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Abstract 

 

Mapping the genomic regions underlying the ionome in the model crop foxtail millet 
(Setaria italica) and the proposal of a probabilistic method for their validation 

  

 

by  

 
Brianna Leigh Haining  

 

Doctor of Philosophy in Plant Biology  

 

University of California, Berkeley  
 

Professor Sarah C. Hake, Chair 

 

 
Most cultures obtain the majority of their caloric and mineral nutrition from cereals 

either directly or through livestock; therefore, understanding the genetic architecture 

underlying the acquisition of ions from the soil in these crops is important for agricultural 

purposes. The ionome of an organism is intricately interconnected; many transporters and 

enzymes involved in ion uptake and storage have been implicated in the homeostasis of 

multiple elements. Thus, an elemental signature of iron deficiency can be detected in an 

organism through analysis of the entire ionome. The focus of this thesis is on the ionome 

of two closely related species of grass known as Setaria viridis and S. italica. 

 

This thesis uses standing diversity and constructed inbred lines to illustrate the 
ionomic variation present in the Setaria species complex, and to determine which regions 

of the genome are associated with this variation. Chapter 1 explores the effect of iron 

concentration upon the ionome of a diverse group of Setaria landraces and cultivars. Each 

accession was grown in the soil as well as a hydroponic medium containing three varying 

concentrations of iron. This experiment aimed to assess the variation in iron accumulation 

present in the species. Plants were grown until senescence and then harvested and dried. 

Dry root and shoot weight was assessed, as was yield by weight. Additionally, the 

uppermost leaf was taken and the concentrations of 20 different elements in the plant were 

assessed. The unsupervised machine learning algorithm DBSCAN allowed for the 

identification of  two separate ionomically defined groups and three morphologically 
defined groups. These groupings did not show strong intercorrelation, with the exception 

of one ionomic group, which did correspond to the African morphology group. The second 

ionomic group appeared to show a constitutive phosphate deficiency response. 
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Chapter 2 addresses the need to statistically validate the quantitative trait loci (QTL) 
identified in association studies such as those completed in Chapter 3 and offers a 

mathematical solution to this issue along with an open source R module. The Scanning 

Probabilistic QTL Validator calculates the significance of a QTL of a particular length 

overlaying any N genes that were previously identified for the trait of interest. The strategy 

put forth in this chapter takes into account the number of QTL that are identified for a 
particular model, their lengths, the number of markers used for the initial mapping, and the 

overall gene distribution in the organism of interest. The SPQV’s usage is demonstrated by 

validating the results of a QTL mapping experiment in the TeoNAM RIL population that 

was aimed at identifying genes associated with branching. 

 
  Chapter 3 details the use of the quantitative trait locus (QTL) mapping to identify 

regions of the Setaria genome associated with ionic homeostasis in the species complex. 

A RIL population resulting from the interspecific cross between S. viridis and S. italica 

was grown in treatments designed to assay the effects of planting density and water 

availability. As in Chapter 1, the flag leaves of these plants were harvested and subjected 
to ICP-MS to assay their ionomic content. These phenotypic data were then used to map 

the regions of the genome that are associated with alterations in the ionome of the species 

complex. Further mapping was performed using the rotated loadings of principal 

components analyses which were performed on the phenotypic data resulting from the 
initial grow-outs. A total of 251 QTL were identified. Multiple concentrated regions of 

QTL were identified that overlapped with regions previously identified as important for 

the trait of water use efficiency.
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While agriculture in wealthy nations has entered the domain of mass market and 

industrialization, subsistence farming is still practiced in vast swaths of the developing 
world. In this model of agriculture, the output of a family’s farm is primarily used to feed 

that family. This agricultural context can have profound consequences for human health, 

as such limited diets contribute to micronutrient malnutrition. Iron deficiency is the most 

common deficiency, affecting over 2 billion people including many women of childbearing 

age and children (van der Waals and Laker 2008). The associated costs are immense in 
terms of both human life and economic output (W.H.O. 2001). Because communities are 

often constrained to specific crop species by environmental and cultural factors, it is 

necessary to pursue local crop improvement in addition to larger scale efforts. Natural 

variation within closely related species provides the means to manipulate agronomically 

important traits, iron uptake among these, reducing the severity of iron deficiency in 
subsistence cultures. Staple cereals including rice and wheat have a wide range of variation 

in iron uptake and spatial allocation among their cultivars; this has been leveraged 

previously to enhance their iron uptake properties (Römheld and Marschner 1990; Shazhad 

et al. 2014).   

 
Foxtail millet (Setaria italica) is a critical subsistence crop in Northern China, India, 

and parts of Africa (Brink 2006; Dwivedi et al. 2012). Additionally, S. italica and its wild 

ancestor, S. viridis, are emerging model organisms. S. italica is a relatively recent 

domesticate, and can be considered a subspecies of Setaria viridis in spite of their 
phenotypic differences (Dekker 2004). Indeed, the two species are capable of cross 

pollination and exhibit a continuous spectrum of morphological traits. In light of this, they 

are often denoted Setaria italica subsp. viridis and Setaria italica subsp. italica. 

Throughout this thesis, groups of individuals containing both subspecies will be referred 

to as either Setaria or the Setaria species complex. Due to its close relationship with 
economically important crops like maize and wheat (Figure 0-1), small stature, relatively 

short life span, status as a C4 plant, and sequenced genome, S. italica subsp. viridis is 

becoming a preferred subject for genetic studies (Brutnell 2010; Li et al. 2011; Bennetzen 

2012).  

Mechanisms of iron uptake in plants  

 

In initial studies of plant iron acquisition, it appeared that plants undertook the 

acquisition of iron according to two distinct strategies, dubbed Strategy I and Strategy II. 

(Römheld and Marschner 1986; Römheld 1987). In strategy I, plants exude H+ in order to 

reduce the insoluble FeIII to the soluble FeII, increase root surface reductases that reduce 
FeIII to FeII, and, occasionally, release reducing or chelating phenolic compounds into the 

soil solution (Chaney et al. 1972; Römheld et al. 1986; Hether et al. 1984).  
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Strategy II plants are characterized by the iron deficiency induced release of FeIII chelating 

compounds known as phytosiderophores (PS) and the presence of transporters for FeIII-
phytosiderophores (Figure 0-2; Takagi et al. 1984; Römheld and Marschner 1986). The 

different strategies were originally assumed to belong to dicots on the one hand (Strategy 

I) and monocots on the other (Strategy II), and then in later years were proposed to belong 

to all higher plants except grasses and grasses, respectively (Römheld 1987). Recent 

evidence points to a much more permeable boundary between the two strategies, as both 
graminaceous and non graminaceous plants seem to share a broad homology in uptake 

strategies (Xiong et al. 2013; Suzuki et al. 2016; Grillet and Schmidt 2019). Rice, 

specifically, has been proven to exercise both strategies depending upon soil conditions 

(Ishimaru et al. 2006; Walker and Connolly 2008; Wairich et al. 2019). 

 
Long distance transport of iron in plants has been the subject of less focus.  It is 

known that in the xylem, FeIII is usually complexed to citrate (Durrett et al. 2007). From 

there, iron is shuttled to the aerial parts of the plant. Iron is not restrained to travel by means 

of the xylem; older leaves will remobilize and transport iron to newer sinks (such as 

emerging leaves and seeds) through the phloem (Tsukamoto et al. 2008). Iron in the 
phloem is usually found complexed to nicotianamine (Koike et al. 2004). It is thought that 

the different chaperones involved in the xylem and phloem have to do with the differing 

pH of these vascular tissues. Once in the leaf, iron is stored in the mitochondria, 

chloroplast, and vacuole. In these locations, iron is typically found complexed to either 
ferritin or phytate (Figure 0-2; Grillet et al. 2014). 

 

Setaria species are in the Poaceae, and so utilize the PS based method Strategy II. 

This pathway centers around the exudation of mugineic acid-family phytosiderophores 

(MAs), which are small metal chelators (Hell and Stephan 2003). These molecules are 
synthesized from a starting material of L-methionine, which is converted to nicotianamine 

and then to various mugineic acids.  MAs are synthesized and stored in vesicles in the 

epidermal cells of the root (Negishi et al. 2002). The MA is then transported to the soil 

through the cooperation of yellow stripe like 5 (YSL5), a vesicular transporter, and 

transporter of mugineic acid (TOM), a transporter that is localized to the plasma membrane 
(Zheng et al. 2011). Once in the soil, the MAs chelate ferric iron and are then taken up 

again by the plant through YS and YS-like (YSL) channels (Kobayashi and Nishizawa 

2012; Curie et al. 2001). In root epidermal cells, FeIII is loaded into the xylem and 

transported towards the shoots (Figure 0-2). Due to free iron’s tendency to generate 

reactive oxygen species, iron is chaperoned throughout the plant by either nicotianamine, 
MAs, or citrate (Morrissey et al. 2009, Kobayashi and Nishizawa 2012). Setaria’s genome 

also contains several members of the NRAMP family of genes, which have been shown to 

mediate the uptake of FeII and other metal ions in other species, including barley (Thomine 

and Schroeder 2013; Wu et al. 2016). The presence of NRAMP transporters suggests the 

possibility that Setaria functions at the intersection of the two strategies for iron uptake. 
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The Ionome: Ionic homeostasis as a composite trait 

 
Iron acquisition does not occur in a vacuum; ionic homeostasis is intricately 

connected (Figure 0-3; Shakoor et al. 2016). The concentration of iron plays a role in 

influencing the concentration of other ions through its control over plant height. Ions such 

as zinc, copper, and manganese share enough properties with iron to be chelated by PS and 

taken up by the same transporters (von Wirén et al. 1996; Römheld 1991), though the 
transporters do seem to be exclusively regulated by iron status. In rice, iron deficiency-

associated upregulation of the iron transporters OsIRT1 and OsIRT2 contributes to 

cadmium uptake (Nakanishi et al. 2006). Ion interactions with the soil solution also impact 

the bioavailability of other, complementary ionic species. If there are multiple ions held 

very tightly to a given colloid within the soil, they may work to ‘shield’ nearby ions from 
plant roots, thereby decreasing the availability of an ion that is typically fairly accessible 

(Brady and Weil 2016). The interconnection of ions in the grasses is not entirely dependent 

upon iron; magnesium and cadmium compete for translocation in barley (Kudo et al. 2015), 

calcium impacts concentrations of manganese, potassium, strontium, rubidium, and zinc 

(Baxter 2008).  
 

 It is clear, then, that the relative concentration of one ion in the soil can impact the 

ultimate concentration of different ions in the plant, and that any attempt to understand the 

genetics underlying the homeostasis of one ion must necessarily address the complex 
dynamics of the complete ionic milieu. The interconnection of the concentration of various 

ions has led researchers to the concept of the ionome of an organism; that is, its mineral 

nutrient and trace element composition (Lahner et al. 2003). The ionome is essentially the 

inorganic component of an organic system. The study of the ionome is referred to as 

ionomics. This process relies on the quantitative measurement of the ionic composition of 
a living organism as it varies with genetic background, developmental timepoints, and 

physiological conditions (Salt 2004). Ionomics relies on the simultaneous sampling of the 

entire ionome; this sampling is often conducted with the use of Inductively Coupled 

Plasma-Mass Spectroscopy (ICP MS; Baxter et al. 2008). 

 
Conclusion 

 

In light of both the current agricultural system and the impending upheaval 

associated with shifts in regional and global climates, we must act quickly to understand 

and optimize the crops on which we depend.  The complete elucidation of the genetic basis 
of ionic homeostasis in crop species is fundamental to the effort to increase their overall 

yield and their nutritional value. Species like S. italica play an important role in this 

dynamic, straddling the boundary between crop and model organism. 
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Figure 0-1 
 

 

Figure 0-1. The relationship of S. italica to other grass species 

Setaria is a C4 plant that is closely related to maize, rice, and sorghum.   
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Figure 0-2 

 

 
 

Figure 0-2. Strategy II iron uptake 

 

Modified from López-Arredondo et al. 2013, Figure 4. Plants secrete mugineic acid (MA) 

family phytosiderophores into the rhizosphere, which then chelate insoluble FeIII from soil 

particles. These chelates are then taken up by way of YS family transporters. 

 
 

 

 

 

 

 

 
 

 

 

 
 

 

 
 

 



 7 

 

Figure 0-3 
 

 
 

Figure 0-3. The interconnectedness of the ionome in a Strategy II plant 

Green lines indicate positive correlation values; red lines indicate negative values. Line 

thickness indicates the strength of the correlation. The assayed plants were from the 

Sorghum Association Panel (Casa et al. 2008). Modified from Shakoor et al. 2016. 
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Section One. Assessing variation in the ionome of 

foxtail millet 

 

PREFACE 

 

 In light of the recent rise of the Setaria species as model organisms, their inherent 
diversity has become a subject of interest about which little is known. To elucidate the 

degree of variation present in the Setaria species complex, a diverse collection of 

accessions selected from the United States Department of Agriculture’s Germplasm 

Resources Information Network was grown in both soil and hydroponic conditions. The 

ionic content of these plants was then assessed using mass spectrometry, and the resulting 
data was analyzed in order to quantify the variation present in the tested accessions. 
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Chapter 1. Exploring diversity in S. italica’s ionic 

homeostasis using machine learning and hydroponics 
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INTRODUCTION 

 

Natural variation in the homeostasis of iron in S. italica remains largely unexplored. 

Ravindran et al. (1991) examined four varietals of S. italica for their available proximate 

and mineral nutrition; one of these was obtained from a seed-breeding station in Sri Lanka, 
while the other three were obtained from a station in India. These varieties varied widely 

in their iron content, with the Sri Lankan variety containing nearly twice as much iron as 

two of the Indian varieties. RFLP analysis of the ribosomal DNA intergenic spacer region 

in S. italica indicates that there are at least two types of rDNA in the species, with at least 

ten subtypes in total. The variation in rDNA sequence appears to be associated with 
geopolitical boundaries (Eda et al. 2013). Three races of foxtail millet have been defined 

in terms of morphology, though some have proposed a fourth race known as nana. The 

species has been further divided into ten sub races (Table 1-1; Prasada Rao 1987; Dwivedi 

et al. 2012). Given the identified genetic and morphological diversity of this species, it is 

likely that variation in ionic content generally, and iron content specifically, exists in 
Setaria. However, subsequent work aimed at defining the breadth of that variation is sparse 

or nonexistent. A pilot study was therefore devised to determine if sufficient variation 

existed in the Setaria species complex for improvement of the species.  

 

Potential contributors to variation in iron homeostasis in Setaria 

 

Soil type at origin: Because iron is central to the growth, development, and ultimate 

reproductive capacity of plants, the different availabilities of this nutrient in different soils 

provides a strongly variable selective pressure. Though S. italica appears to have been 
domesticated from S. viridis in Gansu Province, Northwestern China in around 5900 BP 

(Barton et al. 2009), it has since been cultivated in many diverse regions, including 

‘Southeast Europe, South and Central China, the Far East, the Americas, Australia’, and 

parts of Africa (de Wet et al. 1979). Given this wide pattern of cultivation, it is likely that 

S. italica has been cultivated in many different soil types. Indeed, the USDA’s Germplasm 
Resources Information Network (GRIN) contains 772 S. italica accessions at time of 

writing. The documentation for these accessions contains information such as the exact 

coordinates of collection, which indicate the diversity of soils in which S. italica has been 

cultivated during the last century. 

