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ABSTRACT 
 

Maize (Zea mays ssp. mays) is one of the most important crops in the world. 

Teosinte (Zea mays ssp. parviglumis) is the wild progenitor of maize and has greater 

genetic diversity than maize inbreds and landraces. Maize was domesticated from 

teosinte 9000 years ago, in central Mexico, and has been subjected to modern plant 

breeding over the past 100 years. In the recent years, extensive scientific breeding 

practices have led to remarkable yield increases in maize. However, domesticated and 

artificial genes have greatly reduced genetic diversity and cannot contribute to variation 

for agronomically important traits. 

Teosinte readily forms hybrids with maize and thus offers a unique pool of allelic 

diversity for maize improvement, yet limited genetic resources were available to 

efficiently evaluate and tap this diversity. To broaden resources for genetic diversity 

studies in maize, our lab previously developed over 900 near-isogenic introgression lines 

(NILs) from 10 teosinte accessions in the B73 background, and here we report the 

development of a new population, the Teosinte Synthetic (Teo-Syn).  

In order to understand the relationship between genetic diversity from teosinte 

and grain composition, we evaluated kernel starch, protein, and oil content, in the teosinte 

NILs.  We found two starch, three protein and six oil QTL, which collectively explain 

18%, 23% and 45% of the total variation, respectively. A range of strong allelic effects 

were identified relative to the B73 allele, supporting our hypothesis that teosinte harbors 

stronger alleles for kernel composition traits than maize. We found that some of the 

regions of the genome that control grain composition in our population were previously 
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identified in maize, but we also found several new regions of the genome from teosinte 

that control grain composition. These teosinte alleles can be exploited for the 

improvement of kernel composition traits in modern maize germplasm. Ultimately, these 

novel regions of the teosinte genome can be mined for useful variation to improve corn 

for producers and consumers, as well as many industrial applications. 

In maize, common variants play a critical role to adapt to numerous large-scale 

environments; however, there are numerous rare alleles that may contribute to inbreeding 

depression or heterosis through complementation, or in complex quantitative traits such 

as yield, adaptation and kernel composition. It is important to understand the role of rare 

alleles in the maize genetic architecture in order to aid in the selection and development 

of future elite breeding lines. A new genetic resource, the Teosinte Synthetic (Teo-Syn), 

was developed by our lab by randomly mating backcrossed (BC1) progeny of 11 

parviglumis accessions in the B73 background, yielding a population with the expected 

genetic ratio of ~25% teosinte and ~75% B73. We identified several significant QTLs for 

plant architecture, adaptation and kernel composition traits with a wide range of allelic 

effects. We further investigated if there is any statistical evidence for epistatic 

interactions in the Teo-Syn population, and found numerous interacting sites with larger 

and wider effects than additive effects. 

Maize plays a central role in the US agriculture and food production, as well as 

has the greatest molecular and phenotypic diversity than any crop species. My results 

from this study provide accumulated evidence for epistatic interactions influencing the 

genetic architecture of several plant architecture and composition traits. Findings from 

this study provide novel information that can be utilized by breeders and geneticist to 
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accelerate the development of future elite maize germplasm as well as provide insight to 

efficiently predict hybrid performance. 
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Chapter 1 

 

Literature review and introduction 

 

Maize (Zea mays ssp. mays) is one of the most economically valuable grain crops 

in the world after wheat and rice (AWIKA 2011). It is a significant resource for food, feed 

and biofuels, and provides raw materials for various industrial applications (DADO 1999) 

(HALLAUER 2000) (COOK et al. 2012). Other grain crops such wheat and rice have 

morphologically very similar wild relatives, but there is no wild plant that looks like 

maize with soft, starchy kernels arranged around along a cob (HAJJAR AND HODGKIN 

2007). From a thorough study of genetics, today we know that a grassy weed, teosinte 

(Zea mays ssp. parviglumis), is the wild ancestor of the modern maize (MATSUOKA et al. 

2002) (PIPERNO et al. 2009) (VAN HEERWAARDEN et al. 2011).  

Maize was domesticated from teosinte in southern Mexico about 7,500 years ago 

(MATSUOKA et al. 2002). The domestication process involved small changes to single 

genes with large effects (WANG et al. 2005). Teosinte does not look like maize and there 

are several striking morphological differences in terms of plant, inflorescence and seed 

architecture between the two subspecies (DOEBLEY et al. 1995) (Figure 1.1). But 

remarkably, maize and teosinte are very much alike at the DNA level and have the same 

number of chromosomes and very similar arrangement of genes (SWANSON-WAGNER et 

al. 2010). George Beadle was one of the first scientists to study the close relationship 

between teosinte and maize. He studied maize-teosinte hybrids and showed that maize 

and teosinte were highly compatible (BEADLE 1980). Beadle also developed a large 

maize-teosinte F2 population, where he concluded that five genes are responsible for the 
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most noticeable differences between the two parents (BEADLE 1980), which was further 

confirmed by DOEBLEY et al. (1990). The domesticated genes had small changes with 

dramatic effects that were responsible for major changes in plant and ear morphologies 

between the two subspecies. Some of the traits that were modified during the 

domestication of maize include: a) Glume – Teosinte is surrounded by a hard stony 

fruitcase called glume, whereas, maize has a reduced version of it. The single major 

locus, teosinte glume architecture1 (TGA1) has been identified to be responsible to 

control the glume sizes. (b) Plant architecture traits – one of the striking differences 

between teosinte and maize is difference in numbers of stalks, also called tillers and 

number of inflorescences. Teosinte has many tillers each tipped with an inflorescence, 

while maize plants have a single stalk with an ear. The teosinte branched 1 (tb1) is a 

single locus major gene responsible for variation in branching numbers between the two 

subspecies. (c) Kernel starch – teosinte has very tiny kernels compared to maize. In 

addition, there are differences in kernel composition between teosinte and maize. 

Teosinte kernels have comparatively higher protein and oil content than maize, whereas, 

maize has higher kernel starch, about 73% of the kernel’s total weight. The genes 

involved in the starch biosynthesis: sugary1 (su1), brittle2 (br2) and amylose extender1 

(ae1) have been targeted during domestication.  

Today, maize breeders and geneticists are well aware of the reduction in the 

genetic diversity due to selection, which resulted in less or no variation in selected traits, 

limiting the discovery of novel alleles with potential to improve germplasm (FLINT-

GARCIA 2013).  
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Teosinte has very small kernels compared to maize and are protected with a hard-

stony fruitcase, not seen in the kernels of modern maize inbreds (DORWEILER et al. 1993). 

Similarly, kernel composition values on a dry matter basis of a normal maize kernel are 

~71.7% starch, ~9.5% protein and ~4.3% oil (WATSON et al. 2003), whereas, teosinte 

kernels have ~52.92% starch, ~28.71% protein, ~5.61% oil (FLINT-GARCIA et al. 2009). 

These examples strongly suggest that the increase in kernel size, fruitcase-less kernels 

and increase in kernel starch were the targets of artificial selection during the 

domestication of maize.  

Kernel composition traits have primarily been one of my biggest areas of interest. 

One of my first research objectives during the beginning of my dissertation was to 

develop a robust and non-destructive high-throughput phenotyping method to quantify 

kernel composition traits. There have been several ongoing breeding efforts to improve 

nutritional quality in maize, and various quantification methods have been developed to 

help breeders phenotype these traits. One of the most widely used and accepted methods 

is wet lab chemical analysis to determine seed composition traits. But constraints of wet 

lab analyses are that the procedure is expensive, usually requires a large quantity of seed 

sample, and is a destructive process. An alternative and non-destructive technology for 

measuring the constituents of biological materials is provided by near infrared 

spectroscopy (OSBORNE 2006). In the electromagnetic spectrum, the infrared region is 

located in the middle of the electromagnetic spectrum, and has three major regions: far-

infrared, mid infrared and near-infrared (AGELET AND HURBURGH JR 2010). The near 

infrared ranges from 750 nm to 2500 nm, is the most energetic, and is close to the visible 

region in the electromagnetic spectrum (PASQUINI 2003). NIR spectroscopy was first 
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utilized in the 1960s by Karl Norris and his U.S. Department of Agriculture team to 

determine the moisture content from seed extracts by multivariate calibration approach 

(HART AND BOAG 1962). In the 1980s, the American Association of Cereal Chemists 

(AACC) made near infrared reflectance (NIR) an analytical method for measuring 

protein content in wheat and further measuring oil in whole and ground soybeans 

(AGELET AND HURBURGH JR 2010). When infrared light is irradiated on a sample, 

fractions of the light are reflected, transmitted and absorbed (all summing to 1.0), 

proportional to the wavelength of light and property of the sample (AGELET AND 

HURBURGH JR 2010). The absorbed light cannot be directly measured, but transmittance 

and diffuse reflectance can be correlated to light absorption. Near infrared reflectance 

(NIR) or diffuse reflectance is the ratio of the intensity of the light reflected by sample to 

that by a standard (BLANCO AND VILLARROYA 2002).  

Predicting kernel composition traits via NIR is highly reproducible and can 

achieve the accuracy of reference analytical tests (WILLIAMS et al. 2009). Calibration 

models have been developed for NIR to predict the composition of fruits, vegetables and 

grains (NICOLAI et al. 2007). However, many these calibration models have been 

developed to determine seed composition traits in ground seeds, and the grinding of 

samples leads to destruction of seed samples thereby limiting the applicability of NIR in 

breeding programs (ORMAN AND SCHUMANN 1992). Several NIR calibration models to 

predict composition traits in several crop species have been developed for single intact 

kernels of maize (BAYE et al. 2006) and soybean (ARMSTRONG 2006);  and bulk kernels 

in common bean (HACISALIHOGLU et al. 2009) and wheat (SINGH et al. 2007). However, 
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calibration equations are usually specific to the NIR instrument and do not transfer well 

to other instruments.  

Today’s ongoing sequencing efforts and studies also suggest that 2-4% of the 

maize genes were impacted due to domestication and artificial selection, and have 

significantly reduced genetic variation, whereas, the remaining 96%-98% of genes are 

neutral and retain relatively high genetic diversity compared to teosinte (WRIGHT et al. 

2005; HUFFORD et al. 2012).  

Plant geneticist and breeders must work together to recapture genetic variability 

from wild relatives and/ or landraces by developing genetic resources to exploit and 

evaluate various domestication and agronomic traits, and identify and introduce novel 

genetic variation through traditional breeding or biotechnology for crop improvement 

(FLINT-GARCIA 2013).  

Domesticated genes have greatly reduced genetic diversity in the current 

germplasm of maize inbreds, and cannot contribute to phenotypic variation as well as 

limiting their identification through conventional QTL analysis and association mapping.  

Our lab has developed two populations derived from maize and teosinte: teosinte near 

isogenic lines (Teo-NILs) and the Teosinte Synthetic (Teo-Syn) populations to provide 

new genetic resources for complex trait dissection in maize, and identify and introduce 

novel genetic diversity from teosinte into modern maize germplasm.  

The Teo-NIL population was developed by backcrossing ten accessions of 

geographically diverse parviglumis into the B73 background for four generations prior to 

inbreeding (LIU et al. 2016b). A total of 961 BC4 derived NILs with 58 to 185 lines per 

population were produced. Each NIL has an average of 2.4 chromosomal segments, 
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which encompass about 4% of the teosinte genome. 728 polymorphic SNPs markers 

between B73 and teosinte were used to genotype the NILs using the genetic map of 

maize nested association mapping (NAM) (MCMULLEN et al. 2009). The NAM 

population was developed to capture the global genetic diversity of maize inbreds lines, 

which consists of a set of about 5,000 recombinant inbred lines derived from crosses 

between the reference inbred line B73 and 25 other founder inbreds (YU et al. 2008).  

Near isogenic lines (NILs) have a strong potential to identify and fine-map 

quantitative trait locus of a trait, and have been widely applied in several species of crops 

including maize (GRAHAM et al. 1997; SZALMA et al. 2007), soybean (MUEHLBAUER et 

al. 1991; JIANG et al. 2009) and tomato (ESHED AND ZAMIR 1995) (BROUWER AND ST. 

CLAIR 2004). Other advantages of NILs are reduction of “noise” from the genetic 

background and elimination of epistatic interactions between QTLs. These characteristics 

of NIL populations make them suitable genetic resources to fine-map and identify novel 

alleles for complex agronomic traits. Statistically, NILs have less power to identify 

QTLs, but are more accurate in estimating the QTL effects because the phenotypic 

difference between donor and recurrent parents is caused by only allelic differences at the 

introgression sites (KAEPPLER 1997). until this date, several traits have been evaluates in 

the Teo-NILs such as flowering time, kernel row number and kernel weight(LIU et al. 

2016a); kernel shape (LIU et al. 2016b); grey leaf spot (LENNON et al. 2016); and 

southern leaf blight (LENNON et al. 2017). 

In maize, new mutations occur at the rate of about 90 single nucleotide mutations 

per meiosis and are mostly deleterious (CLARK et al. 2005). Strong deleterious mutations 

are lethal and do not persist, but weak deleterious alleles tend to exist in a population 
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segregating at lower frequencies (<1%) also known as rare alleles (CAO et al. 2011). Rare 

alleles are very poorly understood genetic variation in nature, and in maize, weak 

deleterious alleles contribute to a reduction in fitness of a population, also known as 

genetic load (CHARLESWORTH AND WILLIS 2009). Rare alleles can have positive, negative 

or neutral allelic effect on the fitness of an individual in a population. For example, rare 

alleles can contribute to inbreeding depression (ID) (CHARLESWORTH AND WILLIS 2009) 

or heterosis through complementation (BIRCHLER et al. 2010), and may play a major role 

in complex quantitative traits such as yield and kernel composition. It is very important to 

understand the role of rare alleles in maize genetic architecture, in order to aid in the 

selection and development of future elite breeding lines. 

Mapping approaches such as linkage and association study have mainly 

elucidated single effect QTL with additive effects. However, it is plausible that epistasis 

could be responsible for hidden quantitative genetic variations, small additive effects and 

missing heritability.  In classical Mendelian genetics, Epistasis is the interaction between 

non-allelic genes, where, phenotypic expression of one gene is interfered or masked by 

another gene (BATESON 1906). In quantitative genetics, epistasis is the deviation from 

linear effects of the allelic combinations from gene effects that are predicted by single-

locus values (MCMULLEN et al. 2001). Identifying epistatic interactions is 

experimentally, statistically and computationally challenging. However, identifying 

interacting genetic loci will improve prediction of response to selection and inbreeding 

depression in agriculturally valuable plants and animals.  

The role and importance of epistasis in the genetic architecture of quantitative 

traits has been controversial. There have been studies reported showing both a little 
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evidence for significant epistasis (EDWARDS et al. 1987; XIAO et al. 1995), and major 

interaction effects accounting for large genetic variances (SPICKETT AND THODAY 1966; 

DARRAH AND HALLAUER 1972; STUBER et al. 1973; YU et al. 1997; LUKENS AND 

DOEBLEY 1999). 

Epistatic gene effects can be peculiar in a population because allele frequency of 

the interacting loci can vary among different populations. It is important to fully 

understand the combined effects or epistatic interactions in order to predict hybrid 

performance and develop future breeding lines of maize. Detecting epistatic effects 

between QTL is estimated by fitting a statistical model that includes main effect of each 

QTL and the effect of QTL x QTL interaction term.  

The Teo-NILs consist of about 3% teosinte genome in the B73 background and 

rarely contain multiple segments of introgression in the entire population of over 900 

NILs. Thus, epistatic interactions cannot be studied in the NIL population (JOOSEN et al. 

2013). We have developed a new unique randomly inter-mated Teosinte Synthetic 

population that has a higher genetic content of teosinte than the Teo-NILs.  

The Teosinte Synthetic (Teo-Syn) population was developed by crossing 11 

parviglumis accessions onto the inbred line B73 to develop a backcross population (BC1) 

of 40 plants each. Ten of these accessions were the same as those used to create the Teo-

NILs.  Beginning with the BC1s and each generation of random mating thereafter, 

approximately 400-500 seeds were planted. A bulk of pollen from about 150-200 plants 

was collected, mixed together, and used to pollinate twice as many randomly chosen ears 

of the same planting. At the beginning of my research project, nine successive 

generations of random mating had been completed, yielding the Teosinte Synthetic - 9 
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population (Teo-Syn 9). The average parentage of the Teo-Syn population is ~75% B73 

and ~25% teosinte. The Teo-Syn population provides a new and powerful genetic 

population that captures gene diversity from teosinte and maize. The multiple rounds of 

bulk pollen random mating of BC1 brings donor alleles from 11 teosinte accessions 

altogether in a common genetic background, providing higher statistically power to test 

for epistasis among various teosinte alleles as with B73.   

The objectives of this research were to (1) Determine the genetic basis of kernel 

composition traits in maize and teosinte, and how similar and or different are the results 

from those observed in other populations like NAM. (2)  The allelic effects of the teosinte 

alleles on kernel composition. (3) Investigate alleles for kernel quality and composition 

lost and selected during the domestication process of maize. (4) Furthermore, I planned to 

investigate if there is statistical evidence for any bi-locus epistatic interactions between 

teosinte alleles for agronomic and domesticated traits.  



 

 

1
0 

 

       Figure 1.1 Differences in plant and ear architecture between maize and teosinte.  

B73 

(Zea mays ssp. mays) 

Teosinte  

(Zea mays ssp. parviglumis) 
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Chapter 2 

 

Genetic Analysis of Teosinte Alleles for Kernel Composition Traits in 

Maize 

 

This chapter is adapted from:  

Karn, Avinash, Jason D. Gillman, and Sherry A. Flint-Garcia. "Genetic Analysis of 

Teosinte Alleles for Kernel Composition Traits in Maize."G3: Genes, Genomes, 

Genetics (2017) DOI: 10.1534/g3.117.039529 

 

ABSTRACT 

 

 Teosinte (Zea mays ssp. parviglumis) is the wild ancestor of modern maize (Zea 

mays ssp. mays). Teosinte contains greater genetic diversity compared to maize inbreds 

and landraces, but its use is limited by insufficient genetic resources to evaluate its value. 

A population of teosinte near isogenic lines (teosinte NILs) was previously developed to 

broaden the resources for genetic diversity of maize, and to discover novel alleles for 

agronomic and domestication traits. The 961 teosinte NILs were developed by 

backcrossing ten geographically diverse parviglumis accessions into the B73 (reference 

genome inbred) background. The NILs were grown in two replications in 2009 and 2010 

in Columbia, Missouri and Aurora, New York, respectively, and Near Infrared 

Reflectance (NIR) spectroscopy and Nuclear Magnetic Resonance (NMR) calibrations 

were developed and used to rapidly predict total kernel starch, protein and oil content on 

a dry matter basis in bulk whole grains of teosinte NILs. Our joint-linkage quantitative 

trait locus (QTL) mapping analysis identified two starch, three protein and six oil QTLs, 

which collectively explained 18%, 23% and 45% of the total variation, respectively. A 
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range of strong additive allelic effects for kernel starch, protein and oil content were 

identified relative to the B73 allele. Our results strongly support our hypothesis that 

teosinte harbors stronger alleles for kernel composition traits than maize, and can be 

exploited for the improvement of kernel composition traits in modern maize germplasm. 
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INTRODUCTION 
 

 Maize (Zea mays ssp. mays) is one of the most economically valuable grain crops 

in the world (AWIKA 2011). It is a significant resource for food, feed and biofuel, and 

provides raw materials for various industrial applications. Maize was domesticated from 

teosinte (Zea mays ssp. parviglumis) in southern Mexico about 7,500 to 9,000 years ago 

(MATSUOKA et al. 2002; PIPERNO et al. 2009; HUFFORD et al. 2012) but bears striking 

morphological differences in terms of plant, inflorescence and seed architecture 

(DOEBLEY et al. 1995). Today, maize breeders and geneticists are well aware of the 

reduction in genetic diversity during crop domestication, especially in genes underlying 

traits that were targeted by the selection process (FLINT-GARCIA 2013), which resulted in 

lower or no variation in traits and limited the discovery of novel alleles that have 

potential to improve a crop’s germplasm (FLINT-GARCIA et al. 2009). 

Teosinte has minute kernels compared to maize, enclosed within a hard-stony 

fruitcase, a trait not present in maize inbreds and landraces (DORWEILER et al. 1993). 

Similarly, kernel composition differs between teosinte and modern maize; on a dry matter 

basis inbred maize kernels are ~71.7% starch, ~9.5% protein and ~4.3% oil (WATSON et 

al. 2003). In contrast teosinte kernels have ~52.92% starch, ~28.71% protein, ~5.61% oil, 

strongly suggesting that the increase in kernel size, fruitcase-less kernels and increase in 

kernel starch were the targets of artificial selection during maize domestication (FLINT-

GARCIA et al. 2009). 

Recent sequencing efforts suggest that 2-4% of the maize genome was impacted 

due to the artificial selection process. There is a significant reduction in the genetic 

variation of genes underlying selected traits, whereas, the 96%-98% of the neutral genes 
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remain to retain high levels of genetic diversity (WRIGHT et al. 2005; HUFFORD et al. 

2012). One long term goal of maize breeding is to transfer novel genetic variation from 

teosinte for the improvement of modern maize germplasm (FLINT-GARCIA et al. 2009). 

A teosinte near isogenic population (hereafter referred to as “teosinte NILs”) was 

developed to provide new genetic resources for complex trait dissection in maize, and 

identify and introduce novel genetic diversity from teosinte (LIU et al. 2016b). Near 

isogenic lines have a strong potential to identify and fine-map quantitative trait loci, and 

have been widely applied in several crops species including maize (GRAHAM et al. 1997; 

SZALMA et al. 2007), soybean (MUEHLBAUER et al. 1991; JIANG et al. 2009) and tomato 

(ESHED AND ZAMIR 1995; BROUWER AND ST. CLAIR 2004). Another advantage of NILs is 

the reduction of confounding “noise” from genetic background and epistatic interactions 

between QTLs. These characteristics of NIL populations make them suitable genetic 

resources to fine-map and identify novel alleles for complex agronomic traits. 

Statistically, NILs are more accurate in estimating QTL effects because the phenotypic 

differences are caused only by allelic differences at the introgression sites (KAEPPLER 

1997). 

In this study, we aimed to simultaneously discover and evaluate the potential of 

novel alleles from teosinte for improving the nutritional and kernel quality of modern 

maize germplasm.  

 

MATERIAL AND METHODS 

 

Maize-teosinte near isogenic libraries 
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The development and genotyping of the 10 teosinte NIL families (58 to 185 lines 

per family) was described previously (LIU et al. 2016b). Briefly, the NILs were 

developed by backcrossing ten accessions of geographically diverse Zea mays ssp. 

parviglumis into the inbred B73 for four generations prior to inbreeding, creating a total 

of 961 NILs. These NILs were genotyped via a GoldenGate assay (Illumina, San Diego, 

CA), and a subset of 728 out of the 1106 Nested Association Mapping (NAM) markers 

were selected based on polymorphism between B73 and the 10 teosinte parents 

(MCMULLEN et al. 2009; LIU et al. 2015b). Genotypic data for the teosinte NILs can be 

accessed from the supplemental data in (LIU et al. 2016b). Genotypic ratios revealed by 

examining marker data shows that the BC4S2 teosinte NIL population averaged ~95.9% 

homozygous B73, ~2.6% heterozygous B73/teosinte, and ~1.5% homozygous teosinte. 

An individual teosinte NIL had an average of 2.4 chromosomal segments from teosinte, 

which when combined encompass about 4% of the teosinte genome introgressed into B73 

background (LIU et al. 2015b). 

 

Near infrared and nuclear magnetic resonance calibration for estimating kernel 

composition traits 

 

Previously, kernel starch, protein, and oil content was estimated for 26,305 seed 

samples from seven grow-outs of the NAM population using a Perten Diode Array 7200 

(DA7200) instrument (Perten Instruments, Stockholm, Sweden) and a proprietary 

(Syngenta Seeds, Inc.) NIR calibration (COOK et al. 2012).  In order to calibrate our own 

local machines, we selected two sets of 210 and 45 seed samples from among these 

26,305 samples, in order to span the wide range of values for starch protein and oil based 
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on these Syngenta estimates. The original composition values based on the Syngenta 

calibration were used solely to choose samples with extreme values for calibration and 

are not used anywhere in the current study.  

The 255 calibration samples were sent to the University of Missouri Experiment 

Station Chemical Laboratories for proximate analysis, following the official methods of 

AOAC International (2006). These reference values for starch, protein, and oil were then 

adjusted to a dry matter basis (DMB) and used in the calibration of our own machines. 

The reference samples had the following ranges: 55.3 - 82.3% for starch, 6.8 - 21.4% for 

protein, and 1.7 - 6.3% for oil (Table 2.1). 

In the NIR calibration, intact kernels were scanned on a FOSS® 6500 Near 

Infrared (NIR) reflectance instrument (Foss North America, Eden Prairie, Minnesota). 

Reflectance spectra (R) from bulk whole grains of at least 50 kernels from each sample 

were collected at 10 nm intervals in the NIR region from 400 to 2500 nm. Each sample 

was scanned five times and averaged. Absorbance values were calculated as log(1/R) 

using ISIscan® and exported via WinISI® IV software for regression analysis 

(Supplemental data in KARN et al. (2017a). The collected NIR spectra of the samples 

were preprocessed using Savitzky-Golay first derivative (1st Deri) as described by 

SPIELBAUER et al. (2009); and multiplicative scatter correction (MSC) as described by 

GELADI et al. (1985). Spectral preprocessing and PLS regression analysis were carried 

out using the UnScrambler® version 6.11 (CAMO ASA, Olav Tryggvason Gt 24, N-7011 

Trondheim, Norway). 

A partial least squares - 1 (PLS1) regression method was used to derive 

calibration models for protein and starch, as well as oil (BAYE et al. 2006). In the PLS1 
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regression analysis, preprocessed spectral data were used as descriptor data (X variable) 

and analytical data as response data set (Y variable). Initially, of the 210 samples with 

reference data, 190 samples were randomly chosen for NIR calibration and 20 samples 

for external validation (Supplemental data in KARN et al. (2017a). The performance of 

the various regression models was evaluated based on the coefficient of correlation (r) 

between the reference and NIR-predicted values and standard error of calibration (SEC) 

in the validation set of 20 samples (Supplemental data in KARN et al. (2017a). Once a 

satisfactory calibration model was developed for each trait, the 20 samples from the 

validation set were added back to the calibration set in order to develop a final calibration 

model (NIR calibration equations for kernel protein and starch are provided in 

supplemental data in KARN et al. (2017a). The NIR oil calibration was poor (r = 0.63; 

SEC = 0.78) (Supplemental data in KARN et al. (2017a), and was not used for the 

remainder of the study. 

Similarly, a bench top MQC analyzer (Oxford Instruments®) NMR instrument 

was calibrated with samples from 45 NAM RILS with wide range of known analytical 

values for oil content (COOK et al. 2012) using the in-built calibration software. The 

NMR resonance values from each sample were collected in triplicate at the operating 

frequency 5 MHz from ~10 grams of intact maize kernels, which was regressed against 

the reference values to develop a model (Supplemental data in KARN et al. (2017a). The 

performance of the NMR model to measure oil content was determined by the coefficient 

of correlation (r) and standard error between the reference and NMR-predicted values.  

 

Phenotypic data collection and analysis in the teosinte NILs 
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 A total of 961 teosinte NIL entries were grown as a random complete block 

design and self-pollinated in two locations with two replications each: Columbia, MO 

and Aurora, NY in the year 2009 and 2010, respectively, with B73 as an experimental 

control. Kernel composition data (starch, protein and oil) were obtained from bulk intact 

kernels from each plot using the NIR and NMR calibrations developed above. 

 Least Square Means (LSMeans) across environments were calculated using 

PROC MIXED for individual kernel composition traits, and broad sense heritability (H2) 

was calculated by the method described in HOLLAND et al. (2003) in SAS software 

version 9.2 (SAS Institute Inc., Cary, NC). 

 

Joint-Linkage QTL Analysis  

 

A genetic map based on the NAM population was used for the joint-linkage QTL 

analysis following the protocol of LIU et al. (2015b). Briefly, appropriate P-value 

thresholds (starch = 1.31 × 10-06, protein = 6.06 × 10-07, and oil = 1.12 × 10-06) for the 

joint-linkage mapping were determined by 1,000 permutations in SAS. Joint step 

regression was conducted using PROC GLM SELECT, where, the model contained a 

family main effect and marker effects nested within families (COOK et al. 2012). We used 

PROC GLM for the final model and to estimate additive effects of the teosinte alleles. 

The presence of significant additive effects of the teosinte alleles were determined by a t-

test comparison of the parental means versus the control B73 allele. QTL support 

intervals were calculated as a 1-LOD drop from the peak of the QTL. 
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RESULTS 

 

The NIR models were successfully able to predict starch (r = 0.82, SEC = 2.7) 

and protein (r = 0.97, SEC = 0.72) (Table 2.2), while the oil model was unable to 

accurately predict oil (r = 0.63, SEC = 0.78) (Supplemental data in KARN et al. (2017a). 

Instead, we developed an NMR model to predict oil content (r = 0.98, error = 0.09) 

(Table 2.3).  

The NIR calibrations were used to predict starch and protein content and the 

NMR calibration was used to predict oil content in the teosinte NIL trial. Due to few or 

no kernels in some NIL samples, kernel composition data were obtained from 858 out 

961 teosinte NILs, and ranged from 66.4% - 75.1% for starch, 7.32 % - 15.2% for 

protein, and 2.7% - 5.5% for oil (Figure 2.1, Table 2.4). The distribution of the teosinte 

NILs was skewed in the direction of the expected teosinte allelic effect as predicted by 

teosinte composition phenotypes relative to maize: a longer tail for lower starch, and a 

longer tail in the direction of higher protein and oil.  

Significant negative phenotypic correlations were detected between starch and 

protein (r = -0.823, P <0.0001) and between starch and oil (r = -0.083, P < 0.01). A 

significant positive phenotypic correlation was detected between protein and oil (r = 0.11, 

P < 0.001). These correlations are in line with those previously observed in diverse maize 

germplasm (COOK et al. 2012) as well as QTL studies involving high oil parents (ZHANG 

et al. 2008). Broad-sense heritability for starch and protein, and oil content in teosinte 

NILs were 70%, 76% and 94%, respectively (Table 2.4).  

Joint stepwise regression identified a total of eight QTL across the three traits: 

two starch QTLs that explained 18% of the variation, three protein QTLs that explained 
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23% of the variation, and six oil QTLs which explained 45% of variation (Table 2.4; 

Supplemental data in KARN et al. (2017a)). The chromosome 1 QTL was significant for 

both protein and oil, and the chromosome 3 QTL was significant for all three traits (Table 

2.7).  

As the ten teosinte accessions were crossed to a common reference line (B73), it 

was possible to accurately estimate additive effects of the teosinte alleles relative to B73 

and to each other. Each of the 10 teosinte NIL donors was allowed to have an 

independent allele by fitting a population-by-marker term in the stepwise regression and 

final models, as described by BUCKLER et al. (2009) and COOK et al. (2012). We 

identified a total of 9 starch, 12 protein, and 25 oil teosinte alleles that were significant 

(Table 2.5, Supplemental data in KARN et al. (2017a)) (P<0.05). The direction of the 

allelic effects corresponded well with the skew of the phenotypes (Figure 2.1). Because 

teosinte has lower starch content and higher protein and oil than maize (FLINT-GARCIA et 

al. 2009), we anticipated that most of the teosinte alleles would decrease starch and 

increase protein and oil. In fact, all of the significant alleles were in the anticipated 

direction, with the exception of the oil QTL on chromosome 2 where all five of the 

significant alleles decreased oil. All the QTLs had a range of strong additive allelic 

effects, with the largest allelic effects for starch, protein, and oil QTLs being -2.56%, 

2.21% and 0.61% dry matter, respectively, and displayed both positive and negative 

additive allelic effects depending upon the trait (Figure 2.5). 

  

DISCUSSION 
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The endosperm is the largest structure (80-85% of the kernel by weight) in the 

maize kernels (FAO 1992), and starch (~71% by weight) and protein (~11% by weight) 

are the major chemical components. In contrast, oil is only a minor constituent of the 

total kernel (~4% of the kernel weight) but is major chemical component of embryo/germ 

(10-12% of the kernel by weight) (FAO 1992; FLINT-GARCIA et al. 2009). Kernel 

composition in maize is influenced by various environmental and genetic factors 

(WILSON et al. 2004), and kernel composition has been the target of domestication and 

more recent breeding. Therefore, it is critical to understand what genes control these 

important traits, and to determine the levels of genetic diversity for these genes in order 

to continue the improvement of maize grain for food, feed, and fuel. 

One aim in this study was to develop rapid, non-destructive phenotyping methods 

for kernel starch, protein, and oil in intact kernels of maize. We accomplished this aim by 

developing non-destructive, robust and high-throughput methods using NIR and NMR-

based instrumentation. The calibration and validation results PLS models revealed that 

NIR is capable of predicting kernel protein and starch content (Table 2.2), but unable to 

reliably predict oil (Supplemental data in KARN et al. (2017a).  

NIR can efficiently predict a higher number of kernel composition traits in ground 

samples than in intact kernels of maize. In ground samples, the kernel chemical 

components are evenly distributed throughout the sample. However, in intact seed, oil is 

non-uniformly distributed throughout the kernel. Because the oil is concentrated in the 

embryo, reflectance methods are highly sensitive to the directionality of the kernels in the 

sample (more embryos facing towards or away from the instrument). Because our goal 
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was to non-destructively phenotype composition traits, we decided to explore an NMR-

base method to characterize oil. 

In previous studies, NMR had been used to predict oil content in both 25 g and 

single kernel intact maize kernels with high accuracy (r >0.99, error = 0.05) 

(ALEXANDER et al. 1967). Our NMR model was capable of predicting oil content with 

less than half the amount of material (~10 g) of intact maize kernels very accurately (r 

>0.98, error = 0.09) in less than 15 secs. These parameters are important both for 

efficiency and to avoid inadvertent selection bias, as some of the lines in teosinte NILs 

produced fewer than 50 kernels. 

 Broad-sense heritability estimates for kernel starch and protein were moderate 

(70% and 76%, respectively), but extremely high for kernel oil (94%), which indicates 

that kernel oil content is more stable over environments than either kernel starch and 

protein. When compared to the NAM population, heritability for kernel protein and starch 

was lower in our teosinte NILs, but higher for kernel oil content. Heritability in NIL 

populations is generally lower than RIL populations, likely due to lower genotypic 

variance in the near isogenic background than among RILs due to the uniformity in the 

lines (EICHTEN et al. 2011). 

COOK et al. (2012) evaluated the maize NAM population for kernel starch, 

protein, and oil content. The NAM population was developed by crossing 25 diverse 

founder inbred lines of maize to the reference inbred B73 and producing 24 recombinant 

inbred line (RIL) families (BUCKLER et al. 2009; MCMULLEN et al. 2009). In NAM, 21 

starch, 26 protein, and 22 oil QTLs were identified, which explained 59%, 61%, and 70% 

of the total variation. Of the eight QTL identified in the teosinte NILs, the QTLs on 
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chromosomes 1 and 3 appear to be teosinte-specific and were not identified in the NAM 

(COOK et al. 2012) (Figure 2.4). We identified fewer QTLs for kernel starch, protein, and 

oil in the teosinte NILs. There are multiple non-exclusive reasons that we detected fewer 

QTLs in the NILs as compared to NAM: reduced statistical power in NILs as the donor 

alleles appear at a lower frequency than in RIL populations, and the possible presence of 

teosinte x teosinte epistatic interactions that are not present in the maize alleles sampled 

in NAM. 

Even though there was a strong correlation between starch and protein at the 

phenotypic level, only the QTL on chromosome 3 showed complete overlap for starch 

and protein (as well as oil). The additive effects were strongly negatively correlated (r = -

0.84, p = 0.0045), indicating that this QTL is partially responsible for the high negative 

correlation between these two traits. This QTL overlap is consistent with the fact that 

protein and starch are stored primarily in the endosperm and, as a percentage of the 

kernel, they compensate for each other. In most other cases, however, the QTLs appear to 

be trait-specific. This phenomena was observed in the NAM population, where several 

starch and protein QTL co-localized and others did not, despite the similar strong 

phenotypic correlation (COOK et al. 2012). It is possible that the chromosome 3 QTL is 

one of the primary drivers of the 34% increase in starch and 60% loss in protein between 

teosinte and maize for starch and protein that occurred during domestication (FLINT-

GARCIA et al. 2009). However, fine mapping would be required in order to address 

these questions concerning pleiotropy. 

Because our introgressed regions in the teosinte NILs are quite large and the 

resulting QTLs are broad, there are long lists of potential candidate genes underlying 
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each QTL. Rather than dwelling on the possibilities of our favorite candidate genes for 

which we have little to no supporting evidence at this time, we will focus our discussion 

on the oil QTL on chromosome 6 which has been identified in many previous QTL 

studies (ALREFAI et al. 1995; ZHENG et al. 2008; COOK et al. 2012). The most likely 

candidate gene is diacylglycerol acyltransferase 1-2 (DGAT1-2) which encodes a rate 

limiting enzyme in triacylglycerol biosynthesis which was fine-mapped using NILs and 

verified by a number of independent methods (ZHENG et al. 2008). This study identified a 

3-bp insertion resulting in an extra phenylalanine residue as the causative lesion 

conferring high oil. The high-oil insertion allele was present in all 46 teosinte accessions 

analyzed, and thus they consider the high oil allele ancestral (ZHENG et al. 2008). A 

follow-up study of DGAT1-2 in landraces and early cycle inbred lines showed the high-

oil insertion allele was present in most of the Southwestern US, Northern Flint, and 

Southern Dent landraces of the US, at a moderate frequency in Corn Belt Dent, and 

nearly absent in the early inbred lines (CHAI et al. 2012). Interestingly, DGAT1-2 was not 

identified as a selection candidate in HUFFORD et al. (2012), despite the fact that there 

were 8 to 31 SNPs (depending on the definition of gene structure) in DGAT1-2 in the 

HapMap2 dataset that could be used for selection tests (CHIA et al. 2012). One possible 

reason is the fact that there was no gene model for DGAT1-2 in B73 RefGen_v1, the 

version of the genome that was used in the selection study. Alternatively, it is possible 

that DGAT1-2 was not selected, but rather the high-oil allele was lost due to drift when 

the small number of Corn Belt Dent populations was chosen for developing inbred lines 

as proposed by CHAI et al. (2012). Regardless of its selection status, it is a strong 

candidate underlying the chromosome 6 oil QTL.  
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The teosinte NILs use B73 as the common reference, which allows direct 

comparisons of the teosinte alleles amongst themselves, as well as with the NAM inbred 

founders. Most inbred lines have lower starch content than B73, thus one might expect 

that most inbred donor alleles would decrease starch. However, in NAM, of the 132 

significant starch alleles, only 82 alleles (62%) decreased starch (COOK et al. 2012). In 

our teosinte NILs, all nine significant alleles decreased starch. In the case of protein, B73 

has an average protein content compared to other inbred lines, resulting in an equal mix 

of significant positive (66 alleles) and negative (69 alleles) effects from the NAM inbred 

founders (COOK et al. 2012). In our study, all ten of the significant teosinte alleles 

increased protein content. Interestingly, 4 of the 27 significant teosinte oil alleles (all 

from the chromosome 2 QTL) decreased oil, breaking the pattern of expected allelic 

effects. This is a possible reflection of the smaller difference in oil content between maize 

and teosinte as compared to the larger differences in protein and starch (FLINT-GARCIA et 

al. 2009). 

The additive effects of the NAM QTL were relatively small with the largest 

allelic effects being 0.65%, -0.38%, and 0.21% for the starch, protein, and oil QTLs, 

respectively (COOK et al. 2012). We observed that our teosinte alleles were stronger than 

those of NAM, with the strongest allelic effects of -2.56% for starch, 2.21% for protein, 

and 0.61% for oil (Table 2.5). These teosinte alleles may be prime candidates for 

improving maize kernel composition. The limited number of recombination events in the 

teosinte NILs compared to the NAM RILs results in larger genomic regions which may 

contain multiple linked loci that contribute to the larger effects of the teosinte alleles. 

Unfortunately, there is no set of publicly available NILs carrying a large number of 
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inbred donors (not even the NAM founders) in the B73 background--- such NILs would 

allow comparisons to be made with the exact same population structure. Unfortunately, 

our NIL population was not designed to address this question without initiating fine 

mapping experiments for the various alleles. However, we have developed a different 

population with a higher proportion of the same teosinte donors and more extensive 

recombination to further address this question (unpublished data). 

The maize-teosinte near isogenic NILs were developed to reintroduce a modest 

amount of genetic variation (about 3% teosinte donor on average) from teosinte and 

evaluate the value of teosinte alleles for various agronomic and kernel composition traits 

(LIU et al. 2016b). In this study, we determined the genetic basis of kernel composition 

alleles from teosinte, and compared the QTLs and their effects to those observed in in the 

maize NAM population. We identified teosinte alleles with a broader range and larger 

allelic effect in comparison to that observed in diverse maize. Our study strongly suggests 

that teosinte bears novel alleles which can be utilized for the improvement of kernel 

starch, protein, and oil content in modern maize germplasm, as well as provide unique 

source of variation for further QTLs and molecular studies.  
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Table 2.1 Descriptive statistics of reference composition values on a dry matter basis in the NIR and NMR calibration set 

comprised of NAM samples. 

Trait Instrument n Mean Median Std. Dev. Variance Range (%) 

Starch NIR 209 68.65 68.6 5.4 29.2 55.34 - 82.33 

Protein NIR 210 12.91 12.9 3.08 9.51  6.76 - 21.40 

Oil NMR 15 3.94 4.02 1.42 2.03     1.66 - 5.88 
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Table 2.2 NIR calibration statistics for Starch and Protein content on DMB in intact maize kernels 

Trait Instrument Spectral range Spectra Treatment n r SEC 

Starch FOSS 6500 NIR 410 - 2500 nm MSC; 1stDeri 210 0.82 2.705 

Protein  FOSS 6500 NIR 900 - 2500 nm MSC 210 0.97 0.719 
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Table 2.3 NMR calibration statistics for oil content on DMB in intact maize kernels 

Trait Instrument 
Operating Frequency 

(MHz) 
n weight (g) r 

Standard 

Deviation  

Standard 

Error  

Oil 

Oxford 

Instruments 

NMR 

5 15 ~10 0.98 0.3 0.09 
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Table 2.4 Descriptive statistics of starch, protein and oil content in teosinte NILs, and results for the joint linkage QTL analysis 

for each trait 

Trait n Mean Range Difference H2 QTLs Markers R2 

Starch 857 71.41 66.421 - 75.175 8.853 0.70 2 
PZA01962.12 

PZA03057.3 
18.0% 

Protein  857 10.77 7.316 - 15.190 7.874 0.76 3 
PZA02070.1 

PZA03172.3 

PHM1675.29 

23.1% 

Oil 858 3.896 2.77 - 5.553 2.78 0.94 6 

PZA02135.2 

PZA01993.7 

PHM1675.29 

PZA01779.1 

PZA03461.1 

PZA00951.1 

45.0% 
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Table 2.5 Comparing number of QTLs and additive allelic effects of Maize (NAM) and teosinte alleles for kernel composition 

traits 

NAM Population Teosinte NILs 

      Allelic Effects     Allelic Effects 

Trait   QTLs Min (%) Max (%)   QTLs Min (%) Max (%) 

Starch 21 -0.62 0.65 2 -2.56 0.82 

Protein 26 -0.38 0.34 3 -0.77 2.21 

Oil 22 -0.12 0.21 6 -0.33 0.61 
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Table 2.6 Initial calibration and external validation statistics for NIR calibration for total kernel starch, protein and oil 

Calibration statistics      

Constituent n r SEC Bias  Slope 

Protein 190 0.97 0.72 8E-07 1.00 

Starch 190 0.83 2.71 -3E-07 1.00 

Oil 190 0.66 0.95 2E-07 1.00 

      

      
 External validation statistics    

Constituent n r SEP Bias  Slope 

Protein 19 0.96 0.81 -7E-02 0.99 

Starch 19 0.78 3.06 -7E-02 0.86 

Oil 20 0.63 0.78 1E+00 0.79 
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Table 2.7 Table for all QTLs 

Traits marker Chromosome Closet SNP 
Support interval 

(cM)1 
LOD R2 p-value 

Starch PZA01962.12 3 t251 90.0 - 90.1 18.72 0.08 2.81E-13 

Starch PZA03057.3 9 t643 44.5 - 46.6 14.50 0.07 4.37E-10 

Protein PZA02070.1 1 t50 87.3 - 89.6 15.94 0.10 1.37E-16 

Protein PZA03172.3 5 t437 98.2 - 99.5 11.77 0.05 2.38E-07 

Protein PHM1675.29 3 t254 90.0 - 92.6 10.63 0.05 4.00E-07 

Oil PZA02135.2 1 t53 91.4 - 96.5 12.48 0.07 9.61E-16 

Oil PZA01993.7 2 t149 62.2 - 67.9 17.90 0.05 1.68E-10 

Oil PHM1675.29 3 t254 90.0 - 92.6 21.55 0.06 9.58E-14 

Oil PZA01779.1 5 t408 66.0 - 68.7 16.31 0.05 2.25E-10 

Oil PZA03461.1 6 t476 27.8 - 41.5 29.48 0.09 8.96E-23 

Oil PZA00951.1 8 t604 80.2 - 82.0 16.86 0.05 1.86E-12 

        
1 support interval equivalent to a 1-LOD drop from the peak    
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Table 2.8 Allele effects for all QTLs 

Allele effects for all QTLs 

Trait Chrom. 
bp(B73 

RefGen_v2) 
cM 

Additive effect 

estimate 
Parameter StdError t-value p-value 

STARCH 3 179,995,065 90 0.62039494 t251*pop 0.355836 1.74 0.0816 

STARCH 3 179,995,065 90 -0.2132333 t251*pop 0.435149 -0.49 0.6242 

STARCH 3 179,995,065 90 -0.92794213 t251*pop 0.157632 -5.89 <.0001 

STARCH 3 179,995,065 90 0.01911019 t251*pop 0.275205 0.07 0.9447 

STARCH 3 179,995,065 90 -0.06497066 t251*pop 0.297255 -0.22 0.827 

STARCH 3 179,995,065 90 0.82364759 t251*pop 0.562598 1.46 0.1436 

STARCH 3 179,995,065 90 0.40685952 t251*pop 0.398156 1.02 0.3071 

STARCH 3 179,995,065 90 -1.57974289 t251*pop 0.369657 -4.27 <.0001 

STARCH 3 179,995,065 90 -0.04348925 t251*pop 0.32547 -0.13 0.8937 

STARCH 3 179,995,065 90 -2.55670655 t251*pop 0.481812 -5.31 <.0001 

STARCH 9 76,759,828 45.9 -0.79451918 t643*pop 0.329311 -2.41 0.0161 

STARCH 9 76,759,828 45.9 -0.46762602 t643*pop 0.388542 -1.2 0.2291 

STARCH 9 76,759,828 45.9 -1.11075732 t643*pop 0.430802 -2.58 0.0101 

STARCH 9 76,759,828 45.9 -1.19168343 t643*pop 0.962998 -1.24 0.2163 

STARCH 9 76,759,828 45.9 -0.9460237 t643*pop 0.233114 -4.06 <.0001 

STARCH 9 76,759,828 45.9 -0.11990798 t643*pop 0.562598 -0.21 0.8313 

STARCH 9 76,759,828 45.9 -0.67765656 t643*pop 0.564362 -1.2 0.2302 

STARCH 9 76,759,828 45.9 -0.58626494 t643*pop 0.273745 -2.14 0.0325 

STARCH 9 76,759,828 45.9 -0.72809543 t643*pop 0.286847 -2.54 0.0113 

STARCH 9 76,759,828 45.9 -1.11314617 t643*pop 0.233798 -4.76 <.0001 

PROTEIN 1 115,408,720 89.1 2.208102 t50*pop 0.726032 3.04 0.0024 
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PROTEIN 1 115,408,720 89.1 0.54381087 t50*pop 0.359874 1.51 0.1311 

PROTEIN 1 115,408,720 89.1 1.25228547 t50*pop 0.356617 3.51 0.0005 

PROTEIN 1 115,408,720 89.1 1.06875704 t50*pop 0.616294 1.73 0.0833 

PROTEIN 1 115,408,720 89.1 0.41609677 t50*pop 0.358552 1.16 0.2462 

PROTEIN 1 115,408,720 89.1 0.34800655 t50*pop 0.312959 1.11 0.2665 

PROTEIN 1 115,408,720 89.1 0.9583226 t50*pop 0.362014 2.65 0.0083 

PROTEIN 1 115,408,720 89.1 -0.33199449 t50*pop 0.35702 -0.93 0.3527 

PROTEIN 1 115,408,720 89.1 0.95507224 t50*pop 0.267972 3.56 0.0004 

PROTEIN 1 115,408,720 89.1 1.60704391 t50*pop 0.333519 4.82 <.0001 

PROTEIN 5 182,088,805 92.6 0.3160725 t254*pop 0.339619 0.93 0.3523 

PROTEIN 5 182,088,805 92.6 0 t254*pop - - - 

PROTEIN 5 182,088,805 92.6 0.7839164 t254*pop 0.149851 5.23 <.0001 

PROTEIN 5 182,088,805 92.6 0.09471843 t254*pop 0.296451 0.32 0.7494 

PROTEIN 5 182,088,805 92.6 0.38820201 t254*pop 0.268822 1.44 0.1491 

PROTEIN 5 182,088,805 92.6 -0.70125443 t254*pop 0.467671 -1.5 0.1341 

PROTEIN 5 182,088,805 92.6 -0.2169174 t254*pop 0.362014 -0.6 0.5492 

PROTEIN 5 182,088,805 92.6 1.1406059 t254*pop 0.332242 3.43 0.0006 

PROTEIN 5 182,088,805 92.6 -0.13504618 t254*pop 0.390136 -0.35 0.7293 

PROTEIN 5 182,088,805 92.6 0.96388683 t254*pop 0.540151 1.78 0.0747 

PROTEIN 3 188,967,651 98.2 0.83336257 t437*pop 0.284239 2.93 0.0035 

PROTEIN 3 188,967,651 98.2 0.88396729 t437*pop 0.391277 2.26 0.0241 

PROTEIN 3 188,967,651 98.2 1.02036992 t437*pop 0.241998 4.22 <.0001 

PROTEIN 3 188,967,651 98.2 -0.76536796 t437*pop 0.616294 -1.24 0.2146 

PROTEIN 3 188,967,651 98.2 -0.05665762 t437*pop 0.250444 -0.23 0.8211 

PROTEIN 3 188,967,651 98.2 0.36877433 t437*pop 0.357398 1.03 0.3025 

PROTEIN 3 188,967,651 98.2 0.44284029 t437*pop 0.492366 0.9 0.3687 

PROTEIN 3 188,967,651 98.2 -0.18019174 t437*pop 0.866142 -0.21 0.8352 

Table 2.8 continued… 
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PROTEIN 3 188,967,651 98.2 1.36082598 t437*pop 0.333873 4.08 <.0001 

PROTEIN 3 188,967,651 98.2 0.34117333 t437*pop 0.249051 1.37 0.1711 

OIL 1 166,710,816 92 0.091638034 t53*pop 0.096367 0.95 0.3419 

OIL 1 166,710,816 92 0.10920992 t53*pop 0.10969 1 0.3197 

OIL 1 166,710,816 92 0.404256768 t53*pop 0.103465 3.91 0.0001 

OIL 1 166,710,816 92 0.294729017 t53*pop 0.171008 1.72 0.0852 

OIL 1 166,710,816 92 0.301493969 t53*pop 0.137432 2.19 0.0285 

OIL 1 166,710,816 92 0.144169335 t53*pop 0.106664 1.35 0.1769 

OIL 1 166,710,816 92 0.491525035 t53*pop 0.152298 3.23 0.0013 

OIL 1 166,710,816 92 0.298545951 t53*pop 0.076639 3.9 0.0001 

OIL 1 166,710,816 92 0.028253026 t53*pop 0.080616 0.35 0.7261 

OIL 1 166,710,816 92 0.169344191 t53*pop 0.106521 1.59 0.1123 

OIL 2 34,700,898 64.2 -0.029240109 t149*pop 0.074486 -0.39 0.6948 

OIL 2 34,700,898 64.2 -0.265871581 t149*pop 0.061957 -4.29 <.0001 

OIL 2 34,700,898 64.2 -0.331441887 t149*pop 0.072642 -4.56 <.0001 

OIL 2 34,700,898 64.2 -0.226013575 t149*pop 0.062929 -3.59 0.0003 

OIL 2 34,700,898 64.2 -0.172748491 t149*pop 0.09516 -1.82 0.0698 

OIL 2 34,700,898 64.2 -0.101228037 t149*pop 0.072548 -1.4 0.1633 

OIL 2 34,700,898 64.2 -0.1280765 t149*pop 0.063587 -2.01 0.0443 

OIL 2 34,700,898 64.2 -0.290519973 t149*pop 0.068453 -4.24 <.0001 

OIL 2 34,700,898 64.2 0.043891753 t149*pop 0.158424 0.28 0.7818 

OIL 2 34,700,898 64.2 -0.040333773 t149*pop 0.063196 -0.64 0.5235 

OIL 3 182,088,805 92.6 0.412469322 t254*pop 0.090214 4.57 <.0001 

OIL 3 182,088,805 92.6 0 t254*pop - - - 

OIL 3 182,088,805 92.6 0.215038768 t254*pop 0.039943 5.38 <.0001 

OIL 3 182,088,805 92.6 0.053026824 t254*pop 0.079757 0.66 0.5063 

OIL 3 182,088,805 92.6 0.241366415 t254*pop 0.071179 3.39 0.0007 

Table 2.8 continued… 
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OIL 3 182,088,805 92.6 0.196672609 t254*pop 0.124169 1.58 0.1136 

OIL 3 182,088,805 92.6 0.323161183 t254*pop 0.101957 3.17 0.0016 

OIL 3 182,088,805 92.6 0.337759747 t254*pop 0.088271 3.83 0.0001 

OIL 3 182,088,805 92.6 0.070714926 t254*pop 0.120502 0.59 0.5575 

OIL 3 182,088,805 92.6 0.436613758 t254*pop 0.154486 2.83 0.0048 

OIL 5 81,950,336 68.1 0.057457051 t408*pop 0.231121 0.25 0.8037 

OIL 5 81,950,336 68.1 0 t408*pop - - - 

OIL 5 81,950,336 68.1 0.265885375 t408*pop 0.064201 4.14 <.0001 

OIL 5 81,950,336 68.1 0.330476395 t408*pop 0.057181 5.78 <.0001 

OIL 5 81,950,336 68.1 0.252924696 t408*pop 0.096946 2.61 0.0093 

OIL 5 81,950,336 68.1 0.31653471 t408*pop 0.163607 1.93 0.0534 

OIL 5 81,950,336 68.1 0.015487372 t408*pop 0.087269 0.18 0.8592 

OIL 5 81,950,336 68.1 0.202231823 t408*pop 0.114823 1.76 0.0786 

OIL 5 81,950,336 68.1 0.218976356 t408*pop 0.081855 2.68 0.0076 

OIL 5 81,950,336 68.1 0.061896652 t408*pop 0.057434 1.08 0.2815 

OIL 6 110,606,988 33.4 0.275670274 t476*pop 0.106841 2.58 0.0101 

OIL 6 110,606,988 33.4 0 t476*pop - - - 

OIL 6 110,606,988 33.4 0.561217656 t476*pop 0.058445 9.6 <.0001 

OIL 6 110,606,988 33.4 0.089613137 t476*pop 0.135842 0.66 0.5096 

OIL 6 110,606,988 33.4 0.613550691 t476*pop 0.24695 2.48 0.0132 

OIL 6 110,606,988 33.4 -0.07034029 t476*pop 0.117296 -0.6 0.5489 

OIL 6 110,606,988 33.4 0.215513132 t476*pop 0.104761 2.06 0.04 

OIL 6 110,606,988 33.4 0.165282182 t476*pop 0.103641 1.59 0.1112 

OIL 6 110,606,988 33.4 0.189271627 t476*pop 0.103387 1.83 0.0675 

OIL 6 110,606,988 33.4 0.515957949 t476*pop 0.114982 4.49 <.0001 

OIL 8 155,973,496 81.6 0 t604*pop - - - 

OIL 8 155,973,496 81.6 -0.023686371 t604*pop 0.085472 -0.28 0.7818 

Table 2.8 continued… 
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OIL 8 155,973,496 81.6 0.083318173 t604*pop 0.051322 1.62 0.1049 

OIL 8 155,973,496 81.6 0.452081386 t604*pop 0.094888 4.76 <.0001 

OIL 8 155,973,496 81.6 0.278237764 t604*pop 0.071009 3.92 <.0001 

OIL 8 155,973,496 81.6 0.060160207 t604*pop 0.091683 0.66 0.5119 

OIL 8 155,973,496 81.6 0.231690659 t604*pop 0.169102 1.37 0.171 

OIL 8 155,973,496 81.6 0.499474032 t604*pop 0.088271 5.66 <.0001 

OIL 8 155,973,496 81.6 0 t604*pop - - - 

OIL 8 155,973,496 81.6 0.032858533 t604*pop 0.097989 0.34 0.7375 
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Figure 2.1 Distribution of kernel starch, protein, and oil content in the teosinte NILs. The LSMean for B73 is indicated by a 

black arrow. 
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Figure 2.2 Joint-linkage QTL analysis for kernel starch, protein, and oil content in teosinte NILs. Horizontal units, centi-

Morgans (cM); vertical units, log of odds (LOD). Stars indicate the presence of significant QTLs for starch (red), protein 

(blue), or oil (green). 
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Figure 2.3 Heat map displaying additive effects of teosinte alleles across ten populations for starch, protein and oil content QTLs 

relative to B73. The NIL population is indicated on the vertical axis and marker genotype associated with the QTL is indicated on the 

horizontal axis.   Color and intensity reflect the direction and strength of the allelic effect: red represents teosinte alleles that increase 

the trait value and blue represents teosinte alleles that decrease the trait value.  *, significant at P = 0.05; **, significant at P = 0.01; ' – 

' indicates no teosinte introgression available for t-test. 
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Figure 2.4 Circos plot displaying: (A) the ten chromosomes of maize, (B) physical 

coordinates of the SNP markers, (C) Joint-linkage QTL peaks in the teosinte NIL 

analysis, (D) Joint-linkage QTL peaks in the NAM analysis (COOK et al. 2012). 
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Chapter 3 

 

Epistasis Analysis of Plant Development and Ear Morphology Traits 

 

ABSTRACT 

A new genetic resource, the Teosinte Synthetic (Teo-Syn), was developed by our 

lab by randomly mating backcrossed (BC1) progeny of 11 Zea mays ssp. parviglumis 

accessions in the B73 background, yielding a population with an expected genetic ratio of 

~25% teosinte and ~75% B73. We have bulk-pollen random-mated the Teo-Syn 

population nine times, prior to self-pollination to create 1045 selfed (S1) families.  In 

2014 and 2015, the S1 progenies were evaluated for various domestication and agronomic 

traits in field trials grown in two replications each year in Columbia, Missouri. The 

original S0 parents were genotyped via RAD-GBS, identifying 55,316 SNPs, which were 

used to conduct genome wide association analysis (GWAS) employing the general linear 

model (GLM) method and principal component analysis (PCA) to control for population 

structure. In addition, we tested for bi-locus additive x additive pairwise interactions 

epistatic interaction using a subset of about 4,607 markers from the original set of SNP 

markers using epistasis stepwise regression model in modified version of TASSEL.  In 

this study, we elucidated the underlying genetic architecture of these traits, which 

revealed several genomic regions in complex networks of interacting nodes. Our results 

suggest that epistasis is a major determinant of phenotypic variance for various 

agronomic and adaptation traits in the Teosinte Synthetic population. 

Key words: Teosinte (Zea mays ssp. parviglumis), Maize (Zea mays ssp. mays), 

Synthetic population, Rare alleles, Epistasis, multi-parent 
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INTRODUCTION 

Main effects and epistatic effects of the QTLs are two major genetic components 

of the quantitative traits (BOCIANOWSKI AND NOWOSAD 2015). In quantitative genetics, 

epistasis refers to any statistical interaction between genotypes at two or more loci 

(MACKAY 2014). Epistatic interactions are poorly understood phenomenon, which are 

revealed when a particular combination of alleles at distinct loci produces a different 

phenotype (GUTIERREZ-GONZALEZ et al. 2010), similarly, the same combination of 

alleles can produce a different phenotypes in a different genetic background (PHILLIPS 

2008). It has been shown that epistasis contribute to additive genetic variances and 

covariance, affecting the response to selection; and depending upon the direction of 

selection, it may dramatically change the response to selection in only few generation 

(CARTER et al. 2005).  

The role and importance of epistasis in the genetic architecture of quantitative 

traits has been controversial. There have been studies reported showing both a little 

evidence for significant epistasis (EDWARDS et al. 1987; XIAO et al. 1995) and major 

interaction effects accounting for large genetic variances (PHILLIPS 2008). For example: 

DARRAH AND HALLAUER (1972) reported that epistatic terms were of no value in 

predicting yield. Contrastingly, STUBER et al. (1973) and LAMKEY et al. (1995) reported 

that epistatic effects strongly influenced the prediction of hybrid performance, and was 

significant for grain yield and grain moisture, which accounted for 21 and 18% of the 

variation, respectively. Similarly, LUKENS AND DOEBLEY (1999) reported strong epistatic 

interactions for quantitative trait loci involved in maize evolution. 
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Usually in mapping studies, epistatic effects are disregarded and treated as a 

background distortion. However, recent genetic studies suggest that that epistasis 

phenomenon accounts for a large proportion of the variability for complex traits 

(CARLBORG AND HALEY 2004), such as several agronomic and domestication traits 

discussed in this study. Epistasis has been suggested to play an important role in several 

processes such as heterosis, fitness, adaptation to new environment as well as evolution 

and speciation (LANDE 1980; RHODE AND CRUZAN 2005; KIRKPATRICK AND BARTON 

2006). However, detection of epistasis in experimental populations via GWAS analysis is 

more difficult than identifying main-effect QTL (LI et al. 2011). One of constrains of 

identifying epistasis is lack of statistical power to detect pairwise epistatic interactions 

and balanced allele frequency (BALDING 2006). That is, identifying epistatic interactions 

is experimentally, statistically and computationally challenging, and epistatic gene effects 

can be peculiar in a population because allele frequency of the interacting loci can vary 

among different populations (PHILLIPS 2008). However, identifying interacting genetic 

loci will improve prediction of response to selection and inbreeding depression in 

agriculturally valuable plants and animals. 

Our previously reported population the teosinte near isogenic lines (Teo-NILs) 

consist of about 3% teosinte genome in the B73 background (LIU et al. 2016a) and rarely 

contain multiple segments of introgression in the entire population of over 900 NILs. 

Thus, epistatic interactions cannot be studied in the NIL population (JOOSEN et al. 2013). 

We have developed a new unique randomly inter-mated Teosinte Synthetic population 

that has a higher genetic content of teosinte than the Teo-NILs. Therefore, in this study 

we report the development of a new genetic resource, the Teosinte Synthetic (Teo-Syn) 
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population that have higher (~25%) genetic content from parviglumis parentage 

introgressed into the B73 inbred line to artificially increase the allelic frequency of rare 

alleles from teosinte, and investigate if there are any bi-locus epistatic interactions 

between teosinte alleles for agronomic and domesticated traits.  We self-pollinated 1044 

individuals from the Teo-Syn to create S1 families which were phenotyped in replicated 

trials for domestication and agronomic traits. We genotyped the S0 parents via restriction 

site-associated DNA genotype-by-sequencing (RAD-GBS) (POLAND et al. 2012) to 

identify parental SNPs and conducted genome wide association analysis to identify QTLs 

for agronomic and domesticated traits. Second, an exhaustive search for bi-locus epistatic 

interactions between QTLs using a modified version of the TASSEL program (LIPKA 

2016) was conducted to decipher the complex genetic network underling complex 

agronomic and domestication traits in maize.  

The aim of the study reported in this paper was to identify parental SNPs and 

conduct genome wide association analysis to identify QTLs for agronomic and 

domesticated traits, and investigate if there is statistical evidence for bi-locus epistatic 

interactions for the traits evaluated in this study. 

 

MATERIALS AND METHODS 

 

Development of the Teosinte Synthetic population 

The Teosinte Synthetic (Teo-Syn) population was developed by crossing 11 

parviglumis accessions as males onto B73.  A single F1 plant of each cross was 

backcrossed once to the recurrent parent, B73, to form the BC1 generation.  Small BC1 
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populations consisting of 40 seeds for each of the 11 crosses were mixed, planted, and 

random mated by a process called bulk-pollen random-mating (BPRM) to develop the 

first generation of the synthetic population (Syn-1) (Figure 3.1). Briefly, the BPRM 

process consists of bulking pollen from a large number of tassels and pollinating 

approximately twice the number of females as follows:  Once a majority of the 

population has begun to flower, silks were cut back and tassels set up in a 2:1 ratio.  The 

following day, the pollen from all tassels was combined, mixed thoroughly, and used to 

pollinate all the females. A balanced bulk of seeds were taken from each resulting ear and 

mixed to form the subsequent generation.  For the first two BPRM cycles, seeds were 

planted in two adjacent plantings separated by one week in order to prevent stratification 

(non-random mating) during population development.  Random mattings were made 

amongst the early half of the first planting, then the later flowering plants of the first 

planting were crossed with the early flowering plants in the second planting, and finally 

the later flowering plants of the second planting were mated amongst themselves.  The 

Teo-Syn was bulk-pollen randomly mated an additional eight times, alternating seasons 

between Columbia, Missouri in the summer and Santa Isabel, Puerto Rico in the winter.  

 In 2011 and 2013, two independent sets of ~1500 Teo-Syn plants were planted 

from the Syn-5 and Syn-9 random-mated generations respectively.  These S0 plants were 

self-pollinated to derive S1 lines, and young leaf tissue harvested from each for DNA 

extraction. After meeting minimum seed requirements, there were 365 and 680 S1 lines 

from the Syn-5 and Syn-9 matings for a total of 1044 lines for the experiment below. 
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Field Trials and Data Analysis 

The 1044 Teo-Syn S1 progenies (combining two S1 sets (365 and 680 from sub-

populations Teo-Syn 5 and 9, respectively) and B73 x CML69  as checks were planted in 

a randomized complete block design (RBCD) with two replications to evaluate for 

various domestication and agronomic traits in years 2014 and 2015 at Bradford Research 

Center in Columbia, Missouri. The 2015 was a very wet year to conduct a field trial, and 

several wet spots of standing water in the field resulted in lower stand counts per row in 

the trial (Figure 3.2). The S1 lines were phenotyped for several agronomic and 

domestication related traits such as plant and ear height, branching, flowering time, 

kernel row number and weight (Figure 3.3 and 3.4). 

The flowering time traits days to anthesis (DTA) and days to silking (DTS) were 

recorded in the field trials as the number of days from planting to the date when 50% of 

the plants in a row had started shedding pollen for DTA, and 50% of the plants had 

emerging silks from the primary ear of each plant in a row for DTS. Anthesis-silking 

interval (ASI) was calculated taking the difference between DTS and DTA per entry in 

the trial.  

Plant height (PH) (the distance from the ground to the collar of the flag leaf); ear 

height (EH) (the distance from the ground to the primary ear node) were reported as the 

average of three measurements per row; and shank length (SHL) (length of the shank of 

the primary ear), whereas kernel row number (KRN) was measured counting the number 

of rows of kernels around the ear from the three mature primary ears harvested from a 

row. Additional traits included scoring rows for Lazy and Albino mutations, which were 

observed in a related population (Ginnie Morrison and Sherry Flint-Garcia, unpublished).   
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RAD-GBS library preparation and sequencing 

Young leaf tissue from the 1044 individual Teo-Syn S0 parent plants were 

collected and stored at -80°C until lyophilized. Qiagen® DNAeasy 96 well plant 

extraction kits were used to extract the genomic DNA from the leaf tissues. Each 96 well 

plate had one well with B73 leaf tissue and two wells with no tissue (“Blank”) for 

negative control.    

A restriction-site associated genotype-by-sequencing (RAD GBS) protocol 

described by POLAND et al. (2012) was performed at the University of Missouri to 

generate the sequencing libraries. RAD-GBS protocol uses a combination of the rare -

cutter restriction enzyme PstI and a common-cutting enzyme MspI (Fig 3.5), which 

results in fewer sites but with higher read depth and with less missing data and more 

accurate calls for heterozygous sites (LI 2014) than genotype-by-sequencing based on the 

ApeK1 enzyme (POLAND et al. 2012).  

Briefly, double digested DNA from each sample was ligated with a unique 

barcode adapter for sample identification, pooled, and amplified with 16 cycles of 

polymerase chain reaction (POLAND et al. 2012). Amplified libraries were evaluated for 

their fragment size by gel electrophoresis, and quantified at 10nM with Qubit ® assay. 

The samples were sequenced at 384-plex using Illumina Hi-Seq 2000 technology 

(Illumina) at the University of Missouri DNA Core Facility. 
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SNP calling and imputation 

The 100-bp RAD-GBS reads were processed using the TASSEL 5 GBS v2 

Pipeline (GLAUBITZ et al. 2014), and Burrows-Wheeler alignment version 1.0 (LI AND 

DURBIN 2010) was used to align the reads against the B73 genome (RefGen v3) using the 

default parameters. Genotypes were called using the GBSSeqToTagDBPlugin in the 

TASSEL 5 GBS v2 Pipeline (BRADBURY et al. 2007) with a minimum of twenty reads 

supporting individual sites. Final genotypes for each taxa in the Teo-Syn population were 

filtered in TASSEL 5.2 to contain a minimum of 150 site count with a minor allele 

frequency (MAF) of 0.05, and at least 20% of the sites present per taxa.   

Two imputation methods: LD-kNNi and FILLIN were used to impute the filtered 

raw genotypes on TASSEL 5.2. LD-kNNi imputation plugin, also known as LinkImpute, 

was used with the default parameters (High LD Sites = 30, Number of nearest neighbors 

= 10 and Max distance between site to find LD = 10,000,000). LinkImpute imputation 

method account the linkage disequilibrium (LD) between SNPs when choosing the 

nearest neighbors (kNNi) (MONEY et al. 2015). Likewise, FILLIN imputation plugin was 

used to impute the filtered raw genotypes by first creating the haplotypes using the 

following parameters: max divergence = 0.02, max heterozygosity = 0.01, minimum sites 

to cluster = 50, max combined error to impute two donors = 0.05, preferred haplotype 

size = 512, minimum sites to test match = 100, max haplotypes per segment = 3000, 

minimum taxa to generate haplotype = 2, and maximum frequency missing per haplotype 

= 0.4 (SWARTS et al. 2014). And next imputing with FILLIN with parameters: preferred 

haplotype size = 448, heterozygosity threshold = 0.02, max error to impute one donor = 

0.01, max combined error to impute two donors = 0.003, minimum sites to test match = 
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20, minimum number of minor alleles to compare = 20, max donor hypotheses = 20 

(SWARTS et al. 2014). Accuracy of both imputation methods was evaluated by randomly 

masking 10 percent of the genotypes, and comparing the imputed genotypes with the 

actual genotypes in TASSEL. Distribution of alleles and minor allele frequencies were 

calculated using the ‘Geno Summary by Site’ analysis toll in TASSEL 5.2 (ROMAY et al. 

2013).   

 

Phenotype data analysis 

Broad-sense heritability of the various agronomic and domestication traits was 

calculated using a mixed linear model with replicates, block, and entry as random effects 

as described by HOLLAND et al. (2003) in SAS 9.2 (SAS Institute, 2008).  Similarly, least 

squares means (LSMeans) across years were calculated using PROC MIXED in SAS 

(LITTELL et al. 1998). The LSMeans of the phenotypes were used for the genome wide 

association analysis.  

 

Linkage Disequilibrium  

Linkage Disequilibrium (LD) between all pairs of markers across genome was 

calculated taking the coefficient of determination (R2) parameter in TASSEL. Markers 

with only minor allele frequency (MAF) above 0.05 and with least 80% successful calls 

among the samples were included in the LD analysis. A sliding window of size 50 

(2,472,575 comparisons) was used to measure the LD. R2 values with P <0.001 were only 

included to generate the LD plot against the physical distance were generated in R 
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software, and a nonlinear curve was drawn to show the trend of LD decay and overall 

correlation. 

 

Diversity analyses  

Neighbor joining phylogeny of Teo-Syn lines using the Archaeopteryx plugin and 

the principal component analysis was developed with a thinned set of 55,316 SNPs 

markers in TASSEL to evaluate the genetic diversity.  A multidimensional scaling 

(MDS) method, an alternate to principal coordinate analysis, for two dimensions was 

performed in TASSEL to evaluate population structure, where imputed genotypes were 

first used to create a distance matrix, which was then used to obtain principal components 

and the associated eigenvalues. 

 

Genome wide association study 

Principal component analysis and the neighbor joining phylogeny tree revealed 

low population structure (Figure 3.13), therefore, GWAS using a General Linear Model 

(GLM) using 55,316 imputed SNP markers and PCA as a covariate to control for 

population structure was conducted in TASSEL for all the traits. The equation for 

GLM(PCA) model was: y = Xβ + U, where y equals the phenotypic values, X is the 

marker value, β is a matrix of parameters to be estimated, and U uses the PCA values as 

fixed cofactors to account for errors and false positives caused by population 

substructure. A false discovery rate (FDR) correction method was used as a threshold for 
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significance of associations between SNPs and traits, and similarly, 100 permutations 

were performed to assess the empirical significance of the SNPs at P≤0.01. 

 

Phenotypic variation explained by additive model 

The simultaneous additive effects of multiple markers each phenotype were 

assessed through the implementation of a stepwise regression analysis procedure using 

the original set of 55,316 SNP markers in TASSEL 5.2.25. For each trait, 100 

permutations of the phenotypes (CHURCHILL AND DOERGE 1994) were used to determine 

empirical 𝛼 = 0.05 entry and exit thresholds. That is, a tested marker was included in the 

model if the P-value for testing 𝐻0: The additive effect of the tested marker is zero was 

less than or equal to the 𝛼 = 0.05 threshold determined from permutations, and then a 

tested marker in the model was removed if its P-value was greater than twice the value of 

the 𝛼 = 0.05 threshold.  The coefficient of multiple determination (R2) was calculated as 

the proportion of total phenotypic variation explained by the regression models (FROVA 

et al. 1999).  

 

Identification of Candidate Genes 

Genes annotated in the Zea mays ssp. mays (AGPv3) in the Gramene database 

(http://www.gramene.org/) (WARE et al. 2002) and MaizeGDB (http://maizegdb.org) 

(LAWRENCE et al. 2004) were used as the source of candidate genes for the traits in this 

study. The identification of candidate genes was based on the following preferences: (I) 

genes of known function in maize related to the trait and (II) candidate gene in a linkage 
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disequilibrium with the significant SNP identified in the stepwise selection regression 

analysis. 

 

Epistasis analysis 

Using 55,316 markers to search for pairwise epistasis is very computationally 

intensive ((55,316 x 55,315) / 2 = 1.5 billion combinations) and challenging to complete 

the analysis in a reasonable amount of time (MACKAY 2014). Therefore, a subset of 4,607 

markers from the original 55,316 markers were obtained by using the thinning plugin in 

TASSEL by keeping only markers with the minimum distance of 250,000 base pairs 

between the adjacent sites. The stepwise epistatic regression procedure using imputed 

thinned markers was used in the epistasis analysis using a modified version of TASSEL 

(LIPKA 2016). In the analysis, missing marker data “N” would have been treated as a 

marker class, therefore, the subset 4,607 markers were re-imputed using the LinkImpute 

plugin and only taxa with ≥ 75% sites present were allowed. Epistatic marker pairs that 

made into the model were determined by the alpha at 0.05 for entry and P-values for exit 

using 100 permutations. In the analysis, each of the 11 teosinte donors was allowed to 

have its own allelic effect for the trait being evaluated, which included bi-locus 

interactions among the various teosinte alleles as well as with B73.   

We further developed a full model in SAS using a stepwise selection procedure in 

PROC GLM SELECT testing at the significance level of p ≤ 0.05 using only significant 

markers that made to the additive and epistatic models.  
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RESULTS 

 

Statistics of Phenotypes 

Flowering time trait (DTA, DTS and ASI) ranged from, 61.5 – 80.50, 62.5 – 

81.75 and -3.5 – 2.67 days (Table 3.1) and with an average of 67.71, 69.15 and 1.46 days, 

respectively, showing a big difference in flowering time in the population. Similarly, 

plant traits: PH, EH, SHL and KRN ranged from 138.33 - 246.67 (cm), 59.9 - 158.33 

(cm), 6.02 - 44.45 (cm), and 7.5 - 18.89 (rows), respectively, also showing extensive 

variations (Table 3.1). Almost all the traits had normal distribution, but DTS, DTA and 

SHL had a slight skew to the right (Figure 3.5). The DTS, DTA, PH and EH were all 

highly and significantly correlated to one another (r > 0.83, P<0.01) but were 

independent of SHL and KRN. Broad-sense heritability (H2) estimated for all traits were 

high and ranged from 0.75 to 0.90, with an exception of 0.52 for ASI (Table 3.1).  

 

Sequencing and Imputation 

Read counts of Illumina HiSeq2000 data from RAD GBS DNA libraries ranged 

from 23,338 to 33,267,915 reads per sample, with an average of 371,113 reads. Blank 

wells had read counts ranging from 87 to1481 reads. Similarly, 7 samples out of the 1044 

samples had the lowest reads ranging from 42 to 1,174 reads, and were considered as 

failed samples (Figure 3.7). The TASSEL GBS SNP discovery pipeline produced a pre-

imputation data set of 149,125 SNPs for all 1037 samples. About 65 percent of the pre-

imputed sites were present; however, 35 percent were missing. Pre-imputed SNP data 

were filtered as described in the Materials and Methods section prior to imputation in 
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TASSEL using the LinkImpute and FILLIN plugins. LinkImpute imputed more sites with 

very low error rate in comparison to FILLIN, therefore, imputed sites via LinkImpute 

were utilized in the association analysis (Figure 3.9).  The post-imputation SNP data set 

had about 90.0 percent present sites and about only 10.0 percent missing with an error 

rate of 6.4 percent, and 11.2% heterozygous sites (Figure 3.10). Finally, the post-

imputation SNP data set was filtered for the minor allele frequency (MAF) of ≥0.05. This 

created a dataset of 55,316 SNPs and 1030 taxa including B73.  

 

GWAS of phenotypic traits 

 

GWAS was conducted by using the LSMean values of all the traits across 

environments using GLM (PCA) model. In total 58, 241, 4, 174, 65, 10 and 691 

significant SNPs were identified across the 10 chromosomes for DTS, DTA, ASI, PH, 

EH, and KRN, respectively at P<0.01 after permutation test.  However, no SNPs were 

found to be significantly associated with albino and lazy phenotypes after the permutation 

test at P<0.01 (Table 3.2).   

In the additive stepwise selection model procedure, 9 SNPs for DTA, 10 SNPs for 

DTS, 7 SNPs for PH, 10 SNPs for EH, 2 SNPs for SHL and 12 SNPs for KRN were 

added into the model, which explained 28.3%, 26.3%, 18.18%, 28.6%, 7.85% and 40% 

of the phenotypic variation, respectively (Table 3.3).  No SNPs made into the model for 

the ASI, Lazy and Albino phenotypes. 
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Epistasis analysis 

The epistasis stepwise selection model identified 32, 48, 22, 65, 34, 18, 65, 33, 

and 11 highly significant interacting markers pairs for DTA, DTS, ASI, PH, EH, SHL, 

KRN, Lazy, and Albino, respectively (Table 3.4). The epistasis model explained 61%, 

72%, 43%, 80%, 60%, 43%, 82%, 100% and 100% of the phenotypic variation for traits 

DTA, DTS, ASI, PH, EH, SHL, KRN, Lazy,  and Albino, respectively, with epistatic 

interactions effects ranging from -6.85 - 9.53% for DTA, -6.34 - 8.67% for DTS, -2.57 - 

2.39% for ASI, -34.17 - 22.83% for PH, -25.05 - 22.83% for EH, -1.77 - 19.69% for 

SHL, -2.24 - 3.84% for KRN, -29.17 - 37.40% for Lazy, and -2.57 - 2.39% for Albino 

(Table 3.4). 

 

DISCUSSION  

In this study, we report the development of the Teosinte Synthetic, a randomly 

mated population using the BC1 generation of 11 different teosinte accessions as donors 

and the inbred B73 as the recurrent parent, resulting a population with approximately 

25% teosinte genetic content. Our aim in this study was to understand the epistatic 

interactions among alleles from teosinte and their contribution to large phenotypic 

variation in agronomic and adaptation related traits in this novel germplasm, and compare 

the results to those previously identified in nested association mapping (NAM) 

population and teosinte near isogenic lines (Teo-NILs). Briefly, The NAM population 

was developed to capture the global genetic diversity of maize inbreds lines, which 

consists of a set of about 5,000 recombinant inbred lines derived from crosses between 
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the reference inbred line B73 and 25 other founder inbreds (YU et al. 2008; MCMULLEN 

et al. 2009); and the Teo-NIL population was developed by backcrossing ten accessions 

of geographically diverse parviglumis into the B73 background for four generations prior 

to inbreeding (LIU et al. 2016b). A total of 961 BC4 derived NILs with 58 to 185 lines per 

population were produced. Each NIL has an average of 2.4 chromosomal segments, 

which encompass about 4% of the teosinte genome. 

We genotyped the 1044 S0 Teo-Syn parents plants by RAD-GBS and evaluated 

the S1 progeny in replicated trials for agronomic and domestication traits. In the allele 

frequency analysis, we identified a large proportion of rare SNPs (minor allele frequency 

<0.05, (Figure 3.12) however, we only tested SNPs at MAF >0.05 in the GWAS study 

and epistasis analysis for two important reasons: (a) lower MAF show strong deviation 

from Hardy-Weinberg equilibrium (COLLINS 2007) and (b) common SNPs (MAF >0.25 

or 0.50) have fewer false positives than rare SNPs (MAF >= 0.05) (TABANGIN et al. 

2009). Similarly, in the linkage disequilibrium analysis of the two sub-populations derive 

from Syn-5 (sub-population 1) and Syn-9  (sub-population 2) revealed that LD decayed 

more rapidly in sub-population 2, likely due to four additional cycles of BPRM (Figure 

3.11). 

Broad sense heritability for all the traits in this population were slightly higher 

(h2>80%) to those observed in the NILs and relatively similar to the NAM population, 

with an exception for ASI. High heritability of these agronomic and domestication traits 

suggested that the observed phenotypic variation in this population is largely under 

genetic control of single additive loci, either by itself or by additive x additive epistatic 

interactions.  
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We conducted the genome wide association analysis (GWAS) for each phenotype 

collected in the trials. We scanned the genome for bi-locus gene-by-gene interactions for 

every possible combination of the SNP pair genome-wide.  Using the GLM (PCA) model 

and 100 permutations test in GWAS analyses, a total of 1,239 SNPs were strongly 

associated for most of the traits. However, no significant SNPs passed the permutation 

test for ASI, and the lazy and albino phenotypes, which could possibly due to low 

heritability for ASI and several missing data for lazy and albino due to a very wet year in 

2015, and likely due to filtered rare SNPs with MAF <0.05. The DTA and DTS, and PH 

and EH phenotypes were highly positively correlated (r >0.80), and GWAS results for 

these traits were mirrors of each other (Figure 3.14 and 3.15).  The single SNP effect 

GWAS analysis for all the traits explained less phenotypic variation (R2) with large 

proportion of missing heritability (Table 3.3), giving us a good reason to conduct 

epistasis analysis for these traits.  

In the epistasis analysis, each of the 11 teosinte alleles was allowed to have its 

own allelic effect, which included bi-locus interactions among the various teosinte alleles 

as well as the B73. It is computationally very intensive to conduct genome wide scans for 

bi-locus epistatic interactions for 55,000 SNPs; therefore, we used a thinned markers to 

test for epistatic interactions. We scanned the genome for bi-locus interactions for all 

possible combinations, and found that models including epistatic interactions improved 

our ability to explain the phenotypic variation (Table 3.4). 

A detailed discussion of each trait group follows. 
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Genetic architecture of flowering time 

 Flowering time is one of the most important traits in both wild and cultivated 

species as timing of the transition from vegetative to reproductive growth (flowering 

time) needs to be controlled to avoid flowering in unfavorable conditions (JUNG AND 

MÜLLER 2009). Maize is an outcrossing species with a very complex flowering time that 

is controlled by large number of loci (BUCKLER et al. 2009). Maize is widely adapted 

across various environments from lowland tropics to Andean highland and introduced 

worldwide (JIANG et al. 1999; VIGOUROUX et al. 2008). Flowering time in maize evolved 

ever since its wild relative, teosinte adapted to distinct ecological zones in elevation in 

Mexico and simultaneously, under the both natural and artificial selection over 7000 

years (DOEBLEY 1990).  

 We identified very similar GWAS profiles for DTA and DTS, but no significant 

associations were identified for ASI after the permutation test at P<0.01. In our study, 

there were 58 SNPs for DTA and 241 SNPs DTS that passed the permutation test (Table 

3.2). The additive stepwise regression analysis revealed 9 QTL for DTA and 10 QTL for 

DTS (Table 3.3); this is more than the three DTA QTLs that were identified in the 

teosinte NILs (Liu et al 2016), while fewer than the 36 and 39 QTLs for DTA and DTS 

identified in NAM (BUCKLER et al. 2009). The allelic effects of the QTLs ranged from -

1.51 – 3.31 for DTA and -2.36 – 3.15 for DTS, which in comparison were much larger 

effects than that were observed in the NAM RILs (largest additive effect of 1.7 days) 

(BUCKLER et al. 2009) and are similar to those observed in the teosinte NILs (-0.77 – 4.3 

days) (LIU et al. 2016a). The additive model for DTA and DTS only explained 28% and 

26% percent of the phenotypic variation, in contrast to the >80% of the genetic variance 
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was explained in the NAM as reported by BUCKLER et al. (2009). Less than half of the 

phenotypic variation was explained by the additive model suggesting that missing 

proportion of the heritability is strong evidence for gene × gene epistatic interactions for 

the large phenotypic variation in flowering time.  

 As expected the stepwise regression epistasis model identified 32 highly 

significant interactions for DTA and 48 interactions for DTS, with very large both 

positive and negative allelic effects. Interestingly, 22 pairs of sites for ASI were also 

identified to be significantly epistatic in nature, while no single SNPs were identified. 

The epistatic models explained a high proportion of the phenotypic variation: 61%, 72% 

and 43% for DTA, DTS, and ASI (Table 3.4). 

 We generated circos plots to visualize the interacting sites across the genome, 

which revealed an intricate and very complex network of gene by gene interactions 

(Figure 3.22, Figure 3.23 and Figure 3.24). Visual observation of the circos plots showed 

hubs of interactions on the long arm of chromosome 1 and 2, and both arms of 

chromosomes 8, 9, and 10.  These regions appear to be promiscuous with several regions 

across the genome for DTA and DTS. For ASI, hub regions around pericentromeric 

regions on chromosome 2 and 6 appeared interacting with several loci across the genome. 

The majority of the epistatic interactions for flowering time estimates were responsible 

for earliness whereas, low frequency interacting alleles delayed in flowering time traits. 

These epistatic estimates are in line with expectation since most of alleles from B73 

would be responsible early flowering relative to the teosinte donor alleles from teosinte 

that are expected to delay flowering time. We further developed a final model in SAS 

using a stepwise selection procedure in PROC GLM SELECT testing at the significance 



 

  63 

 

level of p ≤ 0.05 using only significant markers that made to the additive and epistatic 

models. In the final model, 9 single effect markers and 5 epistatic marker pairs made to 

the model for DTA, and 6 single effect markers and 3 epistatic markers pairs for DTS, 

explaining 37.99% and 45.83% phenotypic variation for DTA and DTS, whereas, no 

markers for ASI made in to the model (Table 3.5). Our analysis indicate that flowering 

time in maize is highly genetically controlled trait including both strong single additive 

QTL as well as epistatic effect QTL with other regulatory regions on the chromosome. 

  The additive stepwise regression analysis in TASSEL provides supporting 

intervals for the significant SNPs associated with traits, allowing us to identify the causal 

candidate genes of interest. We used the supporting intervals for all the SNPs that made 

into the final additive model to identify the putative candidate genes (Table 3.6). Most of 

the candidate genes for the flowering time traits were transcription factors (Table 3.6). 

The candidate genes for the significant SNPs on chromosome 8 (SNP ID: 8_122435335; 

p-value < 8.76E-07) and 10 (S10_93410490; p-value <2.14E-04), were in strong LD with 

the SNP with previously studied and cloned genes ZCN8 or pebp8 

(phosphatidylethanolamine-binding protein 8) gene ID: 

GRMZM2G179264/ZEAMMB73_717736 and ZmCCT (CO CO-LIKE TIMING OF 

CAB1 protein domain 1) gene ID: GRMZM2G381691/ZEAMMB73_680650, 

respectively as shown in the Figure 3.18 (LAZAKIS et al. 2011; HUNG et al. 2012). The 

allelic effect of the SNP on chromosome 8 (S8_122435335) showed the major allele both 

in homozygous and heterozygous states were responsible early flowering, whereas, minor 

allele in homozygous state delayed flowering time. Similarly, the SNP on chromosome 

10 (S10_93410490) showed that both major and minor alleles when homozygous were 
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responsible for flowering time, whereas, the heterozygote delayed flowering time, 

indicating possible epistasis.  

 Results in the NAM population showed that flowering time is controlled by 

several loci and their cumulative additive effects, which contrasts with our results in this 

study, suggesting that epistasis is a major determinant of phenotypic variance for 

flowering time traits in the Teosinte Synthetic population.  This result is consistent with 

the three QTL identified in the teosinte NILs accounting for only 25.27% of the 

phenotypic variation: a 90 day difference in flowering between B73 and teosinte when 

grown in a long day environment such as Missouri summer.   

 

Plant and Ear height 

 Plant height (PH) is essential for fitness and agricultural performance such as 

grain yield (DUVICK 1984; BOOMSMA et al. 2010; PEIFFER et al. 2014). Similarly, ear 

height (EH) and PH are highly significant correlated to one another, which has been 

consistently observed in several studies (DUVICK 1984; BERKE AND ROCHEFORD 1995; 

RAFIQ et al. 2010). Plants with tall height also contribute to higher biomass in maize; 

moreover selections for taller plants have strong positive correlation for high grain yield 

specifically under drought conditions (BEAVIS et al. 1991; SARI-GORLA et al. 1999). 

Domestication of major crops in order to facilitate the needs for agricultural 

industrialization has indirectly selected for height adaptations that has maximized grain 

yield under monoculture (EVANS 1996).  
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 Both PH and EH had a very similar GWAS profile, as these traits were highly 

correlated to one another and are highly heritable (h2 >0.86) (Figure 3.10). In the GWAS 

analysis, 174 SNPs for PH and 65 SNPs for EH were identified after permutation at p-

value of <0.01 on chromosome 1, 2, 3, 4, 9 and 10 for both trait, which indicated these 

traits to be polygenic in nature (Table 3.2). Further, the single effect stepwise model 

revealed 7 QTL for PH and 10 QTL for EH (allele effects ranging from -0.15 – 12.74 cm 

for PH and -0.10 – 12.14 cm for EH), explaining 18.18% and 28% of the phenotypic 

variation for the both traits, respectively (Table 3.3). Contrastingly to our work, PEIFFER 

et al. (2014) reported 22 QTL in NAM responsible for PH explaining 36% of phenotypic 

variation with allele effects ranging from −2.4 to 1.9 cm. Though these traits are highly 

heritable in nature, the additive model explained only a fraction of the total heritability, 

suggesting high probability of epistatic interactions in order to explain large phenotypic 

variation for these traits.  

 The S1_187622889 SNP on chromosome 1 (P<7.55E-11), and SNP 

S3_184271079 (P< 4.54E-17) on chromosome 3 were the highly significant SNPs for PH 

and EH, respectively (Figure 3.19 and Figure 3.20). Boxplots of the SNPs S1_187622889 

and S3_184271079 showed phenotypic differences between lines carrying different 

alleles with PH and EH, and the major alleles significantly increased PH and EH, 

whereas the minor alleles putatively from teosinte contributed in the reduction of the 

phenotype. Using the supporting intervals for the significant SNP for ear height, we 

identified the candidate genes for PH and EH to be bHLH (basic Helix-loop-helix) and 

WRKY transcription factor family with gene IDs: GRMZM5G879527 (bHLH-

transcription factor 112) and GRMZM2G148087 (wrky43 – WRKY - transcription 
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factor). WRKY transcription factor family is a class of DNA binding proteins that is 

found primarily in plants and algae. WRK transcription factors play a major role in plant 

defense and plant development. CAI et al. (2014) reported the semi-dwarf and late 

flowering (dlf1) gene encodes a WRKY transcription factor that controls of flowering and 

plant height in rice. Similarly, bHLH transcription factor has shown to contribute to plant 

height in Abarbiposis thaliana (IMAI et al. 2006). 

 We further conducted stepwise regression epistasis analysis to identify gene-by-

gene interactions. As expected, epistasis model revealed 65 highly significant 

(P<<<0.001) interactions for PH and 34 interactions for EH, with wide range of both 

positive and negative allelic effects, the largest effect being -34 cm. Strikingly, the 

epistatic model explained high phenotypic variation for both traits (R2>0.80), strongly 

indicating the presence of epistasis (Table 3.4). Circos plots of the epistatic interactions 

revealed complex network of gene-by-gene interactions as well as interaction hubs on 

chromosomes 1, 6, and 9 for both traits that appear to interact with several other regions 

across the genome (Figure 3.20 and Figure 3.21). The allelic estimates for these gene-by-

gene interactions contributed in the increase in both plant and ear height, like that 

observed for flowering traits. In the final model, overall 5 pairs of epistatic markers and 

13 single effect marker were retained in the model at the significance level of P <0.05 for 

both PH and EH, explaining 26.26% and 30.53% of the phenotypic variation (Table 3.5). 

Our model shows that PH and EH both single additive effect and epistatic interactions 

contribute to these highly heritable and highly complex polygenic traits.   
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Kernel row number  

  Kernel row number is one of the most important yield component traits and has 

been targeted significantly in maize breeding (BOMMERT et al. 2013). KRN in maize and 

teosinte is one of the striking and major differences between teosinte and maize, and has 

been under strong selection during the domestication of maize. Teosinte has exclusively 

two rows of kernels, while maize has four or more (DOEBLEY AND STEC 1993). In 

previous studies, KRN is a highly heritable trait and several genes that determine the 

development and architecture of KRN have been identified and characterized (LIU et al. 

2015a).  

 In the GWAS analysis, we identified 691 SNPs associated with KRN after the 

permutation test at p-value <0.01, indicating KRN as a polygenic in nature, similar to 

previously mentioned traits (Figure 3.16) (Table 3.2). The additive stepwise selection 

regression analysis further revealed 12 QTLs on the chromosomes 1, 2, 4, 5, 6, 7, and 9, 

significantly associated with KRN explaining 40% of the phenotypic variation with 

additive allelic effects ranging from -1.48 – 1.09 (Table 3.3). Comparatively, the additive 

allelic effects were much larger and wide in comparison to that observed in NAM, that is, 

BROWN et al. (2011) reported 36 QTL with effects ranging from -0.83 – 0.66 rows, 

whereas, LIU et al. (2016a) reported 4 QTL with allelic effects ranging from -2.33 to 0.24 

rows.  The additive model did explain a large proportion of the phenotypic, though nearly 

half of heritability was not explained by the additive model, again indicating a high 

probability of epistatic interactions in order to explain the large phenotypic variation for 

KRN.  
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 We identified SNP S4_199213248 on chromosome 4 to be highly significant for 

KRN (P<3.37E-28). Further, using the supporting intervals (S4_199213221 and 

S4_199358495) for the significant SNP, we identified the previously reported candidate 

gene unbranched3 (UB3) (GRMZM2G460544) to be in strong LD with the significant 

SNP on the long arm of chromosome 4 (Figure 3.16) (LIU et al. 2015a). The boxplot of 

the S4_199213248 SNP showed phenotypic differences between lines carrying different 

alleles with KRN showed that the major alleles significantly increased KRN, whereas, 

minor (rare) alleles putatively form teosinte decreased the phenotype. 

  In the stepwise regression epistasis analysis, we identified 65 highly significant 

(P<<<0.001) pairs of interacting sites (Figure 3.27). The epistatic effects for those 

interacting sites had both large positive and negative effect ranging from -2.24 – 3.84 

rows (Table 3.4). The epistatic model explained much greater phenotypic variation (R2 > 

0.82) than the additive model, strongly indicating the presence and involvement for KRN. 

The circos plot revealed a very complex network of interactions across the genome with 

hub regions on telomeric region on chromosome 4, 6 and 9 (Figure 3.27. The epistatic 

estimates were larger, appearing consistent to that observed for flowering time and height 

traits. In the final model including both additive and epistatic markers, 1 single effect 

marker and 1 pair of epistatic marker made to the model at the significance level of P 

<0.05 for KRN explaining 12.24% of the phenotypic variation (Table 3.5).  
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Lazy and Albino phenotypes  

 In our S1 field trials, we observed and scored extreme segregating phenotypes 

such as lazy and albino. Lazy plant1 is one of the well-studied classical mutants in maize 

(VAN OVERBEEK 1936). Plants with the classical lazy mutation do not have any structural 

abnormalities, but only lack the ability to grow upward , leading to their name “lazy” 

(HOWARD III et al. 2014). We scored lazy phenotype at a frequency of 2 percent in our 

population, which indicated that the allele for lazy phenotype was inherited from one of 

the teosinte donors; the Teo-Syn is 25% teosinte, but from 11 donors, leading to ~2% of 

each donor.  Similarly, albinism is a lack of chlorophyll that can be caused by various 

mutations in chlorophyll biosynthesis pathway (QIN et al. 2007).  Both the Lazy and 

Albino phenotypes appeared to be segregating within rows at low frequencies, which 

indicated rare alleles to be contributing to such phenotypes.  We measured that both lazy 

and albino phenotypes had high heritability of 0.75 and 0.86 percent suggesting these 

traits to be predominately controlled genetically and less by environmental influence. 

Interestingly, none of the final teosinte NILs (LIU et al. 2016a) displayed the lazy 

phenotype (Sherry Flint-Garcia, unpublished), suggesting that this allele was likely 

purged during inbreeding of the NILs. 

 Though both these had high heritability, no SNPs were found to be significantly 

associated in the GWAS analysis after the permutation test, and observed similar result in 

the additive stepwise regression analysis (Table 3.3). Contrastingly, the epistasis model 

revealed 33 interacting loci for lazy and 11 for albino, explaining 100 percent of the 

phenotypic variation (Table 3.4). We ran the epistatic model multiple times but obtained 

consistent results, which indicated that epistatic model explains all the variability. 
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Epistatic allelic effects were larger for both lazy and albino, ranging from -29.17 – 

37.40% and -1.75 – 52.5%, respectively. In the circos plot of the epistatic interaction, 

revealed hub interacting sites on chromosome 2, 4, 9 and 10 for lazy, whereas no hub 

regions were observed in the circos plot for albino phenotype (Figure 3.23 and figure 

3.24). The hub region on chromosome 4 was of great interest to us since it harbors the 

previously mapped lazy plant1 (la1) (HOWARD III et al. 2014) gene responsible for the 

lack of gravitropism phenotype.  However, in the final model, 1 epistatic marker pair for 

lazy and 2 epistatic marker pairs for albino phenotype made it in the model explaining 

only 1.5% and 0.99% of the phenotypic variation, respectively (Table 3.5).  

 

CONCLUSION 

 Our results showed accumulated evidence for gene × gene epistatic interactions 

for a significant portion of the phenotypic variation observed for all traits mentioned in 

this study. The significance of epistasis reported in our study is also consistent with other 

QTL studies in populations derived from wild × domesticated plant, where, wild alleles 

have been introgressed into the modern cultivar.   

 For example, LUKENS AND DOEBLEY (1999) reported involvement of epistatic 

interactions of the teosinte branched1 (tb1) locus in maize,  which is the key 

domestication trait distinguishing between the two subspecies maize and teosinte, 

affecting apical dominance and lateral inflorescence development (STUDER et al. 2011). 

In the study, it was well characterized that the tb1 locus was epistatic with another locus 

on chromosome 3 that dramatically affected the sexuality of the inflorescences. That is, 
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in teosinte lateral branches terminate in male inflorescences (tassel), whereas, in maize 

they terminate in female inflorescences (ears) (DOEBLEY et al. 1997). Maize introgressed 

with the teosinte alleles at either loci had little effect on the inflorescence sex, however, 

when both loci homozygous for teosinte alleles had over 90% male inflorescence spikelet 

(LUKENS AND DOEBLEY 1999). This example of maize and teosinte versions of tb1 allele 

also suggest that wild ancestral alleles are sensitive to other modifying ancestral alleles 

(DOUST et al. 2014), whereas, domestication alleles are insensitive; this pattern has been 

well documented in other species such as barley (VON KORFF et al. 2010), foxtail millet 

(DOUST AND KELLOGG 2006) and tomato (TANKSLEY et al. 1996). 

 Our next step will be to validate these epistatic effects by introgressing pairs of 

epistatic QTL associated with a trait into an isogenic maize background, and observing 

the effect on the phenotype. 
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Figure 3.1 Development of the Teosinte Synthetic population (Teo-Syn) by randomly 

intermating backcrossed (BC1) progeny of 11 parviglumis accessions in the B73 

background, yielding the Syn-1 generation.
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Figure 3.2 Evaluation of different agronomic & domestication traits in Teo-Syn trials in 2014 and 2015. 
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Figure 3.3 Distribution of stand counts per row in Teo-Syn trials in the year 2014 (Top) and 2015 (Bottom). 
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Figure 3.4 Interesting plant and ear phenotypes observed in the Teo-Syn trials (a) variation in ear length and kernel row 

numbers (b) tassel-ear phenotype (c) long shank length (d) horny kernels (e) ramose like phenotypes (f) ear prolificacy 
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Figure 3.5 Scatterplot matrix of coefficient of correlation between phenotypes and the 

distribution of the phenotypes (diagonally downwards). 
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Figure 3.6 Illustrative comparison of the two genotyping methods (A) GBS and (B) RAD-GBS   

 

A. 

Sample 1 

Sample 1 

B

. 



 

 

7
9 

 

Figure 3. 7 Scatterplot of read counts for each samples and blanks in Teo-Syn RAD GBS libraries  
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Figure 3.8 (A) Flow chart of the GBS SNP calling pipeline run on the Bio-Cluster at MU (B) Statistics of raw SNP data after the SNP 

calling process  

Source : http://cbsu.tc.cornell.edu/lab/doc/GBS_overview_20111028.pdf 

Descriptive statistics of raw un-imputed 

and unfiltered SNP data 

 

• # Taxa:     1037 

• # Sites:     149,125 

• %  Hets:   4.97% 

• %  Sites present:    64.9% 

• %  Sites missing:   35% 

A. B. 
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Figure 3.9 Comparison of the two imputation methods FILLIN and LinkImpute.  

Coverage versus missing data (A), and error rate - incorrectly predicted sites in a masked 

dataset (B).
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Figure 3.10 Summary of the genotypes post imputation depicted in the circos plot (A) and bar plot (B). 
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Figure 3.11 Intra-chromosomal linkage disequilibrium (LD) – decay between all pairs of 

SNP markers for chromosome 1 in Teo-Syn 6 (sub-population 1in red) and Teo-Syn 9 

(sub-population 2 in blue). 
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Figure 3.12 Major and minor allele frequency distribution of SNPs in the Teo-Syn genotypic data. 
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Figure 3.13  (A) Neighbor joining phylogeny of Teo-Syn lines, the individual taxa in the 

population is labeled radially. The length of the terminal branches of the lines shows that 

each line is genetically diverse and unique to each other. The NJ tree was developed in 

TASSEL 5.2 using the Archaeopteryx plugin. (B) Principal component (PC) analysis of 

thinned set of SNPs. The low PC loadings, reported on axes, confirm low structure in the 

Teo-Syn lines. 

A B 
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C. 

B. 

A. 

Figure 3.14 Manhattan plot showing genome wide association study (GWAS) results with highest correlated SNP significance at 

P<0.01 after FDR correction (red line for traits) (A) DTS, (B) DTA and (C) ASI. 
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Figure 3.15 Manhattan plot showing genome wide association study (GWAS) results with highest correlated SNP significance at 

P<0.01 after FDR correction (red line for traits) plant height (A) and ear height (B). 

A. 

B. 
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Figure 3.16 Manhattan plot showing genome wide association study (GWAS) results with highest correlated SNP significance 

at P<0.01 after FDR correction (red line for traits) kernel row number (KRN). 
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Figure 3.17 Manhattan plot showing genome wide association study (GWAS) results with highest correlated SNP significance 

at P<0.01 after FDR correction (red line for traits) Albino (A) and lazy plant (B). 
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Figure 3.18 Candidate genes near the SNP loci associated with DTS and DTA in Teo-Syn 

population on Chromosomes (A.1) 8 and (A.2) 10, respectively, consisting negative -

log10-transformed P values of SNP from a GWAS analysis plotted against physical 

positions of the given region on chromosomes. Similarly, the bottom panel depicts the 

extent of LD in that region based on r2. Whereas, Phenotypic differences between lines 

carrying different alleles of the SNP S8_122435335 and S10_94981974 associated with 

DTS and DTA are shown in the boxplot (B.1) and (B.2), respectively. 

B.1. 

B.2. 
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 Figure 3.19 Candidate genes near the SNP loci associated with PH in Teo-Syn 

population on Chromosomes 1 (A.1), consisting negative -log10-transformed P values of 

SNP from a GWAS analysis plotted against physical positions of the given region on 

chromosomes. Similarly, the bottom panel depicts the extent of LD in that region based 

on r2. Whereas, phenotypic difference differences between lines carrying different alleles 

of the SNP S1_187622889 associated with PH are shown in the boxplot (A.2). 

 

A.2. 

A.1
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Figure 3.20 Candidate genes near the SNP loci associated with EH in Teo-Syn population 

on Chromosomes 3 (A.1), consisting negative -log10-transformed P values of SNP from 

a GWAS analysis plotted against physical positions of the given region on chromosomes. 

Similarly, the bottom panel depicts the extent of LD in that region based on r2. Whereas, 

Phenotypic differences between lines carrying different alleles of the SNP S3_184271079 

associated with EH are shown in the boxplot (A.2). 

A.1. 

A.2. 
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Figure 3.21 Candidate genes near the SNP loci associated with KRN in Teo-Syn 

population on Chromosomes 4 (A.1), consisting negative -log10-transformed P values of 

SNP from a GWAS analysis plotted against physical positions of the given region on 

chromosomes. Similarly, the bottom panel depicts the extent of LD in that region based 

on r2. Whereas, phenotypic differences between lines carrying different alleles of the SNP 

S4_199213248 associated with KRN are shown in the boxplot (A.2). 

 

A.1. 

A.2. 
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Figure 3.22 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for DTA (D) epistatic interaction between 

sites depicted by connecting lines for the trait DTA (above), and estimates of the 

interacting markers (shown in bar plot). 

A 
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Figure 3.23 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of linkage 

disequilibrium (C) GWAS result for DTS (D) epistatic interaction between sites depicted by 

connecting lines for the trait DTS (above), and estimates of the interacting markers (shown 

in bar plot). 

A 
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Figure 3.24 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for ASI (D) epistatic interaction between sites 

depicted by connecting lines for the trait ASI (above), and estimates of the interacting 

markers (shown in bar plot). 

A 
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Figure 3.25 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for PH (D) epistatic interaction between sites 

depicted by connecting lines for the trait PH (above), and estimates of the interacting 

markers (shown in bar plot). 

A 
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C 
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Figure 3.26 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for EH (D) epistatic interaction between sites 

depicted by connecting lines for the trait EH (above), and estimates of the interacting 

markers (shown in bar plot). 

A 

B 

C 
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Figure 3.27 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for KRN (D) epistatic interaction between sites 

depicted by connecting lines for the trait KRN (above), and estimates of the interacting 

markers (shown in bar plot). 

A 
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Figure 3.28 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for lazy (D) epistatic interaction between sites 

depicted by connecting lines for the trait Lazy (above), and estimates of the interacting 

markers (shown in bar plot). 

A 
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Figure 3.29 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for ASI (D) epistatic interaction between sites 

depicted by connecting lines for the trait Albino (above), and estimates of the interacting 

markers (shown in bar plot). 

A 

B 

C 
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Table 3.1 Descriptive statistics of the all phenotypes 

Trait n Mean Range Difference H2 

Days-To-Anthesis (DTA) 1044 67.71 61.5 - 80.5 19.0 0.82 

Days-To-Silking (DTS) 1044 69.15 62.5 - 81.75 19.3 0.83 

Anthesis-Silking Interval (ASI) 1044 1.46 -1.24 - 6.19 7.4 0.52 

Plant Height (PH) 1044 194.47 138.33 - 246.67 108.3 0.86 

Ear Height (EH) 1044 107.38 59.9 - 158.33 98.3 0.88 

Kernel Row Number (KRN) 1044 12.19 7.5 - 18.8 11.3 0.90 

Shank Length  (SL) 1044 17.23 6.01 - 44.45 38.4 0.80 

Lazy 1044 0.68 0 - 54.17 54.2 0.75 

Albino 1044 0.27 0 - 52.50 52.5 0.86 
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Table 3.2 Summary of GWAS statistics of all the phenotypes 

Trait 
 Significant SNPs 

(P<0.01) 
Chromosomes 

Days-To-Anthesis (DTA) 58 1, 3, 4, 5, 8 and 10 

Days-To-Silking (DTS) 241 1, 3, 4, 5, 8 and 10 

Anthesis-Silking Interval (ASI) 4 1, 4 and 6 

Plant Height (PH) 174 1, 2, 4 and 10 

Ear Height (EH) 65 1, 2, 3, 4 and 9 

Shank Length  (SL) 10 9 

Kernel Row Number (KRN) 691 1, 2, 3, 4, 6, 7, 8, 9, and 10 

Lazy none none 

Albino none none 
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Table 3.3 Summary of additive stepwise selection model descriptive statistics 

Trait Sites 
Model 

R2 

Range of Allele additive 

Effect  

Days-To-Anthesis (DTA) 9 28.30% -1.51 - 3.31 

Days-To-Silking (DTS) 10 26.30% -2.36 - 3.15 

Anthesis-Silking Interval (ASI) - - - 

Plant Height (PH) 7 18.18% -0.15 - 12.74 

Ear Height (EH) 10 28.66% -0.10 - 12.14 

Kernel Row Number (KRN) 12 40.00% -1.48 - 1.09 

Shank Length  (SL) 2 7.85% -2.91 - 3.37 

Lazy - - - 

Albino - - - 
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Table 3.4 Summary of epistasis stepwise model descriptive statistics 

Trait 
Number of 

interactions 

Model 

R2 

Range of epistatic interactions 

effect 

Days-To-Anthesis (DTA) 32 0.61 -6.85 - 9.53 (days) 

Days-To-Silking (DTS) 48 0.72 -6.34 - 8.67 (days) 

Anthesis-Silking Interval (ASI) 22 0.43 -2.57 - 2.39 (days) 

Plant Height (PH) 65 0.80 -34.17 - 22.83 (cm) 

Ear Height (EH) 34 0.60 -25.05 - 22.83 (cm) 

Shank Length  (SHL) 18 0.43  -1.77 - 19.69 (cm) 

Kernel Row Number (KRN) 65 0.82 -2.24 - 3.84 (rows) 

Lazy 33 1.00 -29.17 - 37.40 (%) 

Albino 11 1.00 -1.75 - 52.5 (%) 
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Table 3. 5 Descriptive statistics of the final model for all traits in teosinte synthetics 

Trait N Mean H2 Markers Effect R2 

       

Days-To-Anthesis  (DTA) 1044 67.71 82% S1_101787090 Additive 37.99% 

    S4_191464432 Additive  

    S5_193784745 Additive  

    S1_202204465 Additive  

    S3_160054824 Additive  

    S3_175596213 Additive  

    S1_180717118 Additive  

    S10_56513555 / S10_119430993 Epistatic  

    S1_152195908 / S2_170743961 Epistatic  

    S5_68812274 Additive  

    S8_122435335 Additive  

    S2_217046466 / S3_3995751 Epistatic  

    S3_6295025 / S9_6468147 Epistatic  
        S1_104618784 / S8_151446448 Epistatic   

       

Days-To-Silking  (DTS) 1044 69.15 83% S4_191464432 Additive 45.83% 

    S1_101787090 Additive  

    S3_178590232 Additive  

    S1_60809241 Additive  

    S2_186247426 Additive  

    S5_193784744 Additive  

    S2_196871910 / S9_113232889 Epistatic  

    S3_181561519 / S10_57126922 Epistatic  
        S8_49594410 / S10_92552042 Epistatic   
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Anthesis-Silking Interval  

(ASI) 
1044 1.46 52% - - - 

       

Plant Height  (PH) 1044 194.47 86% S6_139784579 Additive 26.26% 

    S7_122380331 Additive  

    S1_187622889 Additive  

    S3_168962755 / S9_101883685 Epistatic  

    S9_105442844 Additive  

    S5_2339634 Additive  

    S3_227673905 / S5_193872618 Epistatic  

    S1_294964238 / S6_78899490 Epistatic  
        S2_217201190 Additive   

       

Ear Height  (EH) 1044 107.38 88% S1_195364975 Additive 30.53% 

    S3_184271079 Additive  

    S8_122999812 Additive  

    S3_29175627 Additive  

    S8_23953344 Additive  

    S9_121119883 Additive  

    S1_80004016 / S9_146663816 Epistatic  

    S1_12794720 Additive  
        S6_77131647 / S6_77131647 Epistatic   

       

Shank Length  (SL) 1044 17.23 80% S9_125201036 Additive 9.81% 

        S3_194394666 / S4_14655671 Epistatic   
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Kernel Row Number  (KRN) 1044 12.19 90% S4_199213248 Additive 12.24% 

        S6_140063891 / S9_145597572 Epistatic   

       

Lazy 1044 0.68 75% S5_55069947 / S7_88857621 Epistatic 1.5% 

       

Albino 1044 0.27 86% S5_208940423 / S10_8098581 Epistatic 0.99% 

        S7_5527972 / S9_145248823 Epistatic   
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Table 3. 6 Significant SNPs associated with phenotypes after conducting the final stepwise selection model and putative candidate 

genes 

Trait Name Locus Position pr>F Rsq SuppLeft SuppRight Candidate Genes 

Gene location (Based on 

Gramene's B73 RefGen_v3 

sequence ) 

DTA S4_191464432 4 191464432 9.73E-17 0.28 S4_150154543 S4_215649238 - 
 

DTA S3_175596213 3 175596213 1.05E-06 0.28 S3_172855528 S3_178590223 GRMZM2G125522/ZEA

MMB73_374481 (myb34 

- MYB-transcription 

factor 34) 

Chr3:178602360-178604208 

DTA S1_202204465 1 202204465 2.50E-08 0.28 S1_202195791 S1_202341982 GRMZM2G315375/ZEA

MMB73_189648 (br2 - 

brachytic2) 

Chr1:202334824-202342008 

DTA S1_101787090 1 101787090 2.34E-11 0.28 S1_100833460 S1_174036019 - 
 

DTA S5_193784745 5 193784745 1.29E-08 0.28 S5_139119264 S5_193784745 GRMZM2G005909/ZEA

MMB73_250275 (ggps4 - 

geranylgeranyl 

pyrophosphate synthase4)  

Chr5:193709210-193710641 

DTA S3_160054824 3 160054824 1.44E-08 0.28 S3_160054821 S3_160371892 GRMZM2G171650/ZEA

MMB73_190129 (mads69 

- MADS-transcription 

factor 69)  

Chr3:159022119-159050063 

DTA S8_122435335 8 122435335 2.69E-07 0.28 S8_122435335 S8_122435335 GRMZM2G179264/ZEA

MMB73_717736 

(pebp8/ZCN8 - 

phosphatidylethanolamine

-binding protein8 

Chr8:123030387-123032175 
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DTA S1_180717118 1 180717118 3.08E-06 0.28 S1_180717113 S1_180756283 GRMZM2G110135/ZEA

MMB73_071925 

(myb164 - MYB-

transcription factor 164) 

Chr1:182569440-182570779 

DTA S5_68812274 5 68812274 8.66E-06 0.28 S5_66457825 S5_80319168 - 
 

DTS S4_191464432 4 191464432 7.46E-12 0.26 S4_150154543 S4_215649238 - 
 

DTS S3_178590232 3 178590232 2.75E-04 0.26 S3_175596213 S3_180381946 GRMZM2G125522/ZEA

MMB73_374481 (myb34 

- MYB-transcription 

factor 34) 

Chr3:178602360-178604208 

DTS S1_101787090 1 101787090 2.80E-06 0.26 S1_100833460 S1_101787090 GRMZM2G057466/ZEA

MMB73_161696 (jmj14 - 

JUMONJI-transcription 

factor 14) 

Chr1:103624693-103630846 

DTS S2_186247426 2 186247426 3.18E-09 0.26 S2_186247426 S2_186247426 GRMZM2G088242/ZEA

MMB73_297545 (hsftf2 - 

HSF-transcription factor 

2) 

Chr2:185666362-185668432 

DTS S5_193784744 5 193784744 3.06E-09 0.26 S5_193784744 S5_193784745 GRMZM2G005909/ZEA

MMB73_250275 (ggps4 - 

geranylgeranyl 

pyrophosphate synthase4)  

Chr5:193709210-193710641 

DTS S8_122435335 8 122435335 8.76E-07 0.26 S8_122435335 S8_122435335 GRMZM2G179264/ZEA

MMB73_717736 

(pebp8/ZCN8 - 

phosphatidylethanolamine

-binding protein8 

Chr8:123030387-123032175 
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DTS S3_172855528 3 172855528 3.24E-04 0.26 S3_158935993 S3_175596213 GRMZM2G035092/ZEA

MMB73_830051 (mads53 

- MADS-transcription 

factor 53)  

Chr3:168968579-168969501 

DTS S10_93410490 10 93410490 2.14E-04 0.26 S10_92552461 S10_94981935 GRMZM2G381691/ZEA

MMB73_680650 (cct1 - 

CO CO-LIKE TIMING 

OF CAB1 protein 

domain1) 

Chr10:94262291-94264845 

DTS S3_158935993 3 158935993 5.16E-04 0.26 S3_158935993 S3_172855507 GRMZM2G171650/ZEA

MMB73_190129 (mads69 

- MADS-transcription 

factor 69)  

Chr3:159022119-159050063 

DTS S1_60809241 1 60809241 7.30E-04 0.26 S1_60809241 S1_63207101 - 
 

          

PH S1_187622889 1 187622889 7.50E-11 0.18 S1_187622888 S1_187622908 GRMZM5G879527/ZEA

MMB73_774509 

(bhlh112 - bHLH-

transcription factor 112) 

Chr1:188065123-188068113 

PH S4_182133496 4 182133496 8.50E-09 0.18 S4_182099819 S4_182133571 GRMZM2G149184/ZEA

MMB73_194893 (pin3 - 

PIN-formed protein3) 

Chr4:182180280-182183396 

PH S9_105442844 9 105442844 1.20E-08 0.18 S9_105039469 S9_105442935 GRMZM2G103647/ZEA

MMB73_544155 (bzip17 

- bZIP-transcription factor 

17)  

Chr9:109162612-109164995 

PH S7_122380331 7 122380331 1.90E-07 0.18 S7_122380328 S7_122380343 - 
 

PH S5_2339634 5 2339634 2.60E-08 0.18 S5_2337210 S5_2352784 - 
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PH 

 

S6_139784579 6 139784579 5.40E-07 0.18 S6_139784233 S6_139785004 GRMZM2G012724/ZEA

MMB73_041502 (wrky83 

- WRKY-transcription 

factor 83)   

Chr6:141604322-141606522 

PH S2_217201190 2 217201190 1.00E-06 0.18 S2_217201163 S2_217215666 - 
 

          

EH S3_184271079 3 184271079 4.54E-17 0.29 S3_184270572 S3_184271794 GRMZM2G148087/ZEA

MMB73_278305 (wrky43 

- WRKY-transcription 

factor 43)  

Chr3:183944439-183947443 

EH S1_195364975 1 195364975 8.35E-13 0.29 S1_195364888 S1_195449643 - 
 

EH S8_23953344 8 23953344 1.29E-08 0.29 S8_23806799 S8_23997108 - 
 

EH S6_139726360 6 139726360 4.72E-09 0.29 S6_139628808 S6_139726362 - 
 

EH S9_121119883 9 121119883 2.77E-10 0.29 S9_121119858 S9_121120091 - 
 

EH S8_122999812 8 122999812 4.87E-10 0.29 S8_122999357 S8_122999824 - 
 

EH S3_29175627 3 29175627 1.57E-08 0.29 S3_29175596 S3_29213265 GRMZM2G112629/ZEA

MMB73_434184 (bhlh76 

- bHLH-transcription 

factor 76) 

Chr3:29613767-29617374 

EH S1_12794720 1 12794720 1.64E-07 0.29 S1_12514500 S1_12794848 GRMZM2G452996/ZEA

MMB73_480429 

(bhlh110 - bHLH-

transcription factor 110)  

Chr1:12462798-12465171 

EH S9_99688534 9 99688534 3.90E-08 0.29 S9_99494039 S9_99765757 - 
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EH S5_205390482 5 205390482 1.58E-06 0.29 S5_205390481 S5_205390499 GRMZM5G872068/ZEA

MMB73_500460 (gln4 - 

glutamine synthetase4) 

Chr5:205293914-205297428 

KRN S4_199213248 4 199213248 3.40E-28 0.4 S4_199213221 S4_199358495 GRMZM2G460544/ZEA

MMB73_644654 (ub3 - 

unbranched3)  

Chr4:199456664-199460958 

KRN S2_17304631 2 17304631 3.30E-24 0.4 S2_17297496 S2_17393555 - 
 

KRN S9_128375366 9 128375366 1.40E-13 0.4 S9_128040350 S9_128379100 GRMZM2G157716/ZEA

MMB73_783551 (mterf30 

- mTERF-domain 

protein30) 

Chr9:128351184-128353531 

KRN S1_96691942 1 96691942 3.10E-13 0.4 S1_96620374 S1_96691943 - 
 

KRN S1_102901961 1 102901961 9.50E-09 0.4 S1_102901955 S1_102902382 - 
 

KRN S7_109081518 7 109081518 5.00E-09 0.4 S7_109077314 S7_109501383 - 
 

KRN S2_187085182 2 187085182 1.50E-10 0.4 S2_187085180 S2_187108413 - 
 

KRN S5_59080130 5 59080130 1.90E-09 0.4 S5_59080119 S5_59080285 - 
 

KRN S6_155031523 6 155031523 9.10E-08 0.4 S6_155031496 S6_155035032 GRMZM2G037286/ZEA

MMB73_631816 (gras56 - 

GRAS-transcription factor 

56) 

Chr6:155175171-155176649 
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KRN S1_264275870 1 264275870 2.50E-08 0.4 S1_264275852 S1_264276275 GRMZM2G109130/ZEA

MMB73_820195 (lox3 - 

lipoxygenase3)  

Chr1:264266381-264271190 

KRN S1_200658830 1 200658830 1.50E-07 0.4 S1_200655019 S1_200664628 - 
 

KRN S2_1978438 2 1978438 2.00E-07 0.4 S2_1978428 S2_2036315 GRMZM2G040736/ZEA

MMB73_769734 (crr1 - 

cytokinin response 

regulator1) 

Chr2:2084221-2085003 

SHL S9_125201036 9 125201036 4.65E-13 0.08 S9_125026747 S9_125217025 GRMZM2G137869/ZEA

MMB73_079919 (ofp37 - 

OVATE-transcription 

factor 37) 

Chr9:125223241-125224349 

SHL S2_137194342 2 137194342 9.29E-09 0.08 S2_137144863 S2_137194352 GRMZM2G047486/ZEA

MMB73_936943 (cdpk11 

- calcium dependent 

protein kinase11)  

Chr2:136808741-136813600 

 

1, 2Supporting boundaries Left and Right
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Chapter 4 

 

Genome Wide Association and Epistasis Analysis for Kernel Composition 

Traits in the Teosinte Synthetic Population 
 

ABSTRACT 

 

In this study, we conducted a genome wide association and epistasis study for the 

maize kernel weight and composition traits (starch, protein and oil) in the Teosinte 

Synthetic (Teo-Syn) population. GWAS identified several significant QTLs for these 

traits and the results are quite like the previously discussed QTL profiles in comparison to 

the Teosinte near isogenic lines (Teo-NILs), along with additional novel loci possibly due 

to higher genetic content from teosinte in this population compared to the Teo-NILs. 

Additive models including only single effect QTL explained less than half of the 

phenotypic variability, whereas stepwise epistasis regression analysis revealed strong bi-

locus interactions, explaining >45% to 73.72% of the phenotypic variation with large 

allelic effects depending on the trait. Further, final stepwise regression models including 

significant markers from the additive and epistatic models showed that epistasis is a 

major determinant of phenotypic variance for kernel composition traits in the Teosinte 

Synthetic population. 
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INTRODUCTION 

 

Nutritionally rich food with a significant amount of essential vitamins and 

minerals is imperative to maintain the healthy lifestyle of current and future generations 

of the human population. Today, a major proportion of our daily diet in terms of calories 

and nutrition comes from the seeds of grain crops such as maize, rice and wheat (SANDS 

et al. 2009). Carbohydrates, proteins, and oils are the predominant storage products in the 

seed, which are stored in specialized tissues during seed development (COPELAND AND 

MCDONALD 2012). Maize (Zea mays ssp. mays) is the world’s most important grain crop 

after wheat and rice, and in some regions of the world, supplies adequate amount of 

starch, protein, oil and fiber for food, feed, bio-fuel and several other industrial 

applications. There is an increased demand of maize today due to its applications in 

various areas such animal feed, biofuel, sweetener and, food and seed  (MARTIN et al. 

2005).  

Maize  was domesticated from its wild ancestor, teosinte (Zea mays ssp. 

parviglumis), approximately 9000 years ago through the process of artificial selection, 

which has consequently resulted in the reduction of the genetic variation in the selected 

genes in modern maize inbreds (BUCKLER et al. 2006). Yield component traits such as 

kernel row number and seed weight, as well as kernel composition traits have been 

targeted during the domestication process (PENG et al. 2011; FLINT-GARCIA 2013).  

Because the genes underlying these traits have little to no genetic diversity in modern 

maize, these domestication genes cannot be detected in bi-parental maize inbred 

populations (HAMBLIN et al. 2011). Teosinte retains a much larger genetic diversity in 
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genes targeted by artificial selection as compared to maize inbreds and landraces 

(WRIGHT et al. 2005), and breeders can improve modern traits in maize inbred by 

reintroducing variation from teosinte, as has been the case in tomato and its wild relatives 

(ZAMIR 2001), wheat (BRIGGLE 1969), rice (YANO et al. 2000), potato (BROUWER AND 

CLAIR 2004) and lots of crops.   

As mentioned and reported in the previous chapters, two novel genetic resources, 

the maize-teosinte NILs and the Teosinte Synthetic population have been developed to 

broaden resources for genetic diversity studies in maize. In chapter 2, the kernel 

composition study in the Teo-NILs (KARN et al. 2017a) revealed that teosinte harbors 

several QTLs with much larger allelic effects than those identified in the nested 

association mapping (NAM) population (COOK et al. 2012) and these alleles can be 

utilized towards the improvement of modern maize inbreds. 

 In this study, we wanted to determine the genetic basis of kernel composition and 

weight traits in this population and compare the results with the maize NAM and the 

Teosinte near isogenic line (Teo-NIL), and investigate statistical evidence for epistasis 

and its effect in the phenotypic variation.           

 

MATERIALS and METHODS 

 

 The development of the Teosinte Synthetic population is described in chapter 3, 

as well as the field trial that was conducted in 2014 and 2015 and the SNP genotyping 

using a RAD-GBS method (POLAND et al. 2012). Whole grains from open pollinated ears 

from the 2014 and 2015 trial were assessed for 20 kernel weight (KWT), and ears from 
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2014 trial were analyzed by NIR and NMR to predict total kernel starch, protein and oil 

on a dry matter basis (as described in the chapter 2).  

 

Phenotype Data Collection and Analysis in the Teosinte Synthetics 

  A total of 1044 the Teosinte Synthetic entries were grown in a random complete 

block design and open-pollinated trial with two replications in Columbia, MO in the year 

2014, with B73 x CML69 as an experimental check entry. Kernel composition data 

(starch, protein and oil) were obtained from bulk intact kernels from each row using the 

calibration models developed for NIR and NMR (see methods section of Chapter 2). 

Broad-sense heritability of the kernel composition and weight traits was 

calculated using a mixed linear model with replicates as described by Holland et al. 

(2003) in SAS 9.2 (SAS Institute, 2008).  Descriptive statistics, Pearson correlation 

coefficients and least squares means (LSMeans) were calculated in SAS. The LSMeans 

of the phenotypes were used for the genome wide association, epistasis analysis, and 

stepwise regression analysis. 

 

Genome wide association analysis  

A multidimensional scaling (MDS) method, an alternate to principal coordinate 

analysis, for two dimensions was performed in TASSEL to evaluate population structure, 

where imputed genotypes were first used to create a distance matrix, which was then used 

to obtain principal components and the associated eigenvalues. 
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The TASSEL 5.2 software was used to conduct GWAS using a General Linear 

Model (GLM) using 55,316 imputed SNP markers and two principal components (PC) as 

a covariate to control for population structure for plant and flowering traits with an 

equation of y = Xβ + U, where y equals the phenotypic values, X is the marker value, β is 

a matrix of parameters to be estimated, and U uses the PCA values as fixed cofactors to 

account for errors and false positives caused by population substructure (WEALE 2010). A 

false discovery rate (FDR) correction method was used to determine a threshold for 

significance of associations between SNPs and traits and similarly, 1000 permutations 

were performed to assess the empirical significance of the SNPs at P≤0.01 (ZHANG et al. 

2015) .  

 

Phenotypic variation explained by stepwise regression additive model 

As described in chapter 3, an additive model was developed by stepwise 

regression model using the original 55,316 SNP markers to examine the effect of multiple 

loci on each phenotype in TASSEL. For each trait, 100 permutations of the phenotypes 

(CHURCHILL AND DOERGE 1994) were used to determine empirical 𝛼 = 0.05 entry and 

exit thresholds. That is, a tested marker was included in the model if the P-value for 

testing 𝐻0: The additive effect of the tested marker is zero was less than or equal to the 𝛼 

= 0.05 threshold determined from permutations, and then a tested marker in the model 

was removed if its P-value was greater than twice the value of the 𝛼 = 0.05 threshold. 

The coefficient of determination (R2) was calculated as the proportion of total phenotypic 

variation explained by the regression model (FROVA et al. 1999). 
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Epistasis analysis  

Using the 55,316 markers to search for pairwise epistasis is very computationally 

intensive and challenging to complete the analysis in a reasonable amount of time. 

Therefore, a subset approximately 4,607 markers were chosen from the original 55,000 

markers by using the thinning plugin in TASSEL 5.2.29 software by only keeping 

markers with the minimum distance of 250,000 base pairs between the adjacent sites. The 

stepwise epistatic model selection procedure used a two-way ANOVA for preliminary 

screening of significant pairwise marker interactions (additive x additive epistatic 

interactions) with the smallest P values using all chosen markers in pairwise 

combinations in a modified version of TASSEL 5.0 (LIPKA 2016). Epistatic marker pairs 

that made into the final model were determined by the alpha at 0.05 for entry and P-

values for exit using 100 permutations. In the analysis, each of the 11 teosinte donors was 

allowed to have its own allelic effect for the trait being evaluated, thus the epistatic 

analysis included bi-locus interactions among the various teosinte alleles as well as with 

B73.   

We further developed a full model in SAS using a stepwise selection procedure in 

PROC GLM SELECT testing at the significance level of p ≤ 0.05 using only significant 

markers that made to the additive and epistatic models.  

 

RESULTS 
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Statistics of kernel weight and composition phenotypes 

Kernel composition traits (starch, protein and oil) and twenty kernel weight 

(20KWT) ranged from, 59.73 – 73.29%, 9.04 – 18.18%, 3.48 – 6.15%, and 2.08 – 5.86%, 

respectively and with an average of 67.99, 13.05, 4.74 and 3.63, respectively (Table 4.1), 

showing an extensive variation. Almost all the traits had normal distribution, but starch 

and 20KWT had a slight skew (Figure 4.1). The kernel starch and protein had high 

negative correlation to one another (r > - 0.88, P<0.0001), whereas, 20KWT was 

negatively correlated with protein and oil (P<0.01), and positive correlation with starch 

(P<0.05) (Figure 4.1). Broad-sense heritability (H2) estimated for all traits were high and 

ranged from 0.74 to 0.92 (Table 4.1).  

 

GWAS of traits  

GWAS was conducted by using the LSM values of the individual performance 

across environments using GLM (PCA) model, and in total 327, 241, 16 and 120 SNPs 

were significantly associated with starch, protein, oil and KWT, respectively at P<0.01 

after permutation test (Table 4.2).   

In the additive model, 1 SNP for starch, 1 SNP for oil, and 14 SNPs for KWT 

made into the final model, which explained 2.42%, 2.42%, and 43.10% of the phenotypic 

variation, respectively (Table 4.3). Allele additive effects were -0.93% for starch, 0.33% 

for oil, and -0.27 - 0.46% for KWT, respectively, whereas, no significant SNPs for 

protein made into the model (Table 4.3).  
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Epistatic interactions 

Stepwise epistasis selection model identified 26, 21, 49 and 47 highly significant 

interacting pairs of markers for starch, protein, oil and 20KWT, respectively (Table 4.4). 

The epistasis model explained 45.5%, 37%, 63.34% and 73.72% of the phenotypic 

variation for traits starch, protein, oil and kernel weight, respectively, with epistatic 

interactions effects ranging from -7.03 – 4.37% for starch, -2.45 – 3.83% for protein,  

-0.87 – 1.52% for oil, and -0.69 – 1.15% for kernel weight (Table 4.4).  

 

DISCUSSION 

Kernel composition and weight are nutritionally and agronomically valuable 

traits, and have been targeted during the domestication of maize (DOEBLEY et al. 2006). 

Artificial selection has reduced the genetic and phenotypic variation in these 

domesticated traits (WRIGHT et al. 2005). Teosinte harbors novel alleles with stronger 

and greater allelic effects than those identified in NAM (COOK et al. 2012), previously 

elucidated in the teosinte NIL kernel composition study (chapter 2). One of the primary 

goals of this study was to conduct a genome wide association study and test for epistasis 

for kernel composition and weight traits in a structurally different population than NILs, 

with a higher percentage of donor parent (≥25% of 11 teosinte founders) that has been 

random-mated for several generations, and to compare the results to those identified in 

the NAM and Teosinte NIL studies. 

 Cook et al. (2012) evaluated the maize NAM population for kernel starch, 

protein, and oil content. The NAM population was developed by crossing 25 diverse 
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founder inbred lines of maize to the reference inbred B73 and producing 24 recombinant 

inbred line (RIL) families (BUCKLER et al. 2009; MCMULLEN et al. 2009). In NAM, 21 

starch, 26 protein, and 22 oil QTLs were identified, which explained 59%, 61%, and 70% 

of the total variation. In NAM, allelic effect ranged from -0.62 – 0.65% for starch, -0.38 – 

34% for protein, and -0.12 – 0.21% for oil. Similarly, KARN et al. (2017a) evaluated the 

Teo-NIL for kernel composition traits and reported 2 starch, 3 protein, and 6 oil QTL, 

which explained 18%, 23% and 45% of the phenotypic variation. In the Teo-NILs, allelic 

effect ranged from -2.56 – 0.82% for starch, -0.77 – 2.21% for protein, and -0.33 – 0.61% 

for oil. HIRSCH et al. (2014) reported 18 QTL for KWT in NAM, which accounted for 

60% of the phenotypic variation, with range in additive allelic effect size between −0.012 

and 0.013 g per 20 kernels. Similarly, LIU et al. (2016a) reported 8 QTL for KWT (50 

kernel weight) in the Teo-NILs, which explain 38% of the phenotypic variation, with 

range in additive allelic effect size between -2.15 to 1.75 g per 50 kernels.  

Broad sense heritability for kernel composition and weight traits in the Teosinte 

Synthetic S1 lines was similar to those observed in the NILs, whereas slightly lower than 

the NAM population (COOK et al. 2012; KARN et al. 2017a). That is, for total kernel 

starch and protein heritability was 70 and 78%, respectively, whereas heritability for 

kernel oil and weight was 84 and 92%, respectively. High heritability for these traits 

suggests that the observed phenotypic variability is largely under genetic control of either 

single additive loci and/or additive x additive epistatic interactions.  

Using the GLM (PCA) model in the genome wide scan, a total 704 SNPs were 

strongly associated with the kernel composition and weight traits (Figure 4.2) (Table 4.2). 
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Starch and protein were very highly negatively correlated (r > - 0.88) at the phenotypic 

level, and GWAS results mirrored each another (Figure 4.1).  

The additive stepwise regression model explained a very low proportion of the 

phenotypic variation for kernel starch and oil, and no SNPs made it into the final additive 

model for protein, whereas about half of the phenotypic variation for KWT was explained 

by the final additive model (Table 4.3). We used the supporting intervals for all the SNPs 

that were retained in the final additive model to identify putative candidate genes for 

kernel weight and composition. Most of the candidate genes for the kernel composition 

traits were transcription factors as listed in the table 4.11, but none of the previously 

identified genes for kernel composition (e.g. classical mutants such as DGAT1-2, Waxy, 

and zeins) were found with the supporting interval of the significant markers.  

In the NAM study, Cook et al (2012) reported that over half of the phenotypic 

variation in composition traits could be explained by the additive model containing 49 

QTL. In contrast, several epistatic interactions with big effects were identified for the 

kernel composition and weight in the stepwise epistasis regression model, suggesting 

strong evidence for gene-gene interactions for a great part of the phenotypic variation in 

those traits.  

Circos plots were used to visualize the epistatic interactions which revealed an 

intricate and complex network of gene by gene interactions (Figure 4.3, Figure 4.4, 

Figure 4.5 and Figure 4.6). Oil had the highest number of interacting loci (49 

interactions), whereas protein had the lowest number of interacting loci (21 interactions). 

While visually examining the circos plot of most of the traits, occurrence of the 



 

  126 

 

interactions appeared across the genome as well as the hub interacting regions that were 

also significant in GWAS. Most of the epistatic interactions estimates for protein and oil 

had a positive effect on the phenotype, whereas estimates for starch and KWT had a 

negative effect, which is consistent with our expectation since most of the donor teosinte 

alleles would decrease kernel starch and weight, while increase protein and oil.  

Epistasis has been recognized as an important component of cultivar performance 

in several cereal crops (RASMUSSON AND PHILLIPS 1997). However, epistatic effects are 

usually not analyzed in GWAS due to the lack of statistical methodology and power, as 

well as a heavy computational burden (WANG et al. 2011).  Similarly, GWAS has 

demonstrated the highly polygenic architecture of complex traits (INGVARSSON AND 

STREET 2011).  With an accumulation of evidence for gene × gene interactions, a model 

ignoring the epistatic interactions does not provide holistic understanding of the 

underlying genetic architecture of these kernel composition traits. Therefore, we 

developed a final model in SAS using the stepwise selection procedure PROC GLM 

SELECT testing only significant markers that made to the stepwise additive and epistatic 

regression models at the significance level of p ≤ 0.05.  In the final model, most of the 

markers were epistatic pairs of markers for all the traits, except few significant additive 

effect SNP markers for KWT.  The final models explained 13.46% of the total variation 

for starch, 8.58% for protein, 10.71% percent for oil, and 41.50% for KWT (Table 4.10).   

In this study, we carried out a genome wide association and epistasis analysis to 

understand the genetic architecture of kernel composition traits in a novel genetic 

resource comprised of maize and teosinte. Our results suggested that epistasis is a major 

determinant of phenotypic variance for kernel composition traits in the Teosinte 
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Synthetic population, and thus, the genetic architecture of starch, protein, oil and KWT in 

the Teosinte Synthetic is characterized primarily by epistatic gene-gene interactions. In 

contrast, no epistatic interactions were found to have any role for the kernel composition 

traits in the NAM population, where the phenotypic variation was predominantly 

explained by additive effects. One of the possible explanations could be that, perhaps the 

historical differences between the NAM (representing standing variation for composition 

traits) and teosinte (intensely selected for seed traits) founders of these populations are 

expressed in this differential expression of epistasis.  In conclusion, we were able to 

further elucidate the underlying genetic architecture of kernel composition and weight 

traits in maize-teosinte derived population which revealed a number of genomic regions 

which form a complex network controlling kernel traits. Overall, our results suggest that 

kernel traits are controlled by several loci in a network of interacting nodes. 

Understanding and elucidating the role of such genetic architecture is important to 

improve the yield of maize.  
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Table 4. 1 Descriptive statistics of kernel composition and kernel weight 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Trait N Mean SD Minimum Maximum H2 

Starch 1045 67.99 1.96 59.73 73.29 0.74 

Protein 1045 13.05 1.46 9.04 18.18 0.78 

Oil 1044 4.74 0.42 3.48 6.15 0.84 

KWT 1037 3.63 0.53 2.08 5.86 0.92 



 

  129 

 

Table 4. 2 Summary of GWAS statistics of the kernel composition and kernel weight 

 

Trait Significant SNPs Chromosomes 
 (P<0.01)  

Starch 327 1, 3, 7, 8 and 9 

Protein 241 1, 3, 5, 6, 7, 8, 9 and 10 

Oil 16 1, 5 and 6 

KWT 120 1, 2, 4, 5, 6, 7, 8 and 9 
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Table 4. 3 Summary of additive stepwise selection model descriptive statistics 

 

Trait Sites Model R2 
Range of allele additive 

Effect 

STARCH 1 2.43% -0.93 

PROTEIN 0 - - 

OIL 1 2.43% 0.30 

KWT 14 43.10% -2.7 - 0.46 
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Table 4. 4 Summary of epitasis stepwise selection model descriptive statistics 

 

Trait 
Number of 

interactions 

Model 

R2 

Range of epistatic 

 interactions effect 

STARCH 26 45.50% -7.03 - 4.37 

PROTEIN 21 37.08% -2.42 - 3.83 

OIL 49 63.34% -0.87 - 1.52 

KWT 47 73.72% -0.69 - 1.15 

 

 

 

 



 

 

1
3
2 

Table 4. 5 ANOVA additive stepwise selection model descriptive statistics for kernel weight and composition traits 

Trait Marker Chr Position df SS MS F pr>F BIC  mBIC AIC Rsq SuppLeft SuppRight 

Oil S5_204922803 5 204922803 1 4.45 4.45 25.46 

5.35E-

07 

-

1779 5383 

-

1789 0.02 S5_204885959 S5_204922879 

               

Starch S5_186784994 5 186784994 1 94.62 94.62 25.49 

5.27E-

07 1360 8530 1350 0.02 S5_186784453 S5_186785048 

               

KWT S1_25398814 1 25398814 1 8.57 8.57 53.62 

4.96E-

13 

-

1795 5631 

-

1869 0.43 S1_25398761 S1_25409817 

KWT S7_119071606 7 119071606 1 8.02 8.02 50.17 

2.64E-

12 

-

1795 5631 

-

1869 0.43 S7_118944278 S7_119184115 

KWT S7_169486420 7 169486420 1 7.55 7.55 47.27 

1.08E-

11 

-

1795 5631 

-

1869 0.43 S7_169486398 S7_169486426 

KWT S1_275099256 1 275099256 1 7.40 7.40 46.31 

1.73E-

11 

-

1795 5631 

-

1869 0.43 S1_275099251 S1_275111816 

KWT S5_130395325 5 130395325 1 7.27 7.27 45.48 

2.59E-

11 

-

1795 5631 

-

1869 0.43 S5_129679587 S5_130508932 

KWT S1_199765350 1 199765350 1 6.07 6.07 37.98 

1.03E-

09 

-

1795 5631 

-

1869 0.43 S1_199765349 S1_199790257 

KWT S7_173263098 7 173263098 1 5.93 5.93 37.11 

1.58E-

09 

-

1795 5631 

-

1869 0.43 S7_173229636 S7_173292330 

KWT S10_137311942 10 137311942 1 5.00 5.00 31.28 

2.87E-

08 

-

1795 5631 

-

1869 0.43 S10_137311927 S10_137379974 

KWT S8_100475859 8 100475859 1 4.99 4.99 31.22 

2.97E-

08 

-

1795 5631 

-

1869 0.43 S8_100475814 S8_100503199 

KWT S3_149274459 3 149274459 1 4.66 4.66 29.18 

8.21E-

08 

-

1795 5631 

-

1869 0.43 S3_149270719 S3_149281289 

KWT S2_202537236 2 202537236 1 4.48 4.48 28.05 

1.45E-

07 

-

1795 5631 

-

1869 0.43 S2_202482338 S2_202624157 

KWT S4_119437627 4 119437627 1 4.44 4.44 27.77 

1.67E-

07 

-

1795 5631 

-

1869 0.43 S4_119437612 S4_120248731 

KWT S8_90686844 8 90686844 1 4.17 4.17 26.10 

3.87E-

07 

-

1795 5631 

-

1869 0.43 S8_90686841 S8_90688766 

KWT S10_137189172 10 137189172 1 3.95 3.95 24.75 

7.68E-

07 

-

1795 5631 

-

1869 0.43 S10_137189092 S10_137193893 
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Table 4.6 ANOVA epistatic stepwise selection model descriptive statistics for kernel weight  

Trait Name Estimate df SS MS F pr>F BIC mBIC AIC Rsq 

KWT mean  1 2916.07 2916.07 38228.22 0 

-

2359.1 5496.6 

-

2596.0 0.74 

KWT S8_19119+S8_119988662 0.27 1 2.04 2.04 26.73 2.83E-07     

KWT S4_188050432+S7_166205024 0.23 1 2.39 2.39 31.30 2.87E-08     

KWT S7_105381743+S8_106741652 -0.16 1 4.48 4.48 58.68 4.46E-14     

KWT S1_275098954+S5_63189388 0.30 1 4.49 4.49 58.81 4.17E-14     

KWT S2_86395991+S5_82461866 0.19 1 3.88 3.88 50.87 1.92E-12     

KWT S1_103320209+S6_146571888 -0.19 1 2.53 2.53 33.12 1.16E-08     

KWT S1_193556102+S4_76054066 -0.09 1 1.29 1.29 16.89 4.30E-05     

KWT S2_150656197+S2_233010558 -0.26 1 5.78 5.78 75.75 1.35E-17     

KWT S8_134275938+S10_89999298 0.27 1 2.07 2.07 27.18 2.26E-07     

KWT S2_122117698+S9_134048187 0.91 1 5.47 5.47 71.65 9.27E-17     

KWT S5_15204801+S5_139118900 0.20 1 6.81 6.81 89.22 2.51E-20     

KWT S3_23017183+S6_153293848 0.16 1 3.02 3.02 39.61 4.67E-10     

KWT S8_76687444+S9_98761391 -0.18 1 3.80 3.80 49.87 3.12E-12     

KWT S2_58519877+S7_157205817 1.15 1 6.03 6.03 79.11 2.79E-18     

KWT S1_23923227+S3_1964044 -0.15 1 3.23 3.23 42.36 1.21E-10     

KWT S6_145826995+S7_41013483 -0.28 1 4.22 4.22 55.36 2.19E-13     

KWT S7_144439417+S10_56513555 0.61 1 3.25 3.25 42.57 1.09E-10     

KWT S7_105381743+S7_147375896 -0.19 1 2.05 2.05 26.94 2.55E-07     

KWT S1_52225686+S3_30923937 -0.36 1 4.30 4.30 56.42 1.32E-13     

KWT S9_1025912+S10_19500144 -0.40 1 3.43 3.43 44.99 3.35E-11     

KWT S4_205370157+S6_115372925 -0.20 1 5.30 5.30 69.45 2.63E-16     

KWT S5_213647316+S6_4599211 -0.69 1 3.60 3.60 47.21 1.13E-11     

KWT S1_9540851+S10_24959245 0.23 1 2.81 2.81 36.87 1.80E-09     

KWT S3_163681817+S4_7318066 0.59 1 3.00 3.00 39.27 5.52E-10     

KWT S2_101409477+S2_237310077 -0.26 1 4.00 4.00 52.50 8.70E-13     
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KWT S5_52300008+S7_43134841 0.63 1 2.63 2.63 34.47 5.91E-09     

KWT S5_208600927+S9_103408839 -0.60 1 2.70 2.70 35.39 3.74E-09     

KWT S3_187280215+S4_209023988 -0.44 1 3.18 3.18 41.63 1.73E-10     

KWT S2_221647906+S5_82461866 0.26 1 2.15 2.15 28.25 1.32E-07     

KWT S1_221995950+S8_151193150 -0.36 1 2.60 2.60 34.12 7.04E-09     

KWT S1_19098558+S8_140636549 -0.24 1 3.35 3.35 43.86 5.81E-11     

KWT S1_286916858+S8_107800992 0.09 1 1.44 1.44 18.84 1.57E-05     

KWT S1_24582444+S7_136977105 -0.25 1 2.30 2.30 30.20 4.98E-08     

KWT S7_100267984+S9_152524998 -0.46 1 2.92 2.92 38.22 9.25E-10     

KWT S4_68818064+S6_151989144 -0.23 1 1.43 1.43 18.78 1.62E-05     

KWT S1_32232497+S4_181092557 -0.59 1 2.57 2.57 33.65 8.89E-09     

KWT S1_301074467+S4_71562803 -0.26 1 3.44 3.44 45.06 3.23E-11     

KWT S4_105526354+S4_162591021 0.10 1 2.29 2.29 29.97 5.57E-08     

KWT S2_228721648+S5_9913999 0.30 1 2.06 2.06 26.98 2.50E-07     

KWT S4_145210139+S8_160908245 -0.25 1 2.15 2.15 28.19 1.36E-07     

KWT S1_13114168+S9_112843832 -0.46 1 1.96 1.96 25.68 4.81E-07     

KWT S3_40248575+S9_24168536 0.57 1 1.80 1.80 23.62 1.36E-06     

KWT S4_10038810+S9_35637911 0.43 1 2.10 2.10 27.59 1.84E-07     

KWT S1_272896577+S3_50609217 0.70 1 1.86 1.86 24.41 9.16E-07     

KWT S8_112293475+S9_16254547 -0.19 1 2.01 2.01 26.36 3.41E-07     

KWT S1_193825206+S9_6468147 -0.19 1 1.90 1.90 24.85 7.31E-07     

KWT S5_42327999+S6_28769175 -0.29 1 1.67 1.67 21.85 3.36E-06     

KWT Error  979 74.68 0.08 NaN NaN     
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Table 4.7 ANOVA epistatic stepwise selection model descriptive statistics for kernel protein 

Trait Name Estimate df SS MS F pr>F BIC mBIC AIC Rsq 

Protein mean  1 91833.59 91833.59 67128.93 0 452.48 7918.48 343.90 0.37 

Protein S2_203573260+S5_186470013 1.42 1 42.21 42.21 30.85 3.56E-08     
Protein S5_68812274+S8_70048520 1.93 1 79.08 79.08 57.81 6.61E-14     
Protein S4_50342386+S6_118700878 1.92 1 121.91 121.91 89.12 2.50E-20     
Protein S3_12430750+S5_92335342 -2.08 1 58.15 58.15 42.51 1.11E-10     
Protein S2_222633395+S8_136253334 1.43 1 62.44 62.44 45.65 2.39E-11    
Protein S6_9496813+S6_156188313 -1.15 1 50.16 50.16 36.67 1.97E-09    
Protein S3_168672670+S4_183516809 2.30 1 51.81 51.81 37.87 1.09E-09    
Protein S7_91999231+S7_122017590 -0.42 1 32.17 32.17 23.52 1.43E-06    
Protein S2_230088870+S7_135486499 1.65 1 44.64 44.64 32.63 1.47E-08    
Protein S9_136089639+S10_106855543 -0.83 1 39.49 39.49 28.87 9.63E-08    
Protein S4_28950606+S6_76399610 -1.14 1 46.32 46.32 33.86 7.97E-09    
Protein S2_48182779+S9_3856778 1.91 1 48.84 48.84 35.70 3.19E-09    
Protein S5_204810712+S7_128682147 1.55 1 39.53 39.53 28.90 9.48E-08    
Protein S1_245542888+S4_218214978 3.83 1 42.60 42.60 31.14 3.08E-08    
Protein S4_70379635+S6_162278537 2.30 1 31.04 31.04 22.69 2.19E-06    
Protein S1_189719794+S2_119166924 1.00 1 32.35 32.35 23.65 1.34E-06    
Protein S1_242453109+S4_185354876 -0.53 1 44.79 44.79 32.74 1.39E-08    
Protein S1_18143120+S6_57558943 0.96 1 44.10 44.10 32.23 1.79E-08    
Protein S1_73240145+S8_169584899 -1.02 1 31.35 31.35 22.92 1.95E-06    
Protein S1_181288193+S6_136442516 -1.09 1 30.75 30.75 22.48 2.44E-06    
Protein S6_88142669+S6_123913051 -2.42 1 28.92 28.92 21.14 4.81E-06    
Protein Error  1006 1376.23 1.37 NaN NaN    
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Table 4. 8 ANOVA epistatic stepwise selection model descriptive statistics for kernel oil 

Trait Name Estimate df SS MS F pr>F BIC mBIC AIC R2 

Oil mean  1 10423.59 10423.59 151283.86 0.00 

-

2451.90 5434.41 

-

2698.60 0.63 

Oil S1_24582444+S2_37453687 0.23462 1 5.28 5.28 76.70 8.65E-18     

Oil S3_172375411+S8_130042331 0.47048 1 3.99 3.99 57.85 6.64E-14     

Oil S1_157928451+S8_74420551 -0.31039 1 3.61 3.61 52.38 9.24E-13     

Oil S2_6142892+S9_37552403 -0.87185 1 4.73 4.73 68.68 3.79E-16     

Oil S2_3084316+S5_137894422 0.55506 1 3.07 3.07 44.50 4.26E-11     

Oil S3_47448683+S7_101846963 0.25285 1 5.79 5.79 84.03 2.81E-19     

Oil S3_1095351+S8_166556538 0.64229 1 2.84 2.84 41.18 2.17E-10     

Oil S3_198104980+S4_14951504 0.29289 1 2.36 2.36 34.31 6.43E-09     

Oil S1_93080475+S10_36344033 -0.74561 1 3.10 3.10 45.01 3.31E-11     

Oil S1_31744701+S4_99868878 0.54163 1 3.80 3.80 55.21 2.36E-13     

Oil S4_233742870+S5_2110078 0.63458 1 1.91 1.91 27.67 1.77E-07     

Oil S4_171878696+S7_112116426 1.51577 1 4.40 4.40 63.88 3.71E-15     

Oil S5_178162713+S7_108994218 0.34726 1 2.23 2.23 32.33 1.71E-08     

Oil S4_157867968+S5_138543509 -0.53369 1 3.81 3.81 55.36 2.19E-13     

Oil S1_15474333+S7_7004559 0.39426 1 6.13 6.13 88.99 2.80E-20     

Oil S4_88516832+S8_51722448 0.66466 1 4.45 4.45 64.61 2.63E-15     

Oil S6_73294996+S9_12602084 0.38684 1 3.98 3.98 57.72 7.05E-14     

Oil S1_139290979+S2_198972281 -0.53075 1 2.44 2.44 35.42 3.70E-09     

Oil S2_117303882+S4_193913788 -0.33298 1 2.83 2.83 41.12 2.23E-10     

Oil S5_32939882+S7_110078943 -0.79921 1 5.25 5.25 76.22 1.08E-17     

Oil S8_56091439+S10_62508522 -0.62128 1 2.89 2.89 41.96 1.47E-10     

Oil S1_46742427+S3_189515391 -0.3106 1 2.63 2.63 38.24 9.17E-10     

Oil S3_31806054+S8_45273266 -0.44907 1 2.44 2.44 35.48 3.59E-09     

Oil S6_134645292+S7_96044716 -0.31208 1 2.85 2.85 41.41 1.93E-10     

Oil S1_14803071+S4_67046629 -0.41902 1 2.46 2.46 35.76 3.13E-09     
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Oil S1_261949993+S1_297569388 -0.35265 1 2.66 2.66 38.55 7.90E-10     

Oil S2_17720729+S6_47903316 0.55162 1 2.91 2.91 42.28 1.26E-10     

Oil S1_40045409+S2_161439278 0.25349 1 3.30 3.30 47.84 8.36E-12     

Oil S1_227302660+S2_29855342 0.85105 1 2.08 2.08 30.13 5.16E-08     

Oil S3_95136999+S4_3747670 0.68456 1 2.24 2.24 32.51 1.57E-08     

Oil S1_270956388+S10_103647859 0.48451 1 2.27 2.27 32.89 1.30E-08     

Oil S7_128682147+S8_82567521 0.23954 1 2.52 2.52 36.63 2.03E-09     

Oil S5_189254757+S8_72267969 0.25845 1 1.55 1.55 22.49 2.43E-06     

Oil S8_56431983+S10_133301324 0.42231 1 1.86 1.86 26.97 2.52E-07     

Oil S2_99572181+S5_70651093 0.41017 1 2.08 2.08 30.22 4.93E-08     

Oil S8_151193150+S9_142270482 -0.14692 1 2.56 2.56 37.08 1.62E-09     

Oil S5_211329509+S8_158301410 0.48846 1 1.87 1.87 27.12 2.33E-07     

Oil S6_57558943+S9_140472486 -0.33857 1 2.17 2.17 31.45 2.67E-08     

Oil S5_152606599+S8_159636415 0.45822 1 1.81 1.81 26.22 3.67E-07     

Oil S3_225532103+S6_141038065 0.30173 1 1.91 1.91 27.68 1.76E-07     

Oil S2_6142892+S3_161898215 -0.57609 1 2.15 2.15 31.23 2.97E-08     

Oil S4_48662443+S4_180525140 -0.35719 1 1.64 1.64 23.85 1.22E-06     

Oil S1_7035304+S1_243078354 -0.155 1 1.64 1.64 23.83 1.23E-06     

Oil S2_143429739+S2_150148992 -0.57803 1 1.87 1.87 27.20 2.24E-07     

Oil S3_186436096+S3_193668241 -0.43827 1 1.85 1.85 26.79 2.76E-07     

Oil S1_6777153+S1_269572341 0.42696 1 1.92 1.92 27.86 1.61E-07     

Oil S2_197881047+S7_63569660 -0.70274 1 1.47 1.47 21.37 4.30E-06     

Oil S7_104649039+S9_152524998 -0.38681 1 1.43 1.43 20.83 5.67E-06     

Oil S1_233290708+S10_14007252 -0.45841 1 1.41 1.41 20.40 7.05E-06     

Oil Error  977 67.32 0.07 NaN NaN     

Table 4.8 continued… 
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Table 4.9 ANOVA epistatic stepwise selection model descriptive statistics for kernel starch 

Trait Name Estimate df SS MS F pr>F BIC mBIC AIC Rsq 

Starch mean  1 3139800.00 3139800.00 1477700.00 0.00 934.69 8477.15 801.43 

0.4

6 

Starch S2_203573260+S5_186470013 -2.54 1 132.38 132.38 62.30 7.70E-15     

Starch S1_137437389+S3_171480251 -7.03 1 96.42 96.42 45.38 2.74E-11     

Starch S1_17241556+S1_76740889 -1.48 1 86.50 86.50 40.71 2.70E-10     

Starch S3_200770938+S7_150697979 -3.01 1 96.58 96.58 45.46 2.63E-11     

Starch S5_62623707+S8_55320512 -1.48 1 107.35 107.35 50.52 2.24E-12     

Starch S4_4081229+S7_34648076 -1.69 1 50.45 50.45 23.75 1.28E-06     

Starch S2_5013893+S4_135935954 -1.65 1 125.89 125.89 59.25 3.33E-14     

Starch S1_272287447+S9_101883685 -4.35 1 93.60 93.60 44.05 5.24E-11     

Starch S2_137907340+S3_229899386 -2.45 1 69.20 69.20 32.57 1.52E-08     

Starch S9_42679826+S10_118860743 -2.65 1 93.91 93.91 44.19 4.88E-11     

Starch S1_172047773+S5_217664037 -3.16 1 97.61 97.61 45.94 2.08E-11     

Starch S8_75510088+S8_140912058 -1.88 1 54.51 54.51 25.66 4.86E-07     

Starch S4_222702689+S6_169002289 -1.49 1 74.37 74.37 35.00 4.52E-09     

Starch S6_98735007+S8_134275938 -2.09 1 72.21 72.21 33.98 7.50E-09     

Starch S1_13114168+S4_62591045 1.60 1 43.88 43.88 20.65 6.18E-06     

Starch S5_186165262+S9_31493648 4.37 1 55.81 55.81 26.26 3.57E-07     

Starch S3_168672670+S8_33611472 -2.17 1 59.15 59.15 27.84 1.62E-07     

Starch S2_93761190+S3_110465619 -3.04 1 78.78 78.78 37.08 1.62E-09     

Starch S2_162730551+S9_33058211 2.06 1 52.26 52.26 24.60 8.30E-07     

Starch S1_107799631+S5_215751821 -3.58 1 50.26 50.26 23.65 1.34E-06     

Starch S4_126330241+S8_13139443 -1.28 1 52.59 52.59 24.75 7.68E-07     

Starch S3_21267499+S10_86427973 0.92 1 54.98 54.98 25.87 4.35E-07     

Starch S5_143641088+S5_156596889 -1.59 1 50.07 50.07 23.56 1.40E-06     

Starch S3_165017894+S7_101846963 -1.37 1 49.86 49.86 23.47 1.47E-06     

Starch S3_190626187+S8_139631507 1.74 1 46.90 46.90 22.07 2.99E-06     

Starch S4_218854109+S8_88320432 1.75 1 44.15 44.15 20.78 5.80E-06     

Starch Error    1001  2126.95 2.12 NaN NaN     
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Table 4.10 Final model descriptive statistics for kernel weight and composition traits 

Trait N Mean H2 Markers Effect R2 

       

Starch 1045 67.99 74% S1_45924719 / S8_160908245 Epistatic 13.46% 

    S5_23897858 / S5_126847759 Epistatic  

    

S3_130461464 / 

S3_162221002 
Epistatic 

 
        S4_18004454 / S9_46363706 Epistatic   

       

Protein 1045 13.05 78% S3_82100901 / S3_230242739 Epistatic 8.58% 

    

S1_124134133 / 

S2_145617819 
Epistatic 

 

    S3_100660079 / S4_75114691 Epistatic  

    S6_67378997 / S6_124987788 Epistatic  

        

S9_103111756 / 

S10_72821177 
Epistatic 

  

       

Oil 1044 4.74 84% S4_181092557 / S8_67237552 Epistatic 10.71% 

        S2_60079388 / S4_14655671 Epistatic   

       

KWT 1037 3.63 92% S4_119437627 Additive 41.50% 

    S5_130395325 Additive  

    S1_25398814 Additive  

    

S2_101409477 / 

S2_237310077 
Epistatic 

 

    

S4_145210139 / 

S8_160908245 
Epistatic 

 

    S5_213647316 / S6_4599211 Epistatic  

    S8_100475859 Additive  
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    S7_173263098 Additive  

        S2_221647906 / S5_82461866 Epistatic   
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Table 4. 11 List of putative candidate genes or kernel weight and composition traits 

Trait Marker Chr Position SuppLeft SuppRight Candidate Genes 

Oil S5_204922803 5 204922803 S5_204885959 S5_204922879 GRMZM2G044408/ZEAMMB73_612663 (mads26 - 

MADS-transcription factor 26)  

Starch S5_186784994 5 186784994 S5_186784453 S5_186785048 GRMZM2G074604/ZEAMMB73_001919 (pal1 - 

phenylalanine ammonia lyase homolog1)  

KWT S1_25398814 1 25398814 S1_25398761 S1_25409817 GRMZM2G037493/ZEAMMB73_064313 (thx9 - 

Trihelix-transcription factor 9) 

KWT S1_275099256 1 275099256 S1_275099251 S1_275111816 GRMZM2G159285/ZEAMMB73_435329 (iaa4 - 

Aux/IAA-transcription factor 4)  

KWT S1_199765350 1 199765350 S1_199765349 S1_199790257 - 

KWT S2_202537236 2 202537236 S2_202482338 S2_202624157 GRMZM2G113779/ZEAMMB73_493572 (sbp13 - 

SBP-transcription factor 13) 

KWT S3_149274459 3 149274459 S3_149270719 S3_149281289 - 

KWT S4_119437627 4 119437627 S4_119437612 S4_120248731 GRMZM2G139740/ZEAMMB73_106058 (ereb32 - 

AP2-EREBP-transcription factor 32)  

KWT S5_130395325 5 130395325 S5_129679587 S5_130508932 - 

KWT S7_119071606 7 119071606 S7_118944278 S7_119184115 GRMZM2G117244/ZEAMMB73_404778 (myb140 - 

MYB-transcription factor 140) 

KWT S7_169486420 7 169486420 S7_169486398 S7_169486426 GRMZM2G025685/ZEAMMB73_974979 (hsftf27 - 

HSF-transcription factor 27) 

KWT S7_173263098 7 173263098 S7_173229636 S7_173292330 GRMZM2G149040/ZEAMMB73_255126 (bzip58 - 

bZIP-transcription factor 58)  

KWT S8_100475859 8 100475859 S8_100475814 S8_100503199 - 

KWT S8_90686844 8 90686844 S8_90686841 S8_90688766 - 

KWT S10_137311942 10 137311942 S10_137311927 S10_137379974  - 

KWT S10_137189172 10 137189172 S10_137189092 S10_137193893 GRMZM2G301485/ZEAMMB73_388069 (hsftf20 - 

HSF-transcription factor 20)  
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Figure 4.1 Scatterplot matrix of coefficient of correlation between phenotypes and the 

distribution of the phenotypes (diagonally downwards).

r < -0.88 r < -0.02 r < 0.08 

r < 0.006 r < -0.15 

r < -0.09 
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Figure 4. 2 Manhattan plot showing genome wide association study (GWAS) results with highest correlated SNP significance                   

at P<0.01 after FDR correction (red line) for traits (A) Starch, (B) Protein and (C) Oil, and (D) KWT 
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Figure 4.3 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for starch (D) epistatic interaction between sites 

depicted by connecting lines for the trait starch (above), and estimates of the interacting 

markers (shown in bar plot). 
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Figure 4.4 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for protein (D) epistatic interaction between 

sites depicted by connecting lines for the trait protein (above), and estimates of the 

interacting markers (shown in bar plot). 
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Figure 4.5 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for oil (D) epistatic interaction between sites 

depicted by connecting lines the trait oil (above), and estimates of the interacting markers 

(shown in bar plot). 
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Figure 4.6 Circos plot displaying (A) Ten chromosomes of maize, (B) Heatmap of 

linkage disequilibrium (C) GWAS result for KWT (D) epistatic interaction between sites 

depicted by connecting lines for the trait KWT (above), and estimates of the interacting 

markers (shown in bar plot). 
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GENERAL SUMMARY 
 

 The main objective of this research was to evaluate the genetic diversity of 

teosinte for various agronomic and domestication traits in maize. For that purpose, two 

novel populations, the teosinte near isogenic lines (Teo-NILs) and the Teosinte Synthetic 

(Teo-Syn) were developed that were derived from maize (B73) and 11 accessions of 

teosinte donors. We wanted to investigate if (a) novel alleles from teosinte have a 

potential for improving the nutritional and kernel quality of the modern maize 

germplasm, and (2) statistical evidence for bi-locus epistatic interactions for several 

agronomically and nutritionally important traits, and decipher the complex genetic 

network underlying these traits. Here, I will briefly summarize the key findings of my 

dissertation research accomplishments and future directions. 

During my dissertation, I developed a non-destructive, robust and high-

throughput method to phenotype total kernel starch and protein in bulk intact kernels 

using FOSS 6500 NIR instrument (described in chapter 2). The NIR instrument in our lab 

is an infrared reflectance instrument that was designed specifically for ground samples 

and not for whole grain analysis. While I was able to develop reliable calibration models 

for predicting starch and protein, I could not develop a reliable model for kernel oil, 

which has to do with maize kernel architecture. That is, most the maize kernel oil (>80%) 

is localized in the embryo (ZHENG et al. 2008) located on one face of the kernel, making 

seed orientation in the sample a complicating factor.  

I was fortunate enough to collaborate with Dr. Jason Gillman, a soybean 

geneticist at USDA-ARS in Columbia, Missouri, in developing a calibration model to 
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measure total oil content in whole maize kernels using bench top nuclear magnetic 

resonance (NMR) MQC analyzer (Oxford Instruments®). My NMR model is capable of 

predicting rapidly and non-destructively total oil content in about 10 grams of intact 

maize kernels with high accuracy and low error (R2 >0.96 and error = 0.09).  

In addition, I recently developed NIR calibration models to efficiently and 

accurately predict major fatty acids in intact soybean seeds, which has been reported in 

one of my publications outside the scope of my dissertation (KARN et al. 2017b). Other 

research groups on the MU campus have shown a great interest in using the NIR 

instrument for seed composition traits, and are currently collaborating with me to develop 

calibration equations to predict seed composition traits in species other than maize and 

soybean such as Arabidopsis and sorghum.  

Starch, protein and oil in maize kernels are the most important traits in terms of 

human nutrition and other industrial purpose (NUSS AND TANUMIHARDJO 2010). I used 

the NIR and NMR models to phenotype the kernel composition traits in the maize-

teosinte near isogenic NILs developed by my lab. The teosinte NILs were developed to 

reintroduce a modest amount of genetic variation (about 3% teosinte donor on average) 

from teosinte in the B73 background and evaluate the value of teosinte alleles for various 

agronomic and kernel composition traits (LIU et al. 2016b). In this study, I determined 

the genetic basis of kernel composition alleles from teosinte, and compared the QTLs and 

their effects to those observed in in the maize NAM population. These teosinte alleles 

have a much larger and broader range of allelic effect in comparison to that observed in 

diverse maize. 
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My research study strongly suggests that teosinte bears novel alleles which can be 

utilized for the improvement of kernel starch, protein, and oil content in modern maize 

germplasm, as well as provide unique source of variation for further QTL and molecular 

studies. My findings in this study will further encourage other researchers to mine for 

novel variations in the wild relatives of other crop species for increased production, better 

fertilizer uptake efficiency, increased tolerance and resistance to various biotic and 

abiotic stresses, and improved nutrition.  

The next step in this research will be to fine map the genes responsible for kernel 

composition QTL reported in chapter 2. The QTL on chromosome 3 is of high interest, 

since this QTL interval was significant to all the three traits, and appeared to be teosinte-

specific as variation at this locus may have been lost during the domestication process. 

For the future fine mapping experiment, I suggest 1) identify a NIL carrying a teosinte 

introgression for a strong allele on chromosome 3, cross it to B73, and self-pollinate the 

heterozygote to create a large F2 family of several thousand plants. 2) Genotype the F2 

progeny to identify individuals with recombinant chromosomes (RC) near the QTL peak, 

and self-pollinate the RC progenies to generate families to identify plants homozygous 

for the RC. 3) Phenotype RC lines for kernel composition and map recombination 

breakpoints by GBS, and continue this step until the causal gene is located.  

Teosinte has a greater genetic load, which makes it more likely to harbor 

deleterious alleles with large effects in comparison to maize inbreds (RODGERS-MELNICK 

et al. 2015). Domestication of maize and intensive plant breeding and selection has 

partially purged deleterious alleles with large effects from modern maize germplasm, 

while remaining deleterious alleles have smaller effects than compared to teosinte. The 
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Teosinte Synthetic population provides an excellent genetic resource to study and 

elucidate the role of the rare alleles in the fitness, adaptation and kernel composition 

related traits.  In this second part of my dissertation, I carried out a genome wide 

association and epistasis analysis to understand the genetic architecture of various 

agronomic and kernel composition traits in a novel genetic resource comprised of maize 

and teosinte.  Epistasis has been recognized as important component of cultivar 

performance in several cereal crops (RASMUSSON AND PHILLIPS 1997), but is commonly 

ignored in genetic studies as the computational power required to test millions of gene × 

gene interactions is often limiting.  

For the epistasis project, I self-pollinated about 1044 Teo-Syn plants to derive S1 

lines which were evaluated for domestication and agronomic traits in field trials with 2 

replications at the Bradford research farm in Columbia, Missouri in 2014 and 2015. Next, 

I extracted genomic DNA from the Teo-Syn parental S0 plants and prepared DNA 

libraries for RAD-GBS sequencing, and sequenced on Illumina HiSeq2000 at the MU 

DNA core facility. The RAD-GBS library was a success and there were only 7 samples 

out of 1200 that failed during the sequencing procedure due no tissue or low 

concentration of DNA.  Using the TASSEL GBS pipeline, I called about 55,000 SNPs 

from the sequenced DNA libraries on Bio-Cluster at MU.  The called SNPs had about 60 

percent present sites and about 40 percent missing. I employed different imputation 

methods such as LinkImpute and FILLIN to impute the missing sites. For my haplotype 

data, the LinkImpute algorithm worked the best, and it imputed 90 percent of the 55,000 

SNPs with only 10 percent missing, and most importantly, the imputation step had less 

than 6 percent error.  
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I conducted an association mapping study with the imputed SNPs and phenotypic 

data in TASSEL using different models such as MLM (Q+K), GLM and GLM (PCA) to 

identify QTLs for various agronomic and domestication traits. I further investigated for 

genome wide bi-locus epistatic interactions in a modified version of TASSEL with a 

subset of 55,000 SNPs. I further developed a final model in SAS using a stepwise 

selection procedure in PROC GLM SELECT testing only significant markers that made 

to the additive and epistatic stepwise regression models at the significance level of p ≤ 

0.05.  The majority of markers for all the trait that made it to final model were epistatic in 

nature, indicating again that epistatic interactions remain predominant over the additive 

effects. 

My results strongly suggest that epistasis is a major determinant of phenotypic 

variance in the Teosinte Synthetic population, and thus, the genetic architecture of the 

traits evaluated in this study is characterized primarily by epistatic gene-gene interaction.  

With an accumulation of evidence for gene-gene interaction in my research, a model 

ignoring the epistatic interactions would not have provided a holistic understanding of the 

underlying genetic architecture of these kernel composition traits.  

The next steps will be to identify haplotypes specific to the founder lines by 

identity by descent (IBD) analysis, and validate specific interactions from entire network 

of using the Teo-NILs.  1) Starting with the most significant interacting sites, make 

crosses among Teo-NILs carrying significant alleles for the interacting loci and making 

homozygous double-introgression lines.  2) Phenotype the double introgressions, single 

introgressions, and B73 controls for the traits of interest.  3)  Conduct statistical testing to 
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verify that the double introgression is not caused by the additive effects of the two single 

introgressions.  

The studies within this dissertation, as well as the proposed future directions for 

next steps, are part of ultimate goal to fully understand the relative contribution of rare 

versus common alleles to phenotypic variation and evolution in maize and its wild 

relative. Hopefully, my research findings and future study related to this field will assist 

in unlocking both beneficial and deleterious effects of rare alleles in maize, and such 

information can be used by breeders and geneticist to accelerate the development of 

future elite maize germplasm.  
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