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Abstract

The recent availability of high-throughput technologies in agricultural species provides an

opportunity to advance our understanding of complex, agronomically important traits.

Genome wide association studies (GWAS) have identified thousands of loci linked to these

traits; however in most cases the causal genes remain unknown. Analysis of a single data

type is typically unsatisfactory in explaining complex traits that exhibit variation across

multiple levels of biological regulation. To address these issues, we developed a computa-

tional framework called Camoco (Co-analysis of molecular components) that systematically

integrates loci identified by GWAS with gene co-expression networks to identify a focused

set of candidate loci with functional coherence. This framework analyzes the overlap be-

tween candidate loci generated from GWAS and the co-expression interactions that occur

between them and addresses several biological considerations important for integrating

diverse data types. On average, using this integrated approach, candidate gene lists iden-

tified by GWAS were reduced by two orders of magnitude. By incorporating co-expression

network information, we can rapidly evaluate hundreds of GWAS experiments, producing

focused sets of candidates with both strong associations with the phenotype of interest as

well as evidence for functional coherence in the co-expression network. Identifying these

candidates in a systematic and integrated manner is an important step toward resolving

genes responsible for agriculturally important traits.
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Chapter 1

Introduction

1.1 The rise of agronomically important traits in maize

The domestication of plants and animals is largely regarded as one of the most transfor-

mative events in history to affect humankind. Recent archaeological and genetic evidence

documents the wide-spread cultivation and domestication of crop species. This occurred

worldwide in a series of independent events starting more than 10,000 years ago in various

parts of Asia, Africa, Mesoamerica, South America and later to Europe North America, and

Australia [1]. The fundamental transition from hunter-gatherer based societies to agricul-

tural ones remains an unsolved anthropological question, although humankind’s cultivation

of plants has demonstratively tightened our dependence on crops [2, 3]. Indeed, over two

thirds of the worlds caloric needs come from only three of the earliest domesticated plants,

rice, wheat and maize [4]. There are an estimated 400,000 species of plants of which tens

of thousands are edible, however only ∼150 of these are considered food crops [5, 6].

It is impossible to determine exactly why early farmers chose to plant some species over

others. Interestingly, despite having very diverse geographical centers of origin, domesti-

cated species have a set of remarkably similar adaptations, or traits. First described by

Karl Hammer in 1984, these traits describe physiological changes such as non-shattering,

increase in seed size, loss of photoperiod sensitivity and other changes in physiology [7].

Collectively described as the ’domestication syndrome’, these traits respond to even the

most basic forms of cultivation. Archaeological evidence shows that these domestication

1
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related traits arose somewhat independently despite all occurring within a relatively short

evolutionary time scale [8]. The staggered appearance of domesticated traits emphasizes

the underlying genetic components exploited by early agricultural based societies. This

remarkable change in the overall look of domesticated plant varieties versus their progen-

itors, however, is not reflected by a corresponding gross rearrangement or change in the

organism’s genomes. Even in cases where domesticated and ancestral varieties exhibit ex-

tremely different morphologies, they are often cytologically indistinguishable and are even

capable of producing fertile offspring [9]. The true ancestral form of some crop species, such

as maize, fueled debate within the science community even into the 1990’s until genetic

mapping experiments started to unveil the genomic architecture of domestication [10].

Now seminal experiments in genetics shows that many domestication traits are largely

controlled by a surprisingly small number of genes [11, 12, 9, 13]. While some of these traits,

such as seed shattering, are sometimes controlled by a single gene other domestication

syndrome traits, such as seed size, flowering-time, and photoperiod are polygenic and even

involve genes which are pleiotropic [14]. In addition to the actual genes which control

important agricultural traits, many if not all major groups of higher plants have conserved

gene families that control regulatory cascades [4]. Plasticity in regulatory mechanisms

highlight an ease of domestication, including traits which are regulated by one or two

genes, where changes in morphology are due to under- or over-expression of functional

alleles. Domestication related genes cluster in a small regions throughout the genome, or

are physically unlinked but regulated by a small set of ’master’ genes [15]. In this second

case, it has been found that many domestication-like traits are regulated by possibly dozens

of genes, however, in most cases a small set of 1 to 4 genes control the majority of the

variation indicating that these genes are transcription factors at the head of a regulatory

cascade [16, 17]. For example, in maize, the gene tga1 encodes a transcription factor where a

single nucleotide difference turns TGA1 into a transcriptional suppressor and subsequently

disrupts the development of the fruit case, exposing the kernel [18]. Transcription factors

like these have been shown to be involved with other major plant developmental systems

such as meristem development as well as regulators in both plant architecture and ear

phenotypes [19]. Gene systems like these are increasingly being identified in crop species

due to recent advances in molecular marker technology. Studies designed to associate
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loci with agronomically important, quantitative traits have been found in dozens of crop

species and are just now beginning to uncover the complex underlying molecular machinery

involved in domestication related traits [20].

While we can explain the path towards domestication in terms of what happened his-

torically, we are still unable to fully explain why a relatively few number of plants have

successfully been domesticated. The evolutionary path agrarian societies ended up taking

ultimately lends to the idea that domesticated qualities instead might lie in an organisms

genome rather than the common visible traits we see in domesticated species. One of the

most informative features of the domestication process has been the evidence that many

species, especially the cereal crops, have likely been domesticated only once. Extensive

comparison between genomes of domesticated plant species shows parallels in the evolu-

tionary domestication paths of cereals such as wheat, barley, rye, oats, millet, rice, maize

and sorghum [4]. In this dissertation, we focus the genetic analysis of maize (Zea mays)

an agronomically important crop within the United States yielding, on average, over 12

billion bushels of grain from ∼86 million acres of farm land [21]. Since its domestication,

maize has quickly become an important crop worldwide and has been steadily subjected to

further cultivation and improvement [22]. Sophisticated breeding programs have increased

grain yield by eight fold in the past 80 years [23] and projected to steadily increase in the

foreseeable future (USDA Crop Production 2014 Summary). Reconstructing the evolution

path of domesticated species using DNA markers shows clear signals of genetic attributes

like ’domestication bottlenecks’ and ’signatures of selection’ [23, 24]. While many of the

major leaps in morphological changes occurred early in domestication, the genetic process

underlying these changes are still ongoing through crop improvement [25].

Evidence of drastic changes in maize morphology and physiology through domestication

are well studied phenomenon through archaeological and ecological channels. While the

developments of conventional breeding programs have been well documented, very little is

known about how this happened on a genetic level [26]. Gross morphological changes in

maize can be attributed to just 6 loci throughout the genome, but recent advances in high

resolution genetic marker technology shows that at least one thousand maize genes have

been subjected to artificial selection throughout domestication and subsequent improve-

ment [27].
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Even with the advent of contemporary genome scale studies, the underlying mechanisms

involved in the genotype-phenotype relationship have only been partially uncovered [28].

Important agronomic traits, which inevitably contribute to overall yield, such as abiotic

stress, diesease resistance, response to drought and salinity are complex, quantitative traits

still being improved in varieties being bred today [4]. Still, these are largely mulit-genic

traits which are regulated by many interacting genes indicating that additional trait im-

provement can be obtained by combining novel sets of alleles [22]. While these technologies

have been successful in identifying clear signals of causal loci, they are not always at a sin-

gle gene resolution [29, 30, 31]. However, recent advancements in high-throughput genomic

approaches based on a high quality reference genome coupled with advanced mapping pop-

ulations are now beginning to identifying functionally important mutations in maize [21].

In the next section, we review details on molecular marker technologies in maize, mainly

the nested association mapping (NAM) population, a powerful genetic tool which has been

used to identify hundreds of agronomically important genetic loci in maize.

1.2 Nested Association Mapping in Maize

Molecular diversity has been studied in plants for well over five decades. Surveys of diversity

on a nucleotide level provide important snapshots into the evolution of diversity, especially

in the wake of artificial elements such as domestication [32]. Specifically in the past ten

years, advances in DNA marker technology have allowed detection of diversity to move from

a single locus of a few individuals in a single population to sequencing of entire genomes in

hundreds or even thousands of individuals from very diverse genetic backgrounds. These

advances in polymorphic DNA marker technology have allowed not only the identification

of causal genes for agronomically important traits, but the analysis of allelic variation

responsible for complex, quantitative traits – the ultimate goal in dissecting beneficial

phenotypes of crops important to agriculture [32].

Currently, two popular approaches are used in identifying loci responsible for specific

phenotypic variation in maize: linkage and association mapping. Linkage mapping focuses

mainly on creating populations specifically to map quantitative trait loci (QTL) by crossing

two parental inbred lines and inducing several generations of inbreeding to force recom-

bination of alleles. Repeated recombination causes segregation of alleles which is used to
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map nucleotide regions linked to a specific phenotype. The main drawback of linkage based

approaches is the creation and maintenance of mapping populations, which in maize, can

take upwards of five years to gain the resolution for fine mapping[32]. Additional draw-

backs include discovering only loci with large effect, a lack of resolution as significant QTL

can encompass tens of millions of base pairs containing hundreds of genes, and the ability

to only survey two alleles at any given locus due to a bi-parental cross [32, 33].

Association mapping approaches cleverly bypass construction of mapping populations

by using variation already present in natural populations. Since mapping populations

need not be created, association approaches can be deployed much faster than linkage

based approaches. Naturally varying single nucleotide polymorphisms (SNPs) are used

as markers which, when in high linkage disequilibrium (LD) with causal variants, will

produce strong statistical associations with phenotypic traits at a, theoretically, very high

resolution [33]. The primary drawbacks of association based approaches include hidden

population structure, marker ascertainment bias, and multiple testing [33]. Using naturally

occurring populations may make for faster turn around time, but unequal distribution of

alleles and subgroups within a population can create very strong, spurious associations.

Since markers are naturally occurring, only markers which are surveyed can be used for

analysis often leading to situations where associations arise solely due to how markers

were ascertained. Controlled populations within agronomically important crops are often

complex and controlling for this unknown structure is difficult and requires meticulous

overview of pedigrees and breeding history [32, 33]. Furthermore, a large number of genomic

loci are typically tested for association with the phenotype, which limits statistical power

due to the necessity for multiple test correction. Such stringent thresholds require that

genomic loci have relatively large effects and a reasonably high allele frequency in the test

population to be discovered.

In order to control for disadvantages of both linkage and association mapping, popula-

tions were created which had an increased amount of diversity and explicitly controlled for

known population structure. Until then, most genetic analyses were done on a handful of

inbred lines (mainly B73 and Mo17), only capturing an estimated 20% of phenotypic range

seen in more diverse sets of lines[33]. Flint-Garcia et al. describe a population, better

known as the Maize Association Panel, of 302 maize inbred lines which represents a diverse
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set of maize inbred lines available in public breeding sectors worldwide[33]. A diverse, uni-

fied population panel meant more accurate estimates of relatedness being incorporated into

analysis leading to lower statistical thresholds and an opportunity to independently exam-

ine SNP-phenotype correlations alongside QTL discovered using linkage based methods[33].

In an integrative approach, the newest generation of mapping populations are specif-

ically curated in order to leverage the diversity of the maize association panel but also

to explicitly combine linkage and association based approaches. These populations in-

volve crossing multiple parents through several generations of inbreeding resulting in a

controlled population structure with improved resolution of gene mapping[29]. A subset of

the Maize Association Panel was used to create a joint linkage-association mapping panel

which effectively leverages both QTL as well as association approaches in a hybrid, nested

association mapping approach (NAM). 200 genotypes from 25 diverse maize families were

crossed with the maize inbred B73 due to its use in the Maize Sequencing Project (maize-

sequence.org), then self crossed for 5 generations to accommodate a total of ∼136,000

recombination events. Averaging three recombination events per gene, the NAM popu-

lation has significantly increased statistical power and resolution compared to linkage or

association methods alone[31].

In the fifty years since molecular variation has first been studied in plants, several

successive techniques have been used in mapping regions of interest. Culminating with

integrated methods like joint linkage-association mapping which effectively integrates data

from both linkage and association mapping, important alleles are being mapped at a higher

resolution than ever before. Advances in phenotyping technology have also been important

for reliably measuring quantitative traits which are within the broad scope of agronomic

traits like yield. Analysis of the NAM population has uncovered QTL with high confi-

dence in dozens of these traits including flowering time [34], leaf architecture [35], disease

resistance [36], kernel carotenoid content [37].

Although analysis of the NAM population has uncovered many QTL with high con-

fidence, most causal genes still remain undiscovered. Even the most sensitive techniques

still produce lists of hundreds of putative genes which are expensive and time consuming

to functionally validate. One approach to quickly determine what a gene does is to survey
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its abundance, or expression. Complementary to recent advances in genetic mapping tech-

nologies in agricultural species, there has been a corresponding advance in the past decade

in measuring the abundance of gene transcripts or gene expression on a genome wide level.

1.3 RNA sequencing and its applications in maize

Targeted gene expression studies have been performed in maize for at least a decade prior

to a fully sequenced reference genome [38, 39]. These traditional gene expression technolo-

gies have limitations in that they largely require known genomic sequence. A published

reference genome in 2009 quickly ushered in the use of microarray based whole genome

expression platforms [21]. Suddenly, the approximately 2.3 giga-bases and >30,000 genes

encoded in the maize genome were able to be surveyed simultaneously. However, with the

fairly recent sequenced maize genome came a greater paradigm shift within genomic anal-

ysis as a whole. The adoption of next generation sequencing technologies in most species

drove genome-wide expression experiments to quickly transition from microarray based

platforms to next generation sequencing (NGS) based ones [40, 41].

Genetically diverse agricultural crops, such as maize, are especially well suited to NGS

technologies, in particular RNA-Seq which is able to sequence mRNA fragments de novo,

without relying on a reference genome to design molecular probes for hybridization. How-

ever, most NGS read-mapping and subsequent gene expression quantification and analysis

techniques do require a reference genome. Reads generated from RNA-seq ideally map

uniquely to the reference genome, but often discrepancies are found between RNA-seq

data and the reference genome due to several factors. RNA isolated from tissues or in-

dividuals of interest contain transcripts which correspond to that individuals particular

genome. This becomes a problem when comparing reads to a reference genome because

it is difficult to isolate the source of discrepancy between reads and the reference genome.

The average divergence between any given maize variety and the reference genome is on

scale with the molecular diversity between humans and chimpanzees [42].

The biggest two sources of these discrepancies are true genetic variation in biologi-

cal samples (annotation based error) and from errors in the sequencing of reads (tech-

nology based error). In the context of the NAM population, several studies have been

performed targeting genetic variation not represented in the reference genome, known
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as presence/absence variation (PAV) [43, 44, 45]. Resolving non-unique reads generated

from NAM lines requires a customizable RNA-seq analysis pipeline that considers the vast

amount of variation and unique genome architecture which exists among diverse maize

lines.

With the rapid introduction and advancement of RNA sequencing technology, several

methods have been successful in relating gene expression levels in diverse individuals. As

discussed above, genes expression levels in different tissues or from diverse lines are quanti-

fied by mapping to a reference genome. However, genes can also be characterized not only

in their abundance, but also in relative abundances in relation to each other. Traits, such

as those which describe domestication, are known to involve many genes and are sensitive

to changes in gene expression and regulation. In the next section, we examine genes in the

context of a biological network, using gene expression profiles across diverse experiments

as a means to functionally characterize genes which often have little or unknown function.

1.4 Gene co-expression networks

Despite a high quality, sequenced genome, our understanding of gene function in most

agricultural species is still limited. For instance, in maize, only ∼1% of genes have func-

tional annotations based on mutant analysis (see Appendix A.3 for details). However, the

latest developments in genome technology are generating data that could begin to shed

light on the function of the rest of the genome. For example, standardized sequencing

techniques, such as RNA-Seq, enable the measurement of gene expression across diverse

environmental conditions, developmental time points or different tissues and organs. These

data can help establish an unbiased context for what a gene putatively does and where

it is expressed, given no other functional information about it. Surveying transcription

across a large number of diverse experiments establishes an expression profile for each

gene, which can be exhaustively compared, pairwise, to one another in order to uncover

putative interactions.

Collectively, co-expression relationships between pairs of genes represent a larger bi-

ological network where nodes represent genes and edges represent the magnitude of co-

expression among them. Once represented as a network, topological and structural infor-

mation shows that these biological networks share organization properties similar to other
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naturally occurring networks such as those seen in power grids, social interactions, and

the world wide web [46]. This fundamental structure allows for a transfer of knowledge

from decades of previous research in non-biological systems to gene co-expression networks

which are rapidly being built in agricultural species.

Historically, large scale microarray experiments were used to characterize co-expression

networks in the plant model Arabidopsis thaliana [47, 48, 49, 50]. Experiments identified

elevated co-expression for genes which are co-annotated in both KEGG terms [51] as well

as Gene Ontology [48] which corroborates results found in other eukaryotes such as bakers

yeast [52]. With the availability of next generation sequencing technologies, co-expression

networks based on RNA-Seq are now routinely being built in agricultural species. To date,

gene co-expression networks have been used to rapidly characterize gene function in many

plant species including soybean, poplar, grape, alfalfa, rice, maize, tomato, and barley

[53, 54, 55, 56, 57, 58, 59, 60, 61]. Specifically in maize, co-expression has been used to

identify gene clusters that have been rewired between maize and its wild ancestor, teosinte,

suggesting modulated regulation could have played a role during domestication [58]. Co-

expression has been shown to characterize tissue types related to various developmental

stages [59, 40] and been used to identify general functional module related to developmental

as well as genotypic diversity [60].

In this dissertation, we leverage the co-expression networks as a functional context to

interpret loci identified by genome wide association studies. While fundamentally different

in their approach, both GWAS as well as co-expression are relating genes that putatively

occur within the same biological process. GWAS associates genetic variation which is highly

associated with traits of interest where gene co-expression networks identifies sets of genes

which are highly likely to be co-regulated and many times functionally coherent. If genetic

variation driving phenotypes identified by GWAS is encoded by co-regulated genes, the

loci which are labeled as putatively functionally related by each approach should overlap

in the genes they identify.

1.5 Dissertation organization and focus

The history of plant domestication and the recent application of genomic technologies lays

the foundation for the rest of this dissertation. As members of the human species, together
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we are all on the wake of a journey that was first initiated tens of thousands of years ago

by members of a society who, for a still unknown reason, moved away from a hunter and

gatherer lifestyle to start cultivation and farming of plants. A seemingly ancient event,

domestication of plants and animals is very much still an ongoing experiment and has only

existed for a blip on the evolutionary timescale for either plants or for humans. Over the

course of the past ten thousand years, the repercussions of plant and animal domestication

establish the groundwork for society as we know it today. On the scale of a single human

lifetime, these seemingly subtle events are very often take for granted. However, once the

historical evidence of crop improvement and current trends in human population growth

are considered, it becomes abundantly clear that, if we are to sustain the rate which we are

currently growing as a population, we must also sustain the rate at which we have been

able to improve agricultural productivity.

Parallel to the effects domestication has had on us as a species, the recent rise of mod-

ern science and technology has had a profound effect on how we view the world. The study

of natural phenomena in the context of a robust and reproducible experimental framework

has enabled us to reconstruct many of the lost events which took place throughout plant

domestication, the effects of which have been imprinted on the plant’s genomes. The rapid

availability of high quality, genomic tools in agricultural species places us at a very exciting

time. Not only are we starting to unravel the mysterious surrounding the domestication

of plant species, but we are at a critical point where we are starting to understand the

genetic basis required to feed a rapidly growing world population. The ultimate goal of

crop genetics is not merely to understand the workings of plant genomes, but to use this

knowledge to protect and further improve food sources as they face new challenges in a

constantly changing world. The successes of merely several decades of maize genetics re-

search is clearly evident. A combined effort of anthropology, archaeology, and genetics

has provided a prevailing theory on the origin and genetic variability of maize and other

domesticated species. Now, with the addition of genomics and computation, we are cur-

rently seated towards being able to explain functional variation on the molecular level

and more importantly, poised to be able to functionally predict the out outcomes of novel

combinations of alleles towards agriculturally important traits.

The remainder of this dissertation is concerned with systematically integrating next
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generation mapping techniques, in particular traits mapped in the NAM population, with

biological networks derived from whole genome expression data. Here, we show that this

combination provides the opportunity to further deduce maize genotype-phenotype rela-

tionships at a higher resolution than previously possible. Additionally, we transfer this

approach to similar data in Arabidopsis thaliana demonstrating that integrating GWAS

results with gene co-expression networks is a general approach and can be used to better

resolve causal loci extending to other species.

1.6 Remaining chapters

The remaining thesis chapters each are concerned with specific, though not independent

topics. Here, I provide a brief outline on the remaining chapters and discuss the particular

issues, each of them address regarding the topics discussed above.

Chapter 2 presents and describes a computational and visualization tool called COB

(The CoExpression Browser). One of the first hurdles in analyzing and interpreting genome

scale data, even with the most simple queries, is to be able to efficiently browse and navigate

datasets. Given that whole transcriptomic data on its own is large, browsing pairwise gene

co-expression profiles quickly become unwieldy. To address this, we built a web-based co-

expression browser, COB, which abstracts away the raw data and allows for users to easily

query network interactions based on a query set of genes. The chapter outlines construction,

functional enrichment, and cluster analysis of two whole transcriptome datasets surveying

both tissue and genotypic diversity. Parallel to this functional analysis is a comprehensive

look into key design principles and paradigms used to design COB. We demonstrate these

features with two specific use cases that highlight the functional information represented

within the co-expression network with the design principles used to build COB. Many of

the topics discussed in the chapter are further explored and refined in subsequent chap-

ters, especially on augmented QTL candidate gene discovery which attempts to prioritize

candidate genes within loci associated with traits of interest.

Chapter 3 extends many of the principles established in Chapter 2. The chapter focuses

on a computational framework called Camoco. Camoco does not replace COB, instead it

is a full re-write of all the functionality contained within COB with the addition of a sub-

stantial amount of functionality. Instead of focusing on visualization, Camoco established
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a robust framework from which co-expression networks can be built, functionally validated,

and then systematically combined and analyzed with molecular marker data (SNPs) gener-

ated from GWAS. This software is extensively used throughout the remaining chapters of

this thesis. The Camoco framework focuses on four main components. The first and second

are related to data types generated from both GWAS and from co-expression networks. The

third component describes Camoco’s dedicated functionality to robustly perform dataset

integration and analysis of overlap between GWAS and co-expression datasets. The fourth

component that Camoco establishes is a network bootstrapping pipeline that calculates

statistical significance using randomly generated sub-networks. Also in this chapter, we

introduce two metrics which quantify dataset overlap which are novel in the context of an-

alyzing GWAS results with co-expression. To demonstrate the functionality of the frame-

work, we use two publicly available RNA-seq gene expression datasets as well as publicly

available GWAS datasets to examine overlap between candidate genes identified through

association mapping with putative gene interactions as assessed by co-expression.

Chapter 4 focuses on the methods introduced in Chapter 3 using a novel GWAS dataset

which surveys the maize ionome using the maize NAM population. This chapter addresses

biological considerations which arise during integration such as which parameters are best

for detecting candidate genes from GWAS SNPs and statistical evaluation on whether or

not co-expression datasets have significant overlap with GWAS datasets. The chapter also

expands on discussion topics which are proposed in Chapter 2, specifically in relation to

the genomic context from which co-expression networks are built. We examine interactions

among genes in networks built from genotypicaly diverse whole seedlings tissue compared to

developmental/tissue variation of a single accession. We compare sources and estimate the

context which best captures biological processes related to the maize ionome and how those

processes are captured within a co-expression network. To further contrast these datasets,

a third co-expression network built from genotypically diverse root tissue is introduced

to demonstrate these ideas. Elemental accumulation has previously been characterized

to be active in biological processes local to the roots of the plant, and we show that a

co-expression network derived from root tissue overlaps with genes identified by GWAS

significantly better that more general networks. We also identify a small subset of strong

candidate genes for two elements using network density and locality which are network
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metrics introduced in Chapter 3. These steps substantially reduce the number of plausible

candidate genes identified by GWAS alone (by over 90%) and clearly identify cases where

candidate genes are plausibly within the same biological process due to having the same

phenomenology.

Chapter 5 extends concepts in Chapter 3 and Chapter 4, previously only in the context

of maize, to the model plant Arabidopsis thaliana. Camoco is used to generate and analyze

four unpublished ionomic GWAS datasets alongside four gene co-expression networks built

from publicly available data accessed through the National Center for Biotechnology In-

formation (NCBI) gene expression omnibus (GEO). We build, validate, and analyze each

dataset using available tools within Camoco before performing cross dataset comparisons

as well as integrating GWAS results with co-expression networks. In total, over ten thou-

sand individual experiments are analyzed using the camoco framework. The scale of the

data is leveraged, here, and trends in modulating parameters within camoco affect output

are examined. For instance, we examine, in depth, the number of candidate genes iden-

tified by SNP to gene mapping using different parameters for candidate window size and

number of candidate flanking genes. We also leverage the fact that we have multiple tissue

specific networks to address questions about which combinations of co-expression networks

overlap best with GWAS experiments generated in various tissues. Using network density

and locality metrics introduced in Chapter 3, we identify two cases where there is evidence

of significantly dense sub-networks and a corresponding significant elevation in network

locality which identifies a small number of candidate genes which are prime candidates for

follow up analysis.

Chapter 6 concludes the dissertation with closing remarks and directions for future

work.



Chapter 2

Discovering Functional Modules

Across Diverse Maize

Transcriptomes Using COB, The

Co-expression Browser

2.1 Chapter Overview

Tools that provide improved ability to relate genotype to phenotype have the potential to

accelerate breeding for desired traits and to improve our understanding of the molecular

variants that underlie phenotypes. The availability of large-scale gene expression profiles

in maize provides an opportunity to advance our understanding of complex traits in this

agronomically important species. We built co-expression networks based on genome-wide

expression data from a variety of maize accessions as well as an atlas of different tissues

and developmental stages. We demonstrate that these networks reveal clusters of genes

that are enriched for known biological function and contain extensive structure which

has yet to be characterized. Furthermore, we found that co-expression networks derived

from developmental or tissue atlases as compared to expression variation across diverse

accessions capture unique functions.

14
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To provide convenient access to these networks, we developed a public, web-based Co-

expression Browser (COB), which enables interactive queries of the genome-wide networks.

We illustrate the utility of this system through two specific use cases: one in which gene-

centric queries are used to provide functional context for previously characterized metabolic

pathways, and a second where lists of genes produced by mapping studies are further

resolved and validated using co-expression networks.

This chapter has been previously published in the scientific research journal PLoS ONE.

Network comparison and functional validation was performed by myself with the guidance

and help of Drs. Chad Myers and Nathan Springer. Roman Briskine provided support in

generating and managing the co-expression networks.

2.2 Introduction

Despite our ability to rapidly sequence genomes, our understanding of gene function is still

quite limited in most species. This lack of knowledge fundamentally limits our potential to

understand biological systems and is particularly problematic in identifying causal genes for

traits of interest. To address this challenge, one successful strategy has been the systematic

integration of several types of genomic data. Interaction networks based on protein-protein

interaction, localization, sequence, and expression have extensively been used in yeast,

arabidopsis, and other model organisms to capture functional information, significantly

improving prediction of gene function and characterization of interactions among gene

products [62, 63, 64, 65]. While many of these data types are not yet available in maize,

there are numerous whole genome expression profiles available. Studies in model organisms

show that simple gene expression analyses for diverse samples can provide a robust source

of information when inferring functional relationships among genes [66, 67]. Co-expression,

or correlation of gene expression among samples, can uncover genes that are co-regulated

within a pathway or constrained to a specific tissue or sample [68, 54]. These relationships

are captured by measuring co-variation for each pair of genes, which can then be intuitively

represented as a network [68], where each node depicts a gene and each edge shows the

magnitude of co-expression between them [55].

Co-expression-based approaches have already been used successfully to infer functional

relationships in a variety of agronomically important organisms including rice, barley,
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tomato, and maize [54, 55, 56, 57, 58, 59]. Specifically in maize, co-expression networks

have helped to identify modules rewired between maize and its wild ancestor, teosinte,

suggesting that the altered phenotypes of domestication are due to changes in regulation

of expression [58]. Other work in maize has used co-expression to characterize devel-

opmental stages from embryogenesis to senescence [59] as well as to assess conservation

of functional modules between maize and rice [61]. Likewise, co-expression relationships

have been leveraged in tomato to discover novel candidate genes involved in lycopene and

flavonoid biosynthesis metabolic pathways [55]. In rice, co-expression has been used to

characterize genes related to drought stress and cellulose biogenesis [57]. In addition to

helping characterize the function of unknown genes, network-based methods have also been

widely used to prioritize sets of candidate genes in relation to a trait of interest, changes

across different tissues, conditions, or genotypes [55, 69].

While co-expression analysis is a powerful approach, these networks are quite large,

difficult to explore, and are cumbersome to share or recreate [70, 29]. Even when a stringent

threshold is applied to the edges in a co-expression network, basic network visualization

and gene extraction becomes difficult when the networks grow beyond a few thousand

nodes. In order to address these challenges and add value to existing maize gene expression

data, we built, characterized, and contrasted two co-expression networks generated from

whole genome expression profiles of maize. We first demonstrate the validity of these

co-expression networks by examining both unique and common enrichments for known

biological functions in both co-expression networks as well as the extensive amount of yet

uncharacterized structure present in both networks. Additionally, to facilitate convenient

analysis of these networks, we introduce a comprehensive web resource called COB, the

Co-expression Browser, which allows users with a set of genes of interest to explore the

same co-expression networks used in our analysis over the web. We illustrate the features

of COB through two specific use cases, including recovery of well characterized metabolic

and developmental pathways as well as the identification of candidate genes that fall within

previously described quantitative trait loci.

We note that the primary focus of this manuscript is to demonstrate the utility of these

maize co-expression networks and illustrate some of the common uses of the system, for

which we provide a relatively comprehensive discussion. We have chosen not to emphasize
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technical details of the implementation of the COB system here for the purpose of clarity.

However, we do describe the key aspects of our implementation (see Materials and meth-

ods). The source code for the interface and complete database are freely available under

the MIT license and can be downloaded by visiting: http://csbio.cs.umn.edu/cob.

2.3 Results and Discussion

2.3.1 Construction of co-expression networks

Two distinct transcriptome datasets were used to build separate gene co-expression net-

works [58, 40]. The first network was built using expression profiles from a single tissue

(8-day seedlings) from 62 genotypes that included diverse maize and teosinte samples. This

’genotype’ network was generated using expression data for 18,242 high confidence genes

(4a.53, www.maizesequence.org) which were pre-filtered based on comparative genomic

hybridization (CGH) data in order to minimize differences due to sequence variation from

the reference genome [58]. The second co-expression network was constructed using gene

expression data from 60 different tissues/stages of a single reference genotype, B73, consti-

tuting a ’developmental’ network that characterizes the variation of gene expression pat-

terns among different tissues within the same genotype. The developmental co-expression

network was generated from a set of 23,331 high confidence genes mapped to the 4.53a

filtered set [71] that were expressed in at least one tissue [40].

While additional, publicly available, gene expression profiles exist for maize, the use of

two large datasets derived from two individual experiments provided a balanced sampling

of tissues and genotypes and reduced the need for complex normalization to account for

cross-platform or cross-lab systematic variation. Furthermore, studies in yeast and ara-

bidopsis found that datasets consisting of 50-100 profiles provided sufficient variation for

constructing co-expression networks [68].

Co-expression network interaction scores were calculated using the Pearson correla-

tion coefficient, which was then Fisher-transformed and normalized to a standard normal

distribution using the standard score statistic (Z-score hereafter) (Figure S1). This trans-

formation guarantees that the sampling distribution of a correlation coefficient derived

from a bi-variate normal distribution will be normal with a defined variance that relates

http://csbio.cs.umn.edu/cob
www.maizesequence.org
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to the size of the vectors being correlated [72]. Applying this transformation enables di-

rect comparison of correlation values across networks, even when they are derived from a

different number of samples [66]. At a relatively stringent co-expression threshold (Z ≥
3), 16,440 developmental network genes (70%) and 15,506 genotype network genes (85%)

had at least one significant interaction. A total of ∼1.2 million and 598,000 significant

interactions were discovered in the developmental and genotype networks, respectively, us-

ing the gene sets described above. The degree distributions of both networks were fit best

by a truncated power law distribution (Figure S4; See materials and methods), which is

consistent with co-expression networks in other species [73]. Direct comparison of signif-

icant interactions between the networks is complicated by the fact that partially distinct

sets of genes were included in each dataset (Figure S2). A set of 13,514 common genes

are expressed in both the genotype and development expression profiles and 8,842 (65%)

of these genes have significant interactions in both networks (retained common, RC genes

hereafter). Of these RC genes, there are substantially more significant developmental in-

teractions (554,707) than genotype interactions (177,392). In the case of both all genes

and of RC genes, 6,980 interactions were significant in both networks. The number of con-

served interactions (6,980) between the networks was significantly higher than expected by

chance (P ≤ 2e-10; hypergeometric test) showing that both networks capture non-random

relationships between a core set of retained common genes.

2.3.2 Co-expression networks are enriched for biological function and

show unique functional characteristics

One common approach for assessing biological information within co-expression networks

is to test for enrichment of curated functional annotations [54, 74]. The enrichment for

co-expression among genes with similar functional annotations from the Gene Ontology

[75] or MapMan [74] was tested relative to the null expectation that each gene set should

exhibit no difference from background in the average co-expression level [76] using the

Z-test (Figure 1A-B). After Bonferroni correction for multiple hypothesis testing (p-adj

≤ 0.05), many of the GO (796/3318; p-raw ≤ 1x10-5) and MapMan (217/1957; p-raw

≤ 2x10-5) groups had significant (Z ≥ 5; p-adj ≤ 0.05) enrichments for interactions, in-

dicating that these co-expression networks are capturing coherent information (Figure 1
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Figure 2.1: Enrichment of highly co-expressed interactions among sets of genes in the

network was calculated using both the Gene Ontology (GO) standard as well as the Map-

Man (MM) standard using the Z-test. Interactions among random sets of genes with the

same size as GO and MM were calculated and compared to empirical interactions showing

that interaction densities in empirical data are stronger in both networks for both GO (A)

and MM (B). Individual annotation terms are plotted against each other in each network

(C-D) showing that certain terms are more represented in a single network (green and

blue points) or represented by both networks (red points).
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C-D). A subset of these gene sets (GO: 467 Developmental, 114 Genotype; and MapMan:

126 Developmental, 22 Genotype) were only effectively captured in one network (Figure 1

C-D). The developmental network was uniquely enriched for metabolic and cellular trans-

port (GO:0071702), cell wall synthesis (GO:0070882) and aerobic respiration (GO:0009060)

in addition to many others. Similarly, enriched MapMan groups for the developmental

network included the chloroplast (29.2.1.1.1.1.4), light reaction (1.1.5.3), and metabolism

(25.1). The genotype network was uniquely enriched for GO terms relating to the electron

transport chain (GO:0022900), DNA repair (GO:0006298), and various regulatory pro-

cesses (GO:0051493, GO:0032271, GO:0030833, GO:0008064, GO:0032956, GO:0043254,

GO:0044087,GO:0032970, GO:0030832). MapMan terms uniquely enriched in the geno-

type network included annotations related to lignin biosynthesis (16.2.1.1010), electron

oxidation/reduction (1.1.5), and ’amino.acid.metabolism.degradation.histidine’ (13.2.7).

In addition to unique functional enrichment in the two networks, there were many gene

sets (215 GO; 69 MapMan) that were significantly co-expressed in both networks. Enriched

MapMan terms in common included DNA synthesis (28.1.1), ribosomal related processes

(29.2.1), and protein folding (29.6). GO terms significantly enriched in both networks in-

cluded photosynthesis (GO:0015979), microtubule based movement (GO:0007018), DNA

replication (GO:0006260), and chromatin assembly (GO:0031497). In both GO and Map-

Man gene sets, the developmental network captured more unique annotations than the

genotype network. Together, these findings suggest that the both networks effectively cap-

ture many already characterized biological processes, indicating that the networks contain

biologically relevant information. However, the networks are complementary in what they

capture and many specific processes are better captured by a single network, which could

be an important factor in choosing a network for analysis related to a specific biological

question.

2.3.3 Network clusters provide a functional context

While gene set enrichment can bolster confidence that network interactions contain bio-

logically relevant information, it fails to uncover structure that was previously unknown.

Unsupervised approaches such as network clustering allow novel information to be revealed

by examining structure that is present in the co-expression networks.
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Figure 2.2: Clustering of co-expression networks. The strongest 100,000 interactions in

each network were extracted and node positions were calculated using a force-directed

algorithm which simulates interactions as springs while iteratively pushing nodes outwards.