 
The diversity of soil characteristics is commonly defined by the USDA’s 12 order 

system (Brady and Weil 2016; Table 2-1). These orders differ in a wide variety of 

properties, many of which are important to ionic homeostasis in the plants that live upon 

the soil. Among these characteristics are the percentage of organic matter, mean annual 

soil temperature, base saturation, pH and cation exchange capacity (CEC). CEC is defined 
as the total sum of exchangeable cations (such as Fe) that are adsorbable by the soil.  
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CEC is largely dependent upon pH: the number of exchangeable cations increases in the 

soil solution as pH increases (Brady and Weil 2016). Phytosiderophore (PS) uptake in the 
grasses also depends upon pH, and therefore on soil type, with lower pH contributing to 

increased PS uptake (Schaaf et al. 2004). There is evidence that soil type influences PS 

exudation as well: the Tamaro wheat cultivar appears to exude different levels of PS in 

different soils (Oburger et al. 2014). This is consistent with the differential induction of PS 

in media with different iron availabilities (Itanna and Coulman 2003; Gries et al. 1998; 
Kabir et al. 2016).  

 

Biotic milieu at origin: Plants working to obtain mineral nutrients not only face the 

obstacle of extracting insoluble iron from the soil, they also face significant competition 

from organisms in the rhizosphere for these resources. The appropriate transporters can 
give strategy I plants the advantage by giving them the ability to take up FeIII-PS complexes 

originally secreted from nearby strategy II plants. For example, iron efficient oat (Avena 

byzantina C. Koch.) produces PS that are taken up by iron inefficient muskmelon (Cucumis 

melo L.) and T3238fer tomato (Lycopersicum esculentum Mill.) when they are 

hydroponically co-cultivated (Camp et al. 1987; Hopkins et al. 1992). If a strategy I plant 
is unable to take advantage of the FeIII-PS complexes in this manner, they are at a 

comparative disadvantage: soybeans which were unable to take up these compounds in the 

same studies suffered from increased iron-deficiency chlorosis as compared to plants 

grown alone.  
 

Another source of biotic complexity is found in the microbiome. Microbes take up 

iron and other essential nutrients using siderophores, molecules that are similar in structure 

to PS and which are taken up using similar transporters; the negatively charged groups of 

microbial cell walls also adsorb cations like FeII, thus removing them from the soil solution 
(Rajendran et al. 2003). While there is general interchange between plant and microbial 

siderophores (Bar-Ness et al. 1992; Jurkevitch et al. 1993; Radzki et al. 2013), PS also 

serve as attractive carbon sources for microbes in the soil (Marschner and Crowley 1998; 

Von Wiren et al. 1993). Microbial metabolisms can act to decrease the soil pH, particularly 

in FeII poor environments (Lauber et al. 2009); in conditions where the necessary cations 
are freely available, however, the microbiome can act to increase the pH of the soil (Ratzke 

and Gore, 2018). The impact of the soil microbiome on iron uptake strategies that do not 

depend on PS can therefore be acute, as FeII availability depends heavily upon soil pH. 

 

Degree of domestication and morphotype: Strains in the Setaria complex differ 
broadly in key domestication traits. A non-shattering panicle, limited tillering, and 

appropriately timed seed germination are all traits that contribute to a plant’s domestication 

syndrome, and none are fixed in agriculturally utilized lines of Setaria. Indeed, 

domesticated Setaria has been hypothesized to consist of three races: moharia, maxima, 

and indica. These races are defined by morphology. Moharia lines are highly tillered and 
produce many small, upright panicles, much like the wild S. italica subsp. viridis.  
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Those lines classified as maxima tend to produce only one or two large, pendulous panicles, 

and do not generally tiller. Indica lines appear to be an intermediate between the other two 
races in terms of tiller number and panicle habit (Prasada Rao et al. 1987; Table 1-1). While 

maxima lines conform best to the expected domestication syndrome, there exist elite 

cultivars that are considered to be of the moharian race. The tripartite morphological 

division is not universally accepted: Li et al. (1996) apply a fourth designation, nana, to 

the cultivars that most closely match the phenotype of S. italica subsp. viridis. In their 
designatory scheme, moharia has more domesticated characteristics than does nana, with 

relatively fewer tillers and shorter culms. 

 

There is a strong correlation between morphotype and location of cultivation: 

moharian lines are grown in Europe and southwest Asia, maxima in transcaucasian Russia 
and eastern Asia, and indica lines in India and southeast Asia. Li et al. claim that nana is 

found in Lebanon, Iran, and Afghanistan. It is apparent that, though race, degree of 

domestication, and geographic origin are inextricably intertwined, these factors do operate 

independently of each other to an extent, largely due to intensive breeding and cultivation 

in the United States, China, and Europe. Because maxima is the most suitable for modern 
cultivation practices, it is likely that the cultivation of this race has been preferred in regions 

where intensive breeding of S. italica has been carried out. The regional associations 

discussed in this paragraph were largely replicated in a RFLP analysis (Eda et al. 2013) of 

the ribosomal DNA intergenic spacer sequence, with the exception of the nana race, which 
was not clearly present in their analysis. Additionally, the RFLP analysis suggests that 

there is recent shared parentage between most African and Indian lines. 

 

The known variation in iron content in S. italica combined with the likelihood that 

one or more of the factors described above suggest that there exists unexplored variation 
for this phenotype in the Setaria species complex. A study was therefore devised to 

determine if sufficient variation existed for improvement of the iron content in the species. 

A hydroponic system was developed to assay the impact of varying concentrations of iron 

on the morphology and ionome of numerous accessions of S. italica collected from around 

the globe. All three races were represented in these accessions. A hydroponic system was 
used to assay the ionic content, as these systems are excellent tools in plant nutritional 

studies (Jones Jr. 1982). As a complement to the hydroponic system, the accessions were 

also grown in soil and analyzed in the same manner as the hydroponic system. 

Unsupervised machine learning methods were leveraged to group morphological and 

ionomic observations. These data revealed three distinct morphological groups segregated 
along geopolitical boundaries and two distinct ionomic groups containing accessions of 

mixed geopolitical origins, thus indicating that morphology does not define the S. italica 

ionome. Additionally, valuable data were collected on the influence of morphotype on 

robustness and response to hydroponic growth. The insights gained through this study 

demonstrate that sufficient natural variation in Fe homeostasis exists in the S. italica pan-
genome for use in biofortification. 
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MATERIALS AND METHODS 

 

Selection of the diversity panel 
 

Sixteen lines of Setaria italica were selected from the Germplasm Resources 

Information Network (GRIN), a germplasm database that is maintained by the United 

States Department of Agriculture’s Agricultural Research Service. The chosen lines are 
detailed in Table 2-2.  The lines were selected for diversity primarily based on their soil 

type at their approximate location of collection or origin (when known). Eight out of the 

12 USDA-recognized soil orders were represented in the selected lines. The unrepresented 

orders are gelisols (comprising 13% of continental land area), spodosols (4%), histosols 

(2.5%), and vertisols (2%). Though combined these soil orders cover 21.5% of the earth’s 
surface, gelisols are defined by the presence of permafrost; the other orders that are not 

included are also typically non-arable due to the cold environment associated with the 

formation of those soils. Annotation concerning the exact location of an accession’s 

collection was sparse in the GRIN database; some accessions were only identified by their 

country of origin. Kenya and Afghanistan have extremely complex soil landscapes (Jones 
et al. 2013; Food and Agriculture Organization of the United Nations, 1973), and S. italica 

was originally domesticated in China (Lu et al. 2009). These countries were therefore 

preferentially selected. 

 
Degree of cultivation was also taken into account when establishing the panel; the 

majority of tested accessions were landraces, as crops at this level of domestication tend to 

be more genetically diverse than elite cultivars. Single accessions of Setaria viridis, Setaria 

parviflora, Setaria faberi, Setaria macrostachya, and Setaria sphacelata were also 

included in the panel. The S. faberi accession was a cultivar, and the S. viridis line was the 
lab strain A10. The remaining accessions were originally collected from the wild.  
 

Nutrient Medium Composition 

 

The nutrient medium used in all hydroponic experiments was based on a modified 

MS solution. The 1x solution consisted of 2.0 mM Ca(NO3)2, 0.5 mM MgSO4, 0.1 mM 

KCl, 10 μM H3BO3, 5μM MnCl2, 5 μM ZnCl2, 2 μM CuCl2, 1 μM Na2MoO4, 300 μM 
KH2PO4 and 0.15 mM FeEDTA (Ceasar et al. 2014). FeEDTA was chosen as the iron 

supply for several reasons. Firstly, this iron chelate has been used in several studies aimed 

at understanding iron homeostasis in grasses (Santana et al. 2014; Li et al. 2019; Krohling 

et al. 2016). Because phytosiderophores work in the soil solution to chelate iron from 

colloidal particles, it is important that the ion chelate has a binding constant that produces 
an environment that is similar to that created by the presence of FeIII-colloid complexes. 

This means that the binding constant must be high enough that the complex does not 

dissociate immediately in solution, but low enough that the FeIII can be chelated by a 

phytosiderophore, both of which are satisfied by FeIIIEDTA. 
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Two other iron media were also used: a solution containing 1 mM FeEDTA and a 

solution containing 0.06 mM FeEDTA. The high iron (+Fe) concentration was selected 
based on Santana et al. 2014, which illustrated that leaf bronzing, which is a symptom of 

iron toxicity, can be visible at 1mM FeEDTA in Paspalum urvillei, a grass that can tolerate 

high iron soils. In the same study, Setaria parviflora, a hyperaccumulating species, showed 

bronzing at 2 mM FeEDTA. The intent of this experiment was to supply the plants with a 

stressful concentration of iron without killing them. Because most species are, by 
definition, neither hyperaccumulators nor hypertolerant of excess iron, the highest 

concentration of iron that did not visibly stress S. parviflora was used. The low iron (-Fe) 

concentration was selected based on the interactions between iron and potassium in maize 

that were elucidated in Celik et al. 2010. When exposed to conditions of potassium ranging 

from 1-8 mM and 0.03 - 0.12 mM FeEDDHA in an otherwise standard nutrient medium, 
the dry weights of maize roots and shoots reached their peaks at 4-6 mM potassium and 

0.12 mM FeEDDHA. At 0.06 mM FeEDDHA, the dry root weight was decreased 

significantly in all potassium regimes, and the dry shoot weight was decreased significantly 

in all but the 8 mM potassium treatment. This concentration of ferric chelate was therefore 

used in an attempt to produce chlorotic plants that still set seed. All media types were 
produced in 20x solutions, which were adjusted to a pH of 6 using NaOH and glacial acetic 

acid where necessary. 
 

Germination procedure 
 

Several methods of germination were assayed in hopes of achieving simultaneous 

germination. Each method was performed using unstratified seed and seed that had been 

held at 4℃ for a minimum of 5 days prior to surface sterilization. Seeds were then surface 
sterilized in a solution of 10% bleach for 2 minutes before germination. In method one, the 

sterilized seeds were placed on a damp paper towel, which was then enclosed in a petri 

dish and left in the dark to allow for germination. Water was added to the paper towels as 

they dried. In method two, seeds were placed in petri dishes and soaked in a karrakin 

containing solution (Wright’s Hickory Liquid Smoke) in the dark. Methods one and two 
were each performed at room temperature (~25℃ ) as well as at 30℃ . In method three, 

seeds were distributed on 1% agar plates and left in the dark at room temperature. 

 

Method three was successful in producing uniform germination across all assayed 

accessions and was therefore used in all subsequent experiments.   

 

Cultivation in the Hydroponic System 

 

Germinated seeds were rooted in a fully hydrated mixture containing 70% perlite 

and 30% vermiculite when their radicles had reached approximately 1 cm in length. 

Seedlings were blocked by experimental treatment. Each block was supplied with 50% 

nutrient medium the day following planting through bottom watering. Every three days 

thereafter, seedlings were supplied with the appropriate nutrient medium at full strength.  
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When the seedlings had reached the four or five leaf stage, they were transferred to a 

hydroponic system (Figure 1-1). All S. italica varieties were placed in the system on the 
same day; S. macrostachya and S. sphacelata reached the appropriate stage and were 

placed in the system two weeks after the other varieties. Each plant had a single neighbor 

of the same cultivar within the same hydroponic unit (HU). HU containing plants of the 

same genotype were placed in physical proximity in an attempt to control for the effects of 

microenvironments. Once in the system, plants were supplied with fresh nutrient medium 
every three days. Leaf number, shoot height, tiller number, and panicle number were 

assessed on those days.  

 

Within the first ten days, 24/90 plants had died; by 13 days post hydroponic 

placement (DPHP), that number had increased to 40/90. Examination of the system 
revealed that the most likely cause of this phenomenon was the physical position of a 

plant’s HU. Plants placed in the two rows closest to the western windows had a much 

greater likelihood of dying than their neighbors. These plants had HU that were hot to the 

touch by the late afternoon. Several steps were taken in response to this issue. First, HU 

positions were altered every three days. All units were transferred to positions previously 
occupied by another unit in their treatment group in order to control for physical position 

and to ensure that all plants occupied the same positions in the course of the experiment. 

Secondly, all plants were separated into individual HU on 8/24/2016 in order to remove 

the discrepancy in treatment between plants with living neighbors and plants without. 
 

Plants were harvested when they had set seed. Due to the broad range of 

domestication traits in the cultivars assessed, the date of collection varied widely; while 

White Wonder produced only two panicles per plant, some produced upwards of 100. In 

spite of the short life span of most Setaria species in soil, many of the cultivars assayed in 
the hydroponic system appeared to thrive in the context of the hydroponic system, with 

new tillers and panicles emerging until the date of harvest, six months post germination. 

These indeterminate plants were harvested simultaneously. Plants were dried for one week 

before collection of final morphological data, including dry root and shoot weights.  

Material was collected from the flag leaf on the main axis of the plant and sent to the Baxter 
lab at the Donald Danforth Plant Science Center (DDPSC) for mass spectroscopic ionomic 

analysis (ICP-MS).  

