorophyllide a and phytol in the dephytylation of chlorophyll a 

(Lin et al., 2014, 2016; P. Wang & Grimm, 2021). Despite the identification of enzymes 

involved in the dephytylation of chlorophyll, the singular or combined role of these enzymes 

in providing phytol for tocopherol biosynthesis in seed is not well understood (reviewed in 

Lin & Charng, 2021). 

Recently, two genes encoding protochlorophyllide reductases (por1 and por2) were 

implicated as loci responsible for the genetic control of mature grain tocopherol 

concentrations in the U.S. nested association mapping (NAM) panel (Diepenbrock et al., 

2017). These two homologs encode key enzymes involved in the light-dependent synthesis of 

chlorophyll (Buhr et al., 2017) and underlie the largest effect loci associated with total 

tocopherols despite that maize grain is a non-green, non-photosynthetic tissue. Diepenbrock et 

al. (2017) hypothesized that a chlorophyll-based cycle instead of chlorophyll degradation is 

responsible for supplying the phytol needed for tocopherol synthesis in the embryo. In further 

https://paperpile.com/c/UbN1kI/85am
https://paperpile.com/c/UbN1kI/hzJ7/?prefix=reviewed%20in
https://paperpile.com/c/UbN1kI/SzWe
https://paperpile.com/c/UbN1kI/aBq4+hQG0
https://paperpile.com/c/UbN1kI/hQG0
https://paperpile.com/c/UbN1kI/hQG0
https://paperpile.com/c/UbN1kI/rAEU+mtqW+TcyE
https://paperpile.com/c/UbN1kI/lSwz/?prefix=reviewed%20in
https://paperpile.com/c/UbN1kI/lSwz/?prefix=reviewed%20in
https://paperpile.com/c/UbN1kI/cD6aF
https://paperpile.com/c/UbN1kI/cD6aF
https://paperpile.com/c/UbN1kI/WxIC
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154 

support of this hypothesis, a plastid-localized alpha/beta hydrolase (vte7) was identified and 

proposed to be the primary hydrolase that provides the majority of phytol from chlorophyll, 

thus regulating tocopherol levels in monocot and dicot seeds (Albert et al. in prep). The 

involvement of por2 in tocopherol biosynthesis was additionally confirmed by Zhan et al. 

(2019), as the transgenic overexpression of por2 increased tocopherol levels in maize leaf and 

grain tissues. Additionally, Zhan et al. (2019) observed the concomitant dramatic increase in 

total tocopherol and por2 expression levels several days after pollination in the flag leaves of 

non-transgenic, near-isogenic lines for por2. Given these findings, the authors proposed that 

the large demand of precursors for tocopherol biosynthesis in the grain is met by chlorophyll 

turnover in maternal leaves through a yet to be described mechanism.  

In this study, we conducted a field experiment that utilized several parents of the U.S. 

NAM panel that had contrasting allelic effects at por1 and por2 to investigate the role of these 

two loci in tocopherol biosynthesis in maize grain. The two main objectives of our study were 

to (i) confirm the involvement of a chlorophyll-based cycle in synthesis of tocopherol in 

grain, and (ii) determine which tissue is primarily responsible for the provision of phytol for 

the synthesis of grain tocopherols. 

MATERIALS AND METHODS 

Experimental design 

To evaluate the involvement of chlorophyll in the synthesis of tocopherols, a field experiment 

was conducted in 2018 that included seven parents of the U.S. NAM panel with contrasting 

allelic effects at por1 and por2 (Diepenbrock et al., 2017). Included in the experiment were 

https://paperpile.com/c/UbN1kI/Cwvm/?noauthor=1
https://paperpile.com/c/UbN1kI/Cwvm/?noauthor=1
https://paperpile.com/c/UbN1kI/cD6aF
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B97 and M37W with large negative por1 effects, NC358 and Ki11 with large positive por2 

effects, and MS71 and OH7B with large effects for both por1 (negative) and por2 (positive) 

compared to B73. We also included B73 as a check line, given that it is the common parent 

for the U.S. NAM panel. The seven NAM parents were planted in a split-plot design with two 

replications at Cornell University’s Musgrave Research Farm in Aurora, NY. Each plot 

consisted of three subplots, with high-light, light-deprivation, and control treatments 

randomly assigned to each subplot. Each experimental unit was a one-row subplot with a 

length of 5.33 m, an inter-row spacing of 0.76 m, and a 0.76 m alley at the end of each 

subplot. For each subplot, a total of 20 seeds were planted, and the primary ears of at least 

four plants were self-pollinated by hand to ensure sufficient materials for the experiment. At 

12 days after pollination (DAP), pollination bags of the high-light ears were removed, and the 

outer husk leaves were peeled until only three to four layers of husk leaves remained. This 

allowed high light exposure (30–50 μmol/m2/s) while still retaining sufficient moisture for the 

ear over grain development. For the light-deprived ears, constructed foil bags were used to 

enshroud pollination bags, thus essentially preventing exposure of ears to light (0.00–0.01 

μmol/m2/s). To represent typical self-pollinated ear conditions, the ears of the control 

treatment remained in medium water-proof pollination bags (MIDCO Global, St. Louis, MO) 

that allowed ~50 μmol/m2/s light to pass through them. Given that there were multiple layers 

of husk leaves that could additionally reduce light penetration, the light levels reaching the 

kernels were at even lower levels (< 50 μmol/m2/s) for the control treatment. 

At 24 DAP, three ears per subplot were collected for providing developing kernels for 

dissection. Harvested ears were dehusked, inserted into a pollination bag, and immediately 
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placed on wet ice in a cooler (IGLOO, Katy, TX) with a closed lid for transport to the field 

house. For light-deprived ears, foil bags were placed back on pollination bags for reduced 

light exposure to ears prior to placing them in the cooler. For each subplot, 20 kernels from 

each of the three ears were hand-dissected into embryo and endosperm tissues. The kernels 

were dissected in a dark room with each dissector wearing a green headlamp to limit the 

initiation of light-regulated reactions. Next, five embryos from each ear were placed in one of 

four 2 mL centrifuge tubes, resulting in four tubes that each had 15 embryos (i.e., a bulk of 

embryos, with each tube having five embryos from each of the three ears). These tubes were 

immediately frozen in liquid nitrogen before temporarily storing on dry ice for transport to the 

laboratory and storage in a −80 °C freezer prior to RNA extraction and metabolite 

quantification. 

The remaining ears (3–13 individual ears) in each subplot were harvested at 

physiological maturity. Harvested ears were individually shelled and maintained separately. 

Tocochromanols were extracted from ground mature grain (~30 mg) and 24 DAP embryo (a 

~15 mg subsample from 30 ground embryos) samples and quantified by high-performance 

liquid chromatography (HPLC) following the method of Lipka et al. (2013). A total of nine 

tocochromanol phenotypes were evaluated in μg g−1: α-tocopherol (αT), δ-tocopherol (δT), γ-

tocopherol (γT), α-tocotrienol (αT3), δ-tocotrienol (δT3), γ-tocotrienol (γT3), total 

tocopherols (ΣT; αT + δT + γT), total tocotrienols (ΣT3; αT3 + δT3 + γT3), and total 

tocochromanols (ΣTT3; total tocopherols + total tocotrienols). These phenotypes were scored 

on 343 mature grain and 42 embryo samples from 42 subplots (Supplemental Tables S5.1 and 

S5.2). In addition to tocochromanols, the level of chlorophyll a was measured on the 42 

https://paperpile.com/c/UbN1kI/r9Ob/?noauthor=1
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pooled embryo samples as described in Diepenbrock et al. (2017). 

In 2019, the experiment was repeated with only four NAM parents, B73, B97, Ki11, 

and OH7B. These four parents are a subset of the seven NAM parents selected in 2018, and 

apart from B73, each had large por1 and/or por2 effects. Consistent with 2018, a split-plot 

design with two replications was used for the same three light treatments, for a total of 24 

experimental units. Resulting from a weather-delayed field planting, all six subplots of Ki11 

and one subplot of OH7B with high-light treatment were late maturing and thus not harvested. 

A total of 75 mature grain samples harvested from individual plants across the 17 subplots 

were prepared and scored for tocochromanols with the same HPLC method as described 

above (Supplemental Table S5.3). 

RNA isolation and expression data processing 

For each subplot in the 2018 field experiment, 30 embryos were ground in liquid nitrogen, 

followed by subsampling 100–200 mg of ground tissue for RNA extraction using a modified 

hot borate method (Wan & Wilkins, 1994). RNA was DNase treated and checked for purity 

and quality using a NanoDrop spectrophotometer (Thermo Fisher Scientific, Wilmington, 

DE). High quality RNA was used to construct Illumina TruSeq Stranded mRNA libraries 

(Illumina, San Diego, CA), which were sequenced on an Illumina HiSeq4000 (Illumina, San 

Diego, CA) at the Resource Technology Support Facility at Michigan State University. 

RNAseq reads were trimmed using Cutadapt version 1.18 (Martin, 2011) with a 

quality cutoff score of 20 and a minimum read length of 30 nt. Trimmed RNAseq reads were 

aligned to the B73 RefGen_v4 reference genome (Jiao et al., 2017) using HISAT2 version 

https://paperpile.com/c/UbN1kI/cD6aF/?noauthor=1
https://paperpile.com/c/UbN1kI/ugBr7
https://paperpile.com/c/UbN1kI/frdri
https://paperpile.com/c/UbN1kI/CBsuN
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2.1.0 (Kim et al., 2019) with the following parameters: --min-intronlen 20’ and --max-

intronlen 60000 in stranded mode. Read alignments were used to generate Fragments per 

Kilobase of transcript per Million mapped reads (FPKMs) using Cufflinks2 v2.2.1 (Trapnell 

et al., 2010) with the following parameters: --multi-read-correct, --max-bundle-frags 

999999999, --min-intron-length 10, and --max-intron-length 60000 in stranded mode. Read 

counts per gene were calculated for a total of 39,498 genes using the count function of HTSeq 

version 0.6.1p1 (Anders et al., 2014) with the following parameters: --format=bam, --

order=pos, --minaqual=10, --idattr=ID, --type=gene, and --mode=union in stranded mode 

(Supplemental Table S5.4).  

Statistical analyses of metabolites in maize grain 

Prior to conducting statistical tests on metabolite profiles of mature grain samples harvested in 

2018 and 2019, a robust outlier removal was performed at the subplot level, removing 

observations with median absolute deviation (MAD) greater than 3 (Leys et al., 2013; Miller, 

1991). After the outliers were removed, the mean of each subplot was calculated for 

subsequent statistical analyses (Supplemental Table S5.5).  

 We conducted statistical tests on metabolite profiles of mature grain (2018 and 2019) 

and embryo (2018) samples. The two mature grain metabolite datasets were analyzed as 

separate experiments, given the different number of genotypes evaluated in 2018 and 2019. 

Levene’s test was initially conducted to test for equality of variances with the SAS PROC 

GLM procedure in SAS studio release 3.8 (https://www.sas.com/en_us/software/on-demand-

for-academics.html). The genotype and treatment terms were tested separately for each 

https://paperpile.com/c/UbN1kI/o41oG
https://paperpile.com/c/UbN1kI/7dYQG
https://paperpile.com/c/UbN1kI/7dYQG
https://paperpile.com/c/UbN1kI/L24m6
https://paperpile.com/c/UbN1kI/GbjL+trCg
https://paperpile.com/c/UbN1kI/GbjL+trCg
https://www.sas.com/en_us/software/on-demand-for-academics.html
https://www.sas.com/en_us/software/on-demand-for-academics.html
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phenotype, with the most significant term (α = 0.05) selected to correct for unequal variances 

(Supplemental Table S5.6). With the metabolite levels for each subplot from the 2018 and 

2019 mature grain (averaged by subplot) and 2018 embryo samples, we screened the three 

datasets separately for outliers. Studentized deleted residuals (Neter et al., 1996) were 

estimated in SAS PROC GLIMMIX procedure with correction for unequal variances of each 

phenotype in a mixed linear model (Equation 5.1) as follows (Federer & King, 2007; Steel et 

al., 1997): 

Yijk = μ + genotypei + repj  + genotype × repij +  treatmentk + genotype × treatmentik + 

εijk             (Equation 5.1) 

in which Yijk is an individual phenotypic observation; μ is the grand mean; genotypei is 

the fixed effect of the ith genotype; repj  is the random effect of the jth replicate; genotype × 

repij is the random effect of the interaction between the ith genotype and jth replicate;  

treatmentk is the fixed effect of the kth treatment, genotype × treatmentik is the fixed effect of 

the interaction between the ith genotype and kth treatment; and εijk is the residual error effect 

assumed to be independently and identically distributed according to a normal distribution 

with mean zero and variance σε
2, that is ~iid N(0, σε

2). No significant outlier was identified 

for any phenotype after a Bonferroni correction of α = 0.05. An ANOVA test for the 

significance of model main effects and Tukey’s Honestly Significant Difference (HSD) test 

for pairwise differences of metabolite levels among treatments within each genotype were 

subsequently performed using Equation 5.1 using the SAS PROC GLIMMIX procedure with 

a correction for unequal variances. For each metabolite phenotype, the Equation 5.1 model 

was used to separately generate BLUE values for the 2018 (mature grain and 24 DAP 

https://paperpile.com/c/UbN1kI/HHn5
https://paperpile.com/c/UbN1kI/imar+ONpr
https://paperpile.com/c/UbN1kI/imar+ONpr
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embryo) and 2019 (mature grain) datasets (Supplemental Tables S5.7 and S5.8). A Pearson’s 

correlation coefficient (r) was calculated between the BLUE values for each pair of 

metabolite (chlorophyll a and tocochromanols) phenotypes measured on the 24 DAP embryo 

samples with the function ‘cor’ in R version 3.5.1(R Core Team, 2021).  

Expression data analysis 

Within each of the seven genotypes, we tested for the differential expression of genes between 

treatments (high-light vs. light-deprivation; high-light vs. control; and light-deprivation vs. 

control) in the R package DESeq2 (Love et al., 2014). Genes were declared to be 

differentially expressed with a false-discovery rate of 5% (Benjamini and Hochberg 1995). 

Enrichment analysis of GO terms was performed for all differentially expressed genes 

(DEGs) by the PANTHER classification system version 16.0 (Mi et al., 2021) with the 

Fisher’s Exact test at 5% FDR (Benjamini and Hochberg 1995).  

To better satisfy the normality assumption of ANOVA and Tukey’s HSD tests, a log2 

transformation was performed on the normalized FPKM values of 126 a priori candidate 

genes (Supplemental Table S5.9) across the 42 embryo samples. Given the presence of 

normalized FPKM values equal to zero (7.5%), a small constant (1E−9) was first added to all 

FPKMs before applying the log2 transformation. ANOVA and Tukey’s HSD tests were 

performed using packages ‘car’ (version 3.0-10) and ‘emmeans’ (version 1.5.2-1), 

respectively, in R version 3.5.1 (R Core Team, 2021). 

https://paperpile.com/c/UbN1kI/VR40s
https://paperpile.com/c/UbN1kI/UGI9U
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https://paperpile.com/c/UbN1kI/VR40s


 

 

 

 

 

161 

RESULTS 

Tocopherols in maize grain are responsive to differential light treatments 

To assess the potential involvement of chlorophyll in the biosynthesis of tocopherols, 

experiments were conducted through the application of three light treatments (high-light, 

light-deprived, and control) on developing kernels of self-pollinated ears of several NAM 

parents in 2018 and 2019. For all measured tocopherol phenotypes (αT, δT, γT, and ΣT), 

significant genotype, treatment, and genotype × treatment effects (α = 0.05) were observed for 

mature grain (2018-19) and embryo (2018) samples (Supplemental Table S5.10). Mature 

grain samples from light-deprived ears had near-zero tocopherol levels that were significantly 

lower than those from control and high light-treated ears of all analyzed NAM parents across 

the three datasets (Supplemental Table S5.11). However, there was a genotype-dependent 

increase or decrease of tocopherol levels in high-light samples compared to control samples 

(Figure 5.1). We also assessed the accumulation of chlorophyll a in the 42 pooled embryo 

samples from 2018, finding all three main effects to be significant. Near-zero and 

significantly lower chlorophyll a levels were observed in all light-deprived samples relative to 

control samples, whereas high light-treated samples had significantly higher chlorophyll a 

accumulation in B97, Ki11, and M37W (Figure 5.2).  

A significant treatment effect was consistently observed for δT3 across the three 

datasets, but not for any of the other three tocotrienol phenotypes (αT3, γT3, and ΣT3) 

(Supplemental Table S5.10). Similar to tocopherols, a significant genotype effect was 

observed for the four tocotrienol phenotypes across all years and tissue sample types (embryo 
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and whole kernel), with the genotype × treatment effect also significant for most tocotrienol 

phenotypes. In contrast to the high-light and control treatments, the light-deprived 24 DAP 

embryo samples tended to have a significant increase in all tocotrienols for most of the seven 

NAM parents, but a similar response was not consistently observed for mature grain samples 

from both years. The high-light and control treatments did not produce clear patterns of 

response for the four tocotrienol phenotypes across both years and sample types 

(Supplemental Table S5.11).  

 

Figure 5.1. Bar plots showing BLUEs of ΣT (μg g–1) in mature kernel samples from 2018 and 

2019, and 24 DAP embryo samples from 2018. Samples with the same letter are not 

significantly different according to the Tukey’s Honestly Significant Difference test (P < 0.05) 

that was conducted within each NAM parent. 
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Figure 5.2. Bar plots showing BLUEs of chlorophyll (μg g–1) in 24 DAP embryo samples 

from 2018. Samples with the same letter are not significantly different according to the 

Tukey’s Honestly Significant Difference test (P < 0.05) that was conducted within each NAM 

parent. 

 

 

2018 embryo

Control

Light-deprived

High-light

Treatment

C
h

lo
ro

p
h

y
ll

 a
 

(μ
g

 g
–

1
)



 

 

 

 

 

164 

Gene expression profile analysis of developing embryos identifies genotype-dependent 

responses 

The transcriptomes of the 24 DAP embryo samples were analyzed to understand how the 

expression profile of genes in the chlorophyll and tocopherol biosynthesis pathways respond 

to differential light conditions. A total of 595 DEGs were detected at 5% FDR in a total of 21 

pairwise treatment comparisons at the genotype level, with most of the genes differentially 

expressed in at least two comparisons (Supplemental Figure S5.1, Supplemental Table S5.12). 

Notably, a gene (Zm00001d016826) encoding a protein with high amino acid identity (73%) 

to MAINTENANCE OF PHOTOSYSTEM II (PSII) UNDER HIGH LIGHT 1 (MPH1; 

AT5G07020) in Arabidopsis was found to be differentially expressed in nine pairwise 

comparisons involving four different NAM parents (B97, Ki11, M37W, MS71). In 

Arabidopsis, this gene contributes to the maintenance of PSII homeostasis upon exposure to 

photoinhibitory light conditions by participating in the protection and stabilization of PSII (J. 

Liu & Last, 2015a, 2015b). An enrichment analysis of the 595 DEGs showed 28 enriched GO 

terms (FDR-corrected P-value < 0.05); however, neither enrichment for vitamin E 

biosynthetic (GO: 0010189) nor chlorophyll biosynthetic (GO: 0015995) processes was 

observed (Supplemental Table S5.13). The most significantly enriched GO term was 

chromatin assembly or disassembly (GO:0006333), with a 10.92-fold change and P-value of 

2.58E−10. 

We performed ANOVA to test the significance of model main effects for the transcript 

abundance of the 126 a priori pathway genes in 24 DAP embryo samples. All but 17 of the 

126 a priori genes did not show a significant genotype effect (P > 0.05); however, only 17 

https://paperpile.com/c/UbN1kI/7UiK+OsPN
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genes had an expression profile that responded to the light treatment (Supplemental Table 

S5.14). Included among these 17 genes were three genes from the chlorophyll degradation 

pathway (Zm00001d034523; Zm00001d051567; and Zm00001d031934, chao1), five genes 

from the chorismate/tyrosine synthesis pathway (Zm00001d021611, Zm00001d029391, 

Zm00001d041700, Zm00001d047896, and Zm00001d052797), three genes from the 

tocochromanol core pathway (Zm00001d006657, w3; Zm00001d031071, vte3; and 

Zm00001d046558, hggt1), four genes from the chlorophyll synthesis pathway 

(Zm00001d026603, chlh1; Zm00001d018034, ggh1; Zm00001d014715, and 

Zm00001d053807), one gene from the tyrosine degradation pathway (Zm00001d045610) and 

one gene from the IPP pathway (Zm00001d038170, dxs1). Interestingly, the gene with the 

most significant treatment effect (Zm00001d051567) encodes a protein involved in 

chlorophyll degradation that has 61% amino acid identity to an Arabidopsis alpha/beta-

hydrolases superfamily protein (AT4G36530) that belongs to a phylogenetic clade that does 

not include chlorophyll dephytylase1 or pheophytinase (Lin et al., 2016). However, 

Zm00001d051567 is only 15% identical at the amino acid sequence level to the alpha/beta 

hydrolase coded by maize vte7 (Zm00001d006778). The expression level of this gene was 

consistently the highest in high-light and lowest in light-deprived samples across the seven 

NAM parents. 

We identified 16 genes showing a significant genotype × treatment effect 

(Supplemental Table S5.14), including two protochlorophyllide reductases 

(Zm00001d001820, por3; and Zm00001d013937, por2), light-harvesting complex-like 

protein 3 (Zm00001d015094, lil3), and geranylgeranyl reductase (Zm00001d018034, ggr), 

https://paperpile.com/c/UbN1kI/mtqW
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all from the chlorophyll biosynthesis pathway. Providing a potential connection to tocopherol 

synthesis, lil3 encodes a protein that anchors both POR and GGR, forming a light-harvesting 

complex for chlorophyll biosynthesis (Hey et al., 2017; Mork-Jansson et al., 2015). In 

addition, four genes (Zm00001d003830, adt6; Zm00001d010190, got5; Zm00001d021611; 

and Zm00001d029391) from the chorismate/tyrosine synthesis pathway, two genes from the 

tyrosine degradation pathway (Zm00001d007462, tat1; and Zm00001d033555), two genes 

from the 3,8-divinyl-chlorophyllide biosynthesis I pathway (Zm00001d011387; and 

Zm00001d026603, chlh1), one gene from the IPP pathway (Zm00001d045383, dxs3), one 

gene from the chlorophyll degradation pathway (Zm00001d034523), one gene from the 

chlorophyll cycle (Zm00001d042026, phao1), and one gene from the core tocochromanol 

pathway (Zm00001d039491, vte2) were identified to have a significant genotype × treatment 

effect. Of the 16 genes, five genes also had a significant genotype × treatment effect, which 

belong to either the 3,8-divinyl-chlorophyllide biosynthesis I (Zm00001d018034 and 

Zm00001d026603), chlorophyll degradation (Zm00001d034523), or chorismate/tyrosine 

synthesis (Zm00001d029391 and Zm00001d021611) pathways. 

In addition to ANOVA, Tukey’s HSD tests were conducted on the 126 a priori 

pathway genes between light treatment pairs of each NAM parent. However, the changes in 

gene expression levels in response to light treatments were predominantly genotype-

dependent (Supplemental Table S5.14). Overall, we detected 42, 36, and 35 significant genes 

in the light-deprived vs. control, high-light vs. control, and light-deprived vs. high-light 

comparisons across the seven NAM parents, respectively. This resulted in the detection of 60 

unique genes from nine pathways across all tested 21 pairwise comparisons. Of the seven 

https://paperpile.com/c/UbN1kI/Divm+icsg
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genes in the prenyl group synthesis pathway, only vte5, which encodes a kinase that catalyzes 

the first step of phytol phosphorylation into phytyl-monophosphate (Valentin et al., 2006), 

was detected. Compared to high-light conditions, the expression level of vte5 was 

significantly decreased in the embryo of B73 and B97 under light-deprived conditions.  

In contrast to the in the prenyl group synthesis pathway, we observed an above 

average percentage (> 48.76%) of genes from three chlorophyll-related pathways: 12 (57.1%) 

genes from the 3,8-divinyl-chlorophyllide biosynthesis I, five genes (83.3%) from the 

chlorophyll cycle, and five genes (62.5%) from tetrapyrrole biosynthesis I. Consistent with 

the observed significant genotype × treatment effect for por2, the transcript abundance of 

por2 was significantly elevated in the high-light samples of B73 relative to control samples, 

but this response was not observed in the other six NAM parents. Although por1 did not have 

significant genotype × treatment effect, the transcript abundance of por1 was significantly 

increased in high-light and decreased in light-deprived samples of B73. 

DISCUSSION 

Tocopherols belong to a family of lipophilic compounds exhibiting vitamin E and antioxidant 

activities that are essential for human health and plant fitness. Although the core tocopherol 

biosynthesis pathway has been well-elucidated in Arabidopsis, the mechanism that regulates 

the supply of the phytol group, a key precursor for tocopherol synthesis, is still to be 

confirmed in non-photosynthetic tissues such as maize grain. To that end, we conducted 

experiments with several NAM parents having contrasting por1 and por2 allelic effects to test 

the impact of three light treatments (high-light, light-deprivation, and control) on 

https://paperpile.com/c/UbN1kI/aBq4


 

 

 

 

 

168 

tocochromanol and chlorophyll a levels in the developing kernels of self-pollinated ears. Our 

results from metabolite and expression profile analyses further strengthen the connection 

between the chlorophyll and tocopherol biosynthesis pathways in the synthesis of tocopherols 

in maize grain. 

 We detected significant treatment and genotype × treatment effects for all four 

tocopherol phenotypes and a significantly lower accumulation of tocopherols in light-

deprived samples across both years and tissue samples. In contrast, significant treatment and 

genotype × treatment effects were not consistently detected for tocotrienol phenotypes, as 

there was no consistent increase or decrease of tocotrienol levels in light-deprived samples 

compared to control and high-light samples. If the significant differences observed for 

tocopherol levels between light-deprived samples and control samples were caused by abiotic 

stresses such as temperature or humidity changes posed by the light treatments, we would 

expect a similar decreased accumulation in other grain metabolites such as tocotrienols (Jones 

et al., 1981; L. Wang et al., 2012). As such, the decrease in grain tocopherols is most likely 

due to a strong attenuation of tocopherol synthesis from the imposed light-deprived treatment. 

Interestingly, there were still very low levels of tocopherols measured for the light-deprived 

grain samples, which could be attributed to several possibilities, including a trace amount of 

light leakage to the ear, the accumulation of tocopherols or their precursors prior the the 

application of the treatment at 12 DAP, and/or from the availability of GGDP-derived PDP 

that does not rely on chlorophyll-derived phytol (DellaPenna & Mène-Saffrané, 2011).  

In contrast to the light-deprived mature grain samples, tocopherol levels in high-light 

nature grain samples were either higher or lower depending on the NAM parent relative to 

https://paperpile.com/c/UbN1kI/icYN+H3m8
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control ears. To better understand these patterns, we focused more on the embryo samples that 

had been measured for the levels of tocopherols and chlorophyll a, which had a significantly 

higher level of ΣT in high-light samples in all but one (OH7B) NAM parent compared to the 

control samples. Even though all but one (NC358) of the NAM parents had high-light embryo 

samples with an increased level of chlorophyll a compared to the control, only three parents 

(B97, Ki11, and M37W) had a significant difference in chlorophyll a content between high-

light and control samples. Collectively, these results imply that the high-light treatment 

increased the level of chlorophyll a in maize grain, which could then be used as a substrate to 

produce a higher level of phytol for the elevated synthesis of tocopherols. 

In addition to tocochromanol and chlorophyll a levels, we conducted an ANOVA of  

transcript abundances for 126 a priori genes in 24 DAP embryos from the evaluated NAM 

parents. Of the 126 a priori genes, 28 were found to have significant genotype × treatment 

and/or treatment effects, including an overrepresentation of genes from 3,8-divinyl-

chlorophyllide biosynthesis I (32%), tocochromanol (33%), chlorophyll degradation (30%), 

tetrapyrrole biosynthesis I (25%), and tyrosine degradation (25%) pathways (Supplemental 

Table S5.14). In contrast, none of the genes from the prenyl group synthesis (0%) pathway 

and only two genes (13.3%) from the IPP synthesis pathway had significant genotype × 

treatment or treatment effects. The two significant genes from the IPP synthesis pathway were 

dxs1 (treatment) and dxs3 (genotype × treatment), which were identified to associate with γT3 

in the Ames panel (Table 4.2) and plastochromanol-8 in the U.S. NAM panel (Diepenbrock et 

al., 2017), respectively, but not with tocopherols. Taken together, we demonstrated that the 

expression of genes in IPP pathway and prenyl group synthesis are not majorly light-

https://paperpile.com/c/UbN1kI/cD6aF
https://paperpile.com/c/UbN1kI/cD6aF


 

 

 

 

 

170 

mediated, whereas more genes from the chlorophyll synthesis and degradation pathways are 

light-responsive in maize developing embryos. 

Through genetic mapping in the maize U.S. NAM (Diepenbrock et al. 2017) and 

Ames panels (Table 4.2), the por1 and por2 genes from the chlorophyll biosynthesis pathway 

were associated with grain tocopherol levels, implicating the importance of chlorophyll-

derived phytol for tocopherol synthesis in the maize grain. In Diepenbrock et al. (2017), 

multiple lines of evidence were leveraged to posit that tocopherol synthesis in maize grain 

primarily depends on phytol released from a chlorophyll-based cycle as opposed to 

chlorophyll degradation. The level of pheophytin a, which is a metabolite indicative of 

chlorophyll degradation, was only weakly correlated with ΣT in developing embryos from 

maize NAM parents. Relatedly, a 1:800 chlorophyll:tocopherol molar ratio was observed in 

30 DAP embryos, which stoichiometrically argued against the major provision of phytol from 

chlorophyll degradation. In contrast, chlorophylls a and b and chlorophyllide a were strongly 

correlated with ΣT in the embryo. In agreement with Diepenbrock et al. (2017), our 

metabolite and gene expression profiling results suggest that PDP for tocopherol synthesis in 

maize grain is produced primarily from the phosphorylation of phytol generated by a light-

dependent chlorophyll-based cycle. 

Our hypothesis on the main tissue source of chlorophyll-derived phytol comes from 

the near-zero tocopherol levels consistently observed for both types of light-deprived samples. 

As light deprivation was only applied to self-pollinated ears, the diminished tocopherol levels 

in developing kernels of light-deprived ears suggests that the phytol derived from the 

proposed chlorophyll-based cycle was provided by the ear itself instead of transported from 

https://paperpile.com/c/UbN1kI/cD6aF/?noauthor=1
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the flag leaf as proposed by Zhan et al. (2019). The majority of this phytol provision is 

unlikely from husk leaves either, as the husk leaves of light-deprived ears at 24 DAP, 

although more pale in color, were still visibly green. If husk leaves were the main source of 

phytol for tocopherol synthesis in grain, it is unlikely that we would have observed the near-

zero tocopherol levels in light-deprived grain samples. Thus, we can infer that most of the 

phytol for the production of tocopherols is synthesized in maize grain and specifically in the 

embryo where tocopherol predominantly accumulates (Diepenbrock et al., 2017; Grams et al., 

1970; Weber, 1987).  

In summary, we provide additional evidence that a chlorophyll-based cycle is the main 

provider of phytol for tocopherol synthesis in maize grain. The validation of the important 

involvement of chlorophyll in tocopherol synthesis would suggest that previously identified 

por1, por2 and vte7 loci are important breeding targets that can be selected upon to generate 

sufficient phytol for tocopherol synthesis. These genes combined with breeding targets from 

core tocopherol pathway genes such as vte3 and vte4 could result in an optimized grain profile 

that has increased tocopherol content with a higher composition of α-tocopherol (highest 

vitamin E activity) for the improved benefit of human health and nutrition. 

SUPPLEMENTAL INFORMATION 

Supplemental Figure S5.1. A bar plot showing the number of significant pairwise 

comparisons each unique DEG was identified in.  

Supplemental Table S5.1. Concentration (raw) of tocochromanols (μg g–1) from 

mature grain samples of seven NAM parents from 2018. 
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Supplemental Table S5.2. Concentration (raw) of tocochromanols (μg g–1) from 24 

DAP embryo samples of seven NAM parents from 2018. 

Supplemental Table S5.3. Concentration (raw) of tocochromanols (μg g–1) from 

mature grain samples of three NAM parents from 2019. 

Supplemental Table S5.4. Read counts of 39,498 genes (B73 RefGen_v4) for the 42 

pooled embryo samples in 2018. 

Supplemental Table S5.5. Average concentration (raw) of tocochromanols (μg g–1) 

from 2018 and 2019 of mature grain samples of NAM parents after outlier removal. 

Supplemental Table S5.6. P-values from Levene's test results for equality of 

variances. 

Supplemental Table S5.7. Best linear unbiased estimators (BLUEs) of nine 

tocochromanol phenotypes from mature grains of seven NAM parents in 2018 and 2019. 

Supplemental Table S5.8. Best linear unbiased estimators (BLUEs) of 

tocochromanols and chlorophyll a from the 24 DAP embryos of seven NAM parents in 2018. 

Supplemental Table S5.9. FPKM (raw) of 126 a priori candidate genes in 24 DAP 

embryos. 

Supplemental Table S5.10. P-values from ANOVA for tocochromanol and 

chlorophyll a levels in mature grains and 24 DAP embryos in 2018 and 2019. 

Supplemental Table S5.11. P-values from Tukey's HSD tests for tocochromanol and 

chlorophyll a levels in mature grains and 24 DAP embryos in 2018 and 2019. 

Supplemental Table S5.12. A list of differentially expressed genes in 24 DAP 

embryos in 2018 between pairwise treatment comparisons within each NAM parent. 
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Supplemental Table S5.13. GO term enrichment results from 595 DEGs from 24 

DAP embryos. 

Supplemental Table S5.14. P-values from ANOVA and Tukey's HSD test results of 

the 126 a priori candidate genes for the expression FPKM of 24 DAP embryos from 2018. 
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Chapter 6 Conclusions 

In this dissertation, I utilized the research tools from quantitative genetics, population 

genetics, and statistics, and conducted genetic studies on two of the Three Sisters: common 

bean and maize. Specifically, this dissertation has three topics: i) genomic characterization of 

the Native Seeds/SEARCH common bean collection and its seed coat patterns; and utilization 

of genomic tools to identify causal genes involved in the transport and/or biosynthesis of ii) 

elemental phenotypes and iii) tocochromanols (vitamin E and antioxidants) in maize grain.  

In Chapter 2, I have characterized and established the importance of a unique set of 

nearly 300 common bean accessions from Native Seeds/SEARCH. This novel genetic 

resource was found to be underrepresented in current seed banks and it is likely to possess 

important alleles for biotic and abiotic stress tolerance that have been selected by local 

farmers over thousands of years. We have observed high pairwise FST among all three 

subpopulations within the panel and higher overall nucleotide diversity relative to within each 

subpopulation. Considering the overlapping collection locations of two of the three 

subpopulations, this suggested the presence of both natural selection, as well as local 

preference and artificial selection that shaped the population structure of domesticated 

common beans. We are also a step closer to understanding the complex genetic control of 

common bean seed coat patterns. We were able to identify four independent SNPs that were 

associated with seed coat patterns and five myb genes to be the putative causal genes 



 

 

 

 

 

178 

underlying the C locus. A potentially novel locus was also identified, controlling a specific 

partial coloring seed coat phenotype. The cloning of the C locus is currently underway by 

other research groups in the community and more research is warranted to understand the 

complex genetic control of the extremely diverse patterns and colors of common bean seed 

coats.  

Through the analysis of 11 elemental phenotypes in maize grain, we observed 

moderate to high heritability for all elements and all positive pairwise correlations in the 

Ames panel. Through high-resolution genome-wide association study (GWAS) with 7.7 M 

SNP markers, we identified nine candidate genes for seven elements, including two novel 

associations between rte2 with B, and irt1 with Ni. A total of five available UniformMu 

mutants for three genes [UFMu-05386, UFMu-04494, and UFMu-11923 for 

Zm00001d011013 (cap1); UFMu-07153 for Zm00001d017429 (ys1); and UFMu-00305 for 

Zm00001d017427 (ysl2)] were obtained from the Maize Genetics Cooperation Stock Center 

and planted in 2020 for further functional validation of the identified genes. Not all GWAS 

signals were resolved to a gene level though. For example, we observed a significant 

association on chromosome 9 for nickel, and this genomic region overlaps with the 

association signal detected for nickel in the maize NAM panel (Ziegler et al., 2017) and a 

sweet corn diversity panel (Baseggio et al., 2021). Notably, as potentially important 

biofortification targets, we identified two genes that were significantly associated with zinc 

(nas5 and ysl2) and iron (nas5) concentrations in the grain. The favorable alleles (alleles 

associated with higher zinc or iron mean concentrations) of nas5 are occurring at low 

frequencies, especially in the Stiff Stalk and Tropical subpopulations within the Ames panel. 
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Whole-genome prediction models, using either Bayesian Ridge Regression (BRR) or BayesB, 

generated similar moderate predictive abilities for all 11 elements. Consistent with GWAS 

results, where copper, molybdenum, and nickel had the highest number of detected 

associations and the largest amount of phenotypic variation explained by the peak SNPs, the 

BayesB model slightly outperformed BRR for these three elements.  

Aside from elements, vitamin E is also an important nutrient for both plant and human 

health. Our comprehensive study on tocochromanol levels in the maize grain identified a total 

of 13 causal genes. Two a priori pathway genes, vte5 (phytol kinase) and dxs1 (1-deoxy-D-

xylulose-5-phosphate synthase) were found for the first time to be associated with 

tocochromanol concentrations in maize grain. Additionally, we demonstrated the first 

association of two genes vte7 (alpha/beta hydrolase) and samt1 (S-adenosylmethionine 

transporter 1) with tocopherols by integrating GWAS and transcriptome-wide association 

study (TWAS) results. In Diepenbrock et al. (2017), a chlorophyll-based cycle was proposed 

following the identification of two protochlorophyllide reductases (por1 and por2) from the 

chlorophyll biosynthesis pathway, however, the key gene(s) catalyzing this cycle was not 

discovered. The identified vte7 gene is the missing gene that can hydrolyze chlorophyll a to 

provide phytol group and regulate tocopherol levels in maize. The majority of the 13 

identified causal genes were found to be under cis-regulatory control through expression 

quantitative trait loci (eQTL) mapping. Five trans-eQTL were identified for the 13 genes, and 

a gene underlying the trans-eQTL was proposed to play a regulatory role for dxs2, a known 

gene in the IPP pathway for tocotrienol tail group biosynthesis. This regulatory gene was 

phytoene synthase 1 (psy1), a pathway gene catalyzing the first committed step in carotenoid 

https://paperpile.com/c/GJb1OI/f0SQ/?noauthor=1
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synthesis. 

The experiment detailed in Chapter 5 provides valuable supporting evidence to the 

hypothesized chlorophyll-based cycle and its involvement in the synthesis of tocopherols. The 

observed near-zero tocopherol levels in the kernels of light-deprived ears strongly support the 

importance of chlorophyll in the provision of phytol for tocopherol synthesis in maize grain. 

This experiment, together with the ongoing experiments with por1 and por2 knockout 

mutants generated by CRISPR/Cas9-mediated editing, will potentially confirm the important 

roles of these two por genes in tocopherol synthesis and provide more insight into the 

interplay between chlorophyll and tocopherol pathways in the maize embryo. 

As with any research, many additional experiments can provide interesting insights for 

further exploration. For example, I have collected seed coat scans of all the common bean 

accessions in our study. If the intricacies of irregular pattern recognition for the seed coats can 

be resolved through image processing algorithms, it would be an intriguing addition to the 

study and can provide more granularity to the genetic mapping of seed coat patterns and 

colors. 

For the maize elemental study, apart from the gene validation work mentioned above, 

it would be valuable to have detailed soil sample data from the field, apart from the existing 

low-resolution soil type data. As soil nutrient availability is a major environmental factor 

affecting element uptake and accumulation in plants (Marschner & Rengel, 2012), this 

additional dataset would greatly help with the removal of environmental effects and 

improving the statistical power for genetic mapping. In addition, the Ames panel for the 

elemental study was planted in only one location over two consecutive years, contributing to 

https://paperpile.com/c/GJb1OI/OrrN
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why I did not observe a strong G×E effect for phenotypes that was evident in multiple 

location trials (Asaro et al., 2016; Fikas et al., 2019; Ziegler et al., 2017). The grain elemental 

data collected in multiple environments (location × year) would not only allow me to estimate 

the QTL×E interactions, but it would also be interesting to see the performance of whole-

genome prediction models when incorporating these interactions. Both analyses can provide 

valuable insights for breeding efforts. Furthermore, a haplotype-based association analysis 

could be performed on the nas5 and ysl2 loci, which could help with the identification of the 

best combination of favorable haplotypes for breeding.  

In Chapter 4, the expression profile of genes in developing grain was obtained at only 

one time point (23 days after pollination). However, changes in gene expression over kernel 

development, especially for a priori pathway genes, would provide us with a far deeper 

insight into the genetic control of tocochromanol accumulation on a time axis. Although a 

massive undertaking, sampling the kernels in a time series at earlier and later developmental 

stages would provide more depth for elucidating the regulatory network of tocochromanol 

accumulation. Similarly, spatial variation of genetic control could be explored through the 

dissection of developing kernels and individual evaluation of tocochromanols and gene 

expression profile in the endosperm and embryo. The independently analyzed embryo and 

endosperm data could shed light on the potential flux of precursors between kernel tissues for 

tocochromanol biosynthesis. We could also perform two variant annotation analyses for all 

SNPs within 1 Mb of the 13 causal genes identified in this study, genomic evolutionary rate 

profiling (GERP) and SNP effect analysis (SnpEff). GERP is a tool for prediction of the 

evolutionary constraint of a variant through multi-species alignments (Rodgers-Melnick et al., 

https://paperpile.com/c/GJb1OI/Bedeq+z52PC+3EwE9
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2015), and SnpEff is a program for variant annotation and coding effect prediction (Cingolani 

et al., 2012). Together, both analyses could provide functional insights into the 13 causal 

genes in tocochromanol biosynthesis. 

For the experiment detailed in Chapter 5, in retrospect, a trial study should have been 

performed to explore the best sampling and dissection methods for developing kernels that 

would have the least impact on gene expression profile. More importantly, the remnant 

endosperm and whole kernel samples after sampling should have been preserved in 2018, 

which later proved to be a major missing piece that prompted the repeat of the experiment in 

2019. In addition, because of the lethality of double CRISPR/Cas9 knockout mutants of por1 

and por2, overexpression of the two por genes with embryo-specific promoters would also 

provide valuable information on the function of the two genes that are independent of whole-

plant changes.  

In summary, this dissertation provided important knowledge of the Native 

Seed/SEARCH common bean collection and comprehensive assessments of the natural 

variation of elements and tocochromanols in maize grain. I hope that the knowledge gained 

from these studies would be utilized in breeding programs and transform into elite cultivars 

with high yield, high stress tolerance, and balanced nutritional profiles, and help alleviate the 

hunger and hidden hunger problems, which is still prevalent in a lot of regions in the world.  
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