Highly connected nodes form natural clusters (circled in blue) in two dimensional space and

are grouped based on their connectedness which is easily interpreted visually. The graph

clustering algorithm, MCL, was also applied to the interactions. The resulting clusters

overlapped with the global-scale clusters from the force-directed layout.
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Prominent topological features were extracted from the network by taking the strongest

100,000 edges to generate a two-dimensional layout for each network using a force-directed

algorithm (Fig. 2.2) [77]. We selected 19 distinct developmental clusters and 21 genotype

clusters to examine for functional coherency in an attempt to provide some biological

context for the high-level structure that is visually apparent (Fig. 2.2). We also defined

clusters more systematically by applying a graph-based clustering algorithm, MCL [78],

which showed agreement with those identified visually, though often separated the large

visually defined clusters into smaller sub-clusters. Several of the clusters derived from each

network contained functionally coherent sets of genes: 13 of 21 developmental clusters and

11 of 19 genotype clusters showed significant enrichment for GO process terms (nominal

p-value ≤0.05). Even in clusters with enrichment, a large number of genes in each cluster

had no GO annotations. For example, developmental cluster A had a total of 184 genes but

across all GO processes that were enriched, an average of 17and a maximum of 36 genes

were annotated to a process, leaving the majority of genes in the cluster uncharacterized.

Cases where a set of functionally coherent genes clusters with a large set of uncharacterized

genes are worthy of further study and are a key strength of co-expression network analysis.

A full compendium of Gene Ontology and MapMan enrichment for all clusters can be found

on our accompanying website (http://csbio.cs.umn.edu/cob/paper).

An examination of the expression patterns for each cluster of co-expressed genes re-

veals striking differences in the trends that lead to clusters in the two networks (Fig. 2.3;

See Materials and Methods). Patterns of co-expression observed within the developmental

network are largely the result of high expression levels in a small number of tissues. For

example, developmental cluster A is driven distinctly by expression in the anthers. When

examined for functional enrichment, cluster A was enriched for genes related to sexual re-

production (GO:0019953), cell wall modification (GO:0071555), and response to desiccation

(GO:009269). These functions are consistent with biological processes that occur in the

anthers, suggesting that cluster A is effectively capturing relationships among genes specific

to anther function (Figure 4A). Developmental cluster F, which was mainly driven by ex-

pression in the leaves, was enriched for processes related to photosynthesis (GO:0015979),

oxidation-reduction (GO:0055114), and temperature response (GO:0009266) again recov-

ering coherent, biologically relevant functional information (Figure 4B). Other clusters

http://csbio.cs.umn.edu/cob/paper
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Figure 2.3: Expression patterns driving co-expression network clusters. Clusters identified

in Fig. 2.2 (shown on horizontal axis) were further broken down into raw expression com-

ponents by sample (shown on vertical axis). Expression patterns for each cluster of highly

co-expressed genes are different for each cluster. Raw expression values are normalized

compared to global background expression levels of genes within a cluster indicated here

with the color white. Blue indicates over expression while yellow indicates under expression

of a gene cluster. (A) shows developmental clusters while (B) shows genotype clusters.
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Figure 2.4: GO enrichment analysis of co-expression clusters. Gene clusters identified

in Fig. 2.2 were examined for enrichment of Gene Ontology terms. (A) Developmental

cluster A, which exhibited a strong signal for expression in the anthers (see Fig. 2.3),

is enriched for GO terms related to sexual reproduction, response to desiccation, and

cell wall biogenesis/modification. (B) Developmental cluster F, highlighted by patterns

of expression in the leaves, is notably enriched for terms annotated for photosynthesis,

response to temperature stimulus, and chlorophyll metabolism. (C) Genotype cluster

M exhibits drastic under-expression in the P39 genotype, a sweet corn line, and shows

significant GO enrichment in terms related to UDP-glucose as well as nucleotide-sugar

metabolism and lipid transport.
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exhibited a similar pattern of high expression in a small number of samples though lacked

enrichment for functional annotations. For example, developmental cluster B has a very

similar expression pattern compared to cluster A, having high expression in the anthers. A

lack of significant enrichment could indicate that there are additional biological relation-

ships that remain to be characterized.

In contrast to the pattern of high expression in one or a small subset of samples ob-

served in the developmental network, approximately half of the clusters in the genotype

network often resulted from significantly lower expression in a single or small number

of genotypes (Figure 3B). Genotype cluster M, which is characterized by strong under-

expression in maize line P39, was enriched for ontology terms annotated for carbohydrate

metabolism (GO:0005975) and UDP-Glucose metabolic processes (GO:0006011) (Figure

4C). This pathway is involved in glycosyl-transferase reactions that play a role in the

biosynthesis of saccharides. Interestingly, P39 is a sweet corn line that was selected for

starch synthesis properties in the kernel tissue. Finding genes involved in starch metabolism

exhibiting altered expression patterns in vegetative tissues suggests that some of the vari-

ation in this sweet corn line possibly affects tissues beyond the kernel.

One possibility that may explain this pattern of low expression in a single genotype is

that genetic variation, not expression variation, results in less efficient probe hybridization.

To explore this possibility, we tested each cluster for enrichments of genes with known

genetic variation as determined through array CGH on the same lines [58]. Out of 21

clusters in the genotype network, only two (clusters B and D) had significant enrichment for

genes for which variation was detected as well as concordance between decreased expression

and decreased genomic DNA hybridization in the same line (See Materials and Methods

in Appendix A for details). Even in these cases, the number of genes with evidence for

genomic variation comprised a small minority of the total cluster (15 of 375 for cluster B,

and 3 of 17 for D). Thus, we conclude that genetic variation is not a major driver of this

pattern in the genotype network.

2.4 COB – the co-expression browser

To enable broad access to the co-expression networks, we built a comprehensive web

resource called the CO-expression Browser, or COB, which can be accessed at http:

http://csbio.cs.umn.edu/cob
http://csbio.cs.umn.edu/cob
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//csbio.cs.umn.edu/cob. COB was designed around a few key design principles and

paradigms, which are briefly discussed below.

2.4.1 Simple query system

Upon a users initial visit to the site, there is a simple query box that can be used to

query a single gene (either maize classic names or Gramene build4.53a gene ids e.g. GR-

MZM2GXXXXXX), a short list of genes or a set of genomic coordinates. For example,

querying for adh1 in the developmental data set results in 512 highly co-expressed genes.

Due to rendering constraints, a maximum of the 65 strongest co-expressed genes are drawn

in the network view;however, a complete dataset is returned and displayed in table format

in the table panel. This large network can either be manually thresholded by restricting

the neighborhood size or interesting genes can be isolated in the gene list and can be re-

queried simply by highlighting relevant genes and clicking the ’ReQuery Selected’ button.

Un-rendered genes from the data pane can be added to the network by clicking them. This

iterative process allows for larger networks to be thresholded down to manageable sizes,

and conversely, allows small networks to be grown by iteratively adding additional genes,

without the need to enter any visualization parameters upfront.

2.4.2 Integrated Tables and Networks

Once a network is ready to be displayed, two separate information panels are loaded. A

graphical view of the network is shown along with a tabbed panel displaying various options

and tables. Networks contain two useful pieces of information: (1) the set of genes included

in the network, which is better viewed in a table, and (2) the set of gene interactions which

are better suited to be displayed graphically. By integrating information displayed in each

panel, interesting genes from the table can be quickly found in the network by clicking on

the gene name in the table.

2.4.3 Network Level Exploration

Representing relationships as networks offers the benefit of easily overlaying additional

information. Subsequent bioinformatic investigation of networks is a crucial step in nar-

rowing down potentially interesting relationships based on a query gene. Relationships

http://csbio.cs.umn.edu/cob
http://csbio.cs.umn.edu/cob
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among genes in a network often need to be interpreted manually, although integrated tools

make assessing putative associations much easier [74]. COB implements several basic bioin-

formatics network tools which allows for exploration based on the currently loaded network

as well as the ability to download any loaded network for additional analysis. The informa-

tion panel includes a tab called Explore Network which contains several basic bioinformatic

features such as changing gene labels and dynamically loading which co-expression dataset

interactions are shown. Basic functional analyses can be performed, including GO enrich-

ment or highlighting genes from a specific locus of interest. Bulk coordinate information

can be imported using the ImportTool, which allows for quick identification of genes on a

specific chromosome or within a quantitative trait locus (QTL). Obtaining GO enrichment

is possible for either the entire loaded network or for a subset of highlighted genes. Each

significantly enriched GO term shows a short description, a hyperlink to its full description,

and an option to highlight the genes in the network which are present in the ontology term.

2.4.4 Gene Level Exploration

While networks are efficient at displaying relationships among genes, they fail to efficiently

show detailed gene information such as chromosomal location, alternative names, or orthol-

ogy. In COB, gene details are interactively loaded from the server and include annotations

such as alternate gene names, locus information, neighboring genes, available Gene On-

tology, arabidopsis ortholog information, and links to other databases (See Materials and

Methods).

2.5 COB: Example Use Cases

The features of COB outlined above aim to provide simple access to information within

co-expression networks, but are also designed around specific use cases. In order to demon-

strate how COB might be useful to a researcher wishing to learn more about interactions

among their genes of interest, we describe two use cases. The first examines whether a spe-

cific biological function, such as a biological pathway, is well captured by the co-expression

network and investigates which genes are putatively associated with the pathway. The sec-

ond illustrates how our co-expression resource can be used to pinpoint interesting candidate
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genes within a QTL region.

2.5.1 COB use case I: Recovering metabolic pathways

Several classical maize genes or pathways were selected to demonstrate potential use cases

for COB. The starch synthesis pathway is relatively well-characterized in maize [79]. A

simplified version of the pathway including some of the best characterized maize genes

is shown in Fig. 2.5A [80]. The sugary1 (su1 ) gene was used to query COB using the

developmental co-expression network (Red node; Fig. 2.5B). Visible labels in the network

were changed to ’Common Only’ and the network layout was changed to ’Force Directed’

in the ’Explore Network’ tab. Patterns of gene expression among tissues show that rela-

tionships in the network are driven by over-expression in whole seed and endosperm and

under-expression in vegetative, root and embryo (Fig. 2.5C). A large group of co-expressed

genes is identified and this network includes a number of the other maize genes that are

known to play roles in starch synthesis or metabolism including su2, bt1, bt2, sdh1, o2,

sh2 and wx1 [39, 81]. In addition to containing a number of genes known to play roles

in starch metabolism there are also other genes in this network with putative annota-

tions that suggest they may play a role in starch metabolism including GRMZM2G024131

(Green highlighted node; Fig. 2.5B) whose best arabidopsis ortholog is annotated to be

involved in UDP-glucosyltransferase. Using tools available in COB, GRMZM2G024131

was located and selected from the ’Gene List’ table in the ’Main’ panel, highlighting the

gene in the network. Neighboring interactions can be highlighted in yellow by clicking the

’Neighbors’ header in the ’Explore Genes’ tab, which reveals all direct edges including sev-

eral previously characterized starch genes. This use case illustrates the ability to recover

multiple genes in the same pathway while simultaneously uncovering additional, previously

uncharacterized genes that may have related function.

One of the best characterized developmental mutants in maize is kn1. Dominant mutant

alleles of kn1 result in leaf developmental abnormalities [82]. The kn1 gene encodes a

homeobox protein and is normally expressed in the shoot apical meristem and involved in

determination of meristem identity along with other related homeobox genes [83]. The kn1

gene was used to query both the developmental and genotype (Figure 5D) co-expression

networks. The developmental co-expression network of kn1 includes other homeobox genes
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Figure 2.5: COB Use cases. COB was queried for su1 which is known to be involved with

the starch synthesis and sugar metabolism pathway (A). (B) shows the 66 highest co-

expressed genes with su1 including many genes already known to be involved with starch

synthesis. Examining tissue expression patterns (C) shows that genes in the network are

over expressed in whole seed and endosperm. (D) KN1 was queried in both networks and

recovered other known homeobox genes (lg3, rs1, gn1 ). (E) Patterns of gene expression

show that these networks are driven by expression in varying stages of embryo development

as well as the SAM and shoot tip. (F) Patterns of expression among genes within the KN1

network among diverse maize genotypes.
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that have related functions such as lg3, rs1, and gn1 (Figure 5D) [84, 85]. In addition,

nine other genes also exhibit similar co-expression patterns which are driven by over-

expression in developing tissue including embryo, shoot tips and shoot apical meristem

(Figure 5E). These include several putative transcriptional regulators. The genotype co-

expression network of kn1 includes lg3 and rs1 and 11 additional genes (Figure 5D). Recent

ChIP-seq experiments have identified the binding sites of KN1 in the maize genome and

uncovered many genes that are putatively regulated by KN1 [83]. We assessed whether the

co-expressed genes were direct targets of KN1 regulation. While 10.8% of all maize genes

have a KN1 binding site within 10kb, 66% of the developmentally co-expressed genes and

31% of the genotype co-expressed genes have KN1 binding sites nearby, providing evidence

that this sub-network captures a set of coherently regulated genes.

While the two above use cases show how COB might be used to characterize already

known pathways, we anticipate that this guilt by association approach would also be useful

in examining putative function of un-characterized candidate genes and pathways. In situa-

tions where little is known about a target, examining relationships is useful for integrating

independent sources of information as demonstrated by our use case of KN1 regulation

targets.

2.5.2 COB use case II: Augmented QTL candidate gene discovery

Co-expression networks may also provide an opportunity to improve the identification of

candidate genes underlying quantitative trait loci (QTL) by examining co-expression with

bait genes which are known to be related to specific phenotypes with genes that are located

in genomic regions corresponding to trait QTL. We investigated the potential to use COB to

integrate co-expression data with QTL mapping information in order to identify candidate

genes in QTLs previously linked to leaf angle [35].

As reported by Tian et al., 30 QTL regions containing over 3,700 possible causal genes

have been shown to be linked to leaf angle [35]. Given this large list of plausible genes,

co-expression analysis provides a means to further resolve causal candidate genes which lie

within these loci. Classic maize genes liguleless1 (lg1 ) and liguleless2 (lg2 ) are located in

the two most significant QTL regions identified by the study and have significant genome-

wide association study (GWAS) markers associated with leaf angle [35]. While genes lg3
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and lg4 were not present in QTL linked to leaf angle, they are known to have the potential

to affect this trait and thus were included as bait genes[84]. Querying COB using all 4

liguleless genes as bait, we used the locus filtering tool to extract co-expressed genes within

one of the 30 QTL identified by Tian et al., and identified three candidate genes in the

genotype network as well as a single candidate gene in the developmental network which

were within QTL regions as well as significantly co-expressed with at least one lg ’bait’

gene.

From the developmental network, we extracted GRMZM2G110834 which is co-expressed

with lg4 among 13 other genes in the developmental network. This gene is related to ara-

bidopsis gene AT1G15110 which encodes a putative phosphotidyl serine synthase family

protein. It is located on chromosome 3 (26,091,050) and has three significant SNPs asso-

ciated with leaf angle within150KB of this gene (See Materials and Methods).

Likewise from the genotype network, we extracted GRMZM2G054621 which is highly

connected in the genotype network (>70 interactions) and was found due to its co-expression

with lg4. In this network, there are several other strongly co-expressed genes including a

direct interaction with classic maize gene rs1, which is known to affect ligule development

[86]. There are ten significant GWAS hits located within 1Mb of GRMZM2G054621, includ-

ing one significant marker within 150kb having no intervening genes. GRMZM2G054621

is also highly connected in the development network (>700 edges), including connections

with lg4.

GRMZM2G037226 is well connected to a small genotype network which includes several

genes known to affect leaf development or formation (lg3, kn1, rs1)[84]. This gene encodes

a protein with RNA-binding domains and its arabidopsis ortholog (AT2G41060) has inter-

esting functional annotations related to leaf senescence and ethylene biosynthetic processes

and localization [87, 48]. GRMZM2G037226 is located on chromosome 10 (144,024,471)

and has three moderately significant GWAS hits within 200kb of this gene though there

are several intervening genes.

Using multiple sources of independent data, the above use cases demonstrate how COB

can be used to further investigate lists of candidate genes commonly generated using tra-

ditional genetic mapping approaches. The high accuracy, but low resolution offered by

mapping techniques can be supplemented with further functional analysis. Of the over
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3,700 candidate genes that lie within leaf angle QTL, only a handful were significantly

co-expressed with genes previously identified to affect ligule development demonstrating

the utility of COB inefficiently filtering lists of candidate genes as well as integrating other

functional information. Further analysis of these candidates is required to confirm their

causal link to leaf angle, but co-expression network analysis can play a key role in the

process.

2.6 Conclusion

In this study, we examined two genome-wide maize transcript expression datasets and

characterized their functional properties. We found that the networks are highly enriched

for characterized functional relationships, suggesting they will be useful as a resource for

understanding gene function in maize. Examining two different networks (genotype ver-

sus developmental) revealed that each network recovers unique functional enrichments.

These relationships, especially in the case of gene co-expression, are sensitive to context,

and different collections of expression profiles can dramatically influence the functional

information contained within a co-expression network. In addition, we examined which ac-

cessions/tissues were strongly influencing co-expression and found patterns of co-expression

that differed between clusters. In an age of widely available expression data sets, it becomes

increasingly important to consider the context in which the data were derived. Although

co-expression cannot decisively assign function to genes, it does provide a means to further

examine meaningful relationships between genes. Even with extremely powerful methods

such as QTL mapping or genome-wide association analysis, candidate regions still contain

possibly thousands of candidate genes. Using co-expression networks to reduce or rank can-

didate genes can be a robust approach for examining genes responsible for complex traits in

maize. With COB, our web-based platform, this type of analysis can be readily performed

using the same data and tools described in our specific use cases. It is inevitable that a

wealth of additional data will be generated by various other gene expression projects and

newly available sequencing information generated by the next generation of maize map-

ping populations. Networks are natural, interpretable structures that allow relationships

to be explored in an intuitive way. Not only are we interested in further extending the

functionality and scope of COB, including additional co-expression networks and toolsets
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as these data become available, we invite anyone interested to contribute to our code base.

COB is freely available software under the MIT license and hosted publicly in a repository

which can be accessed by directly visiting COB.



Chapter 3

Integrating Co-Expression

Networks with GWAS to Detect

Causal Genes For Agronomically

Important Traits

3.1 Chapter Overview

This chapter describes a computational framework called Camoco, which stands for CoAnalysis

of Molecular Components. Camoco is a substantial extension to the computational meth-

ods and tools described in Chapter 2 which focuses on visualization and ease of use which

become issues when analyzing and interpreting co-expression networks. Camoco performs

all of the same general procedures as COB, even having a web facing interface which can be

used to browse networks in an almost identical fashion. In addition to the ease of use and

functionality that COB brought, Camoco formalizes the process of creating, comparing,

and analyzing co-expression networks and adds functionality in several key areas.

The first major process within Camoco is building co-expression networks and assessing

their overall utility. This is in contrast to Chapter 2 where we use previously published

co-expression networks, then demonstrate their utility by examining enrichment for in-

teractions among genes within annotated ontologies. In order to efficiently create and

34
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compare networks from different experimental sources, the Camoco framework implements

a co-expression network construction pipeline which is specifically tuned for both RNASeq

as well as microarray datasets. Camoco includes built-in procedures to systematically

evaluate overall network health and perform functional validation through enrichment of

annotations. This becomes an integral component of the framework, as we show later in

this chapter, due to naive technical variation that can easily be mistaken for biological

variation and result in false positive network interactions (Sec. 3.3.2, Sec. 3.3.5).

Camoco also establishes a framework to analyze GWAS datasets within the context of

multiple co-expression networks. The output from most major GWAS approaches are lists

of single nucleotide polymorphisms (SNPs) and association p-values. Camoco is able to

relate these coordinates back to the reference genome in a unified framework by internally

representing genomic structures as loci in the context of a reference genome. SNPs, as well

as genes and QTL, are all internally represented as genetic coordinates with corresponding

annotation information, e.g. genes have external database identifiers and SNPs have p-

values or beta values. In the context of the reference genome, the internal engine inside

Camoco can relate SNPs and genes logically in a relational algebra. For example, Camoco

can effortlessly execute complex queries such as overlapping genes 250 kb upstream of one

SNP and 300kb downstream of another SNP if the genes are also expressed in an RNASeq

dataset(Sec. 3.3.1). Establishing this locus system in a computationally efficient manner

(networks contain hundreds of millions of interactions) is what enables the bootstrapping

approach from which we ultimately assess statistical significance from relations among

candidate loci identified by GWAS.

It is also important to stress that the software used to build Camoco was created using

software-engineering best practices. Camoco was written in Python 3.4 and was designed

in an object-oriented fashion. The code is open-source and freely available under a Creative

Commons license to allow other researchers unabated access to source code, installation

pipelines, testing suites, and documentation. The code was developed using conventional

version control and has hundreds of individual Git ’commits’ documenting code changes

and development work-flow. The majority of the code base has corresponding unit testing

code to ensure that the code itself performs as expected and is easily deployed and testable

on any system. The source code repository also has an established bug tracking and
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feature request pipeline which documents, patches, and regression tests code so that future

development performs consistently and does not reintroduce bugs.

The rest of the chapter covers major components of the framework, extensively dis-

cussing SNP to gene mapping; construction and validation of co-expression networks; and

finally, integration and interpretations of both data types. Throughout the chapter, I

demonstrate the utility of the framework by example by integrating a previously published

genome wide association study (GWAS) [88] with the co-expression networks built from

previously published studies [43, 89].

The implementation of the Camoco computational framework outlined in this chapter

was carried out by myself with the assistance of Joseph Jeffers. Specifically, I designed

and wrote the python code used to do all of the analyses carried out in the chapter.

Additionally, I performed all SNP to gene mappings, network construction and validation,

data integration and bootstrapping, statistical analysis on dataset overlap, and all density

and locality calculations. I also made all the figures and was principally responsible for the

text of the chapter with input from Chad Myers and Nathan Springer.

This approach was originally conceived as a companion to a study designed by Ivan

Baxter and Owen Hoekenga by my adviser Chad L. Myers. Additional help in interpreting

results was provided by Brian Dilkes. Dr.’s Baxter, Hoekenga and Dilkes are experts in

plant biology and helped extensively in interpreting the results of GWAS-network overlaps

and candidate gene lists.

3.2 Introduction

High throughput sequencing technologies can now be readily applied to many agricultural

species due to high, quality reference genome sequences. The availability of these sequenc-

ing technologies has accelerated the rate at which we are able to survey gene function on

a genome wide level. While the sequencing of a genome is a substantial step forward,

the mechanistic understanding of gene function is still unknown in the majority of cases.

Current approaches typically involve mapping agriculturally important traits using genome

wide association studies (GWAS). Particularly in plant species, the ability to make directed

crosses to construct high resolution mapping populations has made GWAS the standard

approach in examining standing genetic variation existing in many agricultural species (See
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Sec. 1.2 for detailed review).

Having a tremendous amount of statistical power, GWA studies can find hundreds of

SNPs which are highly associated with a trait of interest, especially when traits likely in-

volve many genes. Despite knowing about the overall genetic architecture and having the

ability to statistically associate many loci with a trait of interest, the causal genes and

functional alleles, a large proportion of the time, remain unknown. Particularly in agri-

cultural species, these issues hamper the interpretation and narrowing of large candidate

gene lists using positional and/or functional information. Identifying functional genes for

complex traits involving dozens of significantly associated SNPs quickly becomes unwieldy

even using straightforward marker to gene mapping rules such as assuming the closest gene

is causal.

Functional, mutant or transgenic based validation experiments on a large scale are still

cumbersome and expensive to perform outside of model species. In the absence of any

other functional information, one informative and easily measurable source of functional

information are gene expression levels. With the adoption of next generation sequencing,

whole-genome expression experiments are now surveying the maize transcriptome in large

numbers which could complement current GWA studies (See Sec. 1.3 for review). Given

an adequate number of samples, gene transcripts are assayed from whole plants or vari-

ous tissues and show expression levels across different experimental conditions [40, 41, 90]

or genotypic varieties [43]. Furthermore, since whole genome expression experiments sur-

vey all the genes in the genome, additional functional information exists within already

generated datasets than for which they were designed.

Borrowing systems biology based approaches developed in model organisms, the sys-

tematic integration of large-scale whole genome expression datasets now being produced

in crop species have been successful in rapidly generating gene function predictions using

co-expression networks [60] (See Sec. 1.4 and Chapter 2). Relationships among genes are

captured by calculating correlation of expression for each pair of genes, which can be repre-

sented as a gene network. Each node represents a gene and each edge shows the magnitude

of co-expression between them, implying a probabilistic, functional relationship [55].

In order to better understand the relationship between genotype and phenotype in

complex traits, one approach to identify causal genes has been the systematic integration
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of disparate types of genomic data. Many complex traits cannot be fully explained focusing

on single genes, but rather by a small set of genes and the network interactions that arise

between them. Using these systems biology based approaches to build gene networks from

transcriptome profiles coupled with results from GWAS could further prioritize genes for

functional validation.

Here, we describe a computational framework called Camoco (Co-Analysis of molecular

components) which systematically integrates candidate loci from genome wide association

studies with gene co-expression networks. Camoco implements the necessary data struc-

tures to represent major classes of genomic data. In addition to generating integrated

data-structures from commonly used GWAS and gene expression datasets, this computa-

tional framework assesses the overlap between candidate loci generated from GWAS data

and the co-expression interactions that occur between them. Camoco offers a suite of

functions which performs SNP to candidate gene mapping; cleans, builds, and function-

ally validates co-expression networks; provides a robust bootstrapping model; and offers

plotting and visualization functions.

3.2.1 Generating co-expression networks from diverse transcriptional data

One type of data that can be used to guide refinement and interpretation of candidate

genes derived from mapping approaches is genome-wide gene expression profiles. How

genes vary in expression across environmental conditions, tissues, or in different individu-

als can provide insight about their function. Technology for measuring gene expression has

matured over the past decade and can now produce highly quantitative measurements of

expression on a genome scale for relatively low cost. Traditional hybridization based meth-

ods for examining the RNA transcripts of a cell have specific limitations, mainly reliance

on an existing genomic sequence and having a limited detectable range of expression[91].

Next generation sequencing technologies enable de novo sequencing of transcripts using a

technology called RNA-seq. RNA is isolated from tissues of interest and converted into

cDNA libraries with adapters ligated to either end of the molecule. The cDNA is generally

sequenced from both ends resulting in short, paired end reads which are mapped to the ref-

erence genome together with the expected DNA fragment length between them. Mapped

reads are normalized by the total read amount to produce a digital expression value in
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fragments per kilobase per million reads (FPKM)[91].

Ideally, RNA-seq reads will map uniquely to the reference genome producing high

confidence hits, but often reads will map to exon junctions, reveal sequence variation, or

simply contain sequencing errors[91]. In genetically diverse species such as maize – with

an order of magnitude more genetic diversity than humans and extensive transposable

element activity – mapping RNA-seq reads to a reference genome remains a challenge[23].

When reads contain mismatches or map to several regions it becomes difficult to discern

RNA-seq mismatches from true sequence variation, especially when mapping sequence

from non-reference lines. Additionally, the concept of the PAN genome [43] exacerbates

this issue due to the fact that when mapping reads to the B73 reference genome, it because

exceedingly difficult to differentiate between low expression of spuriously mapped reads,

especially in the wake of presence/absence variation (PAV).

Co-expression has already been used successfully to identify groups of genes that have

been altered during the domestication of maize. Co-expression analysis identified rewired

modules suggesting that altered phenotypes seen between maize and its ancient ancestor,

teosinte, are not due to gain or loss of function of specific genes, but rather varying levels of

gene expression and regulation [58]. Additionally, co-expression has been used to in tomato

to characterize genes involved in lycopene and flavonoid biosynthesis metabolic pathways,

functionally characterizing new genes which were confirmed with quantitative real-time

polymerase chain reaction [55] and used in rice to examine drought stress and cellulose

biogenesis[54]. Previous work, performed by us, has shown that co-expression networks in

maize contain vast amounts of both characterized as well as un-characterized functional

information [60]. We have also demonstrated in Chapter 2 that the context from which a

co-expression network is built is important for understanding what information it contains.

Camoco implements a robust pipeline to construct gene co-expression networks from di-

verse gene expression data (Fig. 3.2B). Expression data generated from either conventional

RNASeq technology or legacy micro-arrays are supported. Tables of expression values are

passed through quality control (QC) and normalization pipelines before being used to build

co-expression networks. All QC parameters are easily customizable. By default, accessions

with over 10% missing data and genes with over 20% missing data are removed from the

analysis. A Lower bound on individual expression values (i.e. Gene X in Dataset Y) can
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Figure 3.1: Raw gene expression values before and after Camoco quality control procedure

in the ZmSAM network. The total number of input genes has been reduced from over

∼35,000 ∼15,000 mainly due to lack of expression (See Table 3.3). Mean centered and

variance stabilized gene expression values have been clustered based on MCL [78] clusters

to visualize co-expression modules in the normalized dataset.
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be set such that expression values below the threshold are set to NaN (not a number) and

are not used in calculating co-expression scores (See Sec. 3.3.2 for more details). Finally,

if there are less than 10 common data points between two genes, a co-expression score

will not be calculated and instead being set to NaN. These quality control metrics ensure

that co-expression scores derived from noisy experimental data will contain high quality

co-expression scores.

Similar to the approach taken in Chapter 2, two different datasets were used to build co-

expression networks which capture different sources of biological gene expression variation

– one focused on genotypic variation and the other on tissue/developmental variation. The

remainder of this chapter focuses two main topics: 1) validation of biological properties

and overall health of a co-expression network and 2) integrating and extracting functional

overlap between gene co-expression networks and candidate loci generated by genome wide

association studies. Integration involves several key components of the Camoco framework,

mainly SNP to candidate gene mapping and then statistical evaluation of integrated gene

candidates with networks using bootstrapping analysis. Using several publicly available

datasets [88, 43, 89], we highlight the major aspects of the Camoco framework.

3.3 Results and Discussion

3.3.1 Generating candidate loci from genome wide association studies

A previously published dataset performed GWAS on 41 different quantitative traits sur-

veying natural phenotypic variation in maize [88] using the maize Nested Association Map-

ping (NAM) population. The NAM population was designed to capture a large fraction of

genotypic variation available in maize by crossing 25 diverse maize founder lines with the

reference line, B73, to generate 200 recombinant inbred lines (RILs) from each cross (total

n=5000) resulting in high statistical power for mapping traits [31] (See Sec. 1.2 for re-

view). The following sections describe using the Camoco framework to discover candidate

genes for the 41 traits identified through GWAS by systematically integrating co-expression

network data from two publicly available gene expression datasets.

SNPs with significant trait associations from from the Wallace et al. were thresholded

using an calculated genome-wide Type I error rate of 0.01 (α hereafter). SNPs passing
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Figure 3.2: Camoco integration framework for discovering causal variants for complex

traits using functional networks. (A) GWAS results for a complex trait identifies several

SNPs (circled) passing threshold for significance indicating a multigenic trait. SNP-to-

gene mapping windows indicates varying number of candidate genes. Candidate genes

are pulled out based on window size and number of flanking genes surrounding a SNP.

(B) Co-expression networks identify interactions between genes uncovering unbiased pu-

tative biological co-function. (C) Integration of functional data filters candidate genes

to a smaller subset. Blue lines indicate genes which have similar co-expression patterns

indicating co-regulation or shared functional similarity. Starred genes are potential candi-

date genes associated with GWAS trait based on SNP to gene mapping and co-expression

evidence. Red stars are genes which are not the closest to the tagging SNP (D) Statistical

significance of observed interactions can be assessed using bootstrapped SNP sets.
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this α threshold are used as input to a SNP to gene mapping (Fig. 3.2A). There are two

major reasons why trait associated SNPs must be mapped to flanking genes. First, linkage

disequilibrium (LD) between the associated marker and the causal variant means it is

possible the marker identified is not the causal, functional variant. Linkage disequilibrium

in maize can vary between 1kb to over 1 million bases [92]. In the NAM population, an

empirical calculation of LD decay shows that most LD decays to background levels within

1kb, however the variance is large and many of the alleles only segregate in one or two of

the parental families [88]. LD structure requires SNP to gene mapping rules which include

genes both upstream and downstream from the tagging SNPs. The second major reason

why trait associated SNPs must be mapped to flanking genes is increasing evidence that

gene regulatory regions play a significant role in functional variation [93]. Causal variants

of trait associated SNPs are often located outside of genes and are particularly enriched

for the 5′ promoter region [94]. Several examples of non-coding sequences having major

functional effects have been previously studied in maize. For example, regulatory regions

over 50kb upstream of maize domestication gene tb1 act in cis to alter transcription of

the gene [95]. The flowering time gene vgt1 has a linked sequence 70kb upstream which

influences allele specific expression levels [96]. Tissue specific expression of b1 controlling

biosynthesis of flavonoid pigments depend on a multiple tandem 853-bp repeat over 110 kb

upstream of the transcription start site of b1 [97]. Furthermore, half of the SNPs identified

by Wallace et al. were in non-genic regions leading to necessary SNP to gene mapping.

Two parameters are used during SNP to gene mapping in these data: candidate window

size and number of flanking genes. Varying window size serves two purposes: First, the

window specifies a maximum base pair interval from the SNP when mapping to flanking

candidate genes. Second, the window is used to collapse down SNPs which have overlapping

windows, effectively tagging the same locus (See locus 2 in Fig. 3.2A). Camoco supports

two rules for collapsing overlapping SNPs. The first creates an ’effective’ locus from SNPs

with overlapping windows by generating an interval starting at the SNP furthest upstream

and ending at the SNP furthest downstream. Candidate windows are recalculated from the

outermost SNPs in the effective locus to be used in candidate gene mapping. The second

rule resolves overlapping SNPs by creating an effective locus and retaining the strongest

SNP associated with the trait of interest (by p-value or equivalent).
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In the Wallace et al. dataset, SNPs that had overlapping windows were collapsed into

effective SNPs keeping the SNP with the highest resample model inclusion probability

(RMIP) which is a statistical measure of the strength of association with the trait of

interest [98]. Effective SNPs are converted to genomic loci by calculating the coordinates

of the candidate window. These coordinates are cross referenced with reference genome

data in order to convert loci to gene sets. Once candidate loci have been calculated for a

trait, we differentiate between a ’trait ’ which is the phenotype being measured and a ’term’

which is a phenotype and accompanying candidate loci using the provided SNP to gene

mapping parameters. This naming scheme borrows from the nomenclature used in the

Gene Ontology where GO terms are biological processes with associated genes. Internally,

as implemented within Camoco, there is no distinction in data structures which represent

GO terms and GWAS terms.

Defining the Maize Standard SNP to gene mapping parameters

Windows of 50kb, 100kb and 500kb were created around collapsed candidate SNPs. If

SNPs fell within a gene it was included as a candidate along with up to 1, 2, and 5 flanking

genes within SNP windows both upstream and downstream of the associated SNP. Table

Table 3.1 show the number of input SNPS, collapsed SNPs and corresponding number of

candidate genes for the first 13 traits of Wallace et al. (Full table can be found in Table

B.1). Varying these parameters causes two outcomes. In general, increasing the window

size will reduce the number of collapsed loci due to the non-uniform clustering of SNPs

throughout the genome causing an increase in the number of SNPs being collapsed. For

instance, in the trait ’Average internode length (above the ear)’ the number of initial SNPs

stays constant at 1,214 however the number of collapsed loci decreases (721, 588, 319) for

window sizes (50kb, 100kb, 500kb). Likewise, increasing the number of flanking genes, in

general, increases the number of candidate genes mapped. Doubling the number of flanking

genes, however, does not always double the number of candidate genes since there are often

no additional candidate genes within the window. For instance in ’100 Kernel weight’ at

50kb, going from 1 flanking gene to 2 flanking genes nearly doubles the number of candidate

genes (588, 852) while going from 2 to 5 flanking genes only modestly increases the number

of candidate genes (852, 990). The relationship between these parameters and the number
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of collapsed SNPs and candidate genes is explored in more depth in Chapter 5.

Throughout this and subsequent chapters, I will refer to the above SNP to gene mapping

parameters (1, 2 and 5 flanking genes as well as 50kb, 100kb and 500kb windows sizes) as

the Maize Standard SNP to gene mapping parameters.

Term WindowSize FlankLimit SNPs/Collapsed/Genes

100 Kernel weight 50000 1 918/545/588

100 Kernel weight 50000 2 918/545/852

100 Kernel weight 50000 5 918/545/990

100 Kernel weight 100000 1 918/439/629

100 Kernel weight 100000 2 918/439/965

100 Kernel weight 100000 5 918/439/1259

100 Kernel weight 500000 1 918/237/457

100 Kernel weight 500000 2 918/237/877

100 Kernel weight 500000 5 918/237/1846

Anthesis-silking interval 50000 1 942/579/593

Anthesis-silking interval 50000 2 942/579/823

Anthesis-silking interval 50000 5 942/579/935

Anthesis-silking interval 100000 1 942/478/653

Anthesis-silking interval 100000 2 942/478/1008

Anthesis-silking interval 100000 5 942/478/1308

Anthesis-silking interval 500000 1 942/252/490

Anthesis-silking interval 500000 2 942/252/940

Anthesis-silking interval 500000 5 942/252/1914

Avg. internode length † 50000 1 1214/721/706

Avg. internode length † 50000 2 1214/721/946

Avg. internode length † 50000 5 1214/721/1070

Avg. internode length † 100000 1 1214/588/745

Avg. internode length † 100000 2 1214/588/1117

Avg. internode length † 100000 5 1214/588/1419

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Avg. internode length † 500000 1 1214/319/604

Avg. internode length † 500000 2 1214/319/1149

Avg. internode length † 500000 5 1214/319/2323

Avg. internode length ‡ 50000 1 1431/873/839

Avg. internode length ‡ 50000 2 1431/873/1165

Avg. internode length ‡ 50000 5 1431/873/1320

Avg. internode length ‡ 100000 1 1431/723/964

Avg. internode length ‡ 100000 2 1431/723/1471

Avg. internode length ‡ 100000 5 1431/723/1889

Avg. internode length ‡ 500000 1 1431/340/637

Avg. internode length ‡ 500000 2 1431/340/1235

Avg. internode length ‡ 500000 5 1431/340/2561

BCT leaf angle 50000 1 1429/804/766

BCT leaf angle 50000 2 1429/804/1048

BCT leaf angle 50000 5 1429/804/1189

BCT leaf angle 100000 1 1429/639/869

BCT leaf angle 100000 2 1429/639/1321

BCT leaf angle 100000 5 1429/639/1682

BCT leaf angle 500000 1 1429/306/587

BCT leaf angle 500000 2 1429/306/1116

BCT leaf angle 500000 5 1429/306/2269

Chlorophyll A 50000 1 377/240/258

Chlorophyll A 50000 2 377/240/357

Chlorophyll A 50000 5 377/240/419

Chlorophyll A 100000 1 377/208/307

Chlorophyll A 100000 2 377/208/468

Chlorophyll A 100000 5 377/208/615

Chlorophyll A 500000 1 377/135/263

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Chlorophyll A 500000 2 377/135/499

Chlorophyll A 500000 5 377/135/1071

Cob diameter 50000 1 912/589/600

Cob diameter 50000 2 912/589/832

Cob diameter 50000 5 912/589/956

Cob diameter 100000 1 912/497/666

Cob diameter 100000 2 912/497/1015

Cob diameter 100000 5 912/497/1296

Cob diameter 500000 1 912/273/516

Cob diameter 500000 2 912/273/984

Cob diameter 500000 5 912/273/1998

Days to anthesis 50000 1 1431/851/890

Days to anthesis 50000 2 1431/851/1240

Days to anthesis 50000 5 1431/851/1433

Days to anthesis 100000 1 1431/707/1003

Days to anthesis 100000 2 1431/707/1540

Days to anthesis 100000 5 1431/707/1983

Days to anthesis 500000 1 1431/343/665

Days to anthesis 500000 2 1431/343/1274

Days to anthesis 500000 5 1431/343/2601

Days to silk 50000 1 1236/755/789

Days to silk 50000 2 1236/755/1080

Days to silk 50000 5 1236/755/1254

Days to silk 100000 1 1236/639/883

Days to silk 100000 2 1236/639/1357

Days to silk 100000 5 1236/639/1753

Days to silk 500000 1 1236/331/639

Days to silk 500000 2 1236/331/1227

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Days to silk 500000 5 1236/331/2500

Ear height 50000 1 1661/914/908

Ear height 50000 2 1661/914/1284

Ear height 50000 5 1661/914/1462

Ear height 100000 1 1661/747/1030

Ear height 100000 2 1661/747/1588

Ear height 100000 5 1661/747/2038

Ear height 500000 1 1661/324/624

Ear height 500000 2 1661/324/1196

Ear height 500000 5 1661/324/2479

Table 3.1: Three windows sizes (50kb, 100kb, 500kb)

and three flanking genes limits (1,2,5) were used to collapse

SNPs with overlapping windows and extract flanking candi-

date genes in 10 traits from Wallace et al. Abbreviations:

AIL-Average Internode Length; BCT-BCT; AE†-Above Ear;

BE‡-Below Ear; WP ∗-Whole Plant; GDD∗∗-Growing De-

gree Days.

Calculating network density between a set of input genes

Once genes are organized in as a network, statistics can be drawn from interactions which

arise from the network. One simple summary statistic which characterizes how strongly a

subset of input genes are co-expressed is network density. Network density is formulated

as the average interaction strength between all pairwise combinations of gene-gene interac-

tions which occur between input genes (Equation 3.1) normalized for the number of total

pairs among input genes:

Density =
X̄ − E(X)

σ(X)/
√
N

(3.1)
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Where X̄ is the mean sub-network interaction score, E(X) is the expected network inter-

action score, σ(X) is the standard deviation of network interactions, and N is the number

of interactions in the sub-network.

Calculating network locality between a set of candidate genes

While aggregate statistics such as network density assess overall overlap between candidate

loci and co-expression networks, they fail to identify which genes are important within a

set of candidate genes. Network locality identifies genes which are proportionally more

connected to genes locally (genes from other candidate loci) than they are globally (to all

gene in the network). For example, a gene with 5 local interactions is more interesting in

the context of the identified candidate genes if it only has 10 global connections than if it

had 100.

To quantify network locality, both local and global degree is calculated for each gene

within a sub-network. A linear regression is calculated on local degree using global degree

(local ∼ global) and regression residuals for each gene are extracted. Residual z-scores are

estimated by bootstrapping (n=100; details below) random, equally sized sets of candidate

genes. Bootstrapped regression values are used to estimate standard deviations of residuals

and then subsequently z-scores of empirical residuals. Standard deviations are calculated

using windows of 15 data points to account for a general increase in residual variance as

global degree increases.

Bootstrapping evaluates statistical significance of network statistics

In order to address statistical significance on network related metrics, candidate genes

identified in SNP to gene mapping are compared to randomized sets of candidate genes

samples from the genome. Random chromosomal segments are generated which contain

an equal number of bootstrapped candidate genes. For instance, if 3 SNPs mapped to

1, 2, and 3 candidate genes, the bootstrapping algorithm implemented by Camoco would

return three random loci throughout the genome also with 1, 2, and 3 genes. Checks are

implemented within Camoco to ensure that random chromosomal segments do not overlap

which avoids double counting bootstrapped genes.
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3.3.2 A PAN genome co-expression network

In order to capture expression variation that exists between diverse maize accessions, a

gene co-expression network was built from whole-seedling transcriptomes on a panel of

503 diverse maize inbred lines from a previously published dataset [43]. Briefly, Hirsch et

al. chose these lines to represent major heterotic groups within the US, sweet corns, pop

corns, and exotic maize lines while seedling tissue was chosen to due to the number of

tissues which could be represented.

Has Gramene ID Missing Data† Accession FPKM‡ Pass ALL

Chromosome

chr1 6052 3221 3449 3066

chr10 2727 1319 1478 1251

chr2 4763 2360 2569 2240

chr3 4194 2233 2405 2130

chr4 4195 2097 2269 1981

chr5 4501 2509 2648 2385

chr6 3290 1671 1885 1610

chr7 3145 1625 1756 1537

chr8 3530 1817 2014 1739

chr9 3006 1504 1641 1433

chrUNKNOWN 52 7 9 7

Total 19,379

Continued on next page



51

Has Gramene ID Missing Data† Accession FPKM‡ Pass ALL

Table 3.2: Number of genes from the raw PAN genome

dataset[43] broken down by chromosome passing the qual-

ity control pipeline. The first column reports the number

of genes which had reference genome IDs and represents the

number of possible genes located on each chromosome. † des-

ignates genes that had < 40% missing data (n=503). ‡ shows

the number of genes which has at least a single accession with

an FPKM > 4. The final column shows the number of genes

which pass all quality control metrics.

Camoco was used to process the FPKM table reported by Hirsh et al. and to build

a co-expression network. The raw gene expression data were passed through the quality

control pipeline in Camoco Table 3.2. After QC, 19,379 genes were used to build the

network. For each pairwise combination of genes, a Pearson Correlation Coefficient (PCC)

was calculated across normalized FPKM profiles to produce ∼187 million possible network

edges (Fig. 3.3B) then mean centered and standard normalized (Z-score hereafter) to allow

cross network comparison (Fig. 3.3C). A global significance threshold of Z≥3 was set on

co-expression interactions in order to calculate gene degree and other conventional network

measures. Hereafter, we will refer to the maize PAN genome co-expression dataset as the

ZmPAN network.

To assess overall network health, two approaches were taken. First, a Z-score of edges

between genes co-annotated in the maize Gene Ontology (GO) terms was compared to

edges in 100 bootstrapped terms containing the same number of random genes. A volcano

plot in Fig. 3.3D shows the distribution of bootstrapped p-values compared to empiri-

cal Z-score of edges within a GO term. With a nominal p-value cutoff of 0.05, the PAN

co-expression network had 10.4 fold more expected GO terms with a p-value≤0.05 than

expected, suggesting that edges within this co-expression network capture meaningful bi-

ological variation. A final global health check examines a distribution of degree, (i.e. the

number of interactions any given gene has) across all the genes within the network. Fig.
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3.3E shows empirical degree distributions compared to the power law, exponential, and

truncated power law distributions. Typically, the degree distributions of biological net-

works are fit best by a truncated power law distribution, which is consistent with the PAN

genome co-expression network [73].

Minimizing PAV in co-expression networks

Despite strong signs of biological signal in the PAN genome network, genetic diversity

in the form of structural and presence/absence variation (PAV) can be a problem when

constructing co-expression networks based on Pearson correlation coefficients of gene ex-

pression profiles. In chapter 2, we address potential clustering of genes in a co-expression

module due to structural variation in microarray based experiments. The transition be-

tween array based expression profiling technology to RNA sequencing requires additional

considerations, which are addressed here.

To address this issue in the PAN genome network, during the quality control step,

we require that genes reach a minimum FPKM threshold (default: 5 FPKM) in at least

a certain number of accessions (default: 1 accession). This ensures that co-expression

interactions are between genes with a substantial amount of variance among accessions

included in the network. Furthermore since reads generated from RNA-Seq experiments

are mapped to the B73 reference genome, it is difficult to discern between low expression

derived from transcriptional variation versus genomic variation. To address this, genes with

very low FPKM values (default: ≤ 0.1) are not used in Pearson correlation calculations,

which is sensitive to outliers. Since there is not guarantee that non-NaN data points present

for one gene will also be present for the other, Camoco checks that there are at least, by

default, 10 data points shared between the gene before calculating co-expression. This

ensures that spurious presence and absence variation that might be present for a set of

genes does not drive spurious associations due to a small sampling size. These criteria

require that patterns of co-expression are consistently high quality among many of the

diverse lines included in the experiment.
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Figure 3.3: Global network health of the maize PAN genome co-expression network. (A)

The global expression profile breakdown of genes passing quality control metrics and or-

dered by MCL cluster membership. (B) Raw Pearson correlation coefficient distribution

of all co-expression interactions. (C) Fisher transformed, variance stabilized and mean

centered network interactions. (D) A volcano plot showing density of edges between genes

co-annotated in the maize Gene Ontology (GO) terms compared to density of 100 boot-

strapped edges between sets of random genes of the same size. (E) Degree distribution of

PAN genome co-expression network compared to power law, exponential, and truncated

power law distributions.
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3.3.3 A Maize RNASeq Tissue Atlas co-expression network

In addition to evaluating genotypic variation of a whole plant level in the previous sec-

tion (3.3.2), gene expression profiles can also be used to systematically investigate how

genes vary in expression in different tissues and across developmental time points. Whole

genome RNASeq transcriptome profiles from 76 different diverse tissues and developmental

time points in the maize reference accession, B73, were used to build a gene co-expression

network based on variation across different organs and developmental time points using a

recently published dataset [89]. This co-expression dataset will be referred to as the ’Zm-

SAM’ network to distinguish this tissue based network from the ’developmental’ network

highlighted in Chapter 2.

Has Gramene ID Missing Data† Accession FPKM‡ Pass ALL

Chromosome

chr1 5553 3254 2980 2410

chr10 2486 1344 1244 967

chr2 4353 2405 2192 1727

chr3 3847 2216 2039 1637

chr4 3787 2089 1961 1549

chr5 4141 2516 2301 1903

chr6 3006 1710 1640 1273

chr7 2868 1642 1540 1220

chr8 3271 1894 1751 1412

chr9 2725 1524 1370 1081

chrMt 86 10 3 2

chrPt 39 9 8 4

chrUNKNOWN 36 6 9 5

Total 15,190

Continued on next page
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Has Gramene ID Missing Data† Accession FPKM‡ Pass ALL

Table 3.3: Number of genes from the raw Tissue Atlas

genome dataset (Unpublished data.) broken down by chro-

mosome passing the quality control pipeline. The first col-

umn reports the number of genes which had reference genome

IDs and represents the number of possible genes located on

each chromosome. †designates genes that had < 40% miss-

ing data (n=76). ‡ shows the number of genes which has at

least a single accession with an FPKM > 4. The final col-

umn shows the number of genes which pass all quality control

metrics.

In total, 15,190 genes passed quality control metrics specified in Table 3.3. Similar to

previously described network built with Camoco, gene interactions were calculated between

each pairwise combination of genes to produce ∼115 million network edges. A global

significance threshold of Z≥3 was set on co-expression interactions in order to differentiate

significantly co-expressed gene pairs.

Figure Fig. 3.4A shows expression profiles of genes passing QC ordered by MCL cluster

membership [78]. Fig. 3.4B-C shows before and after network edge score normalization.

Compared to the ZmPAN network, PCCs in the ZmSAM network show a higher variance.

Network interaction scores were mean centered and standard normalized (Fig. 3.4 C). The

tissue network shows a 9.3 fold enrichment for extreme edge scores (p≤0.05) between genes

annotated in Gene Ontology terms as assessed by 100 bootstraps of random sets of genes

of the same size. A final network health check shows that the empirical degree distribution

of the ZmSAM network is consistent with previously characterized biological networks.

3.3.4 Integrating genome wide association study data and co-expression

networks

Systematic integration of candidate loci identified by GWAS with co-expression interactions

provides an opportunity to prioritize candidate genes linked to GWAS SNPs. If genetic
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Figure 3.4: Global network health of the maize ZmSAM co-expression network. (A) The

global expression profile breakdown of genes passing quality control metrics and ordered by

MCL cluster membership. (B) Raw Pearson correlation coefficient distribution of all co-

expression interactions. (C) Variance stabilized and mean centered network interactions.

(D) A volcano plot showing Z-score of edges between genes co-annotated in the maize Gene

Ontology (GO) terms compared to 100 bootstraps of edges between sets of random genes

of the same size. (E) Degree distribution of Tissue/Developmental co-expression network

compared to power law, exponential, and truncated power law distributions.
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variation driving the phenotype captured by GWAS is encoded by co-regulated genes, these

data sets will overlap. Additionally, the high false positive rate in the SNP to gene mapping

can be reduced by incorporating putatively functional, co-expression information. Panel C

in Fig. 3.2 illustrates this model conceptually. Co-expression interaction between candidate

loci identified in panel A are integrated with the gene co-expression network in panel B.

If a non-random amount of functional overlap between the datasets exists, the most likely

causal genes will be the genes which are strongly co-expressed (designated with asterisks).

This increase in candidate gene specificity shows that, due to LD structure in the trait

GWAS, often the causal mutation is not within the gene nearest the SNP (conceptually

shown as a red asterisk in Fig. 3.2C).

Integrating these data not only offers a potential reduction in candidate genes from

GWAS experiments that generate hundreds of significantly associated SNPs, but also pro-

vides a method in which to further characterize gene sub-networks without relying solely

on previous annotations. In agriculturally important species such as maize, where the vast

majority of genes are un-annotated, systems based approaches such as this allows for rapid

functional characterization of genes.

Significance of overlap between datasets was assessed here using two complementary

methods (described in Sec. 3.2.1). Briefly, network density assessed the significance of

average edge strength between genes identified through GWAS. Network locality identifies

genes which are proportionally more connected to genes locally (pulled out by GWAS)

than they are globally (to all genes in the network). The remainder of this chapter focuses

on the biological relevance and interpretation of these network metrics.

3.3.5 Network density assesses functional overlap of candidate loci

Cis vs Trans Density

While a node and edge (network) model is convenient for graph theory based analyses, it

becomes increasingly important to understand why co-expression interactions arise between

genes in the network. Interactions within the network are probabilistic in nature and as

discussed in Sec. 3.3.2 can arise from a variety of sources some of which are completely un-

related to GWAS. Identifying non-random overlap between GWAS loci and co-expression
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Figure 3.5: Comparing distribution of interaction scores between cis and trans sets of

genes. Trans interactions are between genes on separate chromosome. cis interactions are

between genes with less than 50kb intergenic distance.

networks requires a distinction between interactions among genes which are in close prox-

imity to one another (cis) compared to genes which are situated far away from each other

(trans). Assuming the vast majority of effective SNPs identified by GWAS each tag a single

causal locus, including interactions between genes which are in cis simply due to SNP to

gene mapping can potentially mask subtle trans interactions which link genes identified by

different SNPs. The biological interpretation of co-expression assumes that an interactions

between genes indicates a shared biological process. However, co-expression of linked loci

(cis) can be caused by cis-regulatory elements which are not explicitly captured by the

GWAS model.

To assess the extent of cis vs trans density within the PAN and Tissue networks, net-

work interactions were extracted for genes which were on different chromosome to represent

trans interactions as well as scores for pairs of genes which were less than 50 kb apart to

represent cis interactions. Figure 3.5 shows the distribution densities of the two groups

indicating that cis interactions are much more likely to have a strong co-expression inter-

action score than trans interactions (p ≤ 8x1042 ). This trend can especially be seen in the

positive tail of the distributions and has a much greater effect on interactions that have
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a Z-score ≥ 3–one of the criteria we use to threshold co-expression interactions. This re-

sult suggests that removing cis interactions from the density calculation, when examining

co-expression relationships among candidate genes identified by GWAS, will remove this

confounding factor.

To address this in our density equation, we re-define overlap between candidate loci by

extending the density model (Eq. 3.1) to a trans density model including only interactions

which are between genes identified by different effective loci which better describes biologi-

cal processes identified by GWAS. This does not change the core equation used to calculate

density (Eq. 3.1), but rather simply filters input to only contain trans interactions before

calculating density.

3.3.6 Network trans-density finds overlap between GWAS and co-expression

datasets

In order to asses the overlap between candidate loci identified by GWAS and interactions

within in a co-expression network, network trans-density was calculated between candidate

genes calculated with the Maize Standard SNP to gene mapping parameters using the

Wallace et al. GWAS data (Sec. 3.3.1). Empirical p-values of overlap between datasets was

assessed by comparing trans-densities of candidate genes identified by GWAS to (n=100)

bootstrapped sub-networks with the same number of candidate genes. Several of the 41

traits measured by Wallace et al. are shown in Table 3.4.

In general, significant overlap between datasets (as assessed by trans-density) exhibited

several different patterns across varying SNP to gene mapping parameters. Many traits

show significant density only when the window size is increased enough to include genes

further away. For example, Fructose at 50kb and 1 flanking gene does not have significant

trans-density. However, keeping the one flanking gene criteria, but increasing the window

size to 100kb, significant overlap is discovered. This overlap persists even when increasing

the number of flanking genes to 2 at 100kb. Signal fades (though is still ∼0.10) once window

size is increased to 500kb then becomes indistinguishable from noise at 500kb and 5 flanking

genes. Other terms also show signal at longer distance candidate windows. Photoperiod

growing degree-days (GDD) to anthesis shows signal only once candidate window size is

increased to 500kb, regardless of flanking gene limit. Interestingly, despite finding clear
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signal trends in many of the terms, there are few instances where trans-density signal is

shared across networks.

Several GWAS terms here show significant signal overlap between genes identified

through GWAS as being putatively co-regulated either across diverse maize germplasm

or different developmental tissues and time points. This proof of principle shows that

candidate genes within loci identified by GWAS often form a sub-network of genes which

are putatively involved in the same biological process. Interestingly, many times overlap

between the datasets did not occur until candidate gene windows were extended well past

the genome wide expected LD decay value of 1kb [92], sometimes not showing up until

windows were extended to 1/2 a mega-base. Expanding on detection of overall signal de-

tection, we extended our analysis to include network locality which is a gene level statistic

designed to detect highly local genes which are good candidates for putative causal genes

in the sub-network.

Term WindowSize FlankLimit ZmPAN ZmSAM

Fructose 50000 1 0.46 0.86

Fructose 50000 2 0.58 0.69

Fructose 50000 5 0.59 0.68

Fructose 100000 1 0.04 0.82

Fructose 100000 2 0.05 0.59

Fructose 100000 5 0.13 0.71

Fructose 500000 1 0.15 0.77

Fructose 500000 2 0.12 0.69

Fructose 500000 5 0.65 0.80

Photoperiod GDD† to anthesis 50000 1 0.65 0.19

Photoperiod GDD to anthesis 50000 2 0.27 0.28

Photoperiod GDD to anthesis 50000 5 0.30 0.30

Photoperiod GDD to anthesis 100000 1 0.22 0.29

Photoperiod GDD to anthesis 100000 2 0.19 0.16

Photoperiod GDD to anthesis 100000 5 0.24 0.03

Continued on next page
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Term WindowSize FlankLimit ZmPAN ZmSAM

Photoperiod GDD to anthesis 500000 1 0.04 0.09

Photoperiod GDD to anthesis 500000 2 0.03 0.11

Photoperiod GDD to anthesis 500000 5 0.04 0.48

Ratio of ear height to total height 50000 1 0.92 0.92

Ratio of ear height to total height 50000 2 0.78 0.88

Ratio of ear height to total height 50000 5 0.70 0.94

Ratio of ear height to total height 100000 1 0.37 0.69

Ratio of ear height to total height 100000 2 0.02 0.88

Ratio of ear height to total height 100000 5 0.03 0.94

Ratio of ear height to total height 500000 1 0.09 0.63

Ratio of ear height to total height 500000 2 0.27 0.88

Ratio of ear height to total height 500000 5 0.94 0.97

Cob diameter 50000 1 0.84 0.15

Cob diameter 50000 2 0.88 0.30

Cob diameter 50000 5 0.92 0.48

Cob diameter 100000 1 0.57 0.12

Cob diameter 100000 2 0.71 0.26

Cob diameter 100000 5 0.90 0.44

Cob diameter 500000 1 0.47 0.09

Cob diameter 500000 2 0.15 0.09

Cob diameter 500000 5 0.42 0.04

Glutamate 50000 1 0.47 0.06

Glutamate 50000 2 0.53 0.12

Glutamate 50000 5 0.43 0.04

Glutamate 100000 1 0.38 0.38

Glutamate 100000 2 0.55 0.11

Glutamate 100000 5 0.53 0.05

Continued on next page
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Term WindowSize FlankLimit ZmPAN ZmSAM

Glutamate 500000 1 0.22 0.05

Glutamate 500000 2 0.59 0.31

Glutamate 500000 5 0.62 0.14

Nitrate 50000 1 0.45 0.15

Nitrate 50000 2 0.55 0.09

Nitrate 50000 5 0.72 0.06

Nitrate 100000 1 0.51 0.07

Nitrate 100000 2 0.81 0.05

Nitrate 100000 5 0.89 0.16

Nitrate 500000 1 0.76 0.82

Nitrate 500000 2 1.00 0.99

Nitrate 500000 5 0.96 0.95

Table 3.4: Network densities of candidate genes identi-

fied by Wallace et al. P-values of several GWAS traits as-

sessed by network densities using various SNP to gene map-

ping parameters for candidate loci identified by Wallace et

al. P-values were generated by comparing empirical network

trans-densities to (n=100) bootstrapped sub-networks with

the same number of candidate genes. Underlined p-values

are instances where significant overlap occurred between can-

didate genes and co-expression networks. †Growing degree-

days abbreviated to GDD.

3.3.7 Network locality identifies likely functional candidates from inte-

grated datasets

Aggregate statistics such as network trans-density allow for a statistical evaluation on

whether or not GWAS datasets non-randomly overlap with co-expression networks. But,

even when they report strong overlap between datasets, aggregate statistics fail to identify
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individual genes within the sub-network are driving the signal.

Previously, with network density, statistics were performed on all possible pairwise

interactions among genes in the sub-network. Defining a significance threshold on edge

interactions binarizes interactions into significantly co-expressed and insignificantly co-

expressed allowing the degree of a gene to be calculated. Degree, here, is defined as the

number of significantly co-expressed interactions a gene has at a given global threshold (Z

≥ 3).

Network locality compares the local degree of genes in sub-networks identified by GWAS

proportional to their global degree (See Sec. 3.2.1 for more details). This statistic intuitively

reflects instances where biologically related genes cluster strongly within the co-expression

network and, independently, GWAS identifies genes which co-localize to the same cluster.

In this scenario, genes will have a high locality and, thus, become likely causal candidates

which can be identified using this approach.

Assessment of gene locality within the sub-networks generated from GWAS was per-

formed using the Maize Standard SNP to gene mapping parameters used in Sec. 3.3.1. For

each of the 41 traits in Wallace et al., and each set of SNP to gene mapping parameters,

locality was calculated for the term.

Specifically, for each gene in the term, the number of global interactions (global degree)

and the number of interactions to other genes within the term (local degree) are extracted.

An ordinary least squares, linear regression is used to predict local degree from global

degree. A strong linear relationship exists between local degree and global degree, in

general, for most traits (Fig. 3.6). Residuals from the empirical data were compared to

bootstrapped data (default n=100) in order to calculate Z-scores. Residual variance was

estimated in windows of 50 data points from bootstrapped data because variance tended

to increase as the number of global interactions increased.

Gene local global OLS fitted OLS resid BS stdev zscore

GRMZM2G068352 6 48 2.151114 3.848886 1.315932 2.924836

GRMZM2G072210 3 13 0.582593 2.417407 0.842363 2.869791

GRMZM2G034804 10 100 4.481488 5.518512 1.981880 2.784483

Continued on next page
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Gene local global OLS fitted OLS resid BS stdev zscore

GRMZM2G503990 26 362 16.222986 9.777014 3.829833 2.552857

GRMZM2G110233 5 42 1.882225 3.117775 1.228184 2.538525

GRMZM2G052088 4 29 1.299631 2.700369 1.066197 2.532711

GRMZM2G046729 2 4 0.179260 1.820740 0.721294 2.524271

EF517601.1 FG012 4 30 1.344446 2.655554 1.066197 2.490679

GRMZM2G010176 12 140 6.274083 5.725917 2.370351 2.415641

AC208113.3 FG005 2 6 0.268889 1.731111 0.736496 2.350469

Table 3.5: Top 10 genes in Tassel length locality in maize

Tissue network. Locality was calculated for candidate genes

identified by the GWAS term ’Tassel length’ from Wallace et

al. OLS fitted and OLS resid are empirical best fit values and

residuals from the ordinary least squared linear regression

shown in figre Fig. 3.6. The ’BS stdev’ shows the standard

deviation as calculated from bootstrap localities which are

used to calculate the gene’s locality Z-score. This table shows

the top 10 genes identified for Tassel length as determined by

Z-score.

Defining a network locality false discovery rate

A false-discovery rate (FDR) was calculated by doing an additional round of bootstrapping

(default n=100). Z-scores were calculated on FDR-bootstrapped data points using the same

bootstrapped residual variance windows above. For observed locality Z-scores between 0

and 8, FDR was estimated by comparing the ratio of random locality Z-scores at a given

Z-score cutoff to observed locality values greater to or equal to the Z-score cutoff. For

instance, at a Z-score cutoff of 2.5, the Tassel length term discovered 10 genes (See Table

3.5). If bootstraps discovered on average 1 gene where Z≥2.5, there would be an FDR of

10%.

False discovery rates were calculated on all terms using candidate genes generated
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Figure 3.6: Tassel length locality in maize tissue network. Global and local degree

was calculated for candidate genes associated with ’Tassel length’ from Wallace et al. A

linear regression of local degree was calculated from global degree (black line). Locality

was computed for bootstrapped sets of random genes equal in size to the empirical set

(n=100; red points) and a linear regression of bootstrapped local degree on global degree

was estimated (green line; error bar shows 95% confidence interval).
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using Maize Standard SNP to gene mapping parameters. Table 3.6 shows FDR cutoffs of

10%, 35%, and 50%, and the number of genes discovered (using designated SNP to gene

mapping parameters) for terms related to internode length; a complete table for all terms

is located in Table Table B.3. Locality identifies small, targeted sets of candidate genes

which would be useful for followup analysis. In comparison to the total number of genes

within candidate regions, locality provides an efficient filter for discovering putatively co-

regulated genes. As observed with density, many times, sets of significantly local genes

only appear at more permissive SNP to gene mapping parameters suggesting that when

performing locality analyses, the SNP to gene mapping space should be explored.

Term Net Window NumFlank FDR10 FDR35 FDR50 Tot

Avg. internode

length (above

ear)

ZmPAN 50kb 1 0 0 2 447

Avg. internode

length (above

ear)

ZmPAN 50kb 3 0 0 0 749

Avg. internode

length (above

ear)

ZmPAN 50kb 9 0 0 0 793

Avg. internode

length (above

ear)

ZmPAN 200kb 1 0 11 11 558

Avg. internode

length (above

ear)

ZmPAN 200kb 3 0 7 49 1346

Avg. internode

length (above

ear)

ZmPAN 200kb 9 0 86 86 1893

Continued on next page
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Term Net Window NumFlank FDR10 FDR35 FDR50 Tot

Avg. internode

length (above

ear)

ZmPAN 1Mb 1 0 4 4 263

Avg. internode

length (above

ear)

ZmPAN 1Mb 3 0 0 0 879

Avg. internode

length (above

ear)

ZmPAN 1Mb 9 0 0 0 2213

Avg. internode

length (above

ear)

ZmSAM 50kb 1 0 0 0 385

Avg. internode

length (above

ear)

ZmSAM 50kb 3 0 0 2 591

Avg. internode

length (above

ear)

ZmSAM 50kb 9 0 3 3 619

Avg. internode

length (above

ear)

ZmSAM 200kb 1 0 5 5 516

Avg. internode

length (above

ear)

ZmSAM 200kb 3 0 5 5 1019

Avg. internode

length (above

ear)

ZmSAM 200kb 9 0 0 0 1224

Continued on next page
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Term Net Window NumFlank FDR10 FDR35 FDR50 Tot

Avg. internode

length (above

ear)

ZmSAM 1Mb 1 0 0 0 294

Avg. internode

length (above

ear)

ZmSAM 1Mb 3 0 9 9 841

Avg. internode

length (above

ear)

ZmSAM 1Mb 9 0 0 0 1803

Avg. internode

length (below

ear)

ZmPAN 50kb 1 0 8 40 717

Avg. internode

length (below

ear)

ZmPAN 50kb 3 0 65 65 1222

Avg. internode

length (below

ear)

ZmPAN 50kb 9 0 78 78 1309

Avg. internode

length (below

ear)

ZmPAN 200kb 1 0 0 43 796

Avg. internode

length (below

ear)

ZmPAN 200kb 3 18 18 82 1892

Avg. internode

length (below

ear)

ZmPAN 200kb 9 0 111 111 2503

Continued on next page
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Term Net Window NumFlank FDR10 FDR35 FDR50 Tot

Avg. internode

length (below

ear)

ZmPAN 1Mb 1 0 0 0 289

Avg. internode

length (below

ear)

ZmPAN 1Mb 3 0 0 0 919

Avg. internode

length (below

ear)

ZmPAN 1Mb 9 24 24 24 2269

Avg. internode

length (below

ear)

ZmSAM 50kb 1 0 0 2 570

Avg. internode

length (below

ear)

ZmSAM 50kb 3 0 0 2 816

Avg. internode

length (below

ear)

ZmSAM 50kb 9 0 0 0 842

Avg. internode

length (below

ear)

ZmSAM 200kb 1 0 0 0 646

Avg. internode

length (below

ear)

ZmSAM 200kb 3 0 0 0 1332

Avg. internode

length (below

ear)

ZmSAM 200kb 9 0 0 2 1685

Continued on next page
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Term Net Window NumFlank FDR10 FDR35 FDR50 Tot

Avg. internode

length (below

ear)

ZmSAM 1Mb 1 0 0 0 252

Avg. internode

length (below

ear)

ZmSAM 1Mb 3 0 7 7 807

Avg. internode

length (below

ear)

ZmSAM 1Mb 9 0 0 0 1792

Avg. internode

length (whole

plant)

ZmPAN 50kb 1 0 42 42 694

Avg. internode

length (whole

plant)

ZmPAN 50kb 3 0 63 63 1091

Avg. internode

length (whole

plant)

ZmPAN 50kb 9 0 73 73 1160

Avg. internode

length (whole

plant)

ZmPAN 200kb 1 0 0 0 603

Avg. internode

length (whole

plant)

ZmPAN 200kb 3 0 6 51 1533

Avg. internode

length (whole

plant)

ZmPAN 200kb 9 23 90 90 2020

Continued on next page
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Term Net Window NumFlank FDR10 FDR35 FDR50 Tot

Avg. internode

length (whole

plant)

ZmPAN 1Mb 1 0 3 3 309

Avg. internode

length (whole

plant)

ZmPAN 1Mb 3 0 13 13 884

Avg. internode

length (whole

plant)

ZmPAN 1Mb 9 0 16 16 2205

Avg. internode

length (whole

plant)

ZmSAM 50kb 1 14 14 14 540

Avg. internode

length (whole

plant)

ZmSAM 50kb 3 0 0 2 690

Avg. internode

length (whole

plant)

ZmSAM 50kb 9 0 0 2 701

Avg. internode

length (whole

plant)

ZmSAM 200kb 1 0 9 9 572

Avg. internode

length (whole

plant)

ZmSAM 200kb 3 0 0 3 1154

Avg. internode

length (whole

plant)

ZmSAM 200kb 9 0 0 2 1454

Continued on next page
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Term Net Window NumFlank FDR10 FDR35 FDR50 Tot

Avg. internode

length (whole

plant)

ZmSAM 1Mb 1 0 0 0 291

Avg. internode

length (whole

plant)

ZmSAM 1Mb 3 0 12 12 956

Avg. internode

length (whole

plant)

ZmSAM 1Mb 9 0 0 0 2170

Table 3.6: Network locality of Wallace et al. traits cal-

culated at 10%, 35% and 50% FDR cutoffs. ’Window’ and

’NumFlank’ columns designate parameters in SNP to gene

mapping. The ’Tot’ column shows the total number of can-

didate genes at designated SNP to gene mapping parameters.

3.4 Conclusion

In this chapter, we present Camoco as an extension to our previously published computa-

tional tool, COB. We demonstrate three major applications of Camoco: SNP to candidate

loci mapping, construction of robust co-expression networks, and systematic integration

of genes identified by GWAS candidate locus mapping with genes present in co-expression

networks. Three publicly available datasets were used to build two co-expression networks

and one candidate locus dataset. We introduce two dataset overlap measures, network den-

sity and network locality, and evaluate their application on the GWAS and co-expression

datasets.

Mapping significant GWAS SNPs reveals interesting components of genomic architec-

ture in genome wide association studies. While approaches such as NAM are extremely
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powerful, the number of SNPs they identify as associated with complex traits makes func-

tional validation difficult. However, we show that even using simple, windowing based

approaches we can identify redundancies of SNPs tagging the same effective locus. While

collapsing SNPs with overlapping windows effectively filters the number of candidate loci

(on average 47%) we immediately lose this reduction in follow-up loci by adding an increas-

ing number of flanking genes. To address the stark increase in false positive rate introduced

by expanding the flanking limit, we further integrate additional putative functional infor-

mation in the form of co-expression networks.

Leveraging the relationships that arise in co-expression networks, an assessment on the

functional coherency of genes within candidate loci can be made. Here, we present two

network statistics which evaluate overlap between GWAS candidate loci and co-expression

networks. We demonstrate cases where network density suggests that biological variation

associated with GWAS SNPs is also captured by co-regulation of gene expression. Com-

plementary to this approach, network locality identifies a set of genes orders of magnitude

smaller than input SNPs which are high priority candidates related to the trait of interest.

While this approach is not targeted in the sense there is no guarantee GWAS candidate

will be densely connected or have highly locally connected genes, it does provide a robust

method to examine quantitative traits in maize. In the following chapters, we address this

targeting issue by incorporating additional co-expression datasets which are designed to

capture the same biological variation captured by GWAS.



Chapter 4

Prioritizing candidate genes

driving elemental accumulation in

maize

4.1 Chapter Overview

This chapter applies the general principles established in Chapter 3 to a genome wide

association study that examines 19 different elemental concentrations in the maize kernel.

These sophisticated GWAS approaches in maize find hundreds of significantly associated

loci for many of the elements tested. Here, we further refine these candidate lists by

systematically integrating putative functional information discovered in maize gene co-

expression networks.

Using Camoco, we integrate both the ZmSAM and ZmPAN networks introduced in

Chapter 3 with GWAS results related to the plant ionome. Marginal overlap between

ionome GWAS and these networks prompts the construction of a third co-expression net-

work which targets transcription localized to the maize root, an organ known to be impor-

tant in elemental accumulation. After quality control and overall network health metrics

are performed on the maize root dataset, network overlap between loci identified by io-

nomic GWAS and co-expression in the root are assessed. Overlap with the novel maize

root co-expression network is further refined and shown here using two of the elements,

74
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refining candidate gene lists down to less than twenty genes in each case.

The original bulk data collection, ICP-MS phenotyping, and genome wide association

studies were performed by Greg Ziegler in Ivan Baxter’s lab at the Donald Danforth Plant

Science Center. Integration of co-expression data and overlap analysis was done by myself.

Functional analysis of candidate gene lists were done by the larger group of myself and

Drs. Myers, Baxter, Dilkes, and Hoekenga.

4.2 Introduction

Apart from carbon and oxygen, plants must uptake all their constitutive components from

the soil. Understanding how plants use and process elements is important in order to

understand the nature of plant development. The ionome is defined as ”the mineral nutrient

and trace element composition of an organism, representing the inorganic component of

cellular and organismal systems”[99]. The dynamic and complex behavior of elemental

composition is hypothesized to ultimately be controlled by the genome, though tightly

linked to environmental response[100]. The ionome as a system has been previously studied

in Arabidopsis [101], Lotus Japonica [102], yeast [103] and is actively being studied in rice,

soybean and maize [104, 105].

Understanding how genetic diversity is connected to a plants ionome is important as

we seek to continue improving crop yield to support a rapidly growing world population.

Explaining biological processes related to elemental accumulation is important for plant

breeding programs that seek to adapt maize to grow in harsher environments. A high

throughput analytic approach called ICP-MS (inductively coupled plasma-mass spectrom-

etry) is capable of measuring elemental concentrations for 20 elements and scalable to

thousands of samples a day. The quantitative values produced by ICP-MS make ionomic

composition a good trait for network based approaches to identify genes related to agronom-

ically important phenotypes. Ionomics studies are not only cost-effective, high throughput,

and comprehensive, but also have the potential to address many agriculturally important

phenotypes [100] such as aluminum tolerance [106], phosphate deprivation [107], and heavy

metal uptake.

In this chapter we analyze output from a genome wide association study using a high

throughput ionomics approach for measuring elemental concentrations in maize kernels to
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identify genetic factors determining the maize grain ionome. Using the statistical power of

the maize nested association mapping (NAM) population, quantitative levels of 20 elements

measured in the maize kernel are used to derive over 25 thousand SNPs associated with

elemental accumulation. Hundreds of loci were strongly associated with each individual

elemental type, encompassing genomic regions containing thousands of potential candidate

genes. Here, we use the Camoco framework introduced in Chapter 3 to integrate the maize

kernel ionome with the maize co-expression networks in order to better understand the

genes underlying loci generated from the GWAS.

4.3 Results and Discussion

4.3.1 Ionome GWAS

Elemental concentrations were measured for 19 different elements and one elemental ra-

tio in the maize kernel using inductively coupled plasma mass spectrometry (ICP-MS).

Outliers were removed from single seed measurements using median absolute deviation

[108]. Basic linear unbiased predictors (BLUPs) for each elemental concentration were

calculated across different environments and estimate variance components [109]. Joint

linkage analysis was run using TASSEL version 3.0 [110] with over 7,000 SNPs obtained

by genotype-by-sequencing (GBS) [111]. An empirical p-value cutoff was determined by

performing 1,000 permutations in which the BLUP phenotype data was shuffled within

each NAM family before joint-linkage analysis was performed. The p-value corresponding

to a 5% false discovery rate was used for inclusion of a QTL in the joint linkage model.

Genome wide association was performed using stepwise forward regression implemented

in TASSEL version 4.0 [88, 30, 35]. Briefly, genome wide association was performed on a

chromosomal-by-chromosome basis. To account for variance explained by QTL on other

chromosomes, the phenotypes used were the residuals from each chromosome calculated

from the joint-linkage model fit with all significant joint-linkage QTL except those on the

given chromosome. Association analysis for each trait was performed 100 times by ran-

domly sampling, without replacement, 80% of the lines from each population.

The final input SNP dataset contained 28.9 million SNPs obtained from the maize
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HapMap1 [92], the maize HapMap2 [23], as well as an additional ∼800,000 putative copy-

number variants from analysis of read depth counts in HapMap2 [88, 23]. These ∼30

million markers were projected onto all 5,000 lines in the NAM population using low

density markers obtained through GBS. A cutoff p-value value of ≤1e-6 was used from

inclusion in the final model. SNPs associated with elemental concentrations were considered

significant in they were selected in more than 5 of the 100 models (Resample model inclusion

probability (RMIP))[98].

4.3.2 Integrating the maize ionome with ZmPAN and ZmSAM Networks

reveals random overlap

Window Size

Ion Element 50kb 100kb 500kb

Al27 Aluminum 822 768 501

As75 Arsenic 1209 1098 681

B11 Boron 363 339 276

Ca43 Calcium 504 471 342

Cd111 Cadmium 1836 1623 885

Cu65 Copper 1278 1128 696

Fe57 Iron 1131 1008 627

K39 Potassium 1032 906 588

KRb Ratio Potassium:Rubidium 594 546 408

Mg25 Magnesium 1149 1056 696

Mn55 Manganese 1209 1068 714

Mo98 Molybdenum 1329 1128 696

Na23 Sodium 972 837 528

Ni60 Nickel 834 741 558

P31 Phosphorus 957 864 612

Rb85 Rubidium 1293 1173 759

S34 Sulfur 642 615 480

Continued on next page
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Window Size

Ion Element 50kb 100kb 500kb

Se82 Selenium 405 387 303

Sr88 Strontium 759 681 444

Zn66 Zinc 1413 1245 741

Total 19,731 17,682 11,535

Table 4.1: Number of collapsed SNPs for maize ionome el-

ements at varying windows sizes. Three window sizes (50kb,

100kb and 500kb) were defined around SNPs associated with

each of the 20 ionomic traits. SNPs with overlapping win-

dows were collapsed down into single SNPs shown in the ta-

ble above retaining the SNP with the strongest statistical

association with the element.

The maize kernel ionome provides quantitative data for 20 different elemental traits that

can be used to perform genome wide association (GWA) studies identifying SNPs associated

with elemental abundances and ratios (Table 4.1). Using the Maize Standard (see Sec.

3.3.1) SNP window parameters of 50, 100, and 500 kilobases, between 276 and 1,836 and

on average 822 collapsed SNPs are associated with an element (Table 4.1). Mapping SNPs

to genes using flanking limits of 1,2, and 5 genes, between 130 and 2,399 and on average

681 genes were within candidate loci (See Table 4.1).

Co-expression networks representing broad maize genotypic diversity (ZmPAN) and

plant tissue and development (ZmSAM) constructed in Chapter 3 were interrogated for

putative functional overlap with candidate loci identified in maize ionomics GWAS. Net-

work density was calculated to assessed global overlap between GWAS datasets and gene

co-expression networks. For each element, network densities p-values were calculated using

the camoco bootstrapping model (see Sec. 3.3.4 for details of methods).

Network density z-scores between genes identified using the above SNP to candidate

loci parameters were calculated in the ZmPAN network for each element. Bootstrapped
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Figure 4.1: Heatmap of overlap between maize PAN genome co-expression network and the

ionome. Empirical p-values were generated by comparing network density between genes

within candidate loci identified at 50kb, 100kb and 500kb with 1,2 and 5 max flanking

genes to bootstrapped densities (n=100). Overlap which is highlighted green indicates

significant overlap as assessed by bootstrapping while random overlap is white.

(n=100) density z-scores were generated to estimate an empirical p-value for overlap be-

tween co-expression network and element terms in Fig. 4.1. Accounting for multiple tests

across elements and parameter sets, there appears to be insignificant overlap between the

maize ionome GWAS and ZmPAN co-expression network based on network density.

Similarly, densities were assessed in the ZmSAM network for each element using candi-

date loci identified with identical SNP to gene parameters. Bootstrapped (n=100) Z-score

p-values indicate random overlap between element terms in the maize ionome GWAS and

the ZmSAM co-expression network according to density (Fig. 4.2).

Limited overlap between ionome GWAS and both ZmSAM and ZmPAN co-expression

networks could occur for several reasons. While it is possible that the coordinated process

of elemental accumulation in the ionome is not detectable through co-expression, this does

not seem to be the case for other complex traits involving potentially hundreds of loci

(Sec. 3.3.7). It is also possible biological variation captured via transcriptional regulation

detected by either network does not cover elemental accumulation, suggesting that overlap



80

Figure 4.2: Heatmap of density overlap between maize tissue atlas co-expression network

and the ionome. Empirical p-values were generated by comparing network density between

genes within candidate loci identified at 50kb, 100kb and 500kb with 1,2 and 5 max flanking

genes to bootstrapped densities (n=100). Overlap which is highlighted green indicates

significant overlap as assessed by bootstrapping while random overlap is white.
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between the datasets instead requires a network derived from a different biological context.

We discuss these scenarios in depth using Gene Ontology (GO) enrichment in Sec. 2.3.2

concluding that while many times co-expression networks are complementary in what bi-

ological processes they capture, it is often true that interactions in one network capture

a biological process that is absent in another. To this end, we built and analyzed an ad-

ditional gene co-expression network designed to target components of biological variation

specific to the maize ionome.

4.3.3 Constructing a maize root genotype co-expression network

There are several reasons why the seed is the ideal tissue for measuring elemental accumu-

lation. Even though elemental constituents are taken up from the soil through the roots,

it is difficult to reliably measure elemental composition of root tissue due to the inability

to distinguish between elements specific to the plant versus elements which are specific to

organisms living in the soil or from the soil itself [100]. The seed and the roots, however,

are tightly linked in ionomic phenotypes; unlike organic compounds such as proteins and

transcripts which can be made by the plant in any tissue, elements found in the seeds

must have traveled through the plants vasculature from the soil environment [100]. Vari-

ation in elemental composition in the seed has previously been detected as physiological

changes in the root [105]. This difficulty in decomposing sources of elemental variation in

the root does not apply to transcriptional variation, from which root transcripts can be

easily distinguished from those originating from soil organisms.

While the seed is an ideal tissue to reliably detect elemental accumulation using io-

nomics, the ideal source of biological variation capturing co-regulation of processes related

to the ionome are those which originate in the root [100]. As the ionome is influenced by

uptake of elements through the root, we elected to construct a co-expression network based

on gene expression levels in the root tissue. The remainder of this section describes this

root RNA co-expression network which was constructed from pulverized primary root sam-

ples collected from genotypically diverse maize accessions – including many of those which

were used in the GWAS. We then repeat the overlap analyses of coordinating candidate

loci identified by ionomics GWAS with putatively, functionally related genes identified by

a maize root co-expression network.
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A novel maize root RNASeq dataset

Root RNA was extracted and sequenced from 48 diverse maize lines (see Appendix C.1.2)

using TruSeq stranded RNA library prep and Illumina HiSeq 100bp paired end RNA Se-

quencing (RNASeq) reads. Raw RNASeq reads were pre-processed using a standard map-

ping. Briefly, raw RNASeq reads were passed through quality control using the program

AdapterRemoval [112] which collapses overlapping reads into high quality, single reads

while also trimming residual PCR adapters. Reads were mapped to the Maize 5b reference

genome using BWA[113, 114]. PCR duplicates were detected and removed, and then re-

alignment was performed across detected insertions and deletions resulting in between 14

and 30 million high quality, unique nuclear reads per sample. In total, two samples were

dropped due to low coverage bringing the total number of high quality samples to 46.

Quantification of gene expression levels into fragments per kilobase per million reads

(FPKM) was done using a modified version of HTSeq [115]. Raw FPKM tables were

imported into Camoco and passed through the quality control pipeline. After filtering

genes with > 30% missing data and those which did not have an observed FPKM level > 1

in at least one accession, 25,260 genes were included in co-expression network construction

4.2. Co-expression interaction scores were calculated using Camoco as described in Sec.

3.2.1. Throughout the rest of this chapter, I will refer to the maize root genotype co-

expression network as the ZmRoot network.

Has Gramene ID Missing Data† Accession FPKM‡ Pass ALL

chr1 6052 3221 3449 3066

chr2 4763 2360 2569 2240

chr3 4194 2233 2405 2130

chr4 4195 2097 2269 1981

chr5 4501 2509 2648 2385

chr6 3290 1671 1885 1610

chr7 3145 1625 1756 1537

chr8 3530 1817 2014 1739

chr9 3006 1504 1641 1433

Continued on next page
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Has Gramene ID Missing Data† Accession FPKM‡ Pass ALL

chr10 2727 1319 1478 1251

chrUNKNOWN 52 7 9 7

TOTAL 39,455 20,363 22,123 19,379

Table 4.2: Maize root co-expression network gene QC. The

first column reports the number of genes which had reference

genome IDs and represents the number of possible genes lo-

cated on each chromosome. The †second column designates

genes that had < 40% missing data (n=46). The ‡third col-

umn shows the number of genes which has at least a single

accession with an FPKM > 4. The final column shows the

number of genes which pass all quality control metrics.

Global network health was assessed using tools described in Sec. 3.2.1. Pre- and post

ZmRoot network edge scores are both approximately normal and have heavy tails, espe-

cially on the positive side (Fig. 4.3 B-C) which is indicative of a non-random distribution

of network interaction scores likely caused by real biological signal. The network degree

distribution follows a truncated power-law distribution (Fig. 4.3 E) which is a common

feature in biological networks [73]. Analysis of co-expression density among genes within

GO terms shows a 10 fold enrichment for terms with significantly elevated density (p ≤
0.05) (Fig. 4.3 D).

4.3.4 Maize root genotype network and Ionome GWAS significantly over-

lap

Density

The overlap between the maize ionome GWAS dataset and the ZmRoot co-expression

network was first evaluated using network density (explained in depth in Sec. 3.3.1) and

summarized in Fig. 4.4. Candidate loci for each ionome element were generated using

several window sizes (50kb, 100kb, 500kb) and flanking gene limits (1, 2 and 5). Overlap



84

Figure 4.3: Global health of the ZmRoot gene co-expression network. (A) Normalized

gene expression matrix. Genes are ordered by MCL cluster membership. (B) Distribution

of pairwise Pearson correlation coefficients among all pairwise combinations of genes. (C)

Fisher transformed and standard normalized distribution of interaction scores (Z-scores).

(D) Volcano plot of Gene Ontology (GO) enrichment showing network density among

genes co-annotated for GO term versus p-values derived from 100 bootstraps with gene

sets of the same size. The red line designates a nominal term density p-value cutoff of 0.05.

(E) Degree distribution of the maize root co-expression network.
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Figure 4.4: Heatmap of maize tissue atlas co-expression network overlap with ionome.

Empirical p-values were generated by comparing network density between genes within

candidate loci identified at 50kb, 100kb and 500kb with 1,2 and 5 max flanking genes to

bootstrapped densities (n=100). Overlap which is highlighted green indicates significant

overlap as assessed by bootstrapping while random overlap is white.

between genes within candidate loci was interrogated using the various combinations of

SNP to gene mapping parameters. Overlap was assessed statistically for each element

by bootstrapping random sets of non-overlapping loci containing an identical number of

candidate genes and comparing empirical density Z-scores to (n=100) random densities.

The ability of the co-expression network to capture enrichment for genes linked to

trait associated SNPs, as measured by network density, between the maize ionome and

root co-expression network is substantially more prevalent than was observed for either the

ZmSAM or ZmPAN networks. On average, 4.5 elements have significant density scores and

these tend to be observed using different SNP to gene mapping parameter. Nine elements

are significant at multiple combinations of parameter settings suggesting that extracted

signals are robust against noise (Fig. 4.4).

The contrast in overlap shown in the ZmRoot network compared to networks built

from general sources of variation, i.e. the ZmSAM and ZmPAN networks, shows that
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networks built solely from root tissue likely captures targeted sources of biological variation

important in the maize ionome.

Locality identifies P31 and Ni60 candidate genes

Complementary to network density, network locality identifies individual genes that have a

high proportion of their co-expression interactions to other genes identified by GWAS (See

Sec. 3.3.7 for details). Locality was calculated to discover likely candidate genes driving

elemental accumulation in maize for each of the 20 elements using the Maize Standard SNP

to gene mapping parameters established in previous sections. Network locality is summa-

rized in Fig. 4.5. Despite a smaller overall number of elements exhibiting a significant

amount of overlap, the locality measure identifies sets of likely causal genes in five differ-

ent elements. Additionally, coupled with density analysis, candidate genes identified for

Ni60 (nickel) and P31 (phosphorus) are particularly enticing due to both elements having

significant network overlap statistics in both density as well as locality.

At SNP to gene parameter settings of 50kb and 5 flanking genes both Ni60 (nickel) and

P31 (phosphorus) found that zero bootstrapped (n=100) candidate gene sets had a more

extreme density. In these cases, 17 and 15 genes were discovered respectively using locality

at an FDR cutoff of 35%. Table 4.3 shows a breakdown of likely causal genes for P31 and

Ni60.

Using permissive SNP to gene mapping parameters initially exacerbates the issue of

identifying far too many SNPs to realistically validate for Ni60 and P31. However, sys-

tematically integrating additional functional data using co-expression networks provides a

method in which candidate genes tagged by GWAS SNPs can be prioritized. The maize

ionome GWAS identifies 1,227 and 1,281 SNPs for Ni60 and P31 respectively which are

highly statistically significant. Even after collapsing down SNPs with overlapping 50 kb

windows, 834 (Ni60) and 957 (P31) candidate loci remain. These loci contain 468 possible

Ni60 candidate genes and 560 possible P31 candidate genes within 50Kb of the collapsed

SNP if up to 5 flanking genes are taken. Network density suggests overall network interac-

tions of genes identified by GWAS are much stronger than would be expected by chance.

Assuming only a fraction of the flanking genes used in the sub-network are functional,

network locality identifies candidate genes which are highly specific to the sub-network.
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Figure 4.5: Heatmap of maize root co-expression network locality overlap with ionome.

Network locality for each element was calculated at various window sizes (50kb, 100kb,

500kb) and flanking gene limits (1, 2, and 5). At an FDR cutoff of 35%, the heatmap

shows the number of genes for each element with a significantly elevated locality metric.

At a relatively stringent FDR threshold of 35%, a small number genes (17 and 15) have a

over representation of local interactions; representing a high priority set of candidate genes

likely driving accumulation of Ni60 and P31. This approach allows us to systematically

integrate several sources of functional information, and when used in conjunction with

one another, to rapidly reduce the number of candidate genes likely involved in the maize

ionome.

While the total number of elements which had statistically significant, high locality

genes was not as striking as network density in terms of the number of elements it ex-

plained, the number of candidate genes it does identify as interesting is drastically fewer

than those identified by GWAS alone. There are several plausible reasons why density and

locality would not entirely agree. First, density considers the full matrix of co-expression

scores while locality only considers interactions with a Z-score ≥ 3. This hard threshold

is artificial and possibly misses subtle, but biologically relevant, interactions within the

network. Similarly, it is possible that locally important genes (highly connected to other
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candidate loci) are simply just members of a larger cluster of co-expressed genes. Thus, pe-

nalizing genes with higher global connections could be unfounded. Treating each elemental

GWAS as an independent trait is convenient for analysis, but this distinction can muddle

biological interpretation where individual elements could be a part of a larger biological

process [116]. Despite not being able to fully explain each element tested, we are able to

find instances in over half of the elements where density finds significant overlap between

GWAS and co-expression networks. In two of these elements, we are able to find dense

sub-networks as well as a set of highly local genes which are testable candidate genes for

elemental accumulation in maize grain.

Term Gene global local OLS fitted OLS resid zscore

P31

GRMZM2G146031 39 7 1.14 5.85 5.79

GRMZM2G039583 24 5 0.70 4.29 5.04

GRMZM2G102521 21 4 0.61 3.38 4.18

GRMZM2G316778 356 23 10.47 12.52 3.89

GRMZM2G477491 11 3 0.32 2.67 3.82

GRMZM2G152919 13 3 0.38 2.61 3.62

GRMZM2G366373 453 26 13.32 12.67 3.45

GRMZM5G853513 61 6 1.79 4.20 3.38

GRMZM2G151223 394 23 11.59 11.40 3.36

GRMZM2G180659 31 4 0.91 3.08 3.33

GRMZM2G072526 79 7 2.32 4.67 3.25

GRMZM2G136895 567 30 16.68 13.31 3.22

GRMZM2G092669 454 25 13.35 11.64 3.16

GRMZM2G374084 3 2 0.08 1.91 3.11

Ni60

GRMZM2G127117 95 8 2.07 5.92 4.34

GRMZM2G307152 78 7 1.70 5.29 4.33

GRMZM2G004290 13 3 0.28 2.71 4.23

Continued on next page
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Term Gene global local OLS fitted OLS resid zscore

GRMZM2G338691 14 3 0.30 2.69 4.13

GRMZM2G397755 49 5 1.07 3.92 4.07

GRMZM2G330453 20 3 0.43 2.56 3.64

GRMZM2G362823 119 8 2.60 5.39 3.46

GRMZM2G066153 23 3 0.50 2.49 3.40

GRMZM5G817764 447 20 9.78 10.21 3.39

AC190788.2 FG005 5 2 0.10 1.89 3.37

GRMZM2G063765 396 18 8.66 9.33 3.30

GRMZM2G173186 6 2 0.13 1.86 3.27

GRMZM2G001934 282 14 6.17 7.82 3.24

GRMZM2G058872 7 2 0.15 1.84 3.18

GRMZM5G841619 27 3 0.59 2.40 3.15

GRMZM2G302639 27 3 0.59 2.40 3.15

Table 4.3: Likely causal genes for P31 and Ni60 in the

maize root genotype network. Locality was calculated for

candidate genes identified by elemental GWAS resulting in

local and global number of interactions. ’OLS fitted’ shows

the expected local degree estimated by ordinary least squares

while ’OLS resid’ shows the residual of the gene from OLS.

Locality Z-scores were calculated by estimating OLS fitted

and residuals for (n=100) bootstraps and comparing values

to empirical data.

4.4 Conclusions

In this chapter, we integrate a novel GWAS dataset surveying the maize ionome with both

the ZmPAN and ZmSAM networks described in Chapter 3. Using network density, we find

limited overlap between the ionome and either ZmSAM or ZmPAN networks. Based on
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known physiological properties of the maize ionome, a third RNASeq co-expression network,

the ZmRoot network, was generated to capture biological variation previously described to

be important to the ionome. Constructing co-expression networks using accessions present

in well studied populations, such as the NAM, would complement already proven mapping

techniques – providing a functional context for genes discovered within significant QTL.

Using network density, we find significant overlap between the ZmRoot network and the

maize Ionome. Network locality identifies instances in phosphorus and nickel where both

dense sub-networks and high network locality are present and network locality finds a small

set of likely causal genes which are highly specific to the sub-network identified by GWAS.

Despite network density and locality providing differing views on which elemental

GWAS have high overlap with the ZmRoot network, they both discover statistically sig-

nificant overlap in a subset of the elemental traits. Guilt by association approaches such

as those used in this chapter prove to be excellent tools for understanding processes un-

derlying loci implicated in association studies like GWAS. We note however that, even

when adding additional co-expression networks that target the biological processes of in-

terest, neither network density nor network locality work well on every single candidate

trait tested. Given a single GWAS experiment or trait of interest, it is possible that neither

density nor locality will identify overlap in any co-expression network. Regardless, given

the number of loci which are identified by now routine GWA studies, approaches like the

ones described in this chapter are necessary to interpret the sheer number of loci being

identified as significantly associated with complex phenotypes. Generating testable candi-

date genes is an important next step in terms of resolving genes responsible for elemental

accumulation and other agriculturally important traits in maize.



Chapter 5

Systematic integration of tissue

specific networks to determine

causal genes driving elemental

accumulation in Arabidopsis

thaliana

5.1 Chapter Overview

In this chapter we switch our focus from maize to the model organism Arabidopsis thaliana.

In Chapter 4 we applied the Camoco framework to better understand the genetic compo-

nents of the maize ionome. While we are able to identify likely candidate genes integral

to the maize ionome, functional validation in maize remains difficult and time consum-

ing. Applying the same approach in Arabidopsis provides an opportunity to refine our

approach in a system that has better genomic tools for validation; it is likely that a mutant

line already exists for any potential candidate gene found in Arabidopsis. Furthermore, in

maize, we currently have only one ionomic dataset, measured in maize seeds, limiting our

ability to explain the ionome. We know elemental accumulation occurs in many different

91
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tissues, originating from the roots and moving throughout the vasculature of the plant. In

Arabidopsis, we have a variety of ionomic experiments measuring elemental composition

of seeds, leaves from both hydroponically and soil grown plants, and root tissue. We also

have a massive, publicly available compendium of gene expression experiments, that allows

us to examine gene co-expression networks built from a variety of different sources.

Here, we leverage the scalability of the Camoco computational framework and system-

atically measure dataset overlap in all possible combinations of four ionomic GWAS dataset

collections with four co-expression networks. Throughout the chapter, I motivate and then

introduce each of the four ionomic datasets, each containing dozens of elemental GWAS ex-

periments, as well as the four co-expression networks validating data integrity and quality

control. I then report overlap detected by network density and locality providing extensive

discussion on biological interpretation and potential sources of confounding factors.

The initial ionome GWAS was conceived by Dr. Ivan Baxter and Dr. Brian Dilkes, both

of whom were present throughout experimental analysis to provide input and feedback. The

idea to integrate GWAS experiments with co-expression networks in the context of the

ionome stemmed from studies done in Chapter 4 and are part of a larger project conceived

by Dr. Baxter and Dr. Chad Myers. The construction and integration of datasets as well

as the Camoco implementation and operations were done by myself with support from Drs.

Myers, Baxter and Dilkes. Joseph Jeffers provided operational and programming support.

5.2 Introduction

Originally designed to associate genetic variation with disease in humans [117], genome

wide association (GWA) studies have become the de facto approach for identifying potential

candidate loci linked to traits of interest. Genome wide association studies in the model

plant species, Arabidopsis thaliana, have been successful in identifying causal genes and, in

many cases, alleles of major affect or known apriori candidates for dozens of traits [118].

These success of GWAS is promising for expanded studies in non-model organisms designed

to assess natural variation in highly diverse species (such as those which are of agricultural

importance). This is especially true when inbred lines are available since phenotypes can

be repeatedly be measured in multiple environments while keeping the genetic background

constant [118].
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Genome wide association studies in arabidopsis serve several purposes. First, they

demonstrates the feasibility of performing genome wide association studies in agriculturally

important, non-model species by creating a foundation in a model plant system. Second, it

establishes an opportunity to examine potentially new solutions to decipher complex genetic

traits which link hundreds of loci to a phenotype of interest. This is necessary because even

in Arabidopsis, where GWA studies have tremendous statistical power, many cases cannot

differentiate true associations from false due to complex genetics and population structure

[118]. This issue is exacerbated for complex traits which are modulated by networks of

genes coordinating function through regulatory cascades [119]. Even in model species

such as Arabidopsis, these collections of genes and their associated phenotypic output are

just now being measured [119]. For example, the accumulation of elements, or the plant

ionome, is estimated to be controlled by approximately 1,250 (5%) of the 25,000 genes

in arabidopsis genome [101]. Straight forward, genotype to phenotype based approaches

such as GWAS do not scale well due to the sheer number of genes involved; additional

functional information needs to be reliably integrated if we are to understand how these

genes function on a holistic, systems biology level.

5.2.1 The Arabidopsis ionome

Understanding the link between an organisms genes and the resultant biological function

has historically focused on large scale analysis of gene products such as mRNA, proteins,

and metabolites. These approaches, however, fail to address important mineral nutrient

and trace element biochemical processes which are vital to plant growth and development

[101]. Since plants must uptake all components aside from carbon and oxygen from the

soil, understanding how plants integrate their organic and inorganic metabolisms in the

plant ionome is crucial to explaining the biological function of all the genes in the genome

[120].

In the model plant, Arabidopsis thaliana, the ionome has been examined on a large scale,

the largest of which [70] examined elemental composition in over 125,000 arabidopsis leaves

using a compendium of both forward and reverse genetic screens [100]. Subsequent studies

have shown that ionomic signatures in the leaf are indeed tightly bound to physiological

state of mineral homeostasis in the plant [105]. The presence of various elements has been
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observed to widely vary between tissues; for example Na is found in very low concentrations

in seeds, though abundant in the leaves [100]. Since elements originate from the soil,

elements detected in the leaves must have passed through the plants vasculature indicating

the presence of measurable plant ionomic phenotypes in other plant tissues, adding yet

another dimension from which the interpretations of how plants accumulate elemental

components is possible [100]. Furthermore, there is evidence that the elements included in

most ionomic panels do not behave independently within the plant suggesting that plants

do not differentiate between elements which can share chemical properties, interact directly

with one another, or have similar bio-chemical interactions [116].

In this chapter we examine the complexities of the plant ionome using the Camoco

computational framework, focusing on datasets measured in Arabidopsis thaliana. Here, we

scale our analysis to systematically examine relationships identified in 71 different ionome

related genome wide association studies each performed in four different Arabidopsis tis-

sues. These GWAS experiments expand on the core ionomic pipeline consisting of 19

core elemental and 4 elemental ratios measurements by including 23 logarithmic abun-

dances, 18 principle component analyses (PCA) of elemental abundances, and 7 transition

metal PCAs. These GWAS experiments are integrated with four different tissue specific

co-expression networks build from hundreds of publicly available microarray datasets and

analyzed at 9 different SNP to gene parameter settings resulting in 10,045 individual anal-

yses passing quality control standards (71 GWAS x 4 tissues x 4 networks x 9 SNP to gene

parameters = 10,224). Using Camoco, we identify signals of overlap detected between the

ionome GWAS with functional enrichment discovered by co-expression networks.

5.3 Results and Discussion

5.3.1 Arabidopsis ionome GWAS

Different statistical models have been developed to calculate the association between SNP

markers and phenotypes of interest while accounting for population structure, which is

a well documented source of spurious associations [121, 122]. Due to the computational

complexities of calculating a kinship matrix, efficient mixed models association (EMMA)

models were developed to decrease computational run-time [123]. For even larger data sets,
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variance parameters for each SNP (which can number in the millions) are not calculated

directly. A modified approach called EMMAX, instead, estimates parameters globally

applying the parameters to each association with the assumption that many genes are

contributing to the trait [124].

Here, EMMAX was used to perform GWAS on a compendium of 71 traits (outlined

below) using over 1.6 million SNPs in a mapping population of Arabidopsis thaliana con-

taining over 440 accessions. Nearly 5 million SNPs were discovered using data available

through the arabidopsis 1001 genomes project of which over 1.5 million had a minor allele

frequency (MAF) ≥ 0.05.

As discussed above, with the availability of inbred lines, phenotypes can readily mea-

sured for the same genetic background in multiple tissues and across different developmental

time points. The importance of inbred lines means tissues can be harvested across biolog-

ical replicates even if harvesting this tissue kills the plant. For example, root tissue can be

harvested in a subset of plants without affecting elemental accumulation in the leave and

seeds, which are harvested from different, but genetically identical, plants. Here an ionome

GWAS was performed on four different tissue sources briefly described below.

Arabidopsis Leaf Ionome

Ionomic phenotypes were measured in plant leaf tissue from over 300 accessions grown in

soil (see D.3 for details). This dataset will be referred to as the AtLeafIonome GWAS

dataset.

Arabidopsis Seed Ionome

Ionome phenotypes were measured in arabidopsis seeds from over 90 accessions (see D.3

for details). We will refer to this dataset as the AtSeedIonome GWAS dataset.

Arabidopsis Leaf Hydroponic Ionome

Arabidopsis plants were grown in hydroponics and the ionome was surveyed in 59 accessions

(see D.3 for details). This dataset will be referred to as the AtLeafHydroIonome GWAS

dataset.
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Arabidopsis Root Hydroponic Ionome

The same 59 plants, grown hydroponically in the AtLeafHydroIonome dataset, were also

surveyed for root ionome (see D.3 for details). We will refer to this dataset as the At-

RootHydroIonome dataset.

5.3.2 Ionomic GWAS experimental types

As discussed in the introduction, biological processes governing how the plant accumu-

lates elements are not likely to be strictly independent in terms of the elements measured

by ICP-MS. To address this here, in addition to the 19 core elements and four elemen-

tal ratios, several other elemental outputs were calculated to address the possibility of

co-dependence which arise between elements. These alternative experimental types are

subsets or transformations of the original core elemental measurements accounting for

non-independence of the core elemental set. Each of the four above ionomics datasets (At-

SeedIonome, AtLeafIonome, AtLeafHydroIonome, AtRootHydroIonome) were evaluated in

four different GWAS experimental types. Motivation for each experimental type is briefly

described below.

Element GWAS

A set of 19 elements (As, B, Ca, Cd, Co, Cu, Fe, K, Li, Mg, Mn, Mo, Na, Ni, P, Rb, S, Se,

Zn) and four ratios (As:P, K:Na, K:Rb, and S:Se) represent the core plant ionome.

Log Element GWAS

Due to substantial non-linearity in elemental abundance (Brian Dilkes; personal corre-

spondence), elemental abundances were log transformed to account for instability of abun-

dances.

Elemental PCA GWAS

Principle components on elemental abundances were calculated as GWAS ’traits’ account-

ing for highly dependent elements. GWAS was performed on the top 18 PCAs.
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Transition metal PCA GWAS

Principle components were calculated using only transition metal abundances as GWAS

traits.

For each GWAS trait, a global significance threshold cutoff of 0.0001 was used as a

genome wide cutoff for significance. Systematic SNP effects due to a small number of

accessions in some of the GWAS were accounted for by removing sets of five or more

markers which had both identical p-values and beta values.

5.3.3 Diverse Arabidopsis tissue co-expression networks

Publicly available gene expression datasets from GEO

Publicly available gene expression data from the Gene Expression Omnibus (GEO) were

surveyed for experiments which examined environmental variation as well as stress re-

sponse and developmental time course for three different Arabidopsis tissues (leaf, seeds

and root) as well as a general purpose, multi-tissue dataset. 60 experimental series con-

taining micro-array expression datasets were used to create four different networks (See

table 5.1). Throughout the remainder of this chapter, networks will be referred to as: the

leaf tissue network (AtLeaf), the seed tissue network (AtSeed), the root tissue network

(AtRoot) and the general tissue network (AtGen).

GEO microarray data curation and co-expression network generation with

Camoco

Gene expression experiments downloaded from GEO, regardless of final network, were pre-

processed using a standard pipeline. All Arabidopsis gene expression data downloaded was

collected using the Affymetrix Arabidopsis ATH1 Genome Array (GPL198). Expression

data uploaded to GEO by original research groups are organized into experimental series,

designated by GEO Series (GSE) identifiers. GEO Series downloaded for each co-expression

network are shown in the tables below (Table 5.1). Experimental samples (GSM identifiers)

were extracted for each experimental series, and hand selected by sample description to

be included in each of co-expression networks (i.e. samples measuring expression in root



98

tissue to be included in root network).

Once a gene expression matrix (genes by samples) was generated, expression data was

passed through a quality control filter. Genes or experiments with more than 30% missing

data were removed from the dataset. After normalization, gene expression values were

log base 2 transformed and each experiment was quantile normalized per microarray best

practices [125].

High quality gene expression data was used to calculate co-expression networks using

Camoco (see Chapter 3 for details). Each network was assessed for signals of global health

and enrichment for known biological function using methods described in Sec. 3.2.1. Data

generation and global health are broken down by network in sub-sections below.

Network GSE Description

AtSeed GSE12404 Expression data from Arabidopsis Seed Compartments at 5 dis-

crete stages of development

GSE1051 Seed development in LEAFY COTYLEDON1 mutants

GSE11852 Effect of uniconazole on wt and pkl mutant germinating seeds

GSE5634 AtGenExpress: Developmental series (siliques and seeds)

AtGen GSE18975 Natural variation of auxin response

GSE39384 The AtGenExpress: Basic hormone treatment of seedlings in Ara-

bidopsis

GSE19271 Identification of circadian transcripts that are co-regulated with

[Ca2+]cyt

GSE5632 AtGenExpress: Developmental series (flowers and pollen)

GSE39385 The AtGenExpress: hormone inhibitor or other chemical treat-

ment of seedlings in Arabidopsis

GSE5630 AtGenExpress: Developmental series (leaves)

GSE15617 Uncovering the Arabidopsis thaliana nectary transcriptome: nec-

tary and reference tissues

GSE5617 AtGenExpress: Light treatments

Continued on next page
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Network GSE Description

GSE5686 AtGenExpress: Pathogen Series: Response to Erysiphe orontii

infection

GSE2473 Small RNA biogenesis mutants

GSE5633 AtGenExpress: Developmental series (shoots and stems)

GSE5620 AtGenExpress: Stress Treatments (Control plants)

GSE5628 AtGenExpress: Stress Treatments (Heat stress)

GSE5624 AtGenExpress: Stress Treatments (Drought stress)

GSE5626 AtGenExpress: Stress Treatments (UV-B stress)

GSE5621 AtGenExpress: Stress Treatments (Cold stress)

GSE5622 AtGenExpress: Stress Treatments (Osmotic stress)

GSE5623 AtGenExpress: Stress Treatments (Salt stress)

GSE5625 AtGenExpress: Stress Treatments (Genotoxic stress)

GSE5688 AtGenExpress: Response to sulfate limitation

AtLeaf GSE14578 Immunopurified mRNA-ribosome complexes expose cell-type spe-

cific plasticity during hypoxia in Arabidopsis

GSE5630 A multinational coordinated effort to uncover the transcriptome

of the multicellular model organism Arabidopsis thaliana.

GSE13739 Golovinomyces orontii time course with Col-0 and eds16-1

GSE5686 Response to Erysiphe orontii infection

GSE5615 AtGenExpress: Response to bacterial-(LPS, HrpZ, Flg22) and

oomycete-(NPP1) derived elicitors

GSE5620 AtGenExpress: Stress Treatments (Control plants)

GSE5628 AtGenExpress: Stress Treatments (Heat stress)

GSE5624 AtGenExpress: Stress Treatments (Drought stress)

GSE5626 AtGenExpress: Stress Treatments (UV-B stress)

GSE5621 AtGenExpress: Stress Treatments (Cold stress)

GSE5622 AtGenExpress: Stress Treatments (Osmotic stress)

GSE5623 AtGenExpress: Stress Treatments (Salt stress)

Continued on next page



100

Network GSE Description

GSE5625 AtGenExpress: Stress Treatments (Genotoxic stress)

GSE5688 AtGenExpress: Response to sulfate limitation

AtRoot GSE14578 Immunopurified mRNA-ribosome complexes expose cell-type spe-

cific plasticity during hypoxia in Arabidopsis

GSE46205 A spatiotemporal understanding of growth regulation during the

salt-stress response (Affymetrix)

GSE7631 Cell-specific nitrogen responses in the Arabidopsis root

GSE10576 Iron deficiency (-Fe) effect: Arabidopsis roots

GSE42007 A Kinetic Analysis of Auxin-mediated Changes in Transcript

Abundance in Arabidopsis Reveals New Mediators of Root Growth

and Development

GSE34130 Ecotype specific nitrogen responses in the Arabidopsis root

GSE21611 Oscillating gene expression determines competence for periodic

branching in the Arabidopsis root

GSE22966 A systemic view of coordinated root responses to NO3- heteroge-

neous environment in Arabidopsis

GSE7641 Expression analysis of root cell-types after treatment with salt

GSE5620 AtGenExpress: Stress Treatments (Control plants)

GSE8934 A high resolution organ expression map reveals novel expression

patterns and predicts cellular function

GSE5628 AtGenExpress: Stress Treatments (Heat stress)

GSE30095 Expression analysis of root cell types after treatment with low pH

GSE30097 Time-course expression analysis of the low pH (pH 4.6) response

in Arabidopsis whole roots

GSE5624 AtGenExpress: Stress Treatments (Drought stress)

GSE5626 AtGenExpress: Stress Treatments (UV-B stress)

GSE5749 A gene expression map of the Arabidopsis root

GSE5621 AtGenExpress: Stress Treatments (Cold stress)

Continued on next page
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Network GSE Description

GSE5622 AtGenExpress: Stress Treatments (Osmotic stress)

GSE5623 AtGenExpress: Stress Treatments (Salt stress)

GSE5625 AtGenExpress: Stress Treatments (Genotoxic stress)

GSE5688 AtGenExpress: Response to sulfate limitation

Table 5.1: GEO experiments used to compose Arabidop-

sis co-expression networks. Network were composed from

datasets downloaded from each GEO Series (GSE). Descrip-

tions of each dataset provide an overall explanation of the

experimental type.

AtLeaf: Arabidopsis leaf tissue network

Fourteen GEO series encompassing 153 distinct microarray experiments were used to build

a gene expression matrix and co-expression network as described above. Experiments

included datasets designed to capture expression variation in response to inoculation[126];

cell-type plasticity[127]; global transcription [50]; heat, cold, drought, UV-B, osmotic, salt,

genotoxic stresses [50]; and sulfate limitation [49]. Fig. 5.1 shows network health metrics

indicate the AtLeaf network contains biological information with a 10.6 fold enrichment of

significantly co-expressed GO terms (bootstrapped p-value ≤ 0.05; n=100 bootstraps).

AtSeed: Arabidopsis seed tissue network

One hundred and fifty one experiments from four GEO series capturing transcriptional

variation in the seeds were identified and downloaded from the gene expression omnibus.

Biological variation targetd by these experiments include 5 discrete stages of develop-

ment [128]; seed development in cotyledon mutants [129]; uniconazole treatment [130] and

developmental series [131]. Fig. 5.2 shows network health indicates an expected trun-

cated power-law degree distribution and shows an 11.5 fold enrichment for significantly

co-expressed GO terms (bootstrapped p-value ≤ 0.05; n=100 bootstraps).
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Figure 5.1: Arabidopsis AtLeaf Network Health.

AtRoot: Arabidopsis root tissue network

Twenty two Root tissue experimental series were identified on the gene expression omnibus

encompassing 302 individual experiments. Experiments targeted high level biological pro-

cesses related to hypoxia [127]; salt-stress [132]; nitrogen response [133]; iron deficiency

[134]; auxin-mediation [135]; nitrogen ecotypes [136]; root-branching [137]; response to ni-

trate [138]; salt reposone [134]; organ expression [139]; low-pH [140]; root architecture [141];

sulfate limitations [49]; and heat, drought, UV-B, cold, osmotic, salt, and genotoxic stresses

[50]. Fig. 5.3 shows network health statistics show a 12.9 fold enrichment for co-expressed

GO terms and a degree distribution which follows a truncated power-law (bootstrapped

p-value ≤ 0.05; n=100 bootstraps).
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Figure 5.2: Arabidopsis AtSeed Network Health.

AtGen: Arabidopsis general tissue network

GEO was surveyed for experimental series related to general transcriptional response in

various arabidopsis organs and tissues. Twenty series encompassing 459 individual mi-

croarray experiments were downloaded. Experiments examined transcriptional response

to various conditions including: auxin response [142]; hormonal treatment [49]; circadian

rhythm [143]; development of flowers and seeds [50]; nectary response [144]; small RNA

biogenesis [145]; and various stress treatments [50]. Fig. 5.4 shows network health indicates

a 12.7 fold enrichment for GO terms (bootstrapped p-value ≤ 0.05; n=100 bootstraps) and

an expected truncated power-law degree distribution.
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Figure 5.3: Arabidopsis AtRoot Network Health.

5.3.4 Global comparison shows functional differences between tissue net-

works

Whole network level statistics show that each of the four networks have expected distri-

butions as compared to previously studied biological networks (i.e. Gaussian, uni-modal

Z-score distributions; scale free degree distributions and GO term enrichment) [73]. How-

ever, comparison of individual interaction strength between pairs of genes varies widely

between the four networks indicated that interactions within each network contain distinct

biological information which is consistent with previously reported cross-network compar-

isons (Chapter 2) [60]. Since interaction scores from each network are Z-score normalized,

pairwise gene interactions between networks are directly cross-comparable. Fig. 5.5 shows

a cross reference between each combination of the four Arabidopsis networks using both a
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Figure 5.4: Arabidopsis AtGen Network Health.

targeted and non-targeted approach.

In a functionally non-targeted approach, direct comparison of all interactions between

genes present in both networks were made for each combination of network sources. Com-

parisons show global differences between any two networks, often with edges having Z ≥ 5

in one network and Z ≤ 1 in the other (Fig. 5.5; Upper Triangular). Global differences also

tended to be more extreme for positively co-expressed edges versus negative edges. Direct

edge comparisons, however, ignore larger network structure and the possibility that genes

often act as sets within a biological pathway or function.

These interactions can also be compared in a targeted, annotation driven manner by

examining curated sets of genes. Differences in global network structure were also observed

for sets of genes which have previously been found to be involved in a well characterized
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Figure 5.5: Global cross comparison of Arabidopsis tissue networks. Gene network sources

are shown on the figure diagonal. The sub-plot upper triangular shows density of individual

gene Z-score interactions stratified by network source. The sub-plot lower diagonal shows

aggregated z-score interaction densities of co-annotated genes within GO terms broken

down by network.
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biological processes. While average edge densities for genes in Gene Ontologies (GO) were

generally found to be above background in many cases, Z-scores were often much higher

in one network relative to another (Fig. 5.5; Lower Triangular).

These comparisons are consistent with observations made in previous chapters (Sec.

2.3.2) where we show that networks built from genotypically diverse expression data versus

networks built from a gene expression tissue atlas capture many of the same interactions

among co-annotated terms, however many terms are specific to a single network. Gene

expression in specific tissues could result in drastically different patterns of co-expression

among genes within different biological processes based on the context in which the net-

works were built. These results suggest that not only is there global differences in edges

between networks, but also differences in interactions among sets of biologically coherent

sets of genes.

5.3.5 Trends in SNP to gene mapping parameters

The results generated from genome wide associations studies are SNPs that are highly

associated with a trait of interest. As discussed in previous chapters (Chapter 3.3.1),

SNPs associated with traits of interest require SNP to gene mapping rules mainly due to

linkage disequilibrium and causal variation in cis-regulatory regions. With reference gene

model annotations, Camoco implements SNP to gene mapping tools which can quickly

generate a set of candidate genes from GWAS output using a window based approach.

Briefly, windows are defined around each SNP. Overlapping windows are collapsed into

’effective’ SNPs retaining the SNP with the strongest association. Candidate genes are

then identified by taking flanking genes on either side of the collapsed SNP. Here, we

systematically explore the two parameters in SNP to gene mapping, candidate window size

and flanking gene limit, on the arabidopsis ionome GWAS results introduced in Sec. 5.3.1.

A distinct linear relationship exists between the number of collapsed SNPs which are

discovered at a given window size and the number of candidate genes identified at a given

flanking gene limit (Fig. 5.6). In Sec. 3.3.1, we discuss that, in general, increasing the

window size reduces the number of collapsed loci due to non-random clustering of SNPs

throughout the genome, and thus overlapping SNP windows. Illustrating this empirically,

in Fig. 5.6 we see that the domain of values on the X-axis, showing the number of collapsed
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SNPs, is greater at larger window sizes compared to smaller window sizes. Additionally,

we see that doubling the number of flanking genes does not correspond to a doubling

of candidate genes. However, an increase of flanking genes does change the slope in the

relationship between collapsed SNPs and candidate genes. Increasing the flanking gene

limit also has a much greater effect in larger candidate window sizes due to the availability

to more candidate genes within windows.

While SNP to gene mapping is necessary to identify causal genes tagged by nearby

SNPs, it also substantially increases the number of false-positives candidate genes within a

network. As shown in 5.6, the number of candidate genes identified using various SNP to

gene mappings is often twice as large as the number of collapsed SNPs. However, if SNP to

gene mappings are too strict, long distance causal genes such as those discussed in Sec. 3.3.1

can be potentially missed. To control for too many false positives, we evaluate functional

overlap between candidate genes identified by SNP to gene mapping using network density

and locality (see Sec. 3.3.1 and Sec. 3.3.1).

Trends in which SNP to gene parameters identify significant sub-network density do not

follow a discernible set of global rules. There is not a single set of parameters that reliably

discovers significant densities in all 71 GWAS. However, on a local level, sets of experiments

with sufficient overlap between GWAS and co-expression display several patterns in either

decay or detection of signal when SNP to gene parameters are varied. For example, Fig.

5.7 shows p-values of network density for PCAs 1-18 in the AtLeafIonome GWA study and

AtGen co-expression network. Several trends are observed: PCA1 shows a strong signal

that is only degraded at the most lenient SNP to gene mapping; overlap is strong despite

adding considerable noise by increasing the flanking gene limit and window size. PCA 14

shows an example where a strong overlap signal is found only at the 20kb window size

and to a lesser extent 50kb and only at a flanking gene limit of 1. Increased co-expression

density in PCA15 always degrades when 5 flanking genes are included while in PCA16 the

signal is only detected at the most permissive parameter settings of 20kb and 50kb with 5

flanking genes. For PCA18, a single parameter combination (20kb; 1 flank) shows a density

bootstrap significance p≤0.05, which may reflect a false positive given the large number of

combinations tested here. Finally, PCA9 perhaps shows a nearly ideal case where signal

is detected using the strictest parameter set, 10kb and 1 flanking genes, and decays to
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random density as you loosen parameter values. Network statistics such as density are

sensitive to strongly connected sub-networks and detection of significant patterns of signal

can be found.

The fact that there are relatively subtle global trends in which SNP to gene mapping

parameters perform the best suggests that for any given element, these parameters should

be explored. Even at 3 different window sizes and 3 different flanking gene limits, sig-

nificant overlap was almost never ubiquitously observed. We discuss in Sec. 3.3.1 that

while different parameter settings were used, there is considerable overlap between actual

gene sets being pulled out at any given parameter setting meaning that actual candidate

genes identified at, for instance, 10kb versus 20kb have considerable overlap. Candidate

genes identified by the SNP to gene mapping rules are instead a function of gene density

at loci identified by GWAS which our simple parameter system fails to capture. While

this is true, our bootstrapping model heavily relies on simple SNP to gene mapping in

order to be computationally tractable – especially when bootstrapping tens of thousands

of experiments.

There are several reasons why signal might only be observed at more lenient SNP to

gene mapping parameters. The initial steps in mapping SNPs to genes collapses SNPs

with overlapping windows. It is possible that the causal gene within this locus, tagged by

the collapsed SNP, is only included once a larger candidate window or a higher number of

flanking genes is considered. It is also possible that linkage disequilibrium (LD) within these

regions is high. LD decays, on average, within 50kb [146] in Arabidopsis so SNPs might

be tagging genes which are relatively far away. Finally, SNPs could be tagging variation

in regulatory regions which are not in the causal genes themselves. So while the gene

included in co-expression network is the putative functional gene, the GWAS will identify

the regulatory region potentially thousands of base pairs upstream [147]. In general, SNP

to gene mapping rules introduces a high amount of false positives, however unpredictable

global trends makes parameter exploration necessary. In many cases, significant network

density is not discovered until larger parameters values are explored.
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Figure 5.6: Number of candidate genes identified by SNP to gene mapping parameters.

SNPs associated with element GWAS were mapped to genes using three different windows

sizes and flanking gene limits. Each point shows the relation between the number of total

collapsed SNPs associated with a GWAS term and the accompanying number of candidate

genes.
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Figure 5.7: Network density p-values for AtLeafIonome PCAs at various SNP to gene

mapping values.

5.4 Density identifies AtGen network as strong source of

GWAS overlap

Overlap between a GWAS dataset and a co-expression network was systematically evalu-

ated by evaluating the density of genes pulled out by loci found to be associated with an

element via GWAS (See Sec. 3.3.1 and Sec. 3.4 for details). Briefly, windows are defined

around GWAS SNPs and a maximum number of flanking candidate genes are extracted

both upstream and downstream of the SNP. Once candidate genes are defined co-expression

density is calculated and compared to randomized, bootstrapped sets of candidate genes

(n=100 bootstraps). These metrics are taken systematically for all 71 elemental traits in

every pairwise combination of all four GWAS experiments with all four networks for 6

different SNP to gene mapping parameters totaling 10,045 individual density analyses.

Due to the sheer number of experiments, the following discussion will focus on several
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Figure 5.8: Number of significant GWAS traits in each co-expression network. GWAS

experiments are broken down by four major trait types and then by co-expression network.

Columns show SNP to gene mapping window parameters of 10kb, 20kb and 50kb with 1,2

and 5 maximum flanking genes. Heatmap color values indicate the number of significant

traits in the respective GWAS trait types with yellow values indicating aggregate total

values per column.

aggregated levels of analysis. Similar to the global and local evaluation of SNP to gene

mapping parameters, summaries can be composed to evaluate density at different levels.

Fig. 5.8 examines overlap at the highest level summarizing overlap between each set of

GWAS experiments (Sec. 5.3.1) and each co-expression network (Sec. 5.3.3). The fade-

out gradient on the right hand side of the Fig. 5.8 signifies a transition towards Fig. 5.9

which focuses on only the elemental GWAS experimental set. Here overlap is broken down

by each co-expression network and GWAS tissue type. Fig. 5.9 has a similar transition

towards Fig. 5.10 which breaks down overlap of a single network (AtGen) with a single
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GWAS set (AtSeedIonome) for each element.

Measuring aggregate density across different networks in each of the four major trait

types shows a consistent performance in the AtGen network identifying overlap between

trait GWAS datasets and co-expression networks. Fig. 5.8 shows the total number of

significant GWAS traits for each GWAS type defined in Sec. 5.3.1. Values are broken

down by co-expression network as well as by SNP to gene mapping parameter. Since a

trait can vary in overlap significance based on which SNP to gene mapping parameters

are used, and to make comparisons unambiguous, a single GWAS experiment and the

corresponding genes identified by a particular set of SNP to gene mapping parameters is

referred to as a GWAS term (see Sec. 3.3.1). The AtGen network identifies substantially

more overlap in elemental, log-abundance GWAS, and PCA trait types. This is true even

across varying SNP to gene mapping parameters. In the most extreme case 23 terms had

significant overlap between the Element GWAS set and the AtGen network (at 500kb and

5 flanking genes). Aggregate values here include GWAS performed across all the tissues,

which can be further broken down by evaluating which ionome GWAS experiments were

contributing to overlap. Fig. 5.9 shows the number of significant GWAS terms for only the

elemental trait type.

Figure 5.9 shows the number of significant elemental GWAS overlap with each co-

expression network as assessed by bootstrapping. Significant overlap for each GWAS by

network comparison was evaluated at three different candidate window sizes and three

different flanking genes limits. In terms of GWAS density, the AtGen network captures

significantly more elements than any other network. However, in most cases multiple

elements show significant overlap between ionome GWAS and at least one co-expression

network. There are also many cases where there is no strong evidence that GWAS and

networks overlap at all. In the most extreme cases, the AtGen network with window sizes

and flanking limits of 50kb and 5 genes discovers the greatest total amount of overlap (23

terms). We can, again, further expand elemental traits in the AtGen network by evaluating

how elements within, for example the AtSeedIonome, are represented across different SNP

to gene mapping parameters.

Density for elements in the AtGen network and the AtSeedIonome GWAS show various

local trends similar to those seen above in PCAs (Sec. 5.3.5). KRb and Mo appear to
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Figure 5.9: Significant density between elemental GWAS and co-expression networks. Row

values indicate number of significant elemental GWAS traits overlapping with co-expression

network. Columns show SNP to gene mapping window sizes of 10kb,20kb, and 50kb and

flanking gene limits of 1,2 and 5 genes. Heat map colors indicate magnitude with yellow

showing aggregated totals over each column.

be robust to varying SNP to gene mapping parameters. As, Ca, Fe, Ni, and Se all are

examples of elements which do not have significant overlap at 10kb/1-flanking genes and

instead require less stringent SNP to gene mappings in order to discover significant overlap.

In contrast, Rb, S and B are elements which lose significant density once SNP to gene

mappings parameters are relaxed.

Considering the overlap between AtGen and AtSeedIonome for all candidates across

potential SNP to gene mappings, 15 elements had at least one SNP to gene parameter

combination that discovered dense sub-networks, 11 of which were identified at 50kb/5-

flanking genes. While this parameter setting discovers the most overlap across elements,
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Figure 5.10: Network density p-values for each element in the overlap between the AtGen

co-expression network and the AtSeedIonome. Green values highlight overlap where p ≤
0.05.

there are other important factors that must be considered.

As shown, network density is robust against noise introduced by adding additional

flanking genes. With the exception of Li, elements found to have dense sub-networks

at 50kb/5-flanking genes are also significant at more stringent SNP to gene mappings

suggesting that the true subset of genes driving overlap detected by density can be detected

without including unnecessary false positives. This becomes important in downstream

analyses when considering candidate gene lists; while 50kb and 5 genes captures the most

terms overall, other parameter combinations should also be explored in order to capture

more subtle trends. As Fig. 5.6 shows, at smaller window sizes, the difference in number

of candidate genes between flanking limit parameters is much less than at larger window

sizes.

Network density identifies clear signal in detecting overlap between GWAS experiments

and co-expression networks, especially in this case with the AtGen co-expression network.

While density is sensitive in detecting overlap, it fails to identify which genes in the sub-

network are the best candidate genes. In the next section, I discuss identifying highly
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likely candidate genes using network locality. We further examine the impact of window

size and flanking limit have on identifying individual candidates over aggregate statistics

like density.

5.4.1 Network Locality discovers highly likely candidate genes in Ni and

Mo.

While sub-network level statistics like density are sensitive to finding non-random overlap

between genes identified by GWAS and co-expression modules, they fail to pinpoint the

specific gene(s) within the sub-network that are responsible for the significant signal. A

complementary metric described in Sec. 3.3.7 which we call network locality identifies genes

within a sub-network that have high connectivity to other genes associated with the trait

of interest relative to their interactions with other genes within a network. Using locality,

we are able to define a gene level false discovery rate (FDR; described in depth in 3.3.7)

and identify highly local genes at a specific threshold based off bootstrapping. Below, I

use network locality to identify highly local genes at an FDR cutoff of 50% related to Ni

(nickel) and Mo (molybdenum), identifying candidate genes in each of the four networks.

Network Locality was calculated for Mo and Ni in combination for all four ionome

GWAS experiments and four co-expression networks using previously discussed SNP to

gene mapping parameter settings summarized in Fig. 5.11. At an FDR threshold of 50%,

between 4 and 57 genes are discovered for Mo and between 8 and 89 are discovered for

Ni. In general, for Mo, strong signal for multiple parameter settings are found in the

AtLeafHydroIonome and AtLeafIonome in the AtGen network. Interestingly, local genes

are discovered in the AtRootHydroIonome GWAS and AtLeaf network which complements

the hypotheses introduced in Sec. 5.2.1 suggesting an ionomic link between roots and

vegetative tissue. Locality signal is strong for Ni in the AtGen network, thought subtle

signal was found in many GWAS by network comparisons. The strongest signal is found

in the AtRootHydroIonome and the AtRoot network, which is the only comparison which

is found at all three SNP to gene mapping parameter sets.

Though signal here is subtle, identifying the genes which are contributing to overlap

between GWAS and co-expression networks is important. Here, using network locality we

are able to identify a manageable set of candidates to follow up on. While FDR rates are
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Figure 5.11: Arabidopsis Sub-network locality for Mo and Ni at a 50% FDR cutoff. Network

locality for both Mo and Ni in each of the four ionome GWAS and four co-expression

networks. Columns show locality calculated among genes identified at various window

sizes (10kb, 20kb, and 50kb) and flanking gene limits (1,2 and 5). Green values are shaded

by magnitude.
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high, in some cases 50%, candidate gene lists are small enough that additional, annotation

based follow up analyses can be performed. Previously, we discussed that potentially up to

5% of the genome could ultimately be involved in elemental accumulation in arabidopsis

[101] of which a handful of examples have been explored and characterized mechanistically.

Functional validation is time-consuming and expensive. The systematic integration of co-

expression networks with GWAS data enables us to rapidly establish a putative functional

context around genes identified by GWAS. Even if a fraction of the genes controlling the

ionome is discernible through co-expression networks, the potential discovery of new sets of

genes controlling the ionome could substantially increase our understanding of the ionome

and focus follow-up studies.

5.5 Conclusion

In this chapter, we built and analyzed a suite of data related to the plant ionome in

Arabidopsis. Using methods we developed in previous chapters to examine the maize

ionome, we scale up these methods to evaluate the arabidopsis ionome using four different

ionome GWAS experiments and four co-expression networks built from different tissue

specific datasets.

We show that each co-expression network is enriched for interactions between genes

previously known to be functionally related. Comparing networks to one another, we show

that related co-expression between networks is consistent with comparisons made between

co-expression networks in previous chapters (Sec. 2.3.2). While co-expression networks

capture many of the same biological processes as defined by the Gene Ontology (GO), they

also capture GO terms specific to a single network.

Comparing sets of genes associated with the arabidopsis ionome systematically across

the different networks we find that, overall, the AtGen network is the most robust in

the number of dense sub-networks identified. Complementary to network density, locality

identifies lists of candidate genes which are likely involved in elemental accumulation. These

candidate gene lists provide ample opportunity to further identify genes that modulate the

plant ionome.



Chapter 6

Conclusion and Discussion

It is an exciting time to study the genetics of agricultural species. Most crop species have

a rich history of scientific study, but due to complex and diverse genomes, we have only

recently been able to examine these species on a molecular level. In particular, maize

has transitioned through many different generations of technological paradigm shifts. In

many cases, maize blazed the trail in terms of cutting edge approaches. For instance,

transposable elements were discovered in maize by Barbara McClintock in the middle of

the twentieth century[148], foreshadowing later understanding of genome fluidity within

maize and of its susceptibility to rearrangement and transposition. Similar to the theory

of modern day maize’s descent from teosinte, the proposed existence of transposon activity

was initially met with criticism within the genetics community. The role of transposable

elements eventually became widely accepted and helped shape the fields of epigenetics

and, along with it, the idea that gene expression is a complex and dynamic system where

many factors can contribute to an organisms phenotype. These same genetic properties

that make maize an interesting biological system, in many cases, also make it difficult to

quantitatively study. The same highly repetitive regions resulting from interesting genomic

phenomena such as high transposon activity also make the genome difficult to sequence,

even using the latest technologies. As discussed in Chapter 1, many of the complexities in

the organization of the maize genome structure, as with other domesticated species, were

key components of why they were able to be domesticated and integral to modern day

agriculture [4].

119
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The rapid advance in sequencing technologies, not just in agricultural but in all species,

has set the stage for surveying massive amounts of DNA sequence in a variety of individ-

uals on a scale that is unprecedented. This amazing technological achievement is often

compared to the well known electrical engineering throughput measure known as Moore’s

law. This ’law’ states that, industrial output of the number of transistors which fit in the

same area will double roughly every two years. This is directly translatable to consumer

market phenomenon where personal and desktop computers soon become obsolete after

buying them. Genome sequencing has historically followed a similar trend, the number

of nucleotides capable of being sequenced has been growing exponentially [149]. However,

largely due to the adoption of next generation sequencing technologies, the rate at which

we are now capable of generating DNA sequence greatly outpaces the growing capabilities

of computational systems [150]. This departure in scale of our ability to generate data

versus the computational power needed to analyzed it means that efficient, targeted com-

putational approaches will become even more important as new biological data is being

generated.

Throughout this dissertation, we systematically integrate and analyze high throughput

datasets currently being generated in maize and in the model plant arabidopsis. Chapter

2 and Chapter 3 establish a foundation for integrating gene expression data with GWAS

in the form of novel computational frameworks; both COB as well as Camoco were inte-

gral in robustly analyzing the many combinations of comparisons that can be made both

within and between datasets. In addition to establishing a general purpose co-expression

browser, Chapter 2 also establishes a basic framework for understanding what the relation-

ships within a co-expression network fundamentally mean, and how they can be related to

one another. We use functional annotations to compare and contrast gene co-expression

networks built from two very different sources of biological variation. Many Gene Ontology

(GO) terms were equally represented by both the ’genotype’ as well as the ’developmen-

tal’ network, however, we see distinct GO terms that only captured by one co-expression

network. The biological context from which a network is built largely determines the

interpretation behind the interactions among genes in the network. While general pur-

pose datasets built by concatenating together many experimental contexts initially seem

promising, we show that context specific networks are an important tool for interpreting
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relationships among functionally related genes – especially those which are targeted by ex-

periments such as GWAS. This result is confirmed again later, in Chapter 4, where we find

that candidate genes related to elemental accumulation show marginal network structure

in either the ZmPAN and ZmSAM networks. Only when we include the ZmRoot network,

a tissue context where we know elemental accumulation has previously been characterized,

do we see statistically significant density between genes identified by GWAS.

The necessity of separate gene co-expression networks for separate biological contexts

further facilitates the need for specialized, through extensible, tools for dataset integration

and analysis. Throughout the development of Camoco, we encountered several technical

as well as biological considerations that affected downstream analysis and interpretations.

Camoco, thus, has a strong focus on data quality control and offers a suite of tools that are

important in order to properly interpret possible biological ramifications. Simple quality

checks presented in Chapter 3 quickly detect various technical anomalies present in input

datasets such as abnormal network degree distributions or obvious signs of technical bias

in global expression heatmaps. These quality checks are utilized throughout chapters 4

and 5 and used to quickly and efficiently built networks from many different biological

contexts. We directly address other biological considerations such as handing cases where

presence/absence variation (PAV) could potentially create spurious co-expression interac-

tions. We also provide extensive infrastructure to perform SNP to candidate gene mapping,

which we found in Chapter 5 has significant effects on detecting signal using network den-

sity and locality. This, in particular, has proven to be unanticipated factor in detecting

overlap between GWAS and co-expression networks. The high number of SNPs identified

by NAM GWAS is warranted due to previously demonstrated [31] statistical properties of

the approach. But, as shown extensively here, many times overlap between GWAS and

gene co-expression networks is not observed until SNP to gene mapping parameters are

relaxed to include many times up to 5 flanking genes. While window based approaches

that rely on arbitrary parameters are not ideal, there are several reasons why we have

taken this approach here. First, there are clear cases where there are not enough other

regions of the genome that, for instance, have massive regions of LD. If SNPs reside in

these regions with relatively unique LD structure, bootstrap sampling will repeatedly sam-

ple a small set of genes negating the effects of repeated sampling. If our approach is to be
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extensible, the rules for SNP to gene mapping need to be simple. Second, window based

approaches are computationally fast. The statistical significance of overlap between GWAS

and co-expression relies on quickly bootstrapping random sets of genes, which a window

based model enables. However, given these design decisions, in both the case of maize and

arabidopsis, SNP to gene mapping parameter settings were extensively explored and final

parameters were chosen based on both prior knowledge of each species gene density as well

as average linkage disequilibrium decay throughout the genome. Future work in this area

should focus on developing robust, data-driven SNP to gene mapping approaches which

leverage a calculated LD window around GWAS SNPs. These computational considera-

tions discussed above are non-trivial and were major considerations when developing the

software implementing the core functionality in Camoco.

In Chapter 5, the scalability of Camoco was tested by comparing over 10,000 combi-

nations of GWAS and co-expression network using the plant model Arabidopsis thaliana.

Each of the over 10,000 combinations included hundreds of network bootstraps demon-

strating the practicality of the Camoco framework. Multiple tissue GWAS datasets, the

availability of tissue specific gene expression datasets, and the scalability of the Camoco

framework, here, enabled us to test an important hypothesis which has been long standing

in the ionomics community – specifically, where in the plant elemental accumulation oc-

curs. This hypothesis parallels results discovered in Chapter 4 comparing the maize kernel

ionome and root co-expression network, in that we find that the context in which the net-

work was built, again, has a significant impact. We see the AtGen network, which captures

variation across different arabidopsis tissues, captures co-expression among genes identi-

fied by GWAS better, overall, than the other networks. We also find cases where GWAS

identifies genes associated with elemental accumulation one tissue which are significantly

co-expressed in another tissue. We note, that while the AtGen network is not necessarily

tissue specific, it does capture variation across tissues and is able to detect tissue specific

signal that may not be detectable in any of the tissue specific networks, which are mainly

composed of tissue specific stress response experiments. Future work should focus on ro-

bustly identifying sources of expression variation, similar to analysis performed in Chapter

2 where we identified samples which were driving patterns of co-expression in the genotype
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clusters versus the developmental clusters. Furthermore, in arabidopsis, co-expression net-

works built from genotypically diverse individuals were not, to our knowledge, available

and not included here. Given the performance of genotypically diverse, tissue specific net-

works in maize, including these types of data in future arabidopsis ionomics analysis could

prove to be helpful.

From our analysis, it is clear that there are non-random overlaps between genes identi-

fied by GWAS and genes that exhibit co-expression, at least for a subset of traits. While the

network density based approach robustly detects overlap between GWAS and co-expression,

network locality identifies individual candidate genes which are high priority targets for

further validation. This step is integral in our approach. SNP to gene mapping introduces

a large amount of false positives but it is highly unlikely that these genes will have sig-

nificant network structure with a large amount of genes in the network, which is a metric

identified by locality. When used together, network density and locality, can be used to

identify a small subset of high priority genes. In Chapter 4 we discuss several reasons why

density and locality may not always agree, especially where locality finds fewer cases of

overlap between GWAS and co-expression. In the future, extending or explicitly combining

the density and locality metrics to include the cases discussed in previous chapters could

streamline analysis and increase the number of high priority candidate genes in terms that

exhibit significant density.

In addition to further characterizing the datasets we examine here, countless datasets

in other agricultural species could be examined. Genome wide association studies de-

scribing the genetic architecture of important traits are now being routinely performed in

many species which, until very recently, had modest to no genetic tools. These data cou-

pled with functional information from RNA-Seq based co-expression networks can rapidly

and efficiently establish functional contexts for any species. Also the opportunity exists

to explicitly combine similar data across different species in a unified, orthology based

framework exploiting species with better annotated genomes or with available gene edit-

ing technology. Here, we establish a robust way to quickly detect high priority candidate

genes for important traits within species just entering a genomics era. We also contribute

an analysis framework designed to utilize genomic data being generated in agricultural
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species and to be both scalable as well as modular. In implementing Camoco, we identi-

fied several biological considerations which are built into the analysis (such as trans-only

co-expression). However, Camoco is also structured such that components are modular

and additional strategies can easily be integrated, for instance a SNP to gene mapping

approach which integrates linkage disequilibrium.

Throughout this dissertation, we propose and implement a computational framework

that integrates next generation sequencing based data types and discovers high priority

candidate genes. Using Camoco, we are able to analyze and compare large amounts of

data in a robust and reproducible way. As examples in elemental accumulation show,

many genes were identified for follow up analysis and validation. There is still much to

be done in order to identify the genes, and their contexts, underlying agronomic traits.

However, the work described here establishes a robust framework from which we are now

able to begin to understand and interpret the foundations that explain the genetics of

complex, agronomically important traits.
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Yunes. Sugar levels modulate sorbitol dehydrogenase expression in maize. Plant

molecular biology, 68(3):203–13, 10 2008.

[82] Julio Ramirez, Nathalie Bolduc, Damon Lisch, and Sarah Hake. Distal expression of

knotted1 in maize leaves leads to reestablishment of proximal/distal patterning and

leaf dissection. Plant physiology, 151(4):1878–88, 12 2009.



138

[83] Nathalie Bolduc, Alper Yilmaz, Maria Katherine Mejia-Guerra, Kengo Morohashi,

Devin O’Connor, Erich Grotewold, and Sarah Hake. Unraveling the knotted1 regu-

latory network in maize meristems. Genes & development, 26(15):1685–90, 8 2012.

[84] J E Fowler and M Freeling. Genetic analysis of mutations that alter cell fates in

maize leaves: dominant liguleless mutations. Developmental genetics, 18(3):198–222,

1 1996.

[85] Toshi Foster, Judy Yamaguchi, Bryan C Wong, Bruce Veit, and Sarah Hake. Gnarley1

is a dominant mutation in the knox4 homeobox gene affecting cell shape and identity.

The Plant Cell, 11(7):1239, 7 1999.

[86] P. W. Becraft and M. Freeling. Genetic analysis of rough sheath1 developmental

mutants of maize. Genetics, 136(1):295–311, 1 1994.
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Appendix A

Appendix for Chapter 2

A.1 Raw Expression Data and Co-expression Networks

Raw expression values were obtained directly from sources mentioned in Swanson-Wagner

et al. [41] and Sekhon et al. [42]. Briefly, custom NimbleGen arrays captured expression

profile for 18,242 CGH filtered genes which were aligned to the B73 reference genome.

Expression matrices were used to generate profile correlations for both the developmental

networks and genotype networks by calculating the Pearson correlation coefficient between

each pair of gene expression profiles in each instance. Calculations were performed using

the Sleipnir C++ library [43]. To facilitate comparisons across networks, we applied the

Fisher Z transformation to both correlation matrices. Z-transformed values were then

normalized by dividing by the standard deviation in order to obtain an approximately

standard normal distribution, making scores comparable across networks.

A.2 Analysis of Enrichment for Genetic Variation Underly-

ing Genotype Network Clusters

Because genetic variation across the diverse set of maize lines could possibly result in the

appearance of co-expression in the genotype network, we analyzed the connection between

clustering in this network and genetic variation. We used data derived from comparative

genomic hybridization (CGH) on the same set of lines use to build the genotype network

147
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[28]. First, any probe with low CGH signal in 3 or more lines was filtered from consideration

in the expression analysis, which resulted in a total of 46,167 remaining probes measuring

expression in 18,242 genes (1-4 probes per gene) for co-expression analysis. Using the

clusters described in this manuscript, we further assessed if any clusters were enriched for

genes showing copy number or presence/absence variation (CNV) in the CGH data, which

revealed that 3 of 21 genotype network clusters had enrichment for genes with CNV (p ¡

0.05). The genes in these clusters were then analyzed for concordance between the pattern

of CNV and the expression profile across the lines. Specifically, the expression values

for genotypes that exhibited low CGH signal relative to the B73 reference in more than

50% of the CNV-associated genes in that cluster were evaluated for decreased expression.

Each genotype’s average expression across the genes in the cluster was compared with

the average in other genotypes to compute a Z-score measuring the difference from the

average genotype for this cluster as well as its rank relative to all other genotypes (low

rank corresponds to low expression). 2 of the 21 clusters exhibited both enrichment for

CNV genes and exhibited at least moderate concordance between the expression profile

and CNV profile. Even in these cases, only a minority of genes within each cluster had a

CNV. The results from these analyses are presented in Table S6 in File S1.

A.3 Gene Ontology, MapMan Enrichment, and Functional

Annotations

Annotations for GO (release 4a.53) and MapMan (Zm GENOM RELEASE 09.txt) were down-

loaded from http://ftp.maizesequence.org/release-4a.53/functional_annotations/

and http://mapman.gabipd.org/web/guest/mapmanstore respectively. Using all pos-

sible interactions in each network, all pair-wise interactions between genes within the

same annotation were compared to the network background which had a standard nor-

mal distribution using the Z test. Significance was assigned to terms based on Bonfer-

roni corrected p-value of ≤ 0.05. Points were plotted as Genotype vs. Developmen-

tal (Figure 1) in order to visualize network specificity in each annotation for both GO

and MapMan. Functional annotations defined by mutant analysis downloaded from ftp:

//maizesequence.org/release-5a/functional-annotations/.

http://ftp.maizesequence.org/release-4a.53/functional_annotations/
http://mapman.gabipd.org/web/guest/mapmanstore
ftp://maizesequence.org/release-5a/functional-annotations/
ftp://maizesequence.org/release-5a/functional-annotations/
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A.4 Global Features and Cluster Discovery

The top 100,000 edges in both networks were chosen based on rendering constraints (∼10-

20% total significant edges) to extract the most prominent network features. These most

significant edges were used in a spring-embedded layout algorithm implemented in the

graph visualization program Cytoscape to generate a global network layout [26]. This

algorithm provides an intuitive view of the global-scale features of the network. 19 devel-

opmental and 21 genotype clusters were chosen visually; gene lists can be found in Table S2

in File S1. The Markov Cluster Algorithm (MCL) was also used to generate sub-networks

systematically [27]. MCL inflation parameters were run at level of 1.2, 1.4, 1.6, and 2.

Visually striking clusters were compared to MCL clusters with inflation parameter of 1.4

which provided sub-networks similar in size to those chosen visually shown in Tables S3

and S4 in File S1.

A.5 Cluster Functional Enrichment

Clusters derived above were examined for functional enrichment using both Gene Ontology

(GO) and MapMan (MM). Enrichment was assessed under the null expectation that co-

expression among genes which are non-functional would be at background levels. Co-

expression was assessed between genes within gene sets and compared to background co-

expression using the Z-test (as the correlation data were previously Z-transformed and

normalized, the expected distribution is standard normal if there is no correlation structure

present):

Z =
X̄ − E(X)

σ(X)/
√
N

(A.1)

A.6 Cluster Heat Maps

Raw gene expression data was extracted for each gene within a cluster. Log fold expres-

sion ratios for each gene were normalized by subtracting the gene averages then dividing
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by the standard deviation for each cluster. Yellow values show negative mean log fold

deviation from cluster average and blue shows positive deviation. Hierarchical clustering

was performed on the samples used in each network (tissues/time-points for developmental

network and genotype for the genotype network) using the heatmap.2 package in R.

A.7 COB: The Co-expression Browser

The COB system consists of an event-driven client side interface implemented in html/javascript

and PHP coupled to a database-driven backend using JSON and AJAX. The underlying

raw and thresholded co-expression values were stored in a MySQL database for easy access

via COB (Figure S3). Tables were optimized to return co-expression results by index-

ing co-expression interactions using B-Trees as implemented within MySQL. The COB

database and web portal are served from a Solaris based webserver running SunOS 5.10

with Dual Core Intel Xeon(R) 2.53GHz CPUs and 80G of RAM. Information is passed

from the client to the server using AJAX and the network is represented graphically using

the Cytoscape Web library [44]. The code is publicly available under the MIT software

license and can be downloaded by directly visiting the website. COB is actively being

developed in a separate experimental branch while a stable version can always be accessed

at http://csbio.cs.umn.edu/cob.

A.8 Network Degree Distribution Analysis

Degree for each gene was calculated at a significance cutoff of Z ≥ 3. Degree cumulative

distribution functions were calculated and plotted using the python package ’powerlaw’

[45]. To account for logarithmic binning of degree, best fit complementary CDF curves for

power law, exponential, and truncated power law were plotted for each network. Candi-

date distributions were all compared using the ’Fit.distribution compare’ function in the

powerlaw package, which reports log likelihood ratios between the two candidate functions.

Results from this analysis can be found in Figure S4.
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A.9 QTL candidate Discovery

Genetic coordinates for leaf angle SNPs and QTL were extracted from Table S3 from Tian

et al. [37]. QTL support intervals were imputed to AGP positions based on known physical

positions of flanking NAM markers. COB was queried for genes which lie within the QTL

support regions each for leaf angle, length and width in addition to bait genes: lg1, lg2,

lg3 and lg4. Genes co-expressed with bait genes were characterized based on their known

ontological functions, proximity to known leaf architecture SNPs and known arabidopsis

orthologs.

A.9.1 Acknowledgements

We acknowledge Ivan Baxter and Owen Hoekenga for their feedback in developing and

refining several of the features of the COB database.
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Figure A.1: Normalization of pairwise correlation values. Histograms show pre- and post-

normalized values for all pairwise interactions in genotype and developmental networks.

Distributions are approximately normal, with the exception of heavy tails reflecting corre-

lation structure among genes, and Z-score transformed distributions are comparable across

networks.
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Figure A.2: Comparison of gene sets in genotype and developmental network. Different

starting sets of genes were used in the two experiments of which only 13,514 genes over-

lapped (A). Gene which retained at least a single significant co-expressed interaction are

considered depending on whether the entire gene set was used (C) or only the union of the

two data sets were considered (B). Similarly, corresponding edges were considered based on

if they were calculated with all common genes (D), retained common genes (E), or simply

all genes (F).



154

Figure A.3: COB database schema. COB Database schema showing relationships among

datatypes used in COB. Tables were designed both for query speed as well as optimized

for large insertions.
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Figure A.4: Network degree distributions and assessment of fit to candidate distributions.

Degree distributions were assessed in each network individually at an edge significance

cutoff of Z ≥ 3. Best fit lines for each distribution were plotted with degree against the

probability of observing a degree larger than X. Bins were logarithmically spaced in order

to control for the heavy tail. Loglikelihood ratios are inset comparing fits of different heavy

tailed distributions commonly observed in other networks. Positive ratios reflect a higher

likelihood of the first listed distribution.
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Appendix for Chapter 3

B.1 Supplementary Data

B.1.1 Full SNP to Gene Mapping Candidates

Term WindowSize FlankLimit SNPs/Collapsed/Genes

100 Kernel weight 50kb 1 918/545/588

100 Kernel weight 50kb 2 918/545/852

100 Kernel weight 50kb 5 918/545/990

100 Kernel weight 100kb 1 918/439/629

100 Kernel weight 100kb 2 918/439/965

100 Kernel weight 100kb 5 918/439/1259

100 Kernel weight 500kb 1 918/237/457

100 Kernel weight 500kb 2 918/237/877

100 Kernel weight 500kb 5 918/237/1846

Anthesis-silking interval 50kb 1 942/579/593

Anthesis-silking interval 50kb 2 942/579/823

Anthesis-silking interval 50kb 5 942/579/935

Anthesis-silking interval 100kb 1 942/478/653

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Anthesis-silking interval 100kb 2 942/478/1008

Anthesis-silking interval 100kb 5 942/478/1308

Anthesis-silking interval 500kb 1 942/252/490

Anthesis-silking interval 500kb 2 942/252/940

Anthesis-silking interval 500kb 5 942/252/1914

Avg. internode length (AE†) 50kb 1 1214/721/706

Avg. internode length (AE†) 50kb 2 1214/721/946

Avg. internode length (AE†) 50kb 5 1214/721/1070

Avg. internode length (AE†) 100kb 1 1214/588/745

Avg. internode length (AE†) 100kb 2 1214/588/1117

Avg. internode length (AE†) 100kb 5 1214/588/1419

Avg. internode length (AE†) 500kb 1 1214/319/604

Avg. internode length (AE†) 500kb 2 1214/319/1149

Avg. internode length (AE†) 500kb 5 1214/319/2323

Avg. internode length (BE‡) 50kb 1 1607/1061/988

Avg. internode length (BE‡) 50kb 2 1607/1061/1381

Avg. internode length (BE‡) 50kb 5 1607/1061/1571

Avg. internode length (BE‡) 100kb 1 1607/868/1147

Avg. internode length (BE‡) 100kb 2 1607/868/1775

Avg. internode length (BE‡) 100kb 5 1607/868/2293

Avg. internode length (BE‡) 500kb 1 1607/371/707

Avg. internode length (BE‡) 500kb 2 1607/371/1334

Avg. internode length (BE‡) 500kb 5 1607/371/2728

Avg. internode length (WP ∗) 50kb 1 1431/873/839

Avg. internode length (WP ∗) 50kb 2 1431/873/1165

Avg. internode length (WP ∗) 50kb 5 1431/873/1320

Avg. internode length (WP ∗) 100kb 1 1431/723/964

Avg. internode length (WP ∗) 100kb 2 1431/723/1471

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Avg. internode length (WP ∗) 100kb 5 1431/723/1889

Avg. internode length (WP ∗) 500kb 1 1431/340/637

Avg. internode length (WP ∗) 500kb 2 1431/340/1235

Avg. internode length (WP ∗) 500kb 5 1431/340/2561

BCT leaf angle 50kb 1 1429/804/766

BCT leaf angle 50kb 2 1429/804/1048

BCT leaf angle 50kb 5 1429/804/1189

BCT leaf angle 100kb 1 1429/639/869

BCT leaf angle 100kb 2 1429/639/1321

BCT leaf angle 100kb 5 1429/639/1682

BCT leaf angle 500kb 1 1429/306/587

BCT leaf angle 500kb 2 1429/306/1116

BCT leaf angle 500kb 5 1429/306/2269

Chlorophyll A 50kb 1 377/240/258

Chlorophyll A 50kb 2 377/240/357

Chlorophyll A 50kb 5 377/240/419

Chlorophyll A 100kb 1 377/208/307

Chlorophyll A 100kb 2 377/208/468

Chlorophyll A 100kb 5 377/208/615

Chlorophyll A 500kb 1 377/135/263

Chlorophyll A 500kb 2 377/135/499

Chlorophyll A 500kb 5 377/135/1071

Chlorophyll B 50kb 1 435/245/256

Chlorophyll B 50kb 2 435/245/361

Chlorophyll B 50kb 5 435/245/411

Chlorophyll B 100kb 1 435/198/285

Chlorophyll B 100kb 2 435/198/461

Chlorophyll B 100kb 5 435/198/609

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Chlorophyll B 500kb 1 435/109/212

Chlorophyll B 500kb 2 435/109/409

Chlorophyll B 500kb 5 435/109/893

Cob diameter 50kb 1 912/589/600

Cob diameter 50kb 2 912/589/832

Cob diameter 50kb 5 912/589/956

Cob diameter 100kb 1 912/497/666

Cob diameter 100kb 2 912/497/1015

Cob diameter 100kb 5 912/497/1296

Cob diameter 500kb 1 912/273/516

Cob diameter 500kb 2 912/273/984

Cob diameter 500kb 5 912/273/1998

Days to anthesis 50kb 1 1431/851/890

Days to anthesis 50kb 2 1431/851/1240

Days to anthesis 50kb 5 1431/851/1433

Days to anthesis 100kb 1 1431/707/1003

Days to anthesis 100kb 2 1431/707/1540

Days to anthesis 100kb 5 1431/707/1983

Days to anthesis 500kb 1 1431/343/665

Days to anthesis 500kb 2 1431/343/1274

Days to anthesis 500kb 5 1431/343/2601

Days to silk 50kb 1 1236/755/789

Days to silk 50kb 2 1236/755/1080

Days to silk 50kb 5 1236/755/1254

Days to silk 100kb 1 1236/639/883

Days to silk 100kb 2 1236/639/1357

Days to silk 100kb 5 1236/639/1753

Days to silk 500kb 1 1236/331/639

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Days to silk 500kb 2 1236/331/1227

Days to silk 500kb 5 1236/331/2500

Ear height 50kb 1 1661/914/908

Ear height 50kb 2 1661/914/1284

Ear height 50kb 5 1661/914/1462

Ear height 100kb 1 1661/747/1030

Ear height 100kb 2 1661/747/1588

Ear height 100kb 5 1661/747/2038

Ear height 500kb 1 1661/324/624

Ear height 500kb 2 1661/324/1196

Ear height 500kb 5 1661/324/2479

Ear row number 50kb 1 1114/665/645

Ear row number 50kb 2 1114/665/908

Ear row number 50kb 5 1114/665/1037

Ear row number 100kb 1 1114/553/716

Ear row number 100kb 2 1114/553/1118

Ear row number 100kb 5 1114/553/1438

Ear row number 500kb 1 1114/270/506

Ear row number 500kb 2 1114/270/977

Ear row number 500kb 5 1114/270/2058

Fructose 50kb 1 245/136/143

Fructose 50kb 2 245/136/196

Fructose 50kb 5 245/136/228

Fructose 100kb 1 245/118/162

Fructose 100kb 2 245/118/251

Fructose 100kb 5 245/118/334

Fructose 500kb 1 245/85/167

Fructose 500kb 2 245/85/323

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Fructose 500kb 5 245/85/670

Fumarate 50kb 1 58/44/48

Fumarate 50kb 2 58/44/77

Fumarate 50kb 5 58/44/91

Fumarate 100kb 1 58/42/60

Fumarate 100kb 2 58/42/102

Fumarate 100kb 5 58/42/139

Fumarate 500kb 1 58/27/52

Fumarate 500kb 2 58/27/100

Fumarate 500kb 5 58/27/223

Glucose 50kb 1 363/243/228

Glucose 50kb 2 363/243/324

Glucose 50kb 5 363/243/370

Glucose 100kb 1 363/210/269

Glucose 100kb 2 363/210/411

Glucose 100kb 5 363/210/554

Glucose 500kb 1 363/131/254

Glucose 500kb 2 363/131/474

Glucose 500kb 5 363/131/916

Glutamate 50kb 1 259/151/173

Glutamate 50kb 2 259/151/252

Glutamate 50kb 5 259/151/309

Glutamate 100kb 1 259/126/191

Glutamate 100kb 2 259/126/311

Glutamate 100kb 5 259/126/428

Glutamate 500kb 1 259/68/135

Glutamate 500kb 2 259/68/260

Glutamate 500kb 5 259/68/593

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Height AE† 50kb 1 1104/633/633

Height AE† 50kb 2 1104/633/886

Height AE† 50kb 5 1104/633/1028

Height AE† 100kb 1 1104/531/744

Height AE† 100kb 2 1104/531/1147

Height AE† 100kb 5 1104/531/1501

Height AE† 500kb 1 1104/287/546

Height AE† 500kb 2 1104/287/1059

Height AE† 500kb 5 1104/287/2205

Height per day (until flowering) 50kb 1 1277/750/747

Height per day (until flowering) 50kb 2 1277/750/1021

Height per day (until flowering) 50kb 5 1277/750/1164

Height per day (until flowering) 100kb 1 1277/635/834

Height per day (until flowering) 100kb 2 1277/635/1286

Height per day (until flowering) 100kb 5 1277/635/1646

Height per day (until flowering) 500kb 1 1277/315/604

Height per day (until flowering) 500kb 2 1277/315/1152

Height per day (until flowering) 500kb 5 1277/315/2342

Leaf length 50kb 1 1156/735/727

Leaf length 50kb 2 1156/735/1018

Leaf length 50kb 5 1156/735/1177

Leaf length 100kb 1 1156/629/848

Leaf length 100kb 2 1156/629/1311

Leaf length 100kb 5 1156/629/1680

Leaf length 500kb 1 1156/336/639

Leaf length 500kb 2 1156/336/1241

Leaf length 500kb 5 1156/336/2586

Leaf width 50kb 1 1351/767/817

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Leaf width 50kb 2 1351/767/1122

Leaf width 50kb 5 1351/767/1283

Leaf width 100kb 1 1351/638/887

Leaf width 100kb 2 1351/638/1382

Leaf width 100kb 5 1351/638/1760

Leaf width 500kb 1 1351/324/615

Leaf width 500kb 2 1351/324/1196

Leaf width 500kb 5 1351/324/2443

Malate 50kb 1 276/173/182

Malate 50kb 2 276/173/261

Malate 50kb 5 276/173/308

Malate 100kb 1 276/146/208

Malate 100kb 2 276/146/344

Malate 100kb 5 276/146/454

Malate 500kb 1 276/95/183

Malate 500kb 2 276/95/353

Malate 500kb 5 276/95/764

Nitrate 50kb 1 494/271/279

Nitrate 50kb 2 494/271/414

Nitrate 50kb 5 494/271/503

Nitrate 100kb 1 494/218/308

Nitrate 100kb 2 494/218/491

Nitrate 100kb 5 494/218/679

Nitrate 500kb 1 494/110/214

Nitrate 500kb 2 494/110/415

Nitrate 500kb 5 494/110/921

Nodes AE† 50kb 1 1070/657/673

Nodes AE† 50kb 2 1070/657/931

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Nodes AE† 50kb 5 1070/657/1075

Nodes AE† 100kb 1 1070/559/754

Nodes AE† 100kb 2 1070/559/1179

Nodes AE† 100kb 5 1070/559/1510

Nodes AE† 500kb 1 1070/289/556

Nodes AE† 500kb 2 1070/289/1071

Nodes AE† 500kb 5 1070/289/2233

Nodes per plant 50kb 1 1547/877/886

Nodes per plant 50kb 2 1547/877/1243

Nodes per plant 50kb 5 1547/877/1433

Nodes per plant 100kb 1 1547/719/969

Nodes per plant 100kb 2 1547/719/1489

Nodes per plant 100kb 5 1547/719/1939

Nodes per plant 500kb 1 1547/335/645

Nodes per plant 500kb 2 1547/335/1240

Nodes per plant 500kb 5 1547/335/2528

Nodes to ear 50kb 1 1417/777/747

Nodes to ear 50kb 2 1417/777/1050

Nodes to ear 50kb 5 1417/777/1198

Nodes to ear 100kb 1 1417/633/821

Nodes to ear 100kb 2 1417/633/1273

Nodes to ear 100kb 5 1417/633/1612

Nodes to ear 500kb 1 1417/304/577

Nodes to ear 500kb 2 1417/304/1098

Nodes to ear 500kb 5 1417/304/2223

Northern Leaf Blight 50kb 1 977/565/570

Northern Leaf Blight 50kb 2 977/565/803

Northern Leaf Blight 50kb 5 977/565/918

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Northern Leaf Blight 100kb 1 977/460/652

Northern Leaf Blight 100kb 2 977/460/1022

Northern Leaf Blight 100kb 5 977/460/1313

Northern Leaf Blight 500kb 1 977/221/431

Northern Leaf Blight 500kb 2 977/221/837

Northern Leaf Blight 500kb 5 977/221/1821

Metabolites: PC1 50kb 1 261/152/164

Metabolites: PC1 50kb 2 261/152/229

Metabolites: PC1 50kb 5 261/152/256

Metabolites: PC1 100kb 1 261/131/199

Metabolites: PC1 100kb 2 261/131/318

Metabolites: PC1 100kb 5 261/131/411

Metabolites: PC1 500kb 1 261/69/131

Metabolites: PC1 500kb 2 261/69/254

Metabolites: PC1 500kb 5 261/69/548

Metabolites: PC2 50kb 1 562/366/356

Metabolites: PC2 50kb 2 562/366/503

Metabolites: PC2 50kb 5 562/366/579

Metabolites: PC2 100kb 1 562/320/420

Metabolites: PC2 100kb 2 562/320/654

Metabolites: PC2 100kb 5 562/320/850

Metabolites: PC2 500kb 1 562/181/340

Metabolites: PC2 500kb 2 562/181/654

Metabolites: PC2 500kb 5 562/181/1342

Photoperiod GDD∗∗ to silk 50kb 1 678/432/406

Photoperiod GDD∗∗ to silk 50kb 2 678/432/572

Photoperiod GDD∗∗ to silk 50kb 5 678/432/661

Photoperiod GDD∗∗ to silk 100kb 1 678/366/482

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Photoperiod GDD∗∗ to silk 100kb 2 678/366/746

Photoperiod GDD∗∗ to silk 100kb 5 678/366/952

Photoperiod GDD∗∗ to silk 500kb 1 678/199/378

Photoperiod GDD∗∗ to silk 500kb 2 678/199/724

Photoperiod GDD∗∗ to silk 500kb 5 678/199/1478

Photoperiod GDD∗∗ to anthesis 50kb 1 680/457/432

Photoperiod GDD∗∗ to anthesis 50kb 2 680/457/580

Photoperiod GDD∗∗ to anthesis 50kb 5 680/457/646

Photoperiod GDD∗∗ to anthesis 100kb 1 680/399/522

Photoperiod GDD∗∗ to anthesis 100kb 2 680/399/793

Photoperiod GDD∗∗ to anthesis 100kb 5 680/399/988

Photoperiod GDD∗∗ to anthesis 500kb 1 680/227/438

Photoperiod GDD∗∗ to anthesis 500kb 2 680/227/840

Photoperiod GDD∗∗ to anthesis 500kb 5 680/227/1746

Plant height 50kb 1 1638/905/871

Plant height 50kb 2 1638/905/1197

Plant height 50kb 5 1638/905/1363

Plant height 100kb 1 1638/723/972

Plant height 100kb 2 1638/723/1469

Plant height 100kb 5 1638/723/1867

Plant height 500kb 1 1638/356/690

Plant height 500kb 2 1638/356/1315

Plant height 500kb 5 1638/356/2680

Protein 50kb 1 240/133/126

Protein 50kb 2 240/133/175

Protein 50kb 5 240/133/197

Protein 100kb 1 240/120/158

Protein 100kb 2 240/120/245

Continued on next page
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Protein 100kb 5 240/120/301

Protein 500kb 1 240/80/152

Protein 500kb 2 240/80/295

Protein 500kb 5 240/80/605

Ratio of ear height:total height 50kb 1 1388/832/841

Ratio of ear height:total height 50kb 2 1388/832/1179

Ratio of ear height:total height 50kb 5 1388/832/1349

Ratio of ear height:total height 100kb 1 1388/687/983

Ratio of ear height:total height 100kb 2 1388/687/1546

Ratio of ear height:total height 100kb 5 1388/687/1980

Ratio of ear height:total height 500kb 1 1388/306/592

Ratio of ear height:total height 500kb 2 1388/306/1142

Ratio of ear height:total height 500kb 5 1388/306/2362

Southern leaf blight 50kb 1 1275/766/756

Southern leaf blight 50kb 2 1275/766/1055

Southern leaf blight 50kb 5 1275/766/1205

Southern leaf blight 100kb 1 1275/631/827

Southern leaf blight 100kb 2 1275/631/1281

Southern leaf blight 100kb 5 1275/631/1660

Southern leaf blight 500kb 1 1275/315/607

Southern leaf blight 500kb 2 1275/315/1160

Southern leaf blight 500kb 5 1275/315/2371

Stalk strength 50kb 1 685/467/494

Stalk strength 50kb 2 685/467/700

Stalk strength 50kb 5 685/467/793

Stalk strength 100kb 1 685/396/556

Stalk strength 100kb 2 685/396/884

Stalk strength 100kb 5 685/396/1158
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Stalk strength 500kb 1 685/223/437

Stalk strength 500kb 2 685/223/843

Stalk strength 500kb 5 685/223/1810

Starch 50kb 1 624/413/433

Starch 50kb 2 624/413/638

Starch 50kb 5 624/413/752

Starch 100kb 1 624/346/484

Starch 100kb 2 624/346/796

Starch 100kb 5 624/346/1091

Starch 500kb 1 624/190/370

Starch 500kb 2 624/190/712

Starch 500kb 5 624/190/1505

Sucrose 50kb 1 239/163/190

Sucrose 50kb 2 239/163/264

Sucrose 50kb 5 239/163/308

Sucrose 100kb 1 239/142/218

Sucrose 100kb 2 239/142/337

Sucrose 100kb 5 239/142/450

Sucrose 500kb 1 239/84/163

Sucrose 500kb 2 239/84/313

Sucrose 500kb 5 239/84/647

Tassel branch number 50kb 1 1591/829/845

Tassel branch number 50kb 2 1591/829/1200

Tassel branch number 50kb 5 1591/829/1389

Tassel branch number 100kb 1 1591/658/902

Tassel branch number 100kb 2 1591/658/1394

Tassel branch number 100kb 5 1591/658/1819

Tassel branch number 500kb 1 1591/314/607
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Term WindowSize FlankLimit SNPs/Collapsed/Genes

Tassel branch number 500kb 2 1591/314/1160

Tassel branch number 500kb 5 1591/314/2405

Tassel length 50kb 1 1464/832/857

Tassel length 50kb 2 1464/832/1209

Tassel length 50kb 5 1464/832/1386

Tassel length 100kb 1 1464/708/996

Tassel length 100kb 2 1464/708/1543

Tassel length 100kb 5 1464/708/1983

Tassel length 500kb 1 1464/328/637

Tassel length 500kb 2 1464/328/1235

Tassel length 500kb 5 1464/328/2637

Total amino acids 50kb 1 679/388/402

Total amino acids 50kb 2 679/388/569

Total amino acids 50kb 5 679/388/660

Total amino acids 100kb 1 679/321/444

Total amino acids 100kb 2 679/321/686

Total amino acids 100kb 5 679/321/919

Total amino acids 500kb 1 679/182/347

Total amino acids 500kb 2 679/182/669

Total amino acids 500kb 5 679/182/1391

Table B.1: Three windows sizes (50kb, 100kb, 500kb) and

three flanking genes limits (1,2,5) were used to collapse SNPs

with overlapping windows and extract flanking candidate

genes in 10 traits from Wallace et al. Abbreviations: AIL-

Average Internode Length; BCT-Boxcox-transformed; AE†-

Above Ear; BE‡-Below Ear; WP ∗-Whole Plant; GDD∗∗-

Growing Degree Days.
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B.1.2 Full Network Densities for Candidate Loci identified by Wallace

et al.

Term WindowSize FlankLimit ZmPAN ZmSAM

100 Kernel weight 50kb 1 0.34 0.66

100 Kernel weight 50kb 2 0.36 0.90

100 Kernel weight 50kb 5 0.52 0.95

100 Kernel weight 100kb 1 0.14 0.10

100 Kernel weight 100kb 2 0.26 0.42

100 Kernel weight 100kb 5 0.40 0.51

100 Kernel weight 500kb 1 0.74 0.70

100 Kernel weight 500kb 2 0.79 0.85

100 Kernel weight 500kb 5 1.00 1.00

Anthesis-silking interval 50kb 1 0.20 0.72

Anthesis-silking interval 50kb 2 0.55 0.91

Anthesis-silking interval 50kb 5 0.86 0.94

Anthesis-silking interval 100kb 1 0.68 0.92

Anthesis-silking interval 100kb 2 0.95 0.74

Anthesis-silking interval 100kb 5 0.99 0.83

Anthesis-silking interval 500kb 1 0.77 0.92

Anthesis-silking interval 500kb 2 0.92 0.52

Anthesis-silking interval 500kb 5 0.50 0.17

Average internode length (AE†) 50kb 1 0.43 0.57

Average internode length (AE†) 50kb 2 0.85 0.41

Average internode length (AE†) 50kb 5 0.87 0.27

Average internode length (AE†) 100kb 1 0.34 0.31

Average internode length (AE†) 100kb 2 0.60 0.14

Average internode length (AE†) 100kb 5 0.77 0.09

Average internode length (AE†) 500kb 1 0.25 0.67

Average internode length (AE†) 500kb 2 0.20 0.56
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Term WindowSize FlankLimit ZmPAN ZmSAM

Average internode length (AE†) 500kb 5 0.65 0.44

Average internode length (BE‡) 50kb 1 0.48 0.22

Average internode length (BE‡) 50kb 2 0.94 0.27

Average internode length (BE‡) 50kb 5 0.99 0.47

Average internode length (BE‡) 100kb 1 0.16 0.11

Average internode length (BE‡) 100kb 2 0.66 0.24

Average internode length (BE‡) 100kb 5 0.59 0.21

Average internode length (BE‡) 500kb 1 0.14 0.79

Average internode length (BE‡) 500kb 2 0.43 0.80

Average internode length (BE‡) 500kb 5 0.19 0.74

Average internode length (WP ∗) 50kb 1 0.83 0.81

Average internode length (WP ∗) 50kb 2 0.99 0.85

Average internode length (WP ∗) 50kb 5 1.00 0.78

Average internode length (WP ∗) 100kb 1 0.45 0.80

Average internode length (WP ∗) 100kb 2 0.81 0.67

Average internode length (WP ∗) 100kb 5 0.92 0.47

Average internode length (WP ∗) 500kb 1 0.32 0.72

Average internode length (WP ∗) 500kb 2 0.75 0.74

Average internode length (WP ∗) 500kb 5 0.46 0.48

BCT leaf angle 50kb 1 0.55 0.59

BCT leaf angle 50kb 2 0.76 0.68

BCT leaf angle 50kb 5 0.88 0.69

BCT leaf angle 100kb 1 0.71 0.93

BCT leaf angle 100kb 2 0.75 0.93

BCT leaf angle 100kb 5 0.85 0.93

BCT leaf angle 500kb 1 0.84 0.73

BCT leaf angle 500kb 2 0.72 0.54

BCT leaf angle 500kb 5 0.89 0.76
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Term WindowSize FlankLimit ZmPAN ZmSAM

Chlorophyll A 50kb 1 0.63 0.98

Chlorophyll A 50kb 2 0.60 0.86

Chlorophyll A 50kb 5 0.60 0.77

Chlorophyll A 100kb 1 0.70 0.86

Chlorophyll A 100kb 2 0.35 0.71

Chlorophyll A 100kb 5 0.29 0.45

Chlorophyll A 500kb 1 0.91 0.94

Chlorophyll A 500kb 2 0.40 0.94

Chlorophyll A 500kb 5 0.44 0.81

Chlorophyll B 50kb 1 0.52 0.86

Chlorophyll B 50kb 2 0.84 0.83

Chlorophyll B 50kb 5 0.78 0.74

Chlorophyll B 100kb 1 0.31 0.75

Chlorophyll B 100kb 2 0.65 0.93

Chlorophyll B 100kb 5 0.55 0.81

Chlorophyll B 500kb 1 0.28 0.80

Chlorophyll B 500kb 2 0.55 1.00

Chlorophyll B 500kb 5 0.28 0.89

Cob diameter 50kb 1 0.84 0.15

Cob diameter 50kb 2 0.88 0.30

Cob diameter 50kb 5 0.92 0.48

Cob diameter 100kb 1 0.57 0.12

Cob diameter 100kb 2 0.71 0.26

Cob diameter 100kb 5 0.90 0.44

Cob diameter 500kb 1 0.47 0.09

Cob diameter 500kb 2 0.15 0.09

Cob diameter 500kb 5 0.42 0.04

Days to anthesis 50kb 1 0.58 0.98

Continued on next page
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Term WindowSize FlankLimit ZmPAN ZmSAM

Days to anthesis 50kb 2 0.79 0.98

Days to anthesis 50kb 5 0.69 0.97

Days to anthesis 100kb 1 0.73 0.90

Days to anthesis 100kb 2 0.73 0.98

Days to anthesis 100kb 5 0.75 0.89

Days to anthesis 500kb 1 0.70 0.99

Days to anthesis 500kb 2 0.52 0.98

Days to anthesis 500kb 5 0.67 0.98

Days to silk 50kb 1 0.72 0.92

Days to silk 50kb 2 0.75 0.86

Days to silk 50kb 5 0.87 0.90

Days to silk 100kb 1 0.51 0.52

Days to silk 100kb 2 0.61 0.56

Days to silk 100kb 5 0.38 0.30

Days to silk 500kb 1 0.46 0.98

Days to silk 500kb 2 0.34 0.91

Days to silk 500kb 5 0.14 0.90

Ear height 50kb 1 0.85 0.91

Ear height 50kb 2 0.82 0.92

Ear height 50kb 5 0.95 0.86

Ear height 100kb 1 0.91 0.78

Ear height 100kb 2 0.82 0.91

Ear height 100kb 5 0.84 0.85

Ear height 500kb 1 0.68 0.86

Ear height 500kb 2 0.45 0.91

Ear height 500kb 5 0.76 0.72

Ear row number 50kb 1 0.89 0.91

Ear row number 50kb 2 0.76 0.91

Continued on next page



174

Term WindowSize FlankLimit ZmPAN ZmSAM

Ear row number 50kb 5 0.89 0.92

Ear row number 100kb 1 0.52 0.42

Ear row number 100kb 2 0.58 0.71

Ear row number 100kb 5 0.60 0.46

Ear row number 500kb 1 0.60 0.81

Ear row number 500kb 2 0.85 0.89

Ear row number 500kb 5 0.95 0.67

Fructose 50kb 1 0.46 0.86

Fructose 50kb 2 0.58 0.69

Fructose 50kb 5 0.59 0.68

Fructose 100kb 1 0.04 0.82

Fructose 100kb 2 0.05 0.59

Fructose 100kb 5 0.13 0.71

Fructose 500kb 1 0.15 0.77

Fructose 500kb 2 0.12 0.69

Fructose 500kb 5 0.65 0.80

Fumarate 50kb 1 0.54 0.47

Fumarate 50kb 2 0.40 0.62

Fumarate 50kb 5 0.51 0.89

Fumarate 100kb 1 0.82 0.47

Fumarate 100kb 2 0.60 0.38

Fumarate 100kb 5 0.78 0.18

Fumarate 500kb 1 0.42 0.30

Fumarate 500kb 2 0.35 0.39

Fumarate 500kb 5 0.54 0.84

Glucose 50kb 1 0.68 0.56

Glucose 50kb 2 0.92 0.43

Glucose 50kb 5 0.79 0.12
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Term WindowSize FlankLimit ZmPAN ZmSAM

Glucose 100kb 1 0.34 0.14

Glucose 100kb 2 0.64 0.12

Glucose 100kb 5 0.61 0.15

Glucose 500kb 1 0.26 0.30

Glucose 500kb 2 0.04 0.60

Glucose 500kb 5 0.47 0.90

Glutamate 50kb 1 0.47 0.06

Glutamate 50kb 2 0.53 0.12

Glutamate 50kb 5 0.43 0.04

Glutamate 100kb 1 0.38 0.38

Glutamate 100kb 2 0.55 0.11

Glutamate 100kb 5 0.53 0.05

Glutamate 500kb 1 0.22 0.05

Glutamate 500kb 2 0.59 0.31

Glutamate 500kb 5 0.62 0.14

Height AE† 50kb 1 0.94 0.77

Height AE† 50kb 2 0.96 0.88

Height AE† 50kb 5 0.94 0.61

Height AE† 100kb 1 0.62 0.89

Height AE† 100kb 2 0.24 0.97

Height AE† 100kb 5 0.36 0.96

Height AE† 500kb 1 0.12 0.80

Height AE† 500kb 2 0.01 0.82

Height AE† 500kb 5 0.38 0.93

Height per day (until flowering) 50kb 1 0.57 0.85

Height per day (until flowering) 50kb 2 0.64 0.99

Height per day (until flowering) 50kb 5 0.52 0.98

Height per day (until flowering) 100kb 1 0.32 0.57
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Term WindowSize FlankLimit ZmPAN ZmSAM

Height per day (until flowering) 100kb 2 0.78 0.96

Height per day (until flowering) 100kb 5 0.64 0.98

Height per day (until flowering) 500kb 1 0.11 0.65

Height per day (until flowering) 500kb 2 0.55 0.95

Height per day (until flowering) 500kb 5 0.85 0.91

Leaf length 50kb 1 0.25 0.67

Leaf length 50kb 2 0.60 0.76

Leaf length 50kb 5 0.78 0.61

Leaf length 100kb 1 0.03 0.49

Leaf length 100kb 2 0.25 0.43

Leaf length 100kb 5 0.54 0.48

Leaf length 500kb 1 0.13 0.63

Leaf length 500kb 2 0.46 0.88

Leaf length 500kb 5 0.85 0.89

Leaf width 50kb 1 0.23 0.87

Leaf width 50kb 2 0.70 0.90

Leaf width 50kb 5 0.80 0.94

Leaf width 100kb 1 0.11 0.82

Leaf width 100kb 2 0.46 0.97

Leaf width 100kb 5 0.82 0.94

Leaf width 500kb 1 0.12 0.64

Leaf width 500kb 2 0.67 0.90

Leaf width 500kb 5 0.96 0.98

Malate 50kb 1 0.68 0.72

Malate 50kb 2 0.67 0.80

Malate 50kb 5 0.83 0.89

Malate 100kb 1 0.88 0.88

Malate 100kb 2 0.77 0.76
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Term WindowSize FlankLimit ZmPAN ZmSAM

Malate 100kb 5 0.92 0.84

Malate 500kb 1 0.34 0.92

Malate 500kb 2 0.52 0.89

Malate 500kb 5 0.61 0.89

Nitrate 50kb 1 0.45 0.15

Nitrate 50kb 2 0.55 0.09

Nitrate 50kb 5 0.72 0.06

Nitrate 100kb 1 0.51 0.07

Nitrate 100kb 2 0.81 0.05

Nitrate 100kb 5 0.89 0.16

Nitrate 500kb 1 0.76 0.82

Nitrate 500kb 2 1.00 0.99

Nitrate 500kb 5 0.96 0.95

Nodes AE† 50kb 1 0.80 0.96

Nodes AE† 50kb 2 0.97 0.99

Nodes AE† 50kb 5 0.98 0.97

Nodes AE† 100kb 1 0.61 0.92

Nodes AE† 100kb 2 0.70 0.90

Nodes AE† 100kb 5 0.96 1.00

Nodes AE† 500kb 1 0.28 0.60

Nodes AE† 500kb 2 0.75 0.74

Nodes AE† 500kb 5 1.00 0.90

Nodes per plant 50kb 1 0.68 0.64

Nodes per plant 50kb 2 0.74 0.74

Nodes per plant 50kb 5 0.82 0.70

Nodes per plant 100kb 1 0.32 0.66

Nodes per plant 100kb 2 0.28 0.78

Nodes per plant 100kb 5 0.40 0.79
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Term WindowSize FlankLimit ZmPAN ZmSAM

Nodes per plant 500kb 1 0.51 0.78

Nodes per plant 500kb 2 0.09 0.73

Nodes per plant 500kb 5 0.36 0.86

Nodes to ear 50kb 1 0.96 0.34

Nodes to ear 50kb 2 0.96 0.12

Nodes to ear 50kb 5 0.99 0.07

Nodes to ear 100kb 1 0.94 0.29

Nodes to ear 100kb 2 0.98 0.33

Nodes to ear 100kb 5 0.98 0.47

Nodes to ear 500kb 1 0.68 0.96

Nodes to ear 500kb 2 0.54 0.98

Nodes to ear 500kb 5 0.80 0.99

Northern Leaf Blight 50kb 1 0.74 0.44

Northern Leaf Blight 50kb 2 0.88 0.33

Northern Leaf Blight 50kb 5 0.78 0.50

Northern Leaf Blight 100kb 1 0.36 0.52

Northern Leaf Blight 100kb 2 0.66 0.65

Northern Leaf Blight 100kb 5 0.59 0.81

Northern Leaf Blight 500kb 1 0.13 0.28

Northern Leaf Blight 500kb 2 0.34 0.22

Northern Leaf Blight 500kb 5 0.89 0.85

Metabolites: PC1 50kb 1 0.72 0.97

Metabolites: PC1 50kb 2 0.75 0.98

Metabolites: PC1 50kb 5 0.80 0.96

Metabolites: PC1 100kb 1 0.88 0.95

Metabolites: PC1 100kb 2 0.74 0.82

Metabolites: PC1 100kb 5 0.85 0.74

Metabolites: PC1 500kb 1 0.31 0.37
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Term WindowSize FlankLimit ZmPAN ZmSAM

Metabolites: PC1 500kb 2 0.15 0.07

Metabolites: PC1 500kb 5 0.33 0.67

Metabolites: PC2 50kb 1 0.90 0.81

Metabolites: PC2 50kb 2 0.86 0.82

Metabolites: PC2 50kb 5 0.81 0.79

Metabolites: PC2 100kb 1 0.85 0.88

Metabolites: PC2 100kb 2 0.86 0.91

Metabolites: PC2 100kb 5 0.91 0.90

Metabolites: PC2 500kb 1 0.68 0.96

Metabolites: PC2 500kb 2 0.65 1.00

Metabolites: PC2 500kb 5 0.97 1.00

Photoperiod GDD∗∗ to silk 50kb 1 0.32 0.70

Photoperiod GDD∗∗ to silk 50kb 2 0.79 0.64

Photoperiod GDD∗∗ to silk 50kb 5 0.80 0.64

Photoperiod GDD∗∗ to silk 100kb 1 0.23 0.63

Photoperiod GDD∗∗ to silk 100kb 2 0.62 0.84

Photoperiod GDD∗∗ to silk 100kb 5 0.58 0.74

Photoperiod GDD∗∗ to silk 500kb 1 0.44 0.87

Photoperiod GDD∗∗ to silk 500kb 2 0.92 0.76

Photoperiod GDD∗∗ to silk 500kb 5 0.79 0.92

Photoperiod GDD∗∗ to anthesis 50kb 1 0.65 0.19

Photoperiod GDD∗∗ to anthesis 50kb 2 0.27 0.28

Photoperiod GDD∗∗ to anthesis 50kb 5 0.30 0.30

Photoperiod GDD∗∗ to anthesis 100kb 1 0.22 0.29

Photoperiod GDD∗∗ to anthesis 100kb 2 0.19 0.16

Photoperiod GDD∗∗ to anthesis 100kb 5 0.24 0.03

Photoperiod GDD∗∗ to anthesis 500kb 1 0.04 0.09

Photoperiod GDD∗∗ to anthesis 500kb 2 0.03 0.11
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Term WindowSize FlankLimit ZmPAN ZmSAM

Photoperiod GDD∗∗ to anthesis 500kb 5 0.04 0.48

Plant height 50kb 1 0.83 0.72

Plant height 50kb 2 0.72 0.43

Plant height 50kb 5 0.91 0.53

Plant height 100kb 1 0.64 0.54

Plant height 100kb 2 0.85 0.42

Plant height 100kb 5 0.57 0.10

Plant height 500kb 1 0.68 0.68

Plant height 500kb 2 0.81 0.61

Plant height 500kb 5 0.86 0.62

Protein 50kb 1 0.61 0.69

Protein 50kb 2 0.73 0.63

Protein 50kb 5 0.81 0.78

Protein 100kb 1 0.67 0.55

Protein 100kb 2 0.36 0.59

Protein 100kb 5 0.42 0.52

Protein 500kb 1 0.62 0.74

Protein 500kb 2 0.46 0.52

Protein 500kb 5 0.27 0.67

Ratio of ear height:total height 50kb 1 0.92 0.92

Ratio of ear height:total height 50kb 2 0.78 0.88

Ratio of ear height:total height 50kb 5 0.70 0.94

Ratio of ear height:total height 100kb 1 0.37 0.69

Ratio of ear height:total height 100kb 2 0.02 0.88

Ratio of ear height:total height 100kb 5 0.03 0.94

Ratio of ear height:total height 500kb 1 0.09 0.63

Ratio of ear height:total height 500kb 2 0.27 0.88

Ratio of ear height:total height 500kb 5 0.94 0.97
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Term WindowSize FlankLimit ZmPAN ZmSAM

Southern leaf blight 50kb 1 0.72 0.93

Southern leaf blight 50kb 2 0.86 0.70

Southern leaf blight 50kb 5 0.82 0.72

Southern leaf blight 100kb 1 0.87 1.00

Southern leaf blight 100kb 2 0.98 0.90

Southern leaf blight 100kb 5 0.95 0.85

Southern leaf blight 500kb 1 0.80 0.87

Southern leaf blight 500kb 2 0.97 0.88

Southern leaf blight 500kb 5 1.00 0.96

Stalk strength 50kb 1 0.47 0.50

Stalk strength 50kb 2 0.42 0.76

Stalk strength 50kb 5 0.53 0.72

Stalk strength 100kb 1 0.45 0.78

Stalk strength 100kb 2 0.89 0.94

Stalk strength 100kb 5 0.96 0.73

Stalk strength 500kb 1 0.86 0.69

Stalk strength 500kb 2 1.00 0.62

Stalk strength 500kb 5 0.97 0.65

Starch 50kb 1 0.88 0.77

Starch 50kb 2 0.97 0.80

Starch 50kb 5 0.97 0.93

Starch 100kb 1 0.68 0.52

Starch 100kb 2 0.72 0.82

Starch 100kb 5 0.87 0.80

Starch 500kb 1 0.52 0.59

Starch 500kb 2 0.66 0.92

Starch 500kb 5 0.68 0.85

Sucrose 50kb 1 0.95 0.84
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Term WindowSize FlankLimit ZmPAN ZmSAM

Sucrose 50kb 2 0.89 0.69

Sucrose 50kb 5 0.77 0.66

Sucrose 100kb 1 0.98 0.82

Sucrose 100kb 2 0.92 0.58

Sucrose 100kb 5 0.89 0.52

Sucrose 500kb 1 0.96 0.95

Sucrose 500kb 2 0.80 0.87

Sucrose 500kb 5 0.89 0.85

Tassel branch number 50kb 1 0.80 0.54

Tassel branch number 50kb 2 0.94 0.62

Tassel branch number 50kb 5 0.97 0.18

Tassel branch number 100kb 1 0.61 0.85

Tassel branch number 100kb 2 0.74 0.63

Tassel branch number 100kb 5 0.57 0.32

Tassel branch number 500kb 1 0.29 0.44

Tassel branch number 500kb 2 0.52 0.88

Tassel branch number 500kb 5 0.44 0.91

Tassel length 50kb 1 0.63 0.56

Tassel length 50kb 2 0.48 0.65

Tassel length 50kb 5 0.41 0.56

Tassel length 100kb 1 0.63 0.67

Tassel length 100kb 2 0.67 0.76

Tassel length 100kb 5 0.41 0.88

Tassel length 500kb 1 0.72 0.57

Tassel length 500kb 2 0.91 0.41

Tassel length 500kb 5 0.78 0.35

Total amino acids 50kb 1 0.92 0.65

Total amino acids 50kb 2 0.90 0.56
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Term WindowSize FlankLimit ZmPAN ZmSAM

Total amino acids 50kb 5 0.94 0.30

Total amino acids 100kb 1 0.82 0.25

Total amino acids 100kb 2 0.92 0.37

Total amino acids 100kb 5 0.97 0.23

Total amino acids 500kb 1 0.70 0.69

Total amino acids 500kb 2 0.98 0.74

Total amino acids 500kb 5 0.98 0.52

Table B.2: Complete density overlap between Wallace et

al. and PAN genome/Tissue networks. Abbreviations: AIL-

Average Internode Length; BCT-Boxcox-transformed; AE†-

Above Ear; BE‡-Below Ear; WP ∗-Whole Plant; GDD∗∗-

Growing Degree Days.

B.1.3 Full Network Localities for Candidate Loci identified by Wallace

et al.

Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

100 Kernel

weight

ZmPAN 50kb 1 0 38 38 481

100 Kernel

weight

ZmPAN 50kb 3 0 59 59 821

100 Kernel

weight

ZmPAN 50kb 9 0 60 60 873

100 Kernel

weight

ZmPAN 200kb 1 0 0 7 428

100 Kernel

weight

ZmPAN 200kb 3 0 6 48 1156
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

100 Kernel

weight

ZmPAN 200kb 9 0 104 104 1687

100 Kernel

weight

ZmPAN 1Mb 1 0 0 2 206

100 Kernel

weight

ZmPAN 1Mb 3 0 51 51 719

100 Kernel

weight

ZmPAN 1Mb 9 0 106 106 1827

100 Kernel

weight

ZmSAM 50kb 1 0 0 2 361

100 Kernel

weight

ZmSAM 50kb 3 0 0 4 571

100 Kernel

weight

ZmSAM 50kb 9 0 0 5 624

100 Kernel

weight

ZmSAM 200kb 1 0 0 0 373

100 Kernel

weight

ZmSAM 200kb 3 0 0 2 818

100 Kernel

weight

ZmSAM 200kb 9 0 0 0 1022

100 Kernel

weight

ZmSAM 1Mb 1 0 3 3 180

100 Kernel

weight

ZmSAM 1Mb 3 0 0 0 511

100 Kernel

weight

ZmSAM 1Mb 9 0 13 13 1332

Anthesis-silking

interval

ZmPAN 50kb 1 0 0 0 440
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Anthesis-silking

interval

ZmPAN 50kb 3 0 4 4 713

Anthesis-silking

interval

ZmPAN 50kb 9 0 0 0 737

Anthesis-silking

interval

ZmPAN 200kb 1 0 8 8 437

Anthesis-silking

interval

ZmPAN 200kb 3 0 3 3 1068

Anthesis-silking

interval

ZmPAN 200kb 9 0 5 5 1445

Anthesis-silking

interval

ZmPAN 1Mb 1 0 6 6 253

Anthesis-silking

interval

ZmPAN 1Mb 3 0 0 0 698

Anthesis-silking

interval

ZmPAN 1Mb 9 14 14 14 1700

Anthesis-silking

interval

ZmSAM 50kb 1 0 0 2 349

Anthesis-silking

interval

ZmSAM 50kb 3 0 3 3 539

Anthesis-silking

interval

ZmSAM 50kb 9 0 3 3 556

Anthesis-silking

interval

ZmSAM 200kb 1 10 10 10 414

Anthesis-silking

interval

ZmSAM 200kb 3 0 0 2 825

Anthesis-silking

interval

ZmSAM 200kb 9 24 24 24 1103
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Anthesis-silking

interval

ZmSAM 1Mb 1 0 3 3 241

Anthesis-silking

interval

ZmSAM 1Mb 3 0 0 2 657

Anthesis-silking

interval

ZmSAM 1Mb 9 0 5 5 1436

AIL (AE†) ZmPAN 50kb 1 0 0 2 447

AIL (AE†) ZmPAN 50kb 3 0 0 0 749

AIL (AE†) ZmPAN 50kb 9 0 0 0 793

AIL (AE†) ZmPAN 200kb 1 0 11 11 558

AIL (AE†) ZmPAN 200kb 3 0 7 49 1346

AIL (AE†) ZmPAN 200kb 9 0 86 86 1893

AIL (AE†) ZmPAN 1Mb 1 0 4 4 263

AIL (AE†) ZmPAN 1Mb 3 0 0 0 879

AIL (AE†) ZmPAN 1Mb 9 0 0 0 2213

AIL (AE†) ZmSAM 50kb 1 0 0 0 385

AIL (AE†) ZmSAM 50kb 3 0 0 2 591

AIL (AE†) ZmSAM 50kb 9 0 3 3 619

AIL (AE†) ZmSAM 200kb 1 0 5 5 516

AIL (AE†) ZmSAM 200kb 3 0 5 5 1019

AIL (AE†) ZmSAM 200kb 9 0 0 0 1224

AIL (AE†) ZmSAM 1Mb 1 0 0 0 294

AIL (AE†) ZmSAM 1Mb 3 0 9 9 841

AIL (AE†) ZmSAM 1Mb 9 0 0 0 1803

AIL (BE‡) ZmPAN 50kb 1 0 8 40 717

AIL (BE‡) ZmPAN 50kb 3 0 65 65 1222

AIL (BE‡) ZmPAN 50kb 9 0 78 78 1309

AIL (BE‡) ZmPAN 200kb 1 0 0 43 796
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AIL (BE‡) ZmPAN 200kb 3 18 18 82 1892

AIL (BE‡) ZmPAN 200kb 9 0 111 111 2503

AIL (BE‡) ZmPAN 1Mb 1 0 0 0 289

AIL (BE‡) ZmPAN 1Mb 3 0 0 0 919

AIL (BE‡) ZmPAN 1Mb 9 24 24 24 2269

AIL (BE‡) ZmSAM 50kb 1 0 0 2 570

AIL (BE‡) ZmSAM 50kb 3 0 0 2 816

AIL (BE‡) ZmSAM 50kb 9 0 0 0 842

AIL (BE‡) ZmSAM 200kb 1 0 0 0 646

AIL (BE‡) ZmSAM 200kb 3 0 0 0 1332

AIL (BE‡) ZmSAM 200kb 9 0 0 2 1685

AIL (BE‡) ZmSAM 1Mb 1 0 0 0 252

AIL (BE‡) ZmSAM 1Mb 3 0 7 7 807

AIL (BE‡) ZmSAM 1Mb 9 0 0 0 1792

AIL (WP ∗) ZmPAN 50kb 1 0 42 42 694

AIL (WP ∗) ZmPAN 50kb 3 0 63 63 1091

AIL (WP ∗) ZmPAN 50kb 9 0 73 73 1160

AIL (WP ∗) ZmPAN 200kb 1 0 0 0 603

AIL (WP ∗) ZmPAN 200kb 3 0 6 51 1533

AIL (WP ∗) ZmPAN 200kb 9 23 90 90 2020

AIL (WP ∗) ZmPAN 1Mb 1 0 3 3 309

AIL (WP ∗) ZmPAN 1Mb 3 0 13 13 884

AIL (WP ∗) ZmPAN 1Mb 9 0 16 16 2205

AIL (WP ∗) ZmSAM 50kb 1 14 14 14 540

AIL (WP ∗) ZmSAM 50kb 3 0 0 2 690

AIL (WP ∗) ZmSAM 50kb 9 0 0 2 701

AIL (WP ∗) ZmSAM 200kb 1 0 9 9 572

AIL (WP ∗) ZmSAM 200kb 3 0 0 3 1154
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AIL (WP ∗) ZmSAM 200kb 9 0 0 2 1454

AIL (WP ∗) ZmSAM 1Mb 1 0 0 0 291

AIL (WP ∗) ZmSAM 1Mb 3 0 12 12 956

AIL (WP ∗) ZmSAM 1Mb 9 0 0 0 2170

BCT leaf angle ZmPAN 50kb 1 0 9 9 479

BCT leaf angle ZmPAN 50kb 3 23 23 23 869

BCT leaf angle ZmPAN 50kb 9 18 18 18 889

BCT leaf angle ZmPAN 200kb 1 0 9 30 577

BCT leaf angle ZmPAN 200kb 3 0 78 78 1538

BCT leaf angle ZmPAN 200kb 9 0 24 68 1983

BCT leaf angle ZmPAN 1Mb 1 0 0 19 287

BCT leaf angle ZmPAN 1Mb 3 0 4 4 854

BCT leaf angle ZmPAN 1Mb 9 0 0 13 2018

BCT leaf angle ZmSAM 50kb 1 0 9 9 453

BCT leaf angle ZmSAM 50kb 3 0 7 7 655

BCT leaf angle ZmSAM 50kb 9 11 11 11 714

BCT leaf angle ZmSAM 200kb 1 0 3 3 449

BCT leaf angle ZmSAM 200kb 3 0 0 0 1093

BCT leaf angle ZmSAM 200kb 9 0 0 3 1349

BCT leaf angle ZmSAM 1Mb 1 0 0 2 238

BCT leaf angle ZmSAM 1Mb 3 11 11 11 754

BCT leaf angle ZmSAM 1Mb 9 0 0 0 1626

Chlorophyll A ZmPAN 50kb 1 0 19 19 221

Chlorophyll A ZmPAN 50kb 3 0 37 37 395

Chlorophyll A ZmPAN 50kb 9 0 37 37 405

Chlorophyll A ZmPAN 200kb 1 0 5 14 252

Chlorophyll A ZmPAN 200kb 3 13 48 48 666

Chlorophyll A ZmPAN 200kb 9 0 0 0 814
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Chlorophyll A ZmPAN 1Mb 1 0 4 4 169

Chlorophyll A ZmPAN 1Mb 3 0 7 7 465

Chlorophyll A ZmPAN 1Mb 9 0 3 3 1191

Chlorophyll A ZmSAM 50kb 1 0 0 0 133

Chlorophyll A ZmSAM 50kb 3 0 0 0 223

Chlorophyll A ZmSAM 50kb 9 0 0 0 224

Chlorophyll A ZmSAM 200kb 1 0 7 7 215

Chlorophyll A ZmSAM 200kb 3 0 0 0 476

Chlorophyll A ZmSAM 200kb 9 0 3 3 599

Chlorophyll A ZmSAM 1Mb 1 0 0 0 120

Chlorophyll A ZmSAM 1Mb 3 0 0 0 370

Chlorophyll A ZmSAM 1Mb 9 0 0 0 891

Chlorophyll B ZmPAN 50kb 1 0 0 0 185

Chlorophyll B ZmPAN 50kb 3 0 3 3 335

Chlorophyll B ZmPAN 50kb 9 0 3 3 344

Chlorophyll B ZmPAN 200kb 1 0 3 3 204

Chlorophyll B ZmPAN 200kb 3 0 0 2 545

Chlorophyll B ZmPAN 200kb 9 0 0 0 662

Chlorophyll B ZmPAN 1Mb 1 0 0 2 133

Chlorophyll B ZmPAN 1Mb 3 0 0 0 375

Chlorophyll B ZmPAN 1Mb 9 0 0 0 967

Chlorophyll B ZmSAM 50kb 1 0 4 4 162

Chlorophyll B ZmSAM 50kb 3 0 0 21 243

Chlorophyll B ZmSAM 50kb 9 0 3 3 250

Chlorophyll B ZmSAM 200kb 1 0 0 0 167

Chlorophyll B ZmSAM 200kb 3 0 0 0 369

Chlorophyll B ZmSAM 200kb 9 0 0 2 486

Chlorophyll B ZmSAM 1Mb 1 0 0 0 114
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Chlorophyll B ZmSAM 1Mb 3 0 0 4 372

Chlorophyll B ZmSAM 1Mb 9 0 0 0 825

Cob diameter ZmPAN 50kb 1 0 0 23 426

Cob diameter ZmPAN 50kb 3 0 6 6 678

Cob diameter ZmPAN 50kb 9 0 8 8 719

Cob diameter ZmPAN 200kb 1 0 0 0 442

Cob diameter ZmPAN 200kb 3 16 16 16 1150

Cob diameter ZmPAN 200kb 9 0 81 81 1710

Cob diameter ZmPAN 1Mb 1 0 5 5 222

Cob diameter ZmPAN 1Mb 3 0 6 6 860

Cob diameter ZmPAN 1Mb 9 0 7 7 2132

Cob diameter ZmSAM 50kb 1 0 7 7 346

Cob diameter ZmSAM 50kb 3 0 4 4 529

Cob diameter ZmSAM 50kb 9 0 0 2 550

Cob diameter ZmSAM 200kb 1 0 4 4 431

Cob diameter ZmSAM 200kb 3 18 18 18 915

Cob diameter ZmSAM 200kb 9 0 0 2 1108

Cob diameter ZmSAM 1Mb 1 0 3 3 247

Cob diameter ZmSAM 1Mb 3 0 0 0 715

Cob diameter ZmSAM 1Mb 9 0 0 0 1733

Days to anthesis ZmPAN 50kb 1 0 0 0 524

Days to anthesis ZmPAN 50kb 3 0 9 9 952

Days to anthesis ZmPAN 50kb 9 0 0 0 988

Days to anthesis ZmPAN 200kb 1 0 0 0 592

Days to anthesis ZmPAN 200kb 3 18 18 18 1423

Days to anthesis ZmPAN 200kb 9 0 3 3 1888

Days to anthesis ZmPAN 1Mb 1 0 0 0 299

Days to anthesis ZmPAN 1Mb 3 24 24 24 1052
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Days to anthesis ZmPAN 1Mb 9 0 5 5 2423

Days to anthesis ZmSAM 50kb 1 0 0 0 553

Days to anthesis ZmSAM 50kb 3 0 6 6 825

Days to anthesis ZmSAM 50kb 9 0 7 7 875

Days to anthesis ZmSAM 200kb 1 0 4 4 609

Days to anthesis ZmSAM 200kb 3 0 0 2 1285

Days to anthesis ZmSAM 200kb 9 0 0 0 1571

Days to anthesis ZmSAM 1Mb 1 0 0 0 296

Days to anthesis ZmSAM 1Mb 3 0 0 0 879

Days to anthesis ZmSAM 1Mb 9 0 0 0 1935

Days to silk ZmPAN 50kb 1 0 0 2 555

Days to silk ZmPAN 50kb 3 0 5 5 948

Days to silk ZmPAN 50kb 9 0 4 4 991

Days to silk ZmPAN 200kb 1 0 4 4 632

Days to silk ZmPAN 200kb 3 0 0 0 1557

Days to silk ZmPAN 200kb 9 0 0 0 2044

Days to silk ZmPAN 1Mb 1 0 0 0 319

Days to silk ZmPAN 1Mb 3 27 27 27 972

Days to silk ZmPAN 1Mb 9 0 0 0 2304

Days to silk ZmSAM 50kb 1 0 0 2 487

Days to silk ZmSAM 50kb 3 0 3 3 735

Days to silk ZmSAM 50kb 9 0 4 4 765

Days to silk ZmSAM 200kb 1 0 3 3 582

Days to silk ZmSAM 200kb 3 0 4 4 1224

Days to silk ZmSAM 200kb 9 0 0 4 1515

Days to silk ZmSAM 1Mb 1 0 0 6 295

Days to silk ZmSAM 1Mb 3 0 3 3 792

Days to silk ZmSAM 1Mb 9 0 4 4 1711
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Ear height ZmPAN 50kb 1 0 0 0 631

Ear height ZmPAN 50kb 3 0 0 0 1054

Ear height ZmPAN 50kb 9 0 0 0 1111

Ear height ZmPAN 200kb 1 0 0 0 636

Ear height ZmPAN 200kb 3 0 81 81 1800

Ear height ZmPAN 200kb 9 0 108 108 2408

Ear height ZmPAN 1Mb 1 0 3 3 290

Ear height ZmPAN 1Mb 3 0 0 0 839

Ear height ZmPAN 1Mb 9 0 4 4 2160

Ear height ZmSAM 50kb 1 0 3 3 548

Ear height ZmSAM 50kb 3 0 4 4 867

Ear height ZmSAM 50kb 9 0 3 3 881

Ear height ZmSAM 200kb 1 0 0 0 633

Ear height ZmSAM 200kb 3 0 0 0 1394

Ear height ZmSAM 200kb 9 0 0 0 1682

Ear height ZmSAM 1Mb 1 0 0 2 256

Ear height ZmSAM 1Mb 3 0 0 0 780

Ear height ZmSAM 1Mb 9 0 0 3 1857

Ear row number ZmPAN 50kb 1 0 0 5 434

Ear row number ZmPAN 50kb 3 0 0 2 753

Ear row number ZmPAN 50kb 9 0 9 38 787

Ear row number ZmPAN 200kb 1 0 0 0 447

Ear row number ZmPAN 200kb 3 0 0 0 1169

Ear row number ZmPAN 200kb 9 0 4 4 1536

Ear row number ZmPAN 1Mb 1 0 5 5 206

Ear row number ZmPAN 1Mb 3 0 0 0 658

Ear row number ZmPAN 1Mb 9 17 17 17 1799

Ear row number ZmSAM 50kb 1 0 0 0 388
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Ear row number ZmSAM 50kb 3 0 6 6 599

Ear row number ZmSAM 50kb 9 0 3 3 610

Ear row number ZmSAM 200kb 1 0 0 0 454

Ear row number ZmSAM 200kb 3 0 5 5 942

Ear row number ZmSAM 200kb 9 0 0 0 1142

Ear row number ZmSAM 1Mb 1 0 4 4 230

Ear row number ZmSAM 1Mb 3 13 13 13 661

Ear row number ZmSAM 1Mb 9 12 12 12 1521

Fructose ZmPAN 50kb 1 0 7 7 130

Fructose ZmPAN 50kb 3 0 0 0 188

Fructose ZmPAN 50kb 9 0 0 2 193

Fructose ZmPAN 200kb 1 0 8 8 157

Fructose ZmPAN 200kb 3 0 0 0 350

Fructose ZmPAN 200kb 9 0 0 3 498

Fructose ZmPAN 1Mb 1 0 0 0 103

Fructose ZmPAN 1Mb 3 0 0 0 306

Fructose ZmPAN 1Mb 9 18 18 18 799

Fructose ZmSAM 50kb 1 0 0 0 89

Fructose ZmSAM 50kb 3 0 11 15 153

Fructose ZmSAM 50kb 9 0 4 17 163

Fructose ZmSAM 200kb 1 0 0 3 127

Fructose ZmSAM 200kb 3 0 0 7 291

Fructose ZmSAM 200kb 9 0 0 0 325

Fructose ZmSAM 1Mb 1 0 3 3 98

Fructose ZmSAM 1Mb 3 0 0 0 268

Fructose ZmSAM 1Mb 9 0 0 2 670

Fumarate ZmPAN 50kb 1 0 6 6 61

Fumarate ZmPAN 50kb 3 0 7 16 97
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Fumarate ZmPAN 50kb 9 0 6 17 104

Fumarate ZmPAN 200kb 1 0 5 5 76

Fumarate ZmPAN 200kb 3 0 12 17 189

Fumarate ZmPAN 200kb 9 0 12 12 270

Fumarate ZmPAN 1Mb 1 0 0 2 39

Fumarate ZmPAN 1Mb 3 0 5 5 149

Fumarate ZmPAN 1Mb 9 0 0 0 333

Fumarate ZmSAM 50kb 1 42 42 42 336

Fumarate ZmSAM 50kb 3 0 3 3 60

Fumarate ZmSAM 50kb 9 0 0 0 58

Fumarate ZmSAM 200kb 1 64 64 64 512

Fumarate ZmSAM 200kb 3 0 0 5 123

Fumarate ZmSAM 200kb 9 0 6 6 154

Fumarate ZmSAM 1Mb 1 46 46 46 368

Fumarate ZmSAM 1Mb 3 0 7 7 133

Fumarate ZmSAM 1Mb 9 0 8 8 270

Glucose ZmPAN 50kb 1 0 10 27 215

Glucose ZmPAN 50kb 3 10 10 22 342

Glucose ZmPAN 50kb 9 0 3 3 324

Glucose ZmPAN 200kb 1 0 4 4 238

Glucose ZmPAN 200kb 3 0 4 4 502

Glucose ZmPAN 200kb 9 0 4 4 674

Glucose ZmPAN 1Mb 1 0 0 0 145

Glucose ZmPAN 1Mb 3 0 0 0 473

Glucose ZmPAN 1Mb 9 0 4 4 1041

Glucose ZmSAM 50kb 1 0 0 2 135

Glucose ZmSAM 50kb 3 0 0 0 185

Glucose ZmSAM 50kb 9 0 0 0 202
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Glucose ZmSAM 200kb 1 0 0 2 167

Glucose ZmSAM 200kb 3 0 8 8 365

Glucose ZmSAM 200kb 9 0 0 0 465

Glucose ZmSAM 1Mb 1 0 0 0 117

Glucose ZmSAM 1Mb 3 0 0 0 343

Glucose ZmSAM 1Mb 9 0 0 2 763

Glutamate ZmPAN 50kb 1 0 0 0 135

Glutamate ZmPAN 50kb 3 0 0 0 220

Glutamate ZmPAN 50kb 9 0 0 0 257

Glutamate ZmPAN 200kb 1 0 8 8 154

Glutamate ZmPAN 200kb 3 0 4 4 317

Glutamate ZmPAN 200kb 9 0 0 2 463

Glutamate ZmPAN 1Mb 1 0 5 5 85

Glutamate ZmPAN 1Mb 3 0 3 3 204

Glutamate ZmPAN 1Mb 9 0 7 7 470

Glutamate ZmSAM 50kb 1 0 0 3 102

Glutamate ZmSAM 50kb 3 0 0 2 161

Glutamate ZmSAM 50kb 9 0 5 5 189

Glutamate ZmSAM 200kb 1 0 0 0 104

Glutamate ZmSAM 200kb 3 0 0 0 262

Glutamate ZmSAM 200kb 9 0 0 2 339

Glutamate ZmSAM 1Mb 1 0 0 0 60

Glutamate ZmSAM 1Mb 3 0 0 3 173

Glutamate ZmSAM 1Mb 9 0 0 0 428

Height AE† ZmPAN 50kb 1 0 5 5 486

Height AE† ZmPAN 50kb 3 0 8 8 754

Height AE† ZmPAN 50kb 9 0 0 7 785

Height AE† ZmPAN 200kb 1 0 0 0 473
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Height AE† ZmPAN 200kb 3 0 10 10 1142

Height AE† ZmPAN 200kb 9 12 12 49 1703

Height AE† ZmPAN 1Mb 1 0 0 0 263

Height AE† ZmPAN 1Mb 3 0 0 0 838

Height AE† ZmPAN 1Mb 9 0 101 101 2404

Height AE† ZmSAM 50kb 1 0 0 2 392

Height AE† ZmSAM 50kb 3 0 4 4 583

Height AE† ZmSAM 50kb 9 0 6 6 604

Height AE† ZmSAM 200kb 1 0 0 0 466

Height AE† ZmSAM 200kb 3 0 0 0 956

Height AE† ZmSAM 200kb 9 14 14 14 1246

Height AE† ZmSAM 1Mb 1 0 0 0 238

Height AE† ZmSAM 1Mb 3 0 3 3 727

Height AE† ZmSAM 1Mb 9 20 20 20 1554

Height per day

(until flowering)

ZmPAN 50kb 1 0 7 7 480

Height per day

(until flowering)

ZmPAN 50kb 3 0 6 6 706

Height per day

(until flowering)

ZmPAN 50kb 9 0 6 6 755

Height per day

(until flowering)

ZmPAN 200kb 1 0 0 0 452

Height per day

(until flowering)

ZmPAN 200kb 3 0 0 4 1138

Height per day

(until flowering)

ZmPAN 200kb 9 0 0 2 1598

Height per day

(until flowering)

ZmPAN 1Mb 1 0 8 8 267
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Height per day

(until flowering)

ZmPAN 1Mb 3 0 0 2 766

Height per day

(until flowering)

ZmPAN 1Mb 9 0 100 100 2286

Height per day

(until flowering)

ZmSAM 50kb 1 0 0 0 401

Height per day

(until flowering)

ZmSAM 50kb 3 0 0 0 637

Height per day

(until flowering)

ZmSAM 50kb 9 0 0 0 654

Height per day

(until flowering)

ZmSAM 200kb 1 0 6 6 495

Height per day

(until flowering)

ZmSAM 200kb 3 0 0 0 989

Height per day

(until flowering)

ZmSAM 200kb 9 0 0 2 1244

Height per day

(until flowering)

ZmSAM 1Mb 1 0 0 0 276

Height per day

(until flowering)

ZmSAM 1Mb 3 14 14 14 806

Height per day

(until flowering)

ZmSAM 1Mb 9 0 5 5 1744

Leaf length ZmPAN 50kb 1 0 12 12 504

Leaf length ZmPAN 50kb 3 0 5 5 773

Leaf length ZmPAN 50kb 9 0 8 8 864

Leaf length ZmPAN 200kb 1 0 0 0 521

Leaf length ZmPAN 200kb 3 0 0 67 1526

Leaf length ZmPAN 200kb 9 29 129 357 2243
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Leaf length ZmPAN 1Mb 1 0 8 8 285

Leaf length ZmPAN 1Mb 3 0 0 0 887

Leaf length ZmPAN 1Mb 9 26 26 26 2405

Leaf length ZmSAM 50kb 1 11 11 11 483

Leaf length ZmSAM 50kb 3 12 12 12 721

Leaf length ZmSAM 50kb 9 11 11 11 768

Leaf length ZmSAM 200kb 1 0 0 7 562

Leaf length ZmSAM 200kb 3 0 5 5 1131

Leaf length ZmSAM 200kb 9 0 0 0 1373

Leaf length ZmSAM 1Mb 1 0 0 2 276

Leaf length ZmSAM 1Mb 3 0 3 3 797

Leaf length ZmSAM 1Mb 9 0 3 3 1960

Leaf width ZmPAN 50kb 1 0 64 64 674

Leaf width ZmPAN 50kb 3 0 14 46 983

Leaf width ZmPAN 50kb 9 0 14 44 1020

Leaf width ZmPAN 200kb 1 0 3 3 530

Leaf width ZmPAN 200kb 3 10 89 89 1545

Leaf width ZmPAN 200kb 9 0 127 127 2136

Leaf width ZmPAN 1Mb 1 0 0 0 263

Leaf width ZmPAN 1Mb 3 0 0 2 898

Leaf width ZmPAN 1Mb 9 0 0 0 2200

Leaf width ZmSAM 50kb 1 0 0 0 449

Leaf width ZmSAM 50kb 3 0 0 0 717

Leaf width ZmSAM 50kb 9 0 0 0 740

Leaf width ZmSAM 200kb 1 0 8 8 538

Leaf width ZmSAM 200kb 3 0 0 0 1104

Leaf width ZmSAM 200kb 9 0 0 0 1349

Leaf width ZmSAM 1Mb 1 0 0 2 254
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Leaf width ZmSAM 1Mb 3 0 0 0 831

Leaf width ZmSAM 1Mb 9 0 3 3 1911

Malate ZmPAN 50kb 1 0 0 0 133

Malate ZmPAN 50kb 3 0 7 7 275

Malate ZmPAN 50kb 9 0 0 10 277

Malate ZmPAN 200kb 1 0 0 0 138

Malate ZmPAN 200kb 3 0 0 2 405

Malate ZmPAN 200kb 9 0 0 2 499

Malate ZmPAN 1Mb 1 0 6 6 114

Malate ZmPAN 1Mb 3 0 0 2 368

Malate ZmPAN 1Mb 9 0 3 3 906

Malate ZmSAM 50kb 1 0 0 0 104

Malate ZmSAM 50kb 3 0 0 0 162

Malate ZmSAM 50kb 9 0 0 0 165

Malate ZmSAM 200kb 1 0 0 2 136

Malate ZmSAM 200kb 3 0 0 0 304

Malate ZmSAM 200kb 9 0 0 0 398

Malate ZmSAM 1Mb 1 0 0 2 98

Malate ZmSAM 1Mb 3 0 3 3 304

Malate ZmSAM 1Mb 9 0 3 3 771

Nitrate ZmPAN 50kb 1 0 0 0 192

Nitrate ZmPAN 50kb 3 0 0 0 362

Nitrate ZmPAN 50kb 9 0 0 2 392

Nitrate ZmPAN 200kb 1 0 4 4 219

Nitrate ZmPAN 200kb 3 0 0 2 600

Nitrate ZmPAN 200kb 9 0 0 0 832

Nitrate ZmPAN 1Mb 1 0 3 3 144

Nitrate ZmPAN 1Mb 3 11 11 11 436
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Nitrate ZmPAN 1Mb 9 0 6 6 1031

Nitrate ZmSAM 50kb 1 0 4 4 157

Nitrate ZmSAM 50kb 3 0 0 2 256

Nitrate ZmSAM 50kb 9 0 0 0 278

Nitrate ZmSAM 200kb 1 0 4 4 188

Nitrate ZmSAM 200kb 3 0 0 0 429

Nitrate ZmSAM 200kb 9 0 7 7 590

Nitrate ZmSAM 1Mb 1 0 0 0 99

Nitrate ZmSAM 1Mb 3 0 0 0 308

Nitrate ZmSAM 1Mb 9 0 0 0 777

Nodes AE† ZmPAN 50kb 1 0 13 38 554

Nodes AE† ZmPAN 50kb 3 0 50 50 902

Nodes AE† ZmPAN 50kb 9 0 11 39 923

Nodes AE† ZmPAN 200kb 1 0 0 0 548

Nodes AE† ZmPAN 200kb 3 0 3 3 1314

Nodes AE† ZmPAN 200kb 9 0 0 3 1846

Nodes AE† ZmPAN 1Mb 1 0 3 3 297

Nodes AE† ZmPAN 1Mb 3 0 0 2 918

Nodes AE† ZmPAN 1Mb 9 0 0 72 2430

Nodes AE† ZmSAM 50kb 1 0 6 6 379

Nodes AE† ZmSAM 50kb 3 0 0 0 610

Nodes AE† ZmSAM 50kb 9 0 0 0 627

Nodes AE† ZmSAM 200kb 1 0 0 0 498

Nodes AE† ZmSAM 200kb 3 0 0 0 1092

Nodes AE† ZmSAM 200kb 9 0 0 3 1374

Nodes AE† ZmSAM 1Mb 1 0 0 6 286

Nodes AE† ZmSAM 1Mb 3 0 4 4 708

Nodes AE† ZmSAM 1Mb 9 0 13 13 1712
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Nodes per plant ZmPAN 50kb 1 0 74 74 765

Nodes per plant ZmPAN 50kb 3 0 105 105 1234

Nodes per plant ZmPAN 50kb 9 0 114 114 1320

Nodes per plant ZmPAN 200kb 1 0 0 39 751

Nodes per plant ZmPAN 200kb 3 0 0 3 1550

Nodes per plant ZmPAN 200kb 9 12 12 84 2204

Nodes per plant ZmPAN 1Mb 1 0 0 0 325

Nodes per plant ZmPAN 1Mb 3 0 0 3 924

Nodes per plant ZmPAN 1Mb 9 26 26 26 2330

Nodes per plant ZmSAM 50kb 1 0 0 0 570

Nodes per plant ZmSAM 50kb 3 0 0 7 813

Nodes per plant ZmSAM 50kb 9 0 4 4 843

Nodes per plant ZmSAM 200kb 1 0 5 5 654

Nodes per plant ZmSAM 200kb 3 0 9 9 1263

Nodes per plant ZmSAM 200kb 9 0 5 5 1579

Nodes per plant ZmSAM 1Mb 1 0 0 2 237

Nodes per plant ZmSAM 1Mb 3 0 5 5 738

Nodes per plant ZmSAM 1Mb 9 0 0 0 1761

Nodes to ear ZmPAN 50kb 1 0 6 6 559

Nodes to ear ZmPAN 50kb 3 0 0 2 916

Nodes to ear ZmPAN 50kb 9 0 0 0 976

Nodes to ear ZmPAN 200kb 1 0 0 2 509

Nodes to ear ZmPAN 200kb 3 0 0 2 1314

Nodes to ear ZmPAN 200kb 9 0 0 2 1891

Nodes to ear ZmPAN 1Mb 1 0 3 3 214

Nodes to ear ZmPAN 1Mb 3 0 0 0 762

Nodes to ear ZmPAN 1Mb 9 0 0 0 1804

Nodes to ear ZmSAM 50kb 1 0 0 0 420
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Nodes to ear ZmSAM 50kb 3 0 7 7 646

Nodes to ear ZmSAM 50kb 9 0 5 5 654

Nodes to ear ZmSAM 200kb 1 0 0 0 536

Nodes to ear ZmSAM 200kb 3 0 0 0 1055

Nodes to ear ZmSAM 200kb 9 0 0 0 1412

Nodes to ear ZmSAM 1Mb 1 0 0 0 199

Nodes to ear ZmSAM 1Mb 3 0 0 2 633

Nodes to ear ZmSAM 1Mb 9 0 0 0 1552

Northern Leaf

Blight

ZmPAN 50kb 1 0 7 7 388

Northern Leaf

Blight

ZmPAN 50kb 3 0 0 0 629

Northern Leaf

Blight

ZmPAN 50kb 9 0 0 3 685

Northern Leaf

Blight

ZmPAN 200kb 1 0 0 2 425

Northern Leaf

Blight

ZmPAN 200kb 3 0 0 0 1071

Northern Leaf

Blight

ZmPAN 200kb 9 0 0 2 1454

Northern Leaf

Blight

ZmPAN 1Mb 1 0 0 2 167

Northern Leaf

Blight

ZmPAN 1Mb 3 0 0 0 565

Northern Leaf

Blight

ZmPAN 1Mb 9 0 0 0 1647

Northern Leaf

Blight

ZmSAM 50kb 1 0 4 4 322
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Northern Leaf

Blight

ZmSAM 50kb 3 0 0 0 500

Northern Leaf

Blight

ZmSAM 50kb 9 0 0 0 511

Northern Leaf

Blight

ZmSAM 200kb 1 0 0 0 395

Northern Leaf

Blight

ZmSAM 200kb 3 10 10 10 857

Northern Leaf

Blight

ZmSAM 200kb 9 0 0 0 1054

Northern Leaf

Blight

ZmSAM 1Mb 1 0 7 7 201

Northern Leaf

Blight

ZmSAM 1Mb 3 0 0 0 577

Northern Leaf

Blight

ZmSAM 1Mb 9 0 0 0 1435

Metabolites:

PC1

ZmPAN 50kb 1 0 0 0 109

Metabolites:

PC1

ZmPAN 50kb 3 0 0 3 221

Metabolites:

PC1

ZmPAN 50kb 9 0 3 3 235

Metabolites:

PC1

ZmPAN 200kb 1 0 9 9 145

Metabolites:

PC1

ZmPAN 200kb 3 14 14 14 389

Metabolites:

PC1

ZmPAN 200kb 9 0 5 5 474
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Metabolites:

PC1

ZmPAN 1Mb 1 0 7 7 89

Metabolites:

PC1

ZmPAN 1Mb 3 0 0 0 222

Metabolites:

PC1

ZmPAN 1Mb 9 0 3 3 712

Metabolites:

PC1

ZmSAM 50kb 1 0 0 2 93

Metabolites:

PC1

ZmSAM 50kb 3 0 3 3 157

Metabolites:

PC1

ZmSAM 50kb 9 0 3 3 161

Metabolites:

PC1

ZmSAM 200kb 1 0 0 2 129

Metabolites:

PC1

ZmSAM 200kb 3 0 0 2 257

Metabolites:

PC1

ZmSAM 200kb 9 0 0 17 355

Metabolites:

PC1

ZmSAM 1Mb 1 0 0 0 86

Metabolites:

PC1

ZmSAM 1Mb 3 0 0 0 230

Metabolites:

PC1

ZmSAM 1Mb 9 0 0 2 533

Metabolites:

PC2

ZmPAN 50kb 1 0 3 3 254

Metabolites:

PC2

ZmPAN 50kb 3 0 0 2 416
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Metabolites:

PC2

ZmPAN 50kb 9 0 7 7 473

Metabolites:

PC2

ZmPAN 200kb 1 0 6 6 340

Metabolites:

PC2

ZmPAN 200kb 3 0 0 0 738

Metabolites:

PC2

ZmPAN 200kb 9 0 0 0 1002

Metabolites:

PC2

ZmPAN 1Mb 1 0 9 9 172

Metabolites:

PC2

ZmPAN 1Mb 3 0 3 3 499

Metabolites:

PC2

ZmPAN 1Mb 9 0 10 10 1176

Metabolites:

PC2

ZmSAM 50kb 1 0 5 5 186

Metabolites:

PC2

ZmSAM 50kb 3 0 0 0 306

Metabolites:

PC2

ZmSAM 50kb 9 0 0 0 338

Metabolites:

PC2

ZmSAM 200kb 1 0 3 3 250

Metabolites:

PC2

ZmSAM 200kb 3 0 3 3 597

Metabolites:

PC2

ZmSAM 200kb 9 0 0 2 719

Metabolites:

PC2

ZmSAM 1Mb 1 0 0 0 160
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Metabolites:

PC2

ZmSAM 1Mb 3 0 6 6 485

Metabolites:

PC2

ZmSAM 1Mb 9 0 0 3 1067

Photoperiod

GDD** to silk

ZmPAN 50kb 1 0 3 3 319

Photoperiod

GDD** to silk

ZmPAN 50kb 3 0 37 37 565

Photoperiod

GDD** to silk

ZmPAN 50kb 9 0 9 37 590

Photoperiod

GDD** to silk

ZmPAN 200kb 1 0 0 0 341

Photoperiod

GDD** to silk

ZmPAN 200kb 3 0 6 6 852

Photoperiod

GDD** to silk

ZmPAN 200kb 9 0 0 55 1193

Photoperiod

GDD** to silk

ZmPAN 1Mb 1 0 0 0 196

Photoperiod

GDD** to silk

ZmPAN 1Mb 3 0 55 55 734

Photoperiod

GDD** to silk

ZmPAN 1Mb 9 0 10 57 1707

Photoperiod

GDD** to silk

ZmSAM 50kb 1 0 0 0 261

Photoperiod

GDD** to silk

ZmSAM 50kb 3 0 4 4 386

Photoperiod

GDD** to silk

ZmSAM 50kb 9 0 4 4 392
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Photoperiod

GDD** to silk

ZmSAM 200kb 1 0 0 0 310

Photoperiod

GDD** to silk

ZmSAM 200kb 3 0 3 3 658

Photoperiod

GDD** to silk

ZmSAM 200kb 9 0 0 2 814

Photoperiod

GDD** to silk

ZmSAM 1Mb 1 0 0 4 190

Photoperiod

GDD** to silk

ZmSAM 1Mb 3 0 0 0 538

Photoperiod

GDD** to silk

ZmSAM 1Mb 9 0 10 10 1242

Photoperiod

GDD** to

anthesis

ZmPAN 50kb 1 0 0 0 304

Photoperiod

GDD** to

anthesis

ZmPAN 50kb 3 0 0 0 506

Photoperiod

GDD** to

anthesis

ZmPAN 50kb 9 0 4 4 560

Photoperiod

GDD** to

anthesis

ZmPAN 200kb 1 0 0 0 322

Photoperiod

GDD** to

anthesis

ZmPAN 200kb 3 0 0 0 841

Continued on next page
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Photoperiod

GDD** to

anthesis

ZmPAN 200kb 9 0 0 0 1196

Photoperiod

GDD** to

anthesis

ZmPAN 1Mb 1 0 0 0 179

Photoperiod

GDD** to

anthesis

ZmPAN 1Mb 3 0 0 0 705

Photoperiod

GDD** to

anthesis

ZmPAN 1Mb 9 0 7 7 1946

Photoperiod

GDD** to

anthesis

ZmSAM 50kb 1 0 7 7 263

Photoperiod

GDD** to

anthesis

ZmSAM 50kb 3 0 0 0 356

Photoperiod

GDD** to

anthesis

ZmSAM 50kb 9 0 0 0 358

Photoperiod

GDD** to

anthesis

ZmSAM 200kb 1 0 0 0 335

Photoperiod

GDD** to

anthesis

ZmSAM 200kb 3 0 3 3 756
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Photoperiod

GDD** to

anthesis

ZmSAM 200kb 9 0 0 2 893

Photoperiod

GDD** to

anthesis

ZmSAM 1Mb 1 0 0 2 192

Photoperiod

GDD** to

anthesis

ZmSAM 1Mb 3 0 3 3 621

Photoperiod

GDD** to

anthesis

ZmSAM 1Mb 9 0 0 3 1481

Plant height ZmPAN 50kb 1 0 4 4 542

Plant height ZmPAN 50kb 3 0 0 2 921

Plant height ZmPAN 50kb 9 0 0 0 948

Plant height ZmPAN 200kb 1 0 6 6 574

Plant height ZmPAN 200kb 3 0 3 3 1394

Plant height ZmPAN 200kb 9 22 22 22 1865

Plant height ZmPAN 1Mb 1 0 0 2 291

Plant height ZmPAN 1Mb 3 0 5 5 945

Plant height ZmPAN 1Mb 9 0 86 86 2575

Plant height ZmSAM 50kb 1 0 0 0 481

Plant height ZmSAM 50kb 3 0 0 0 703

Plant height ZmSAM 50kb 9 0 0 0 727

Plant height ZmSAM 200kb 1 0 0 0 532

Plant height ZmSAM 200kb 3 0 4 4 1176

Plant height ZmSAM 200kb 9 0 0 0 1427

Plant height ZmSAM 1Mb 1 0 0 2 291

Continued on next page
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Plant height ZmSAM 1Mb 3 0 0 0 839

Plant height ZmSAM 1Mb 9 0 0 0 1849

Protein ZmPAN 50kb 1 0 0 0 98

Protein ZmPAN 50kb 3 0 3 3 209

Protein ZmPAN 50kb 9 0 0 12 199

Protein ZmPAN 200kb 1 0 0 0 126

Protein ZmPAN 200kb 3 0 0 2 320

Protein ZmPAN 200kb 9 0 0 0 406

Protein ZmPAN 1Mb 1 0 0 0 95

Protein ZmPAN 1Mb 3 0 0 2 326

Protein ZmPAN 1Mb 9 0 0 3 872

Protein ZmSAM 50kb 1 0 0 0 66

Protein ZmSAM 50kb 3 0 0 0 105

Protein ZmSAM 50kb 9 0 0 2 105

Protein ZmSAM 200kb 1 0 0 0 100

Protein ZmSAM 200kb 3 0 0 0 234

Protein ZmSAM 200kb 9 0 0 0 270

Protein ZmSAM 1Mb 1 0 0 0 95

Protein ZmSAM 1Mb 3 0 0 0 263

Protein ZmSAM 1Mb 9 0 0 0 599

Ratio of ear

height:total

height

ZmPAN 50kb 1 0 0 0 643

Ratio of ear

height:total

height

ZmPAN 50kb 3 12 12 12 998
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Ratio of ear

height:total

height

ZmPAN 50kb 9 13 13 13 1039

Ratio of ear

height:total

height

ZmPAN 200kb 1 0 5 5 618

Ratio of ear

height:total

height

ZmPAN 200kb 3 0 9 9 1285

Ratio of ear

height:total

height

ZmPAN 200kb 9 17 17 17 1815

Ratio of ear

height:total

height

ZmPAN 1Mb 1 0 0 2 271

Ratio of ear

height:total

height

ZmPAN 1Mb 3 0 0 0 721

Ratio of ear

height:total

height

ZmPAN 1Mb 9 0 0 0 1984

Ratio of ear

height:total

height

ZmSAM 50kb 1 0 0 0 508

Ratio of ear

height:total

height

ZmSAM 50kb 3 0 3 3 790
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Ratio of ear

height:total

height

ZmSAM 50kb 9 0 3 3 818

Ratio of ear

height:total

height

ZmSAM 200kb 1 0 3 3 568

Ratio of ear

height:total

height

ZmSAM 200kb 3 0 0 0 1241

Ratio of ear

height:total

height

ZmSAM 200kb 9 0 4 4 1507

Ratio of ear

height:total

height

ZmSAM 1Mb 1 0 0 0 227

Ratio of ear

height:total

height

ZmSAM 1Mb 3 0 0 0 709

Ratio of ear

height:total

height

ZmSAM 1Mb 9 0 8 8 1701

Southern leaf

blight

ZmPAN 50kb 1 0 44 44 598

Southern leaf

blight

ZmPAN 50kb 3 0 73 73 984

Southern leaf

blight

ZmPAN 50kb 9 0 72 72 1022
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Southern leaf

blight

ZmPAN 200kb 1 0 0 2 544

Southern leaf

blight

ZmPAN 200kb 3 0 0 3 1402

Southern leaf

blight

ZmPAN 200kb 9 0 0 0 1858

Southern leaf

blight

ZmPAN 1Mb 1 0 0 0 312

Southern leaf

blight

ZmPAN 1Mb 3 0 12 41 1032

Southern leaf

blight

ZmPAN 1Mb 9 0 4 4 2278

Southern leaf

blight

ZmSAM 50kb 1 0 7 7 490

Southern leaf

blight

ZmSAM 50kb 3 0 0 0 711

Southern leaf

blight

ZmSAM 50kb 9 0 0 0 745

Southern leaf

blight

ZmSAM 200kb 1 0 0 0 535

Southern leaf

blight

ZmSAM 200kb 3 12 12 12 1147

Southern leaf

blight

ZmSAM 200kb 9 0 4 4 1420

Southern leaf

blight

ZmSAM 1Mb 1 0 0 0 256

Southern leaf

blight

ZmSAM 1Mb 3 0 7 7 747
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Southern leaf

blight

ZmSAM 1Mb 9 11 11 11 1757

Stalk strength ZmPAN 50kb 1 0 0 2 302

Stalk strength ZmPAN 50kb 3 0 5 5 483

Stalk strength ZmPAN 50kb 9 0 6 6 522

Stalk strength ZmPAN 200kb 1 0 0 0 339

Stalk strength ZmPAN 200kb 3 0 0 0 820

Stalk strength ZmPAN 200kb 9 0 0 0 1142

Stalk strength ZmPAN 1Mb 1 21 21 21 243

Stalk strength ZmPAN 1Mb 3 0 0 0 533

Stalk strength ZmPAN 1Mb 9 0 6 6 1511

Stalk strength ZmSAM 50kb 1 0 4 4 294

Stalk strength ZmSAM 50kb 3 12 12 12 473

Stalk strength ZmSAM 50kb 9 11 11 11 494

Stalk strength ZmSAM 200kb 1 0 0 0 367

Stalk strength ZmSAM 200kb 3 0 3 3 771

Stalk strength ZmSAM 200kb 9 11 11 11 997

Stalk strength ZmSAM 1Mb 1 0 6 6 212

Stalk strength ZmSAM 1Mb 3 0 3 3 587

Stalk strength ZmSAM 1Mb 9 0 0 0 1348

Starch ZmPAN 50kb 1 0 0 0 298

Starch ZmPAN 50kb 3 0 0 0 503

Starch ZmPAN 50kb 9 0 0 2 551

Starch ZmPAN 200kb 1 0 0 0 326

Starch ZmPAN 200kb 3 0 0 0 816

Starch ZmPAN 200kb 9 0 0 2 1188

Starch ZmPAN 1Mb 1 0 0 0 165

Starch ZmPAN 1Mb 3 0 0 0 592
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Starch ZmPAN 1Mb 9 28 28 28 1583

Starch ZmSAM 50kb 1 0 0 0 253

Starch ZmSAM 50kb 3 0 12 24 438

Starch ZmSAM 50kb 9 13 13 28 509

Starch ZmSAM 200kb 1 0 0 0 288

Starch ZmSAM 200kb 3 0 3 3 738

Starch ZmSAM 200kb 9 0 0 0 894

Starch ZmSAM 1Mb 1 0 0 0 191

Starch ZmSAM 1Mb 3 0 0 0 545

Starch ZmSAM 1Mb 9 0 4 4 1274

Sucrose ZmPAN 50kb 1 0 0 21 176

Sucrose ZmPAN 50kb 3 0 12 19 289

Sucrose ZmPAN 50kb 9 0 16 24 312

Sucrose ZmPAN 200kb 1 0 0 5 165

Sucrose ZmPAN 200kb 3 0 0 2 401

Sucrose ZmPAN 200kb 9 0 0 41 592

Sucrose ZmPAN 1Mb 1 0 0 0 82

Sucrose ZmPAN 1Mb 3 14 14 14 368

Sucrose ZmPAN 1Mb 9 0 4 4 828

Sucrose ZmSAM 50kb 1 0 0 3 96

Sucrose ZmSAM 50kb 3 0 4 4 150

Sucrose ZmSAM 50kb 9 0 5 5 169

Sucrose ZmSAM 200kb 1 0 0 0 118

Sucrose ZmSAM 200kb 3 0 0 0 279

Sucrose ZmSAM 200kb 9 0 0 0 381

Sucrose ZmSAM 1Mb 1 0 0 0 58

Sucrose ZmSAM 1Mb 3 0 0 0 279

Sucrose ZmSAM 1Mb 9 0 3 3 604
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Tassel branch

number

ZmPAN 50kb 1 0 6 6 579

Tassel branch

number

ZmPAN 50kb 3 11 11 11 1055

Tassel branch

number

ZmPAN 50kb 9 0 17 51 1118

Tassel branch

number

ZmPAN 200kb 1 0 6 30 594

Tassel branch

number

ZmPAN 200kb 3 0 0 0 1315

Tassel branch

number

ZmPAN 200kb 9 0 0 4 1800

Tassel branch

number

ZmPAN 1Mb 1 0 0 0 279

Tassel branch

number

ZmPAN 1Mb 3 0 0 0 888

Tassel branch

number

ZmPAN 1Mb 9 0 128 128 2650

Tassel branch

number

ZmSAM 50kb 1 0 0 0 419

Tassel branch

number

ZmSAM 50kb 3 0 0 0 704

Tassel branch

number

ZmSAM 50kb 9 0 8 8 759

Tassel branch

number

ZmSAM 200kb 1 0 4 4 532

Tassel branch

number

ZmSAM 200kb 3 0 5 5 1156
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Tassel branch

number

ZmSAM 200kb 9 0 3 3 1459

Tassel branch

number

ZmSAM 1Mb 1 0 0 2 280

Tassel branch

number

ZmSAM 1Mb 3 0 0 6 800

Tassel branch

number

ZmSAM 1Mb 9 18 18 18 1888

Tassel length ZmPAN 50kb 1 0 0 0 572

Tassel length ZmPAN 50kb 3 0 0 0 932

Tassel length ZmPAN 50kb 9 0 0 0 934

Tassel length ZmPAN 200kb 1 0 0 2 660

Tassel length ZmPAN 200kb 3 0 0 2 1543

Tassel length ZmPAN 200kb 9 0 0 0 2108

Tassel length ZmPAN 1Mb 1 0 0 2 264

Tassel length ZmPAN 1Mb 3 0 0 3 866

Tassel length ZmPAN 1Mb 9 0 22 22 2337

Tassel length ZmSAM 50kb 1 15 15 15 595

Tassel length ZmSAM 50kb 3 0 0 0 827

Tassel length ZmSAM 50kb 9 0 0 0 868

Tassel length ZmSAM 200kb 1 0 4 4 658

Tassel length ZmSAM 200kb 3 0 3 3 1424

Tassel length ZmSAM 200kb 9 0 0 0 1650

Tassel length ZmSAM 1Mb 1 0 0 2 289

Tassel length ZmSAM 1Mb 3 12 12 12 824

Tassel length ZmSAM 1Mb 9 0 9 9 1872

Total amino

acids

ZmPAN 50kb 1 0 0 0 258
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Total amino

acids

ZmPAN 50kb 3 0 0 0 444

Total amino

acids

ZmPAN 50kb 9 0 0 0 497

Total amino

acids

ZmPAN 200kb 1 0 0 0 306

Total amino

acids

ZmPAN 200kb 3 0 4 4 807

Total amino

acids

ZmPAN 200kb 9 0 5 5 1151

Total amino

acids

ZmPAN 1Mb 1 0 0 0 164

Total amino

acids

ZmPAN 1Mb 3 0 4 34 576

Total amino

acids

ZmPAN 1Mb 9 0 4 51 1415

Total amino

acids

ZmSAM 50kb 1 0 0 0 224

Total amino

acids

ZmSAM 50kb 3 0 3 3 347

Total amino

acids

ZmSAM 50kb 9 0 3 3 366

Total amino

acids

ZmSAM 200kb 1 0 0 0 297

Total amino

acids

ZmSAM 200kb 3 0 0 0 646

Total amino

acids

ZmSAM 200kb 9 0 4 4 799
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Term COB WindowSize NumFlank FDR10 FDR35 FDR50 Tot

Total amino

acids

ZmSAM 1Mb 1 0 0 0 138

Total amino

acids

ZmSAM 1Mb 3 0 0 3 435

Total amino

acids

ZmSAM 1Mb 9 0 7 7 969

Table B.3: Network locality of Wallace et al. traits cal-

culated at 10%, 35% and 50% FDR cutoffs. ’Window’ and

’NumFlank’ columns designate parameters in SNP to gene

mapping. The ’Tot’ column shows the total number of

candidate genes at designated SNP to gene mapping pa-

rameters. Abbreviations: AIL-Average Internode Length;

BCT-Boxcox-transformed; AE†-Above Ear; BE‡-Below Ear;

WP ∗-Whole Plant; GDD∗∗-Growing Degree Days.



Appendix C

Appendix for Chapter 4

C.1 Supplementary Data

C.1.1 RNASeq library preparation

Root RNA was extracted from 48 diverse maize lines using TruSeq stranded RNA library

prep to create 6 unique pools of 8 libraries. Sample RNA was sequenced on 2 separate

Illumina HiSeq 100bp paired end flow cells.

C.1.2 Maize Lines used in RNASeq

5554, B57, B73, B76, B97, CML103, CML108, CML157Q, CML158Q, CML228,CML277,

CML311, CML322, CML341, CML69, CML333, F2834T, F70, HP301, HY, IL14H, KY21,

KY228, Ki11, Ki3, Ki44, M162W, M37W, MO17, MO18W, MS71, NC260, NC350, NC358,

NC360, OH40B, OH43, OH7B, P39, SC357, T2I16, TX303, TZi8, U267Y, W22, W64A
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Appendix D

Appendix for Chapter 5

D.1 Z-Score Network Comparison Heat Maps

Networks were directly compared by extracting common edges between genes present in

both networks. Each pairwise combination of networks were compared by plotting edge

intensity in one network versus the other. False color heat maps were created showing

two-dimensional histograms of the common edges between the networks using the python

matplotlib hexbin function.

D.2 Network GO Densities

Arabidopsis Gene Ontology (GO) gene mappings for 5342 terms in the biological process

ontology were downloaded from TAIR (www.arabidopsis.org). Network densities for terms

containing less than 300 genes were calculated using equation 1 for all terms in all 4

networks. Due to the construction of the global network, random sets of edges are sampled

from a standard normal distribution resulting in background a Z-score sampling mean of

0 with a standard deviation 1. Scatter plots comparing relative densities were created for

each pairwise combination of all four networks.
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D.3 Arabidopsis lines used for GWAS

D.3.1 AtLeafIonome accessions

Col-0, RRS-10, Aa-0, Alst-1, Amel-1, An-2, Ang-0, Ann-1, Ba-1, Baa-1, Be-1, Benk-1,

Blh-2, Boot-1, Bs-2, Bsch-0, Ca-0, Cha-0, Chat-1, CIBC-2, CIBC-4, CIBC-5, Cit-0, Co-2,

Co-4, Com-1, Da-0, Da(1)-12, Db-0, Di-1, Do-0, Dra-2, Ede-1, Ep-0, Es-0, Est-0, Fi-1,

Fr-4, Ga-2, Ge-1, Gel-1, Gie-0, Go-0, Gr-5, Gu-1, Ha-0, Hey-1, Hh-0, Hn-0, Je-0, Jl-3,

Jm-1, Kelsterbach-2, Kl-5, Kn-0, KNO-11, Kr-0, Kro-0, Krot-2, Li-3, Li-5:2, Li-6, Li-7,

Mc-0, Mh-0, Mnz-0, N4, N7, Nc-1, NFC-20, No-0, Nok-1, Nw-0, Nw-2, Nz1, Ob-1, Old-

1, Pa-2, PHW-10, PHW-13, PHW-14, PHW-20, PHW-22, PHW-28, PHW-31, PHW-33,

PHW-35, PHW-36, PHW-37, Pla-0, Pn-0, Pog-0, Pr-0, Pu2-24, Rhen-1, Rou-0, RRS-7,

S96, Sapporo-0, Sav-0, Sei-0, Sh-0, Si-0, Sp-0, Ste-0, Ting-1, Tiv-1, Tscha-1, Tsu-0, Ty-

0, Uk-1, Uk-2, Utrecht, Ven-1, Wa-1, Wag-3, Wag-4, Wag-5, WAR, Wc-2, Wl-0, Ws,

Wt-3, Zu-1, Ors-2, 11ME1.32, 11PNA4.101, 328PNA054, Ag-0, Alc-0, ALL1-2, ALL1-3,

An-1, App1-16, B1-2, Bay-0, Belmonte-4-94, Bg-2, Bla-1, Blh-1, Bor-1, Bor-4, Br-0, Br1-

6, Bu-0, Bur-0, C24, CAM-16, CAM-61, Can-0, Cen-0, CIBC-17, Ct-1, CUR-3, Cvi-0,

Dra3-1, DraII-1, DraIV-1-14, DraIV-1-5, DraIV-6-16, DraIV-6-35, Duk, Eden-2, Edi-0,

Est-1, Fei-0, Fj1-1, Fj1-2, Fj1-5, Ga-0, Gd-1, Ge-0, Got-7, Gr-1, Gy-0, Hi-0, Hod, Hov4-1,

Hovdala-2, HR-5, Hs-0, HSm, In-0, JEA, Ka-0, KBS-Mac-8, Kelsterbach-4, Kin-0, Kno-18,

Kulturen-1, LAC-3, LAC-5, Lc-0, LDV-25, LDV-34, LDV-58, Ler-1, LI-OF-095, Liarum,

Lill-1, Lip-0, Lis-1, Lis-2, LL-0, Lm-2, Lom1-1, Lv-5, Lp2-2, Lp2-6, Lund, Lz-0, Map-42,

MIB-15, MIB-22, MIB-28, MIB-84, MNF-Che-2, MNF-Jac-32, MNF-Pot-48, MNF-Pot-

68, MOG-37, Mr-0, Mrk-0, Mt-0, Mz-0, N13, Na-1, Nd-1, NFA-10, NFA-8, m2-1, Ost-

0, Oy-0, Pa-1, PAR-3, PAR-4, PAR-5, Paw-3, Pent-1, Per-1, Petergof, Pna-17, Pro-0,

Pu2-23, Ra-0, Rak-2, Ren-1, Rev-2, Rmx-A180, ROM-1, Rsch-4, Sanna-2, Sap-0, Sav-0,

Se-0, SLSP-30, Sparta-1, Sq-8, St-0, Ste-3, T1040, T1060, T1080, T1110, T510, T540,

T620, T690, Ta-0, Tamm-2, TDr-1, TDr-17, TDr-18, TDr-3, TDr-8, Tomegap-2, Tottarp-

2, TOU-A1-115, TOU-A1-116, TOU-A1-43, TOU-A1-62, TOU-A1-96, TOU-C-3, TOU-

E-11, TOU-H-12, TOU-H-13, TOU-I-17, TOU-I-2, TOU-I-6, TOU-J-3, TOU-K-3, Ts1,
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UKID101, UKID48, UKID80, UKNW06-059, UKNW06-060, UKNW06-386, UKNW06-

436, UKNW06-460, UKSE06-062, UKSE06-192, UKSE06-272, UKSE06-278, UKSE06-

349, UKSE06-351, UKSE06-414, UKSE06-429, UKSE06-466, UKSE06-482, UKSE06-520,

UKSE06-628, UKSW06-202, Ull2-3, Ull2-5, Ull3-4, Uod-7, Van-0, Vr2-1, VOU-1, VOU-

2, Ws-0, Wt-5, Yo-0, Zdr-6, ICE49, ICE50, ICE226, ICE216, ICE79, ICE163, ICE181,

ICE212, ICE169, ICE173, ICE97, ICE98, ICE111, ICE91, ICE112, ICE107, ICE106,

ICE92, ICE104, ICE93, ICE36, ICE21, ICE7, ICE33, ICE1, ICE72, ICE71, ICE73, ICE60,

ICE61, ICE150, ICE152, ICE153, Sha, ICE134, ICE130, ICE127, Ey1.5-2, Star-8, Nie1-2,

HKT2-4, Wal-HaesB4, Agu-1, Cdm-0, Don-0, Fei-0, Leo-1, Mer-6, Ped-0, Pra-6, Qui-0,

Vie-0, ICE29, ICE63, ICE70, ICE75, ICE102, ICE119, ICE120, ICE138, Wil-1

D.3.2 AtLeafHydroIonome accessions

Col-0, RRS-10, CIBC-5, RRS-7, Wa-1, Ag-0, An-1, Bay-0, Bor-1, Bor-4, Br-0, Bur-0, C24,

CIBC-17, Ct-1, Cvi-0, Edi-0, Est-1, Fei-0, Ga-0, Got-7, Gy-0, HR-5, Kin-0, Ler-1, LL-0,

Lv-5, Lp2-2, Lp2-6, Lz-0, Mr-0, Mrk-0, Mt-0, Mz-0, N13, Nd-1, NFA-10, NFA-8, m2-1,

Oy-0, Pna-17, Pu2-23, Ra-0, Ren-1, Rmx-A180, Se-0, Sq-8, Tamm-2, Ts-1, Ull2-3, Uod-7,

Van-0, Wei-0, Ws-0, Wt-5, Yo-0, Zdr-6, Sha, Fei-0

D.3.3 AtRootHydroIonome accessions

Col-0, RRS-10, CIBC-5, RRS-7, Wa-1, Ag-0, An-1, Bay-0, Bor-1, Bor-4, Br-0, Bur-0, C24,

CIBC-17, Ct-1, Cvi-0, Edi-0, Est-1, Fei-0, Ga-0, Got-7, Gy-0, HR-5, Kin-0, Ler-1, LL-0,

Lv-5, Lp2-2, Lp2-6, Lz-0, Mr-0, Mrk-0, Mt-0, Mz-0, N13, Nd-1, NFA-10, NFA-8, m2-1,

Oy-0, Pna-17, Pu2-23, Ra-0, Ren-1, Rmx-A180, Se-0, Sq-8, Tamm-2, Ts-1, Ull2-3, Uod-7,

Van-0, Wei-0, Ws-0, Wt-5, Yo-0, Zdr-6, Sha, Fei-0

D.3.4 AtSeedIonome accessions

Col-0, RRS-10, CIBC-5, RRS-7, Wa-1, An-1, Bay-0, Bor-1, Bor-4, Br-0, Bur-0, C24, CIBC-

17, Ct-1, Cvi-0, Eden-2, Edi-0, Est-1, Fb-4, Fei-0, Ga-0, Got-7, Gy-0, HR-5, Kin-0, Kno-18,

Ler-1, LL-0, Lv-5, Lp2-2, Lp2-6, Lz-0, Mr-0, Mrk-0, Mt-0, Mz-0, N13, Nd-1, NFA-10, NFA-

8, m2-1, Oy-0, Pna-17, Pro-0, Pu2-23, Ra-0, Ren-1, Se-0, Shahdara, Sq-8, Tamm-2, Ts-1,

Ull2-3, Ull2-5, Uod-7, Van-0, Vr2-1, Wei-0, Ws-0, Wt-5, Yo-0, Zdr-6, Fei-0
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