 

The Baxter lab has a documented, standardized pipeline for elemental analysis 

(Ziegler et al. 2013). Flag leaf samples collected from each plant were dried, weighed, and 
digested in 2.5 mL of concentrated nitric acid (AR Select Grade, VWR International, LLC) 

with internal standard added (20 µg L–1 Indium 200) (Aristar Plus, BDH Chemicals). They 

were then diluted to 10 mL using ultra pure water (18.2 MΩ water) from a Milli-Q system 

(Millipore).   
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 Concentrations of the elements B, Na, Mg, Al, P, S, K, Ca, Mn, Fe, Co, Ni, Cu, Zn, 

As, Se, Rb, Sr, Mo and Cd were measured in each sample using an Elan 6000 DRC-e mass 
spectrometer (Perkin-Elmer SCIEX) connected to a PFA microflow nebulizer (Elemental 

Scientific) and Apex HF desolvator (Elemental Scientific). Nitrogen concentration was not 

considered, as this technique does not allow for its measurement. A calibration curve was 

produced before each run by analyzing six dilutions of a stock solution that was produced 

by mixing multiple single element standards (Ultra Scientific).To reduce interference due 
to the presence of polyatomic and double charged species, the lens voltage and nebulizer 

gas flow rate of the ICP-MS were optimized for maximum Indium signal intensity and low 

CeO+/Ce+ (<0.008) and Ba++/Ba+ (<0.1) ratios. Machine drift within and between runs 

was corrected for by the inclusion of a control solution after every ten samples. This control 

sample was the result of mixing the remaining samples from the second dilution. The 
control therefore reflected any drift in the sample matrix. This same control was used in 

each run, so that inter-run variation could be corrected. 

 

Cultivation of Soil Grown Plants for comparison 

 
Due to their liquid, axenic media and the lack of the support and resistance offered 

by soil, hydroponically based experiments can differ drastically from soil-based 

experiments. Moreover, when compared to soils, hydroponic systems offer well-balanced 

nutrition to plants while simultaneously providing very little oxygen. In light of these 
limitations, the cultivars that were grown hydroponically were also grown in soil (Sunshine 

Mix #2). Using the same criteria as in the hydroponic experiment, plants were harvested at 

maturity and their shoots dried for one week. Samples from the flag leaves on the main 

axis of the plant were collected and sent to the DDPSC. They were subsequently analyzed 

by ICP-MS as in the hydroponic experiment. 

Computational Analyses 

 

Due to the high rates of death in the hydroponic system, a generalized linear model 

(GLM) was fitted to determine the contributing factors. The Akaike Information Criterion 

estimator was calculated for models including factors such as treatment, genotype, 

location, and the interactions between these factors.  

 

Analyses of morphological data: Given that Setaria is a relatively recent 

domesticate, it was unclear if cultivar and landrace designations would indicate meaningful 

distinctions. Several alternative groupings were therefore assessed, including soil type at 

origin, treatment, race, domestication level, and region of origin. Because the information 

about accessions in the GRIN database is often incomplete, the morphological data were 
also grouped using the density-based spatial clustering of applications with noise 

(DBSCAN; Ester et al. 1996) algorithm, with epsilon set to 0.15 and the minimum cluster 

size set to 8.  
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This particular algorithm makes no assumptions about the shape and size of individual 

clusters, or how many clusters exist in the data. The DBSCAN algorithm was run using the 
data for height, tiller number, total panicle weight, average panicle weight, average panicle 

length, and average leaf number per tiller. These data were scaled using the scikit-learn 

(version 0.22.2; Pedregosa et al. 2011) package’s StandardScaler function, and then 

converted to a squareform distance matrix using the squareform function from the package 

scipy 0.14.0 (Virtanen et al. 2020). The metric used for this process was ‘correlation’. To 
assess whether the groups assigned by DBSCAN were more informative than random 

choice and to determine the features that were most informative for this grouping, the 

clusters defined by DBSCAN were used as the target variable for a random forest 

regression with 200 estimators. K-fold cross validation with K = 3 was used to prevent 

overfitting. 
 

The morphology of hydroponically grown plants was compared with that of soil 

grown plants using PCA. Calculations were performed both with and without wild species 

using the native prcomp() function. The traits analysed included the traits used in the 

DBSCAN analysis.  Additional PCA were performed separately on the soil- and 
hydroponically grown plant data.  

 

The data were also subjected to a second method of high dimensional data 

visualization known as Potential of Heat-diffusion for Affinity-based Transition 
Embedding, or PHATE (Moon et al. 2017). The morphological data for the two separate 

experiments was visualized separately and alone.  

 

Analyses of ionomic data: PCA was performed on these data as described above. 

The traits assayed included the contents of the elements Mg, P, S, K, Ca, Fe, Mn, Co, Ni, 
Cu, Zn, Se, Rb, Sr, Mo, and Cd. Additionally, PHATE was performed on the reduced 

ionomic dataset, and ionomic groups were determined using DBSCAN with an epsilon of 

0.46 and a minimum cluster size of 11. A random forest regression with 3-fold cross 

validation was performed as described above. 

RESULTS 

Morphology and location in the HS affected survival 

 

DBSCAN (morphology cluster), DBSCAN (ionomic cluster), and physical location 

were assessed as possible contributing factors to the widespread death of HS plants, as 

were the interactions between these factors and treatment. The morphological DBSCAN 

cluster had a statistically significant effect on survival (p < 0.001), as did location (p < 
0.01); no other factors or interactions appeared to modulate plant survival. No 

morphological attributes were significantly associated with the ionomic DBSCAN 

clustering.  
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Clustering analysis revealed three distinct morphological groups 

 
The results of the DBSCAN clustering revealed three morphological groups 

centered in Africa, Russia and China (SR, for Sino-Russian), and Afghanistan/Lebanon 

(AL) (Figure 1-2). When the ‘group’ variable was assigned at random, the assignment was 

accurate 25.01% of the time. When the frequency of each group’s occurrence was taken 

into account, the accuracy rose to 27.03%. Random forest regression assigned groups with 
an accuracy of 83.93%. The features that had the most importance for the clustering are 

reported in Table 2-3. The most important among these included panicle dimensions and 

plant height. 

Tiller and leaf number allow for early morphological group differentiation 

  
Group means for tiller number, leaf number, and leaves per tiller did not differ 

between treatments. The low iron group did differ significantly from the high iron group 

in terms of height on days 25, 37, 43, and 100, with the high iron plants being significantly 

shorter than their low iron counterparts (Figure 1-3C).  

 
Comparison between races was complicated by the large fraction of lines whose 

race was not noted in the ARS GRIN database. There nonetheless appeared to be consistent 

differences between moharia and maxima plants in terms of height, with a consistent 

statistically significant difference beginning at 31 DPHP (Figure 1-3B). The two races also 
differed in leaf and tiller number starting at 22 and 16 DPHP, respectively (Figure 1-4B; 

Figure 1-5B). Leaf number per tiller allowed for the differentiation of moharia and maxima 

from 16 - 43 DPHP, but not at the final measurement (Figure 1-6B). 

 

Different pairs of the DBSCAN generated groupings were distinguishable by height, 
tiller number, and leaf number. African lines were differentiable from SR plants via leaf 

number measurements from 7 DPHP onwards ( Figure 1-4A), and were significantly 

different from AL plants in terms of height at 100 DPHP (Figure 1-3A). AL plants were 

distinct from SR plants in terms of height at 100 DPHP, and in terms of tiller number from 

10 DPHP onwards (Figure 1-5A). SR plants had a high leaf number per tiller ratio for the 
first 43 days of the experiment, and were distinguishable from the AL varieties by this 

metric from 28 - 43 DPHP (Figure 1-6A).  

The control and low iron treatments in the hydroponic system promoted branching 

 

The final morphological data was visualized using PHATE and PCA. When the soil 
plants were examined alone, the first principle component explained 62.5% of the variance 

in the data, and the second accounted for a further 21.7% of the variance (Figure 1-7).  
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The three morphological groups defined by DBSCAN were clearly visible in both 

visualization methods (Figure 1-7). All three groups separated along the first PC, and AL 
and Africa were distinguished from SR along the second. The PHATE visualization 

illustrates that the morphological DBSCAN groups are clearly distinct within the data. 

With the exception of AL, however, these groups are not obvious in the morphological data 

of the hydroponic system (Figure 1-8A). It appears that the majority of the members of the 

African and SR groups did not survive the HS. Instead, the HS morphology appears to be 
defined by treatment, with the plants treated with the high iron regime clustering in PHATE 

visualizations and near the origin in PCA analyses (Figure 1-8C; Figure 1-9).  When the 

soil and HS grown plants were compared in PCA, the high iron regime plants clustered 

closest to those grown in the soil (Figure 1-9A), likely due to the fact that these groups 

were both short and had a low level of branching in comparison to the plants grown in the 
control and low iron conditions. Unlike the soil grown plants, plants in the high iron 

treatment were also observed to have signs of bronzing. The low iron treatment did not 

appear to induce chlorosis. 

Clustering analysis of mass spectroscopy data revealed two groups 

 
The ionomes of the soil grown plants were compared using PHATE. When the 

ionomic data were colored according to the groups designated by applying DBSCAN to 

the morphological data, the African group remained clearly defined (Figure 1-10). The AL 

and SR groups, however, did not appear to have the same similarity in their ionomic 
properties as they did in their morphologies. In light of this, the DBSCAN algorithm was 

used to determine the groups within the ionome. This yielded two groups (Figure 1-10B), 

one of which (Group 1) corresponded well to the African morphology group, though Group 

1 did include an Indian cultivar (464157) that the African morphology group did not. The 

second ionomic group (Group 2) was composed of the A10 strain of Setaria viridis and the 
elite cultivars White Wonder and Poltavskaja. In Group 2 as compared to Group 1, there is 

a significantly higher level of As, Zn, P, Cu, and Fe, and significantly lower levels of Co. 

B did not differ between groups (Figure 1-11).  

 

 Because the morphological clustering did not appear to correspond well to that of 
the ionome (Figure 1-10), the ionomic DBSCAN clustering was assessed using a random 

forest with the same parameters as described for the morphological clustering. Random 

selection of the ‘group’ variable had a 33.32% success rate; when group frequency was 

accounted for, this rate rose to 35.15%. Random forest regression assigned groups with an 

accuracy of 82.00%. The most informative elements for this clustering were Fe, Mo and 
Mg (Table 2-4).   

 

The ionomes of the HS plants were similarly analysed using PCA and PHATE. 

When assessed alone, the HS plants did not exhibit a clear pattern of clustering, which is 

likely due to the relatively small number of plants that survived the HS.  
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When the ionomes of all plants were considered simultaneously, a stark division between 

the soil grown plants and the HS grown plants is clear (Figure 1-12C). Clustering by HS 
treatment regime is more evident in this context, with clear distinctions between those 

plants grown in the high iron regime and their counterparts in the low and control iron 

regimes.  
 

DISCUSSION 

Constitutive phosphate deficiency response defines the ionome in Setaria italica 

 

K fold cross-validation shows that Fe was the most important feature for the 
designation of ionomic groups using DBSCAN. The importance of Fe in determining these 

groups suggests that there is sufficient variation in the homeostasis of Fe to differentiate 

between groups. Additionally, Fe homeostasis is clearly associated with genotype in 

Setaria italica: Group 1 consists of all assayed African accessions and one Indian 

accession, and Group 2 consists of two elite cultivars and the lab strain of Setaria viridis 
known as A10.  

 

Though the accessions in Group 2 are not morphologically similar, they have been 

cultivated in similar environments for the past two decades (Wang et al. 1998); it is possible 
that the consistent supply of fertilizer that both lab specimens and elite varieties enjoy has 

shaped their ionome. A similar phenomenon has occurred in Arabidopsis thaliana: though 

this species only became a common model organism in the 1980s (Meyerowitz 2001), by 

1997 both the Col-0 and Ler genotypes had lost secondary seed dormancy (Van der Schaar 

et al. 1997). This sort of unconscious domestication is common, having occurred in fruit 
flies, bacteria, and the green alga Chlamydomonas, among others (Driks and Eichenberger 

2016; Bell 2012). 

 

Group 2 accumulated more than twice the amount of iron as did Group 1, which 

may be a result of the prolonged, heavy use of fertilizer on the accessions in Group 2. 
Fertilizers containing high levels of phosphorus are applied regularly to both lab strains 

and elite varieties cultivated in the United States and Europe, with application levels since 

1980 ranging from 0.5 grams of phosphorus per meter squared per year to triple that amount 

(Lu and Tian 2017). In contrast, phosphate fertilizer use in Africa has held steady at less 

than 0.5 g P/m2/yr in the same time period.  The presence of phosphate has a well-
documented impact on the availability of both Fe and P to graminaceous plants, as they 

interact to form insoluble complexes in the soil (Lindsay and De Ment 1961). It is possible 

that the ability to take up iron under high phosphorus conditions has been unintentionally 

bred into the accessions in Group 2.  
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There is a known multi elemental signature of phosphate deficiency in strategy I 

plants (Baxter et al. 2008; Heuwinkel et al. 1992). Aside from a drop in phosphorus 
content, A. thaliana also displays an increase in Mo, B, Zn, As, and Fe, and a decrease in 

Co and Cu. Group 2 plants follow this pattern when compared with Group 1 plants with 

the exception of their P and Cu content, both of which were relatively increased in Group 

2. Copper is also mobilized by phytosiderophores, but is not mobilized by the pH 

modulation that is characteristic of the strategy I iron uptake pathway (Printz et al. 2016). 
If these plants have indeed upregulated their iron uptake pathways in response to excess 

phosphate, then this increase of copper is likely due to an excess of phytosiderophores in 

the environment. It seems, therefore, that the plants in Group 2 may have been bred to have 

a constitutive phosphate deficiency response regardless of their actual phosphate contents. 

Morphological group in S. italica contributed to survival in the hydroponic system 

 

 The root system architecture of grasses has been shown to be controlled by the same 

genetic network that controls tillering (Gaudin et al. 2014; Khasanova et al. 2019), and a 

heavily branched root system contributes to survival in hypoxic environments (Koevoets 

et al. 2016; Jacobs et al. 1997). This is likely why the HS appears to have selected against 
plants in the morphological groups with relatively few tillers (African and SR). 

Interestingly, a plant’s ionomic grouping did not appear to affect survival in the HS. The 

disjunction of groups as defined by morphology and the ionome suggests that the 

morphology of these plants has little effect on the ionome, and vice versa. 
 

In combination, the differential survival rates in the HS and the lack of overlap in 

clusters defined by the ionomic and morphological datasets suggest that while an increase 

in branching does improve S. italica’s survival in hypoxic environments, it does not appear 

to affect ionic homeostasis. 

The hydroponic system perturbed the ionome and morphology of S. italica 

 

Many of the plants treated with high iron also had low seed set due to a lack of 

panicles or the presence of immature panicles. In combination with the visible bronzing on 

these plants, this finding suggests that the HS was successful in inducing iron toxicity in 
many of the plants in the high iron condition. Iron deficiency, however, was not visible in 

the plants treated with low iron media. 

 

Though the different levels of iron exposure did not dramatically perturb 

morphological grouping by region, the morphological groups defined by DBSCAN did not 
correspond to the ionomic dataset. While variation in ionic homeostasis does appear to be 

loosely associated with region, the treatment regime to which the plants were exposed was 

more obviously represented in the clustering of the data.  
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Interestingly, while the plants exposed to the high iron treatment were morphologically the 

most similar to the soil grown plants, they were the most ionomically dissimilar to the soil 
grown plants. Given that the plants in the low and control iron treatments were given 

relatively balanced nutrient media, the differences in morphology between the soil grown 

plants and their more branched counterparts in the control and low iron treatments are 

primarily due to the amount of nutrients available to the plant. Without the high iron 

treatment’s excess of iron to interfere with the uptake of other ions, typical ionomic 

homeostasis was largely maintained in the low iron and control treatments. 

 

Iron treatment alone did not significantly impact plant form, but the overall growth 

environment did dramatically impact the morphology of the plants. When the morphology 

of all plants was compared on the basis of treatment using both PCA and PHATE, the 
plants treated with excess iron clustered closely with the soil grown plants.  The other iron 

regimes in the HS produced highly tillered, highly productive plants; these treatments did 

not appear to impact the morphology within the AL regional group, illustrating the 

continued import of AL origin in the less severe treatment regimes. In contrast, the high 

iron treatment tended to produce plants that were relatively short and unbranched, leading 
to some overlap in morphology between the different regional groups defined by 

DBSCAN.  

CONCLUSIONS 

 

Here, I illustrate that while it is possible to influence the morphology of Setaria 

using an excess iron treatment, morphology and the ionome are disconnected in the Setaria 

species complex when these plants are grown in the soil. Additionally, I suggest that the 

varieties of this crop that have been exposed to high levels of phosphate during their 

breeding have developed a constitutive phosphate deficiency response. 
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Figure 1-1 

 

 

Figure 1-1. Arrangement of units in the hydroponic system 

 

Plants were grown on a moveable bench approximately 1-3 meters from the west wall of 

the greenhouse, represented here by a dashed line. Boxes represent individual hydroponic 

units. 
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Figure 1-2 

 

 

 
 

Figure 1-2. PHATE visualization of the morphologically defined groups assigned to 

soil plants 

 

The morphological groupings produced by DBSCAN (A) correspond well to the groups 

designated by origins in Afghanistan/Lebanon (AL), Africa, and China/Russia (here 

termed Sino-Russian) (B). Lighter colors indicate the projected clustering of previously 

ungrouped data points based on accession.  
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Figure 1-3 

 
 

 
 

Figure 1-3. Time course of height in the HS 
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Figure 1-4  

 

 

Figure 1-4. Time course of leaf number in the HS 
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Figure 1-5 

 

 
 

 

Figure 1-5. Time course of tiller number in the HS 
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Figure 1-6 

 

 

Figure 1-6. Time course of average number of leaves per tiller in the HS 

 

 

 

 

 

 



 29 

 

Figure 1-7 

 

 

Figure 1-7. PCA and PHATE of morphological dataset for soil grown plants 

 

Both methods clearly illustrate the result of DBSCAN morphological groups. 
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Figure 1-8 

 

 
 

Figure 1-8. PHATE visualization of the morphology of hydroponically grown plants 

 

HS plants were best grouped by treatment (C). Ionomically defined groupings were not 

clearly present (B), and of the clusters defined by the morphology of soil plants, only AL 
seemed to consistently cluster in the rightmost arm of the plot (A). 
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Figure 1-9 

 

 

 
 

Figure 1-9. Plant morphology datasets cluster by treatment 

 

HS plants in the high iron treatment tended to cluster near the origin (B). Plants in the other 
two HS conditions did not appear to cluster by treatment. When the HS and soil grown 

plants’ morphology were compared, plants treated with excess iron tended to cluster with 

the soil grown plants (A). 
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Figure 1-10 

 

 

Figure 1-10. The DBSCAN algorithm identifies disparate clusters in the ionomic and 

morphological datasets 

 

The ionomic clustering (B,D) does not follow the same pattern as the morphological 

clustering (A,C) with the exception of the African morphology group, which appears to 
correspond to the ionomic cluster Group 1. 
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Figure 1-11 

 

 
 

Figure 1-11.  Comparison of the concentration of ions indicative of phosphate 

deficiency in soil grown plants 

 

Group 1 and 2 were compared. All ions except boron were significantly different in 
concentration. 
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Figure 1-12 

 

 

             
Figure 1-12. The ionome is perturbed by HS conditions 
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Table 1-1 
 

Race Tillering Height Origin 

Inflorescence 

architecture 

Days to 

flowering 

Maxima 
1-8 (av. 1.6), 

unbranched 
45-100 cm 

China, 

Mongolia, 

Japan, Korea, 

Georgia. 

Introduced to 

the US. 

East Asian: 12-30 cm, 

pendulous. Well 

developed bristles. 

Central Asia: shorter, 

erect. Short bristles. 

32-57 dpp 

Moharia 

5-52 (av. 

8.6), heavily 

branched 

25-100 cm 

Europe, Russia, 

Afghanistan, 

Pakistan 

Erect or nodding. 

Short branches. 

Bristles tend to stand 

out of the panicle. 

32-50 dpp 

Indica 

1-25 ( av. 

3.4), some 

branching. 

Variable 

Appears to be a 

cross between 

maxima and 

moharia. 

Largely grown 

in India and Sri 

Lanka. 

6-30 cm long. Erect or 

nodding (if larger). 

Well developed 

bristles. 

43-70 dpp 

Setaria 

viridis 

Extensive 

branching. 

Maximum 150 

cm, typically 30 

cm in Berkeley 

China 

<10 cm. Long bristles. 

Easily shattered at 

maturity. 

- 

 

Table 1-1. The racial morphology of Setaria 

 

Setaria has been divided into as few as two and as many as four racial subgroups. The three 

most commonly included racial groups are enumerated here, as is the wild S. viridis. 
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Table 1-2 

 

Type Description 

Entisols Little, if any horizon development 

Aridisols Soils located in arid climates 

Alfisols Deciduous forest soils 

Ultisols Extensively weathered soils 

Gelisols Soils containing permafrost 

Andisols Soil formed in volcanic material 

Inceptisols Beginning of horizon development 

Mollisols Soft, grassland soils 

Spodosols Acidic, coniferous forest soils 

Oxisols Extremely weathered, tropical soils 

Histosols Soils formed in organic material 

Vertisols Shrinking and swelling clay soils 
 

Table 1-2. USDA defined soil types and descriptions 

 

Note that several soil types, including gelisols and inceptisols, are largely nonarable. 
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Table 1-3 

 

 
 

Table 1-3. ARS GRN accessions selected for hydroponic assay  

 

Plants were selected based on diversity in soil type at origin, region of origin, and 

breeding status. 
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Table 1-4 

 
 

Feature Feature Importance 

Average panicle weight 23.90 

Average panicle length 20.45 

Height 16.25 

Total panicle weight 15.93 

Tiller number 14.33 

Leaf number per tiller 9.13 

 

Table 1-4. Morphological feature importance for the random forest regression 

assigning DBSCAN groups 
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Table 1-5 
 

Ion Feature Importance 

Fe 16.76 

Mo 10.80 

Na 8.46 

Sr 6.64 

S 5.79 

Mg 5.76 

K 5.39 

As 5.12 

Cu 4.59 

Ca 4.43 

Mn 3.47 

Se 3.46 

P 3.42 

Co 3.31 

Rb 2.51 

Zn 2.48 

Al 2.27 

Cd 1.91 

B 1.89 

Ni 1.57 

Table 1-5. Ionomic feature importance for the random forest regression assigning 

DBSCAN groups 
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Section Two. Identifying the genomic regions 

associated with the ionome in foxtail millet 

 

 

PREFACE 

 

As a result of the analyses conducted in Chapter 1, it became apparent that there 

was sufficient ionomic variation in the Setaria germplasm to carry out studies dedicated to 

the mapping of the genetic loci associated with ionic homeostasis. The plant ionome is a 

highly multidimensional trait that involves the complex choreography of up to 20 unique 

ions. Additionally, the loci responsible for the interaction between elements must be 

identified. This intercorrelation is easily captured by means of a data dimensionality 

reduction method such as principal components analysis, the results of which are used as 

an additional phenotype for mapping. Any ionomic mapping study is therefore susceptible 

to issues related to multiple testing. That is to say, it is likely that a large proportion of the 
genome will appear to be associated with a trait of interest if a sufficiently large number of 

traits are assessed. The question therefore arises: How can this particular multiple testing 

issue be addressed? In Chapter 2 I seek a statistically rigorous method to answer this 

question. The resulting statistical tool, the SPQV, is utilized in Chapter 3, wherein a QTL 
mapping study is finally employed. 
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Chapter 2. The Scanning Probabilistic QTL Validator 
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INTRODUCTION 

 

Quantitative trait mapping identifies regions of a genome, known as quantitative 

trait loci (QTL), that are associated with a phenotype of interest (Miles and Wayne 2008; 

Tanksley 1993). This mapping process relies on data collection and extensive curation: the 
collection of data, the removal of both global and conditional outliers, and model selection 

are all necessary features of the protocol (Miles and Wayne 2008; Liu 2017). All of these 

steps rely on the researcher’s best judgment, and are therefore subject to bias (Kleyman et 

al. 2017; Collett and Lewis 1976; Broman 2001). QTL mapping requires significant effort 

and resources, and often serves as a starting point for even larger projects in plant breeding 
or fine-mapping alleles that contribute to phenotypes (Yin et al. 2003; Collard et al. 2005).  

It is therefore important to be confident in the quality of QTL mapping results and analyses. 

  

Currently, the quality of a QTL mapping experiment is assessed by cross validation 

(CV) and functional Gene Ontology (GO) term enrichment analysis (Würschum and Kraft 
2014; Yon Rhee et al. 2008; Salih and Adelson 2009). In CV, QTL detection is performed 

using a subset of the lines involved in the original experiment to assess the robustness of 

the results; though this method is a valuable tool, there remain concerns about the influence 

of the population structure on the effectiveness of CV (Würschum and Kraft 2014). GO 
term enrichment analysis is another method by which the location of QTL can be validated. 

This method is designed to determine if the annotations of the genes in the identified 

regions are more frequently associated with the phenotype of interest than are the 

annotations of the genome as a whole (Yon Rhee et al. 2008). This approach relies on both 

accurate GO term annotation and the researcher’s understanding of the complex processes 

that may contribute to the phenotype.  

 

A third method for the assessment of QTL leverages our knowledge of genes that 

have previously been associated with the trait of interest (hereafter referred to as ‘known 

genes’) either in the organism of interest or in its close relatives (Doust 2004; Odonkor 
2018). These genes can act as a sort of ‘sanity check’, as known genes of large effect should 

be found within the identified QTL. Single genes can underlie QTL, but multiple, related 

genes may also act in concert to control the placement of a QTL (Studer and Doebly 2011). 

Because the confidence intervals for QTL can be placed some distance away from the 

causative locus, it becomes necessary to determine if the number of known genes that are 
found within the confidence intervals of a QTL can be considered statistically significant.  

 

One strategy that can allow us to understand the likelihood of identifying a particular 

number of known genes, given the null hypothesis of random placement of QTL, is 

resampling with replacement (RWR; Efron and Tibshurani 1986). RWR analysis for this 
purpose begins with the random selection of regions of the genome that are equal in size 

to the identified QTL. In each repetition, one records the number of known genes that are 

found within the selected region. 
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After a large number of repetitions (n≥1000), confidence intervals for the distribution of 

values produced by RWR can be calculated. These confidence intervals can be compared 

to the observed number of known genes found; if the observed number exceeds the 
calculated confidence limit, the QTL can be considered to have found a significant number 

of known genes.  

 

QTL RWR is sensitive to many different factors. Among these are the restrictions 

that are imposed on QTL placement, the treatment of closely linked genes, and the method 

chosen to handle the constraints imposed by the physical properties of the genome. 

Additionally, RWR assumes that the distribution of known genes reflects the true 

distribution of both known and unknown genes associated with the trait of interest. The 

present work aims to identify an optimal strategy for RWR analysis of QTL mapping 

studies. We ultimately propose a new method, Scanning Probabilistic QTL Validation 
(SPQV), that is designed to overcome the pitfalls associated with the simplest instance of 

RWR, specifically in its assumptions surrounding the gene distribution. We discuss the 

assumptions made in SPQV versus RWR in the context of the reference genome of Setaria 

italica. Both methods are used to analyze the results of a simulated QTL mapping 
experiment. Finally, the SPQV is used to analyze the results of a previously published QTL 

mapping study.  

Resampling with replacement: An apparently simple method 

 

RWR validation of a given QTL involves resampling the genome for randomly 

positioned regions of length L a large number of times, where L is the distance between the 

left and right confidence intervals of the QTL of interest. In the current work, all distances 

are measured in terms of base pairs. The statistic for each run is K, the number of known 

genes in the chosen region. In the simplest instance of RWR, the region of length L has no 

restrictions on location, other than that it must be placed fully on a chromosome. The 
random selection of the region of length L starts with the selection of an origin base pair, 

O. The QTL then extends outward from this point to cover the chromosomal interval [O, 

O+L]. Some complications arise at the tail ends of chromosomes, for example: if a 

chromosome is length C, then the region contained in [C-L,C] can never contain O and will 

therefore have a reduced likelihood of being included in the assessment (Figure 2-1).    
 

This ‘underrepresentation’ of the tail ends of chromosomes is non-negligible due to 

the distribution of genes on individual chromosomes. Generally, the number of genes 

increases with increasing distance from the centromere, and drops precipitously at the 

relatively short telomere (Figure 2-2; Paape et al. 2012). There are several methods that 
can be used to handle the issue of underrepresentation, the first of which can be termed the 

‘bounceback method’ (Figure 2-1A). In the bounceback method, if O is selected such that 

the region of length L extends past the end of the chromosome, O is placed on the last base 

pair of the relevant chromosome, with the selected region extending to the point C-L.  
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The bounceback method does rectify the underrepresentation of [C-L, C], but results in 

overrepresentation of the tail ends of chromosomes. 
 

A second method for addressing the issues associated with the assessment of the tail 

ends of chromosomes involves the directionality of QTL extension. In the case of 

unidirectional QTL extension, the origin O of the region of length L is chosen, and the 

selection for the RWR sample is then considered to be [O, O+L]. Unidirectional QTL 
extension’s most prominent fault is in its treatment of the chromosome as a string of text, 

rather than as a physical object. Mapping in this manner biases gene discovery, particularly 

for longer QTL, as genes towards the ‘tail’ end of the chromosome are less likely to be 

found within L. Bidirectional QTL extension (in which the selection for the RWR sample 

is defined as [O, O±L], with the operation selected at random when possible) reduces the 

underrepresentation of the tail end of the chromosome by allowing O to fall into the region 
[C-L, C]. Unfortunately, a slightly less serious issue remains: on a chromosome of length 

C, the origin O continues to have a somewhat reduced likelihood of falling in the regions 

[1, 1+L] and [C-L, C] as compared to the region [1+L, C-L].  

 
Selecting O at random is at the heart of RWR, but some restrictions on the location 

of O are necessary to reflect the actual process of QTL mapping. In general, QTL mapping 

starts with the identification of the marker that appears to correlate strongly with the trait 

of interest. The outer boundaries of the QTL are then defined as the region in which the 

causative locus lies with 95% certainty; these boundaries can then be extended to the 
closest markers used in the mapping process (Broman et al. 2003; Arends et al. 2016). In 

order to best reflect this process, the placement of O should be limited to the markers used 

in the original mapping experiment. This is particularly important because markers, like 

genes, are not evenly distributed through the genome, with decreasing density near 

centromeres and telomeres. Bidirectional QTL extension becomes more important in this 
context, as the genes located towards the boundary of an interval between markers have 

either disproportionately high or low likelihoods of being identified, depending on their 

placement (Figure 2-1C, D).  

 

 Because QTL mapping is performed on organisms with more than one chromosome, 
and because RWR relies upon the distribution of known genes, it is important to recognize 

the uneven dispersion of the known gene list (Figure 2-2). Duplication events often result 

in genes of similar function in tandem array (Reams and Neidle, 2004; Fan et al. 2008), 

and genes in functional groups appear to cluster on a larger scale as well (Chuang and Li 

2004; Salih and Adelson 2009). If the QTL found in the original mapping experiment were 
required to span the entire distance between markers, any genes that are not separated by 

markers will function as one genetic unit - that is to say, it is impossible to identify one 

without identifying the others (Figure 2-3).  
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Due to linkage events of this sort, it is possible to produce a confidence limit via RWR that 

can only be exceeded by the identification of one specific, disproportionately gene dense 
locus, even though a much more relaxed interval would have been produced with the use 

of a single extra marker that split the tandem array. Because of this, known genes that are 

not separated by markers should be treated as a single locus during RWR. Linkage should 

also be taken into account when comparing the results of an experiment to the confidence 

limit produced by RWR: if multiple genes contained between the same two markers were 
identified in the mapping experiment, they must be treated as a single locus.  

 

Once RWR is performed, confidence intervals are still complicated to calculate, 

because the distribution of genes found is not smooth and is not normally distributed 

(Figure 2-3).  Because standard confidence intervals rely on the assumption of normality, 
they cannot be used with the distributions typically produced via RWR. The use of Bias 

Corrected and accelerated confidence intervals is recommended (Efron 1987; Efron and 

Narasimhan 2018), which requires fairly sophisticated math to implement. 

 

RWR has the potential to be a powerful method for the assessment of QTL mapping, 
but its execution requires thoughtfulness on the part of the individual researcher. Different 

execution strategies also make it difficult to compare validation results between papers. 

Additionally, there remain some problems with the RWR method, particularly its reliance 

on the known gene distribution, which is unlikely to reflect the true distribution of genes 
associated with the trait.  It is also apparent that even with the bidirectional extension of 

QTL there remains a tendency to overrepresent the centers of chromosomes. Given the 

central importance of gene distribution to RWR, addressing this particular failing will 

produce a method that is much more effective at identifying QTL of interest, and will 

therefore improve the rate at which breeding and fine mapping can be accomplished. 

MATERIALS AND METHODS 

Using the Scanning Probabilistic QTL Validator to validate mapping experiments 

 

In light of the problems discussed above, we propose a new method for the analysis 

of QTL mapping experiments. Termed the Scanning Probabilistic QTL Validator (SPQV), 

this method uses probabilistic methods to determine the likelihood of finding a particular 

number of genes, K, given the null hypothesis of random placement of QTL. In order to 

answer this question, we calculate the Expected Gene Number (EGN) that accounts for the 
probability of randomly finding previously-identified genes.  
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This EGN and its confidence interval is completely determined by five factors:  

 
1. The number and lengths of QTL that were identified for a given trait 

2. The number of previously known genes related to the trait of interest 

3. The locations of markers used in the mapping experiment 

4. The locations of all genes in the genome 

5. The physical architecture of the genome (i.e., the locations of chromosome ends) 
 

What is the probability of identifying a gene? The probability of identifying a 

particular gene depends upon the likelihood of placing the QTL of interest on any of the 

markers in range of the locus. The range is defined as [ℓ-L , ℓ+L], where ℓ is the gene’s 

locus (modeled here as a point value corresponding to the center of the gene’s coding 
region) and L is the length of the QTL. 

 

Addressing the distribution of markers in the genome: The probability 

associated with the selection of a particular marker, P(mi), as the origin for a particular 

QTL is calculated by assessing the number of locations in the genome on which the QTL 
can be placed. P(mi) is determined by the number of markers that can be used as the origin 

O of the QTL of length L, a number which excludes all markers that would result in the 

QTL extending beyond the end of the chromosome. This origin-based model of QTL 

mapping is an approximation for the true process of QTL placement, wherein QTL are 
roughly centered on a marker and are terminated at a marker on either end which represent 

the 95% confidence intervals for that QTL. In the case where the original QTL were not 

terminated at markers, it is preferable to use a model in which the QTL is centered on the 

chosen marker. Models requiring that the QTL must both start and end on a marker are not 

feasible, because the distance between markers is not uniform; with this constraint, a QTL 
of a given length might have only one possible genomic location. 

 

Markers are used in a direction-independent manner to avoid underrepresentation 

of the ends of the chromosomes. Under the null hypothesis, the probability of using any 

marker is {0,1,2}/M, which can take on any value between 0 and 1, inclusive. Here, the 
numerator depends on whether the marker can serve as O with unidirectional QTL 

extension, bidirectional QTL extension, or with neither; M refers to the total number of 

markers from which the QTL can extend to the left plus the total number of markers from 

which the QTL can extend to the right (Figure 2-4A).  

 
Although the denominator could be adjusted to take into account the fact that a 

single QTL can only be mapped to one chromosome, this is unnecessary, because a QTL 

is not equally likely to be mapped to every chromosome. To understand why, consider the 

most obvious strategy to account for differences in chromosome length and the number of 

usable markers: a weighting scheme. We would divide the number of usable markers on 
each chromosome (MC) by the total number of usable markers in the genome (M).  
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If this weighting is then used to adjust the probability P(mj) of using any marker on that 

chromosome, which is already proportional to 1/MC, the chromosome-specific marker 
counts cancel out and leave only the whole-genome marker count.   

Designing simulated known gene distributions 

 

To best represent the topology of the genome, the SPQV simulates genetic loci by 

selecting genes at random from the whole genome gene distribution to represent the genetic 
basis of the trait of interest. The use of the whole genome gene distribution as a source 

accounts for the topology of the genome, including the decrease of gene density at the 

centromere and telomeres (Figure 2-5).  

 

This strategy assumes that the true distribution of genes associated with a particular 
trait is approximately the same as the distribution of genes on a whole, rather than the 

assumption used in the simplest instance of RWR: that the distribution of known, 

previously associated genes reflects the true distribution of genes associated with that trait. 

We argue that this novel assumption is more likely to be accurate because trait-related 

genes can easily be discovered in a spatially biased manner (Koren et al. 2007): tandem 
arrays promote clustered discovery, some transposons involved in transposon-mediated 

mutagenesis preferentially target certain sequences (Kawakami et al. 2017), and genes in 

regions close to the centromere tend to be difficult to identify through methods (like QTL 

mapping) that rely on recombination (Noor et al. 2001). Additionally, the genome is 
interconnected; many traits rely on the interaction between multiple, seemingly disparate 

biological processes. Use of a random distribution for simulating genes with the SPQV is 

also possible, but fails to capture the genomic topography. Because genes within functional 

groups are not randomly arranged, duplication events and gene clusters in the original set 

of known genes are taken into account by considering genes without a marker between 
them as one genetic unit. 

 

Calculating EGN: The markers within range of each locus in the simulated 

distribution are found and their associated probabilities summed in order to determine the 

probability of randomly detecting a gene at that locus, P(gi). P(gi) is then summed for all 
loci in the simulation to produce a single value. This value corresponds to the mean 

expected gene number for that specific QTL (Eq. 1). Given a sufficiently large number of 

simulations, the standard error of the mean (SEM) can be calculated. The 95% confidence 

interval can then be calculated for the distribution of mean EGN using the formula 

. This value is then compared to K, and a determination can be made about 

the significance of the number of genes identified in the QTL at question. 

 

 We have produced an open-source R package “SPQV” that contains the necessary 
functions for the use of this method. The output of the SPQValidate() function includes 

both the lower and upper bounds for the 95% confidence intervals for EGN in each QTL. 
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To account for the presence of multiple QTL, the distributions of mean EGN for all QTL 

within a set1 are combined. Because these distributions are normally distributed, the 
combined set has a mean equal to the averaged means of each distribution. To get the 

confidence interval for the combined set, CItot, we calculate a standard deviation by 

summing the variances of each individual distribution: 𝜎𝑡𝑜𝑡 =  √𝜎1
2  +  𝜎2

2 + . . .. Note 

that this process treats each QTL as if the available number of genes was the same when 
they were identified in the original experiment. In reality, each successive QTL likely has 

a lower likelihood of identifying known genes, as the earlier QTL mapped tend to be placed 

on highly significant regions. The multiple testing correction for the SPQV is therefore 

overly conservative for later QTL. 

RESULTS 

Simulated comparison of the SPQV and RWR 

 

To assess the efficacy of the SPQV as compared to RWR, 200 QTL were simulated 

with lengths spaced logarithmically between 5,000 to 43,744,866 base pairs. This range 

was selected to span from the smallest QTL found in a typical experiment to the size of the 
largest full chromosome in Setaria italica. The largest QTL was dropped from the analysis, 

however, since it only fits in one place on the genome, leaving 199 QTL. A simulated 

“known gene” dataset of 500 genes was randomly selected from the S. italica genome, 

which was reduced to 314 genes after those not separated by a marker were condensed to 

one representative locus (Figure 2-6). A relatively high number of “known genes” was 

used in order to get more fine-grained comparisons between the methods. The experiment 

was also repeated for a real known gene list containing 71 genes associated with the plant 

ionome (Supp. Figure 2-1,2).  

 

The simulated data was then used to calculate 95% confidence intervals using both 
SPQV and 8 different versions of RWR. The RWR experiments varied in the permitted 

QTL origins, directionality of QTL extension, and the use of bounceback (Figure 2-7). The 

confidence intervals resulting from RWR were Bias Corrected and accelerated confidence 

intervals (BCa). BCa confidence intervals are generally considered superior to standard 

and quantile intervals in cases where the distribution of RWR estimated values does not 
conform to the normal distribution (Efron 1987; Efron and Narasimhan 2018). In these 

experiments, the distribution of identified genes was often zero-inflated and was 

occasionally completely binary (Figure 2-3).  

 

 

 

1 In this case, a “set” refers to a group of QTL that were calculated at the same time. For example, within one 

experiment with multiple treatments, where the phenotypes of individuals within each treatment are used to 

calculate QTL, at least two sets of QTL exist, with one associated with each treatment. 
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The SPQV values are clearly most similar to those produced by the RWR 
experiment that was closest to biological reality: marker-only QTL origins, bidirectional 

mapping, and no bounceback (method 8, Figure 2-7). This makes sense, as the SPQV 

method is designed as a smoothed version of an experiment with these characteristics. 

 

Restriction of QTL origin to the markers that were used in mapping leads to an 
increase in EGN for RWR (Figure 2-7). This effect occurs for all QTL lengths. It is likely 

that the increase of identified genes in the context of restricted QTL placement is 

attributable to the physical structure of chromosomes: the markers selected for QTL 

mapping have a similar distribution to the genome wide distribution of genes (Figure 2-5), 

and are therefore relatively sparse in gene-poor regions such as the centromere.  
 

Similarly, the use of bounceback leads to an increase in RWR identified genes for 

all lengths of QTL, though this increase is particularly noticeable for some of the larger 

QTL (1.6 x 107 - 2.9 x 107 bp). It is likely that the relatively large number of genes situated 

close to the ends of chromosomes is the main contributor to the impact of bounceback on 
identified gene number. The effect of bounceback appears to diminish with bidirectional 

QTL extension. It is possible that this reduction is due to a smoothing of the distribution, 

as the occurrence of bounceback is effectively split in half over the two separate tails of 

the chromosome. The presence of long and short arms on chromosomes, and the 
corresponding lopsidedness of the gene distribution, might also contribute to this 

phenomenon (Figure 2-5). The use of bidirectional mapping appears to result in fewer 

genes identified by RWR, though this effect is relatively minor when compared to the 

effects of origin restriction and bounceback.  

 
In spite of the prominence of dark colors on the left side of the heatmap, the 

confidence intervals identified for small and medium QTL by the SPQV and by RWR are 

fairly similar regardless of RWR method (Figure 2-7; Supp. Figure 2-3). The CIs in this 

range were consistently far below 1 regardless of method. In all, the SPQV 95% confidence 

limit for small QTL tends to be slightly smaller than the one produced by the RWR method 
that takes the same biological realities into account (method 8, Figure 2-7). However, this 

makes little difference in practice, because they are both less than 1: because observed gene 

counts are integers, EGNs from either method will be rounded up (Supp. Figure 2-3). In 

other words, if an SPQV confidence limit is defined as 1.2, the QTL of interest must have 

an observed gene content of 2 or more genes to be considered significant during general 
use. 

 

For larger QTL, SPQV values tend to outsize those produced by RWR. These large 

QTL approach the size of a full chromosome, and can indeed be larger than several 

chromosomes within the S. italica genome. It is the authors’ opinion that this is not an 
overestimation for the true distribution of genes associated with the trait of interest, as the 

true distribution likely has more than the known number of genes.  
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Because of this, significance is unlikely for very large QTL, except for in the case of a true 

distribution of genes that is extremely uneven at the chromosomal level.   

Domestication traits in maize: a case study 

 

A reduction in tiller number is a classical domestication trait in maize (Doebley 

1992).  Modern maize lines have been bred to grow as single stalked plants to facilitate 

high-density planting, while the maize progenitor, teosinte, is highly tillered. The genetic 
network associated with tiller suppression is controlled by the teosinte branched1 (tb1) 

gene that also controls several other aspects of maize morphology (Dong et al., 2019), 

including inflorescence and floral architecture. Several mapping populations made from 

crosses between the W22 maize inbred line and teosinte were recently described and used 

to map several domestication traits (Chen et al. 2019, Shannon 2012). As expected, several 
domestication traits associate tightly with tb1 pathway. Here, we use the QTL reported by 

Chen et al. 2019 to illustrate the utility of the SPQV. Only the QTL with the same effect 

direction in both maize/teosinte mapping populations were assessed. 

 

Seven genes (Table 1) closely associated with the tb1 pathway in maize were located 
in the Zm-W22 NRGene 2.0 assembly (Springer et al. 2018, Dong et al., 2019, Chen et al., 

2019) and analyzed using SPQV. Notably, these genes were selected based on their strong, 

known associations with the branching pathway in maize. Since only high-confidence 

genes can be used accurately with our method, if any gene were not truly associated with 
the trait of interest, its presence will render the SPQV more stringent than necessary. The 

QTL identified for the traits BARE (barren ear base), EB (ear branch number), GLUM 

(glume score), KRN (kernel row number), STAM (staminate spikelet) and TILN (tiller 

number) have previously been connected with the tb1 pathway in maize. These QTL were 

therefore assessed in relation to the seven genes in Table 1. The markers found in the W22 
x TIL01 RIL subpopulation were used to determine the base pairs associated with the CIs 

of these QTL. Where the end points of the QTL did not have an exact match to a marker, 

the next closest marker was used so as to mimic ‘extension’ style mapping. The results of 

this analysis are reported in Table 2-2. Four of the assayed QTL identified a gene from the 

tb1 pathway, corresponding to four out of six of the represented traits. 
 

Runtime analysis: To estimate the expected runtime of the SPQV, empirical 

experiments were performed with three different values for each of various parameters: 

number of repetitions, length of QTL list, length of known gene list, length of marker list, 

and length of QTLs (Figure 2-8). When one parameter was varied, the value for each of 
the other four parameters was set to the median value: 100 bootstrap repetitions, 3 identical 

QTLs of length 10 million bp, 15 known genes, and 3,000 markers. For most parameter 

settings, the analysis took less than a second, and no analysis took more than 10 seconds. 

Gene and marker lists were randomly sampled from the W22 maize genome for every run 

(Springer et al. 2018).  
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Each experiment was run 100 times using the microbenchmark library (Mersmann et al. 

2019). The experiments were run with R version 3.6.2 on a 2019 MacBook Pro with a 2.3 
GHz Intel Core i9 processor. Full details and code are available in the figures section of 

our GitHub repository. 

DISCUSSION 

 

Methods for usage: If the various adjustments described in this paper are applied 

to the RWR-based assessment of QTL mapping experiments, a more apt confidence limit 
for the expected number of genes will be identified. These adjustments do not account, 

however, for all of the issues associated with the application of RWR to this particular 

variety of question. RWR not only continues to rely on the distribution of known genes, 

but also results in gene-count distributions that nearly always fail to meet the requirement 

for smoothness (Figure 2-3; Davison and Hinkley 1997). These distributions, in other 
words, have a tendency to change abruptly, and are frequently binary in the case of small 

and very large QTL. The ‘unsmoothness’ of any given distribution will be exaggerated by 

small QTL size and short lists of known genes; a known gene list with fewer than one gene 

per chromosome, for example, would produce a binary distribution even for large QTL. 

Additionally, RWR continues to exhibit a reduced likelihood of the QTL falling in the 
regions [1,1+L] and [C-L, C] even with the adjustment for bidirectional QTL extension. 

Finally, a practical weakness of the application of considered RWR is that this procedure 

requires a great deal of thought, effort, and expertise, and there are many points in the 

procedure at which simple errors can produce dramatic changes in the confidence limits 

that are ultimately produced. 

 

In light of the flaws of naive RWR, and the complexity of making the suggested 

adjustments, we recommend using the SPQV to assess the quality of QTL mapping 

experiments. The function provided, SPQValidate, requires only a few lists of data; the 
function itself accomplishes the analytic work that might be a stumbling block in RWR. 

Many of the other problems inherent to RWR are overcome by the SPQV’s probabilistic 

nature. This tool is potentially overly conservative, however, in the case of short QTL.  It 

is extremely unlikely that the SPQV will produce a value of 0 for the confidence limit, as 

any locus is likely to be within range of at least one marker for even the shortest identified 
QTL. Because of this, the minimum confidence limit is, in practice, 1, which might be 

misleading for small QTL. Additionally, the total number of genes in a QTL is not 

necessarily an authoritative measure of a QTL’s validity; one can imagine that a QTL 

located on a single gene of high impact might be considered nonsignificant if the SPQV is 

the only method of validation used. 
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To use the SPQV, all QTL with a sufficiently high logarithm of the odds (LOD) 

score should be assessed. The function provides the higher and lower confidence limits, as 
well as the combined CI for each mathematically related set of QTL. If any QTL within a 

set exceeds the combined CI for that set, then the whole set can be deemed successful.  

  

 QTL with observed gene counts that exceed the upper confidence limits should of 

course be considered to have attained significance. If at least one QTL in an experiment is 
determined to be significant by the SPQV, the mapping experiment on a whole can be 

deemed a success. The QTL that contain lower numbers of genes might be identifying 

previously unknown genes, and therefore their non-significance does not detract from the 

significance of other QTL. Because of the potential for the identification of new phenotype-

associated genes in QTL mapping, QTL containing significantly low numbers of identified 
genes might also be of interest, as they may have been placed on ’empty’ regions due to 

previously unidentified genes that have a large impact on the phenotype. The QTL 

containing significantly low numbers of genes should only be considered interesting when 

at least one other QTL in the same mapping experiment has been proven to be significant 

so as to avoid the suggestion that all QTL in a faulty mapping study were significant.  

CONCLUSION 

 

This manifestation of the SPQV provides a tool to assess QTL one at a time, but it 

is often the case that more than one QTL is identified at a time. The current rendition of 

the SPQV acknowledges the multiplicity of QTL by combining the individual QTL 

confidence intervals. However, the order of QTL placement in a mapping experiment is 

important, as the first QTL placed will tend to occupy regions of the genome that are highly 

impactful in terms of the phenotype of interest, and are therefore more likely to identify 

known genes. Because QTL are restricted from overlapping, the first QTL restricts the 

genomic space onto which subsequent QTL can be placed, as well as the number of genes 
that it would be possible for the subsequent QTL to identify. The current version of the 

SPQV does not take this into account, and is therefore more stringent than necessary.  

 

In all, the Scanning Probabilistic QTL Validator provides a strategy for QTL 

validation that takes into account the current understanding of the genes that contribute to 
the trait of interest. When used in conjunction with other methods like cross validation, the 

SPQV will allow researchers to identify QTL with potential for future applications with 

much greater certainty, and much less work, than has been previously possible. 
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Figure 2-1 
 

  
 

Figure 2-1. Effect on genome coverage of adjustments to RWR analysis of QTL 

mapping 

 

The edges of chromosomes prove problematic for RWR analysis. The “bounceback” 

method (A) and the exclusion method (B) are two ways of handling problems associated 

with overhang. Both result in overrepresentation of regions that are unlikely to be mapped 

in practice due to the marker distribution on this chromosome. If RWR samples are 

constrained to begin on markers (C and D), the resulting coverage distribution is more 
reflective of the mapping process. Unidirectional QTL extension from a marker (C), though 

an improvement on the random placement of the origin shown in A and B, remains coarser 

than bidirectional QTL extension from a marker (D).   
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Figure 2-2 

 
 

 
 

Figure 2-2. Whole genome gene density and single-trait gene density 

 

The distribution of genes in Setaria italica is pictured; orange dots represent ion-associated 

genes. Chromosomal features such as telomeres and centromeres dictate much of the 

variation in gene density. While the distribution of known genes does not perfectly match 
the whole genome distribution, their similarities render the whole genome gene distribution 

a better choice for the production of simulated distributions than a random selection. 
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Figure 2-3 

 

 
 

 

Figure 2-3. The effect of known gene density on RWR identified genes 

 

 If the density of known genes is consistent across chromosomes (A), the distribution of 

RWR identified genes approaches normality. However, genes associated with a phenotype 

typically have an uneven density distribution (B). In this case, the distribution of RWR 
identified genes tends to be unpredictably multimodal. 
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Figure 2-4 

 
 

 
 

Figure 2-4. Calculating Expected Number of identified Genes (EGN) 

 

The probability of selecting any marker in a given direction (P(mj)) as the origin O for one 

RWR run is equal under the null hypothesis. Because QTL mapping is direction-

independent, every marker is counted towards the sum of all possible O two times, with 

the exception of markers where the QTL would overhang the end of the chromosome in 
one or both directions (A). Light grey arrows indicate positions that are unavailable for a 

hypothetical QTL; darker grey arrows indicate possible positions for said QTL. The 

probability of identifying any locus ℓi with a QTL of length L is the sum of P(mj) for the 

markers within the range  [ℓi-L, ℓi+L]. Markers can be counted twice if they can be used to 

map more than one locus. The sum of the probabilities for all loci produces the EGN. In 
this case, P(mj) = 1/11, and the EGN is 6/11 (B). 
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Figure 2-5 
 

 

 
 

Figure 2-5. Marker placement corresponds to gene density in S. italica  

 

The distribution of markers on all chromosomes reflects whole genome gene density in 

Setaria italica more closely than would a uniform distribution.   
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Figure 2-6 

 
 

 
 

 

Figure 2-6. Randomly selected gene distributions reflect the genomic gene density 

 

 The simulated distribution of genes used to assay the RWR experiments in Figure 2-7 

reflects the whole genome gene distribution. 
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Equation 2-1 

 

 
 

Equation 2-1.  Calculating expected number of identified genes 

 

G is defined as the number of known genes in the genome, Mi is defined as the number of 

markers in range of a locus ℓi, and P(mj) is defined as the probability of selecting any 
individual marker for mapping purposes in the mapping direction that would cause a QTL 

of given length L to overlap the locus at ℓi. 
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Figure 2-7 
 

 
 

 

Figure 2-7. Comparing the Scanning Probabilistic QTL Validator with RWR Assays 

 

The SPQV was used to assess 199 hypothetical QTL on a simulated trait dataset of 333 

genes that were randomly selected from the genome, all of which are shown here in order 

of increasing QTL size. The final column on the right reflects the mean difference between 

the SPQV and the RWR assay for all QTL sizes. The color indicates the percent difference 
((x - y) / mean(x, y)) between the upper confidence limits produced by various RWR assays 

and those resulting from the SPQV. Values above 0 indicate that the SPQV value is greater 

than the RWR estimated values, and values below 0 indicate the reverse. The SPQV 

consistently identifies confidence limits that are approximately in line with the RWR assay 

that takes the most of the various biologically relevant factors into account (row 8).  
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Figure 2-8 
 

 
 

Figure 2-8. Runtime analysis of provided SPQValidate() function 

 

The function was run using varying data sizes and RWR repetitions. Each experiment was 
run 100 times, and the distribution of time taken per run is shown. Only one parameter was 

varied at a time; for the remaining parameters, the median of the three values shown was 

used. The script used can be found in the “paper_figures” section of our GitHub repository. 
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Table 2-1 
 

GeneID Chromosome Locus midpoint 

TB1 1 272844092 

GT1 1 24332633.5 

TRU1 3 154277952 

TGA1 4 45787466.5 

TSH4 7 136485942 

CG1 3 7747826 

HSF1 5 209689354 

 

Table 2-1. Genes associated with tillering in maize 

 

Genes known to be associated with tillering in maize were identified in the Zm-W22 
NRGene 2.0 assembly (Springer et al. 2018). Each gene was selected based on the strength 

of the association with tillering; more weakly associated genes could lead to an overly 

stringent implementation of the SPQV. 
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Table 2-2 

Trait QTL Length 

Observed 

Value 

Mean 

EGN SEM 

Lower 

95% CI 

Upper 

95% CI 

Additive 

Lower 

95% CI 

Additive 

Upper 

95% CI 

KRN 

161,766,731 1 0.427 0.145 0.142 0.712 

 

0.170 

 

 

0.741 

 

3,783,574 0 0.017 0.006 0.005 0.029 

1,904,718 0 0.009 0.003 0.002 0.015 

550,190 0 0.003 0.001 0.000 0.005 

TILN 

83,615,820 0 0.239 0.053 0.136 0.342 

0.256 0.485 
20,375,560 0 0.079 0.021 0.038 0.119 

13,021,112 1 0.053 0.015 0.023 0.083 

EB 84,725,594 1 0.242 0.054 0.137 0.347 0.137 
0.347 

STAM 945,639 1 0.004 0.002 0.001 0.008 0.001 
0.008 

BARE 6,392,742 0 0.028 0.009 0.009 0.046 0.009 
0.046 

GLUM 1,694,383 0 0.008 0.003 0.002 0.014 0.002 
0.014 

 

 

Table 2-2. Results of SPQV assay of branching QTL identified in the TeoNAM 

population 

 

Sums for multi-QTL trait groups represent additive confidence intervals constructed by 

summing the mean and variance of the EGN for each QTL. Values that achieved 

significance are bolded.  
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Supplemental Figure 2-1 

 

 
 

Supplemental Figure 2-1. Comparing the Scanning Probabilistic QTL Validator 

with RWR Assays using a trait associated gene list 

 
71 genes known to be associated with the ionome in Setaria italica were used as the test 

distribution. The same hypothetical QTL were used as in Figure 2-7. In this case, RWR of 

several of the smallest QTL produced distributions that were not able to produce BCa 

confidence limits. These instances are indicated in grey. The reduction in size of the list of 

known genes produced confidence intervals that were more in line with RWR in all assays, 
but similar patterns to those in Figure 2-7 are observable. 
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https://doi.org/10.2134/agronj2003.9000


 65 

 

Supplemental Figure 2-2 

 

 
 

 

Supplemental Figure 2-2.  A ceiling comparison of the Scanning Probabilistic QTL 

Validator with RWR assays using a trait associated gene list 

 
The data used to produce Supplemental Figure 2-1 were rounded up to the nearest whole 

number to illustrate the differences in working confidence limits between the SPQV and 

RWR. The grey bars that occur in the columns of the smallest QTL represent NA values. 
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Supplemental Figure 2-3 
 

 
 

Supplemental Figure 2-3.  A ceiling comparison of the Scanning Probabilistic QTL 

Validator with RWR Assays 

 

The data used to produce Figure 2-7 were rounded up to the nearest whole number to 

illustrate the differences in working confidence limits between the SPQV and RWR. The 
smaller QTL have essentially the same values regardless of method.  
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Chapter 3. Interactions between genotype and water 

status drive variation in the S. italica ionome 
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INTRODUCTION 

 

The intake, transportation, and storage of elements within a plant is vital to its 
appropriate growth and development. Plants must maintain balance between excessive 

uptake, which can cause toxicity and necrosis through the production of free radicals or the 

exclusion of other nutrients, and sufficient uptake of essential inorganic nutrients (Bollard 

and Butler 1966; Brown and Jones 1975; Rout and Das 2009).  Tight control of ion 

homeostasis allows plants to respond appropriately to environmental conditions such as 
temperature, soil pH, and water availability (Wang et al. 2003).  This regulatory control 

must be responsive to both the concentration of ions within the soil and to those 

concentrations within the plant. Understanding the genetic control of elemental uptake and 

transportation will contribute to efforts to improve crops, and to the ultimate sustenance of 

the growing global population. 
 

Examining the concentration of elements within a plant sample allows for 

exploration of the genetic and physiological processes involved in adaptation to a particular 

environment. To this end, we and others have developed a pipeline that is designed to 

cheaply and efficiently measure the concentrations of 20 different elements via inductively 
coupled mass spectrometry (ICP-MS) (Salt et al. 2008; Feldman et al. 2017). This process 

is known as ionomics, which is defined as the quantitative study of the mineral nutrient 

and trace elemental content of an organism; that is to say, its ionome (Salt et al. 2008). In 

cereal crops such as Setaria italica, the flag leaf emerges just before the panicle, and 
therefore marks the specific developmental time point at which the plant has taken up the 

majority of its total mass. This tissue is therefore ideal for ionomic inquiry. Additionally, 

nutrient loading of the grain is accomplished through the remobilization of organic and 

inorganic materials from the leaves (Kichey et al. 2007; Gregersen et al. 2008).  

 
The flag leaf specifically is instrumental in the loading of photoassimilates and other 

micronutrients (Gregerson et al. 2008; Jeong et al. 2017; Zhang et al. 2006), and is 

therefore commonly used as representative tissue to assess the composition of a grass 

(Evans 1983; Cuin et al. 2008; Carey et al. 2011).  

 
The species Setaria viridis, or green foxtail millet, is a member of the Panicoideae 

that utilizes C4 photosynthesis (Brutnell et al. 2010). It is therefore a good model system 

for several related, economically important crops, including sorghum and maize. The 

compact stature, short life span, and sequenced genome of S. viridis have also contributed 

to its status as an emerging model organism (Brutnell et al. 2010; Bennetzen et al. 2012). 
In addition, S. viridis is the wild ancestor of the crop species Setaria italica (foxtail millet); 

these two species have a semi-permeable boundary between them, as their primary 

difference is phenotypic and they are still readily crossed (Dekker 2004).  
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Foxtail millet is a member of the small millet species, a group of ancient grains that are 

relatively nutritionally dense when compared to rice and wheat and which are often 
cultivated as subsistence crops (Ravindran 1991; Goron and Raizada 2015). Because of the 

combination of the high nutritional value of the S. italica grain and its resistance to abiotic 

and biotic stressors, breeding elite cultivars of S. italica for increased nutritional content is 

an attractive prospect. Understanding the contribution that different regions of the S. italica 

genome make to total nutrient content is an important first step for breeding purposes.  
 

Structured populations are useful tools for dissecting the relationship between 

elemental accumulation and the genetic content of a species. Recombinant inbred lines 

(RILs) have various advantages when it comes to quantitative trait loci (QTL) analyses. 

Repetitive selfing allows for the break up of large linkage blocks, which in turn allows for 
finer mapping (Takuno et al. 2012). Additionally, once established, RILs may be 

continuously maintained in a fixed homozygous state. This makes it possible to assay the 

same combinations of alleles in multiple different environments (Takuno et al. 2012). The 

resulting phenotypic and genotypic data can then be compared through various statistical 

means in order to identify QTL.  
 

Here, we use elemental profiling of a RIL population resulting from a wide cross 

between S. italica and S. viridis grown in multiple environmental conditions to identify 

QTL associated with the ionic content of leaf material. Overall, we identified 251 QTL, 
171 of which were associated with a single element and 80 of which were associated with 

a principal components analysis of the ionome. The use of traits defined by the differences 

between treatments in an experiment allowed for the quantification of the influence of the 

environment on Setaria’s ionome.  

MATERIALS AND METHODS 

 
Population, Field Growth, and Data Collection 

 

Experiments were conducted in the summers of 2013 and 2014. Experiments 

assaying the effect of density of planting on ionic content were conducted in 2013 and 

2014. A single drought experiment was conducted in 2014. A total of 189 F7 RILs resulting 
from a wide cross between the B100 cultivar of S. italica and the A10 line of S. viridis, 

together with their parent lines, were used as the study material (Bennetzen 2012). In every 

experiment, lines were planted in triplicate in a block design in the field in Creve Coeur, 

MO. Treatments in the density experiment consisted of either five centimeter spacing 

between neighboring plants, or twenty centimeter spacing between neighbors. Plants in the 
drought experiment were either well watered until the time of sample collection, or were 

subjected to drought stress from eight weeks post planting. Flag leaves were harvested from 

plants four days after panicle emergence. 
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Elemental Profile Analysis by ICP-MS  

 

The Baxter laboratory has a documented, standardized pipeline for elemental 

analysis (Ziegler et al. 2013), which is described in detail in Chapter One of this thesis.  

Notably, for this chapter the measurements for the elements B, Mn, S, and Se were not 

included in these analyses, as the concentration of these elements did not depend 
appreciably on genotype.  

Computational Analysis 

 

Outlier removal and variance partitioning: Elements were treated individually 

within each dataset. For each element, a first pass of analytical outliers were removed as in 
Davies and Gather 1993. Briefly, data points were considered global outliers if their median 

absolute deviation (MAD) was greater than 6.2 as calculated within line and experiment.  

 

In order to determine if genotype contributed to the elemental phenotypes measured 

to a degree sufficient for mapping, the variance in the data was partitioned using the lmer 
function from the lme4 package in R (Bates et al. 2015). Variables including genotype, 

plot, treatment, and the interaction between treatment and genotype were assessed for their 

contribution to the total variance in the datasets. To do this, data lacking the global outliers 

mentioned above was modeled using two mixed linear models. The first was as follows: 
 

Yi = gi + t + pi + git 

 

in which Yi indicates the phenotype of the individual i, gi  indicates that individual’s 

genotype, t indicates the treatment applied, and pi represents the plot in which the plant 
was grown. gi , pi , and git  were treated as random effect variables, while t was treated as 

a fixed effect variable. The second model lacked the term t, but was otherwise identical to 

the first. The variance was extracted from each term in each equation using the function 

VarCorr from the package nlme (Pinheiro et al. 2019). Because this program cannot 

attribute variance to fixed effect variables, the variance for t was calculated by subtracting 
the total variance that was attributed to any variable in the first equation from the total 

variance attributed in the second equation.  

 

 The data were then transformed to normality using the Box-Cox family of 

transformations. The specific transformation for each element in each experiment was 
determined by the default R function boxcox() and are listed in Supp. Table 1. To identify 

and remove any remaining significant outliers in the transformed data, a simple mixed 

linear model was fitted for each element using ASReml-R version 3.0 (Gilmour et al., 

2010).  The model fitted to the data was:  

Yi = gi + t + pi 
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This model was selected due to the combination of its simplicity and its inclusion 
of the variables that had large contributions to the variation present in the data. Genotype 

and plot were treated as random effects variables, while treatment was treated as a fixed 

effect variable. Studentized deleted residuals (Neter et al. 1996) were calculated based on 

the above model and subsequently used to detect any remaining outliers. 

 
Heritability Calculations: Broad-sense heritability was calculated for each 

measured element within each of the three experiments. To do this, the total phenotypic 

variation was partitioned into genetic and environmental variance, as well as variance 

attributable to the interaction of genotype and treatment.  The broad sense heritability 

corresponded to the genetic portion. A model was fit to the data using the lmer function 
from the lme4 package in R (Bates et al. 2015). This model was as follows: 

 

Yi = gi + t + pi + git 

 

Each of these terms was treated as a random effects variable, with the exception of t. The 
variances for genetics, environment, and GxT were extracted using the function VarCorr. 

The broad sense heritability was subsequently calculated using the formula 

 

 
 

The variable hmT  was calculated as the harmonic mean of replication within treatment 

blocks and hmtot was calculated as the harmonic mean of experiment wide replication. Only 

RILs with greater than 2 replicates within each experiment were used for the calculation of 

heritability. Global outliers, as identified through the MAD method described above, were 

designated as “NA” for these calculations. 
 

Finally, repeatability was calculated for each element across the three experiments. 

A simple model, Yi = gi , was fit to the data as above, and the variance for genotype was 

similarly extracted. The repeatability was calculated using the equation 

 

 
 

where n is defined as the number of observations, in this case experiments. All calculations 

were also performed on ranked data. 
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BLUP development and QTL mapping: A mixed model for each element in each 
location was selected through an iterative process using ASReml-R version 3.0 (Gilmour 

et al., 2010). The models’ goodness of fit were assessed using the Akaike Information 

Criteria (AIC). The equation 

  

Yi = gi + t + pi 
 

in which genotype and plot were treated as random effects variables and treatment was 

used as a fixed effect variable, was invariably identified as the best fit model. The final 

model was used to generate Best Linear Unbiased Predictions (BLUPs) for each element 

within each experiment.  
  

 For each element within an environment, these values were formatted into an R/qtl 

cross object along with the line average phenotypes, genotypes for each line, and 1595 

biallelic single nucleotide polymorphisms (SNPs) that resulted from a GBS derived 

genomic map (Feldman et al. 2017). QTL mapping was performed as in Feldman et al. 
2017. 

 

 In sum, five phenotypic metrics for each ion were used for mapping. Mapping was 

performed both within treatment blocks as well as on the relative difference, numerical 
difference, and the trait ratio (defined as the ratio of values from different treatment blocks). 

The functions used were taken from the R/qtl and R/funqtl packages (Broman et al., 2003; 

Kwak et al., 2016), and called using the custom R and python scripts in the foxyqtlpipeline 

(Feldman et al. 2017). Additional mapping was performed on the rotated loadings resulting 

from principal components analyses of the BLUP modeling results for each individual 
experiment using the native R function prcomp. Only principal components explaining 

greater than two percent of the variation present in the data were retained. Elements that 

were poorly measured were removed prior to PCA in order to avoid skewing the 

calculations. 

 
Two separate but complementary strategies were used to map the data. Firstly, QTL 

with logarithm of odds (LOD) score peaks exceeding a significance threshold based upon 

1000 permutations (a= 0.05) were identified using a genome scan under a single QTL 

model as calculated by a Haley-Knott regression. Secondly, a multiple QTL model was 

produced using a stepwise forward/backwards selection process. This latter model used a 
penalized LOD score criterion. QTL associated with the differential metrics described 

above may identify loci associated with genotype by environment interactions (Des Marais 

et al., 2013).  

 

QTL Validation: The positions of the QTL were validated using the Scanning 
Probabilistic QTL Validator (SPQV) (Haining and Blumer, Chapter Two).  



 73 

 

This tool leverages the current knowledge about the genes that contribute to a trait (‘known 

genes’) in order to determine if a QTL has identified a statistically significant number of 
known genes. The metadata associated with all of the identified genes in the whole genome 

of S. italica was extracted from the Ensembl Plants website (Kersey et al. 2018) and used 

to produce the whole genome gene distribution. This distribution, the markers used for 

mapping, and a list of 147 ionomic genes inferred from other species were input into the R 

function SPQV. For assaying ion-specific QTL, only the genes associated with that ion 
were used for validation; for QTL resulting from principal components analysis, all 147 

genes were used. If both confidence intervals of an identified QTL had LOD scores greater 

than 1, that QTL was analysed for significance. 

RESULTS 

 

The data used for this work included measurements for 20 different elements in flag 

leaf tissue collected from a recombinant inbred line (RIL) population resulting from the 

cross of the B100 cultivar of Setaria italica and the A10 line of Setaria viridis. A drought 
experiment was conducted in Creve Coeur, Missouri in 2013 (DN13); both a drought and 

a density experiment were conducted in the same location 2014 (DN14, DR14). 179 of the 

RILs were planted in at least two of the three experiments, while 116 were grown in all 

three. The leaf samples from all experiments were treated in an identical fashion; samples 
were dried and stored in temperature and humidity controlled rooms before ionomic 

analysis.  

 

Each sample was profiled for the quantity of 20 elements using ICP–MS (Figure 3-

1). The resultant measurements were normalized to the sample weight and technical 
sources of variation using a linear model. Experiment level analytical outliers were 

removed as in Davies and Gather 1993. Pursuant to this, the measured values for each 

element were transformed to normality using the Box Cox family of transformations, and 

Studentized deleted residuals (SDR) were used to identify and eliminate further outliers 

within the measurements for each element. After outlier removal, phenotypes were derived 
by averaging the values for each line within an experiment and treatment. 

 

Both environment and genotype impacted the variation present in these data. 

Repeatability was generally lower than within experiment heritability (Table 3-1), 

indicating that there was less variation in genotypic replicates within an individual 
experiment than across experiments. The broad sense heritability (H2) of 9 elements in the 

DN13 experiment, 14 elements in the DN14 experiment and 16 elements in the DR14 

experiment exceeded 0.4. Certain elements including selenium, sulfur, and boron showed 

low repeatability; this is likely due to the fact that these elements tend towards analytical 

artifacts, as they accumulate to levels that are near the limits of detection of the methods 
described in this paper. The heritability of individual elements varied by up to 0.533 

between different experiments.  
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The function stepwiseqtl from the R package was used in order to identify a multiple 
QTL model for each of the elemental phenotypes. This function moves iteratively through 

the genome to test for significant allelic effects of each marker on the phenotype in 

question. When a significant locus has been identified, this is added to the model. A 

combination of forward and backward regression ultimately produces a genome wide QTL 

model for each trait. Each element was considered individually, as well as in combination 
with the others as a contributor to a principal components analysis that was run for each 

experiment (DN13, DN14, and DR14). Five different metrics were used as the phenotype 

for each element in each experiment. These phenotypes include the ‘raw’ values for each 

treatment (e.g. well watered, droughted) and the differential values for that trait (relative 

difference between treatments, difference between treatments, and ratio of the treatments). 
The significance of a QTL was computed using the 95th percentile threshold resulting from 

1000 iterations of the scanone function as a penalty for adding the QTL to the model. 

 

When all experiments are considered, a total of 251 QTL were identified (Table 3-

2). As expected from the heritability measurements, the majority of these were identified 
in the 2014 drought experiment (105 QTL). The 2013 and 2014 density experiments 

allowed for the identification of 75 and 71 QTL, respectively. Approximately a third of the 

QTL (81 of 251; Figure 3-2 A) were identified within treatments; the remainder were 

identified using either the difference, relative difference, or ratio of the phenotypic values 
measured within the different treatments in a single experiment (Figure 3-2 B). Of the 251 

QTL, 80 were identified for the mapping based on the principal components analysis; 39 

of these resulted from the drought experiment, 21 from the 2013 density experiment, and 

the remaining 20 from the 2014 density experiment. Of the 251 QTL, 55 were located on 

chromosome 2 (Figure 3-3; Figure 3-4).  
 

The locations of the QTL were assessed for overlap with the locations of known 

ionic genes (Supp. Table 3-2). Forty five of the QTL contained at least one gene within 

their 95% confidence intervals. Of the QTL that coincided with genes, 35 were identified 

using PC as the mapped trait. The QTL were assessed for significance using the Scanning 
Probabilistic QTL Validator. The QTL were divided into mathematically related sets based 

on experiment and the phenotypic metric that was used when they were mapped. The 

results of this assessment are reported in Table 3-3; each phenotypic metric that was used 

for mapping was associated with at least one set of QTL that identified a significant number 

of genes, indicating that the data curation was done effectively.  
 

There were several regions in which QTL were remarkably concentrated. Fifteen 

QTL were identified on chromosome 2 between 89.4 and 95.9 cM (Figure 3-4); these QTL 

were discovered in both the 2013 density experiment and the 2014 drought experiment. 

The traits associated with these QTL included As, Al, Co, Cu, Mo, P, Rb, and Sr, as well 
as PC2 for the 2013 density experiment.  
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A similar stack of QTL occurred on chromosome 5 at 111.9 cM; associated traits included 

Ca, Cd, Sr and PC1 for the 2013 density experiment. In the 5.4 cm between position 109.7 
and 115.1 cM on chromosome 5, 6 QTL were identified, with the additional 2 QTL being 

associated with Sr (Figure 3-5). Another group of QTL was found on chromosome 9 at 

123.7 cM which contained QTL for Ca, Ni, Sr, and PC9, all from the drought experiment. 

Finally, 4 QTL were found on chromosome 7 at 99.9 cM associated with P, PC1 for DN14, 

and PC6 in DN13. When the range for this stack was extended to chromosome 7 at 95.3 
cM, two more QTL were found, both of which were associated with As (Figure 3-5).  

 

Of the QTL that were identified for specific ions, 29 were found using at least two 

phenotype metrics, 3 in three or more phenotype metrics, and one QTL for Zn 

concentration was identified using four phenotype metrics. Nineteen of the 80 PC 
associated QTL were found in at least two separate experiments, with eleven of these 

identified in both the drought experiment and at least one density experiment.  

 

One gene, Sevir.5G106900, was identified by four separate ion specific QTL (Table 

3-3) and five QTL based from data from the principal components analysis, including PC1 
from DN13 and DR14 and PC2 from DN13. A neighboring gene, Sevir.5G144600, was 

found in the same QTL for PC1, but only in a single As specific QTL. 

DISCUSSION 

 

In the context of the ionome, principal components analysis allows for the 

identification of regions of the genome that would not otherwise be found. While some of 

the PC QTL identified regions that overlapped with those identified by ion specific QTL, 
the majority of them, including many QTL identified for PCs which explained a large 

amount of the variance present in the data, did not. It is possible that for a single ion, the 

signal associated with the PC QTL regions is not sufficient for their identification, while 

the additive signal that is inherent in a principal component suffices. Moreover, many of 

the first few principal components overlay regions associated with water use efficiency 
(WUE), with concentrated regions of QTL identified on chromosomes 2, 5, 7, and 9 at 

positions 94, 111.9, 99.9, and  123.7, respectively. A similar pattern was observed in 

Feldman et al. 2017, in which the authors identified QTL on chromosome 2 at 96cM, 5 at 

109cM, 7 at 99cM, and 9 at 127 cMwhich were associated with water use efficiency (WUE) 

using the same A10 x B100 RIL population (Figure 3-6). Though the processes of water 
and ion uptake are independent, there is a strong relationship between the two; ion 

homeostasis depends upon transpiration rate, active transport, and membrane permeability, 

all of which are affected by the water status of the plant. As drought and density of planting 

are both variables that impact the available water supply, it appears that alteration in the 

water status of Setaria substantially perturbs the ionome.  
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This additionally suggests that, while the ionome can be interrogated with individual ions, 

a multi-elemental approach is more likely to identify regions of the genome with weak 
signal, or those that evince pleiotropy. 

 

A large fraction of the QTL were identified for differential traits (Figure 3-4). Rb is 

a striking example of this, with 13 of its 15 QTL identified via differential analysis. 

Combined with this trait’s high heritability within each experiment and low repeatability 
across experiments, these data suggest that there is a strong genotype by treatment 

component in Rb content in this RIL population. This genotype by treatment effect was 

apparent in many elements that were assayed, with an average of 74% of the ion specific 

QTL identified in the differential traits. The preponderance of differential QTL was not 

universal, as within treatment mapping allowed for the identification of 50% or more of 
the QTL found for Mo and Sr, suggesting that the homeostasis of these elements 

experiences a smaller degree of environmental perturbation. 

 

Several QTL identified in this study overlie genes known to be associated with the 

control of elemental concentration. One example is Sevir.5G251200, the ortholog of 
MOT2 in A. thaliana. MOT1, a MOT2 paralog, is responsible for a large fraction of the 

variation in Mo content in A. thaliana (Baxter et al. 2008). Although MOT1 has an ortholog 

in S. viridis on chromosome 9, it was not identified by any of the QTL in this study. This 

finding suggests that either 1) the RIL population contains allelic diversity in MOT2 that 
is not present at the chromosome 9 locus or 2) the MOT2 locus in Setaria is responsible 

for more of the variation in Mo content in this species. Additionally Sevir.5G106900, 

imputed from the A. thaliana gene ESB1, underlay 10 QTL, the majority of which were 

identified in the PC QTL mapping. ESB1 is involved in the production of the casparian 

strip, with mutants in A. thaliana developing increased suberin levels and disordered 
casparian strips, as well as altered levels of many ions. The identification of QTL in this 

region in both the DN13 and DR14 experiments and for several different treatments, as 

well as in the first principal component for both DN13 and DR14 suggests that the Setaria 

ESB1 ortholog plays a role in a variety of conditions related to water status. The B100 

haplotype for this region produces a decrease in Mo as compared to the A10 allele, which 
is consistent with the relationship between the WT and the esb1 allele seen in A. thaliana. 

Given the central role played by the casparian strip in water homeostasis, this gene is a 

good candidate for explaining the coincidence of WUE and ionomic QTL. 
 

CONCLUSION 

 

In this study, we have shown that the ionome of the Setaria flag leaf depends upon 

environmental and genotypic factors, with a strong component attributable to the 

interaction between these influences. Assaying the differences between treatments within 

experiments allowed us to identify the regions of the genome associated with G x E.  
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The use of the SPQV as outlined in Chapter 2 of this thesis illustrated the validity of the 

mapping results. Additionally, the use of principal components analysis revealed that 
regions associated with WUE in this population also influence the ionome. For best effect, 

future work should entail focus on the analysis of Setaria’s ionome in the context of 

multiple treatments. 
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Figure 3-1 

 
Figure 3-1. Normalized concentration of 20 elements in 4 treatments in the Setaria flag leaf 
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Figure 3-2 

 

 

Figure 3-2. Count of ion specific QTL 

 
Colors indicate the phenotypic metric for which the QTL were identified.  
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Figure 3-3 

 

 

 
 

Figure 3-3. Genomic location of ion specific QTL mapped using traits from single 

treatments 

 
Colors indicate the experiment in which the specific QTL was identified. QTL that were 

within 5 cM of each other, and were identified for the same phenotype (e.g. densely planted 

As content), were considered the same QTL. A QTL at the end of chromosome 2 was 

identified for seven ions.  
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Figure 3.4 

 

 
 

Figure 3.4. Genomic location of ion specific QTL mapped using differential traits 
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Figure 3-5 

 

 

 

Figure 3-5. Stacks of QTL for multiple ions were found on chromosomes 2, 5, 7, and 

9 

 

The B100 haplotype at these loci was typically associated with a decrease in concentration 
for the element of interest. Notable exceptions to this trend are the relative increase of P 

and As due to the B100 haplotype on chromosome 7, as well as in Rb on chromosome 2. 
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Figure 3-6 

 

 
 

Figure 3-6. Ionomic QTL identified using principal components analysis overlap 

regions associated with water use efficiency 

 

Traits assayed include WUEratio (the ratio of aboveground biomass and total water 
transpired), WUEfit (accumulation of fresh biomass based on the amount of water 

transpired), and 13C (concentration of Carbon 13). Each trait was assessed in a well 

watered (WW) and water limited (WL) setting. 
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Table 3-1 

 

Element DN13 DN14 DR14 Repeatability 

Al 0.4394728 0.357870473 0.581854268 0.300557557 

As 0.2519856 0.327438597 0.570151195 0.248128951 

B 0.1071448 0.225769155 0.166526725 0.093471981 

Ca 0.3199173 0.325503874 0.45723887 0.237425136 

Cd 0.442759 0.351500239 0.605383773 0.286845658 

Co 0.4544401 0.343000169 0.442721132 0.230139108 

Cu 0.2200043 0.367052581 0.723380607 0.43800547 

Fe 0.0194658 0.326208207 0.474322266 0.265574993 

K 0.4240101 0.364287029 0.713975561 0.272374312 

Mg 0.0833627 0.351590025 0.50735422 0.178953196 

Mn 0.399126 0.371214288 0.632785949 0.299522693 

Mo 0.3766015 0.21450294 0.623190351 0.145177631 

Na 0 0.255567401 0.184714412 0.152057979 

Ni 0.2674639 0.223940266 0.415996303 0.20900581 

P 0.1763122 0.33195116 0.707807003 0.350512411 

Rb 0.441271 0.346945671 0.535080193 0.226641635 

S 0.2903022 0.351714158 0.672582601 0 

Se 0.1068793 0.053215905 0.182536896 0.132657003 

Sr 0.2903022 0.351714158 0.672582601 0.29098477 

Zn 0.3252552 0.39304282 0.472027959 0.300250792 

 

Table 3-1. Heritability and repeatability for 20 ions  
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Table 3-2       

Table 3-2.  Pos itions  of QTL identi fied for the ionome in Setar ia  

Position LOD Trait Treatment Experiment Type Year 

1@20.5 3.6 Al Dense Density 2013 

1@87.1 7.2 Al Differential Drought 2014 

2@22.4 30.1 Al Differential Drought 2014 

2@27.1 22.3 Al Differential Drought 2014 

2@4 14.2 Al Differential Drought 2014 

2@90.6 4.9 Al Dense Density 2013 

2@94 3.3 Al Sparse Density 2013 

4@29.5 27.8 Al Differential Drought 2014 

5@40.6 3.2 Al Differential Density 2013 

5@57.1 22.9 Al Differential Drought 2014 

5@66.4 82.8 Al Differential Density 2013 

5@96.2 8.6 Al Differential Density 2013 

8@35.4 24.4 Al Differential Density 2013 

9@126.5 13.8 Al Differential Drought 2014 

1@95.2 7.3 As Differential Density 2014 

2@3.2 55 As Differential Density 2013 

2@3.7 53.2 As Differential Density 2013 

2@89.7 4.6 As Dense Density 2013 

3@120 6.3 As Differential Density 2014 

5@42.8 4.2 As Differential Density 2013 

5@44.7 4.2 As Differential Density 2013 

7@95.3 4.7 As Dense Density 2014 

7@95.3 4.5 As Sparse Density 2014 

8@0.9 43.2 As Differential Density 2014 

9@11.1 3.4 As Differential Density 2013 

9@11.1 4.2 As Differential Density 2013 

9@17.3 5.2 As Differential Density 2014 

9@17.3 5.2 As Differential Density 2014 
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9@86 64.9 As Differential Density 2014 

1@104.3 9.3 Ca Differential Density 2014 

2@114.6 47.6 Ca Differential Density 2013 

2@38.9 25.1 Ca Differential Density 2013 

4@90.5 22.2 Ca Differential Density 2013 

5@111.9 3.6 Ca Drought Drought 2014 

6@56.5 5.7 Ca Drought Drought 2014 

9@108.8 8.7 Ca Differential Density 2014 

9@123.7 6.1 Ca Differential Drought 2014 

1@82 49.6 Cd Differential Density 2014 

2@22.4 4.3 Cd Well Watered Drought 2014 

2@25.2 95.3 Cd Differential Density 2014 

2@52.9 68.1 Cd Differential Density 2014 

3@91.8 71.6 Cd Differential Drought 2014 

4@75.9 4.1 Cd Differential Drought 2014 

5@111.9 3.9 Cd Drought Drought 2014 

5@71 4 Cd Dense Density 2014 

5@71.9 3.1 Cd Differential Drought 2014 

6@10.3 17.6 Cd Differential Drought 2014 

7@85.8 9.2 Cd Differential Density 2013 

8@76.8 4.2 Cd Dense Density 2014 

8@76.8 4 Cd Sparse Density 2014 

9@32 88.2 Cd Differential Drought 2014 

9@67.6 4.2 Cd Dense Density 2014 

1@63.9 9.5 Co Differential Density 2014 

2@61.6 3.3 Co Dense Density 2014 

2@61.6 3.2 Co Sparse Density 2014 

2@7.3 46.1 Co Differential Density 2013 

2@93.5 3.9 Co Dense Density 2013 

2@95.9 32.9 Co Differential Density 2013 
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3@12.6 27.4 Co Differential Density 2013 

6@24 7.9 Co Differential Density 2014 

6@80.2 58.3 Co Differential Density 2014 

7@48.6 27.4 Co Differential Drought 2014 

8@38.6 3.3 Co Dense Density 2013 

8@38.6 4.1 Co Sparse Density 2013 

1@76.4 5.1 Cu Differential Drought 2014 

2@93.5 10.7 Cu Differential Density 2013 

3@79.8 4 Cu Sparse Density 2014 

5@100.4 8.1 Cu Differential Density 2014 

7@49.1 47.3 Cu Differential Drought 2014 

7@80.6 3.6 Cu Dense Density 2013 

8@38.6 26.4 Cu Differential Drought 2014 

9@147.6 16.2 Cu Differential Density 2014 

2@20.9 10.8 Fe Differential Density 2014 

6@73.3 22.8 Fe Differential Drought 2014 

7@24.4 68.1 Fe Differential Drought 2014 

1@102.6 11.5 Mg Differential Density 2014 

1@99 11.6 Mg Differential Density 2014 

2@21.7 14 Mg Differential Drought 2014 

2@44.4 18.4 Mg Differential Density 2014 

2@98.5 26.4 Mg Differential Density 2014 

4@90.5 20.1 Mg Differential Density 2014 

6@61.4 8.9 Mg Differential Drought 2014 

9@24.4 31.4 Mg Differential Density 2014 

9@32 46.9 Mg Differential Density 2014 

1@51.2 7.7 Mo Differential Density 2013 

1@55.4 44.8 Mo Differential Drought 2014 

2@93.5 4.5 Mo Dense Density 2013 

3@15.5 3.3 Mo Drought Drought 2014 
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3@60.8 11.5 Mo Differential Density 2013 

4@30 5.3 Mo Drought Drought 2014 

5@45.9 3.9 Mo Well Watered Drought 2014 

5@46.9 13.5 Mo Differential Density 2013 

5@55.4 4.6 Mo Dense Density 2013 

6@85.2 3.4 Mo Well Watered Drought 2014 

7@43 25.8 Mo Differential Density 2013 

9@93.7 80.9 Mo Differential Density 2013 

1@8.4 12.5 Na Differential Drought 2014 

2@41 6.5 Na Differential Drought 2014 

2@78.2 8.4 Na Differential Drought 2014 

3@104.3 236.9 Na Differential Drought 2014 

4@73.7 315.7 Na Differential Density 2014 

5@44.7 6.6 Na Differential Drought 2014 

2@100.6 6.1 Ni Differential Density 2013 

2@110.1 8.6 Ni Differential Density 2013 

2@20.9 62.5 Ni Differential Density 2014 

3@57.6 3.6 Ni Differential Density 2013 

4@67.9 6.3 Ni Differential Drought 2014 

5@82.1 13.2 Ni Differential Drought 2014 

7@105.3 6.2 Ni Sparse Density 2014 

7@49.8 5.2 Ni Sparse Density 2014 

7@51.9 35 Ni Differential Density 2014 

7@57.7 6.2 Ni Sparse Density 2014 

9@123.2 5.5 Ni Differential Drought 2014 

9@123.7 7.4 Ni Differential Drought 2014 

9@34.9 8 Ni Well Watered Drought 2014 

9@35.9 7.5 Ni Drought Drought 2014 

9@49.7 16.2 Ni Differential Density 2014 

1@78.3 16.7 P Differential Drought 2014 
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1@89.5 25.8 P Differential Density 2014 

2@89.4 58.2 P Differential Density 2013 

2@89.4 5.9 P Drought Drought 2014 

2@90.6 5.2 P Well Watered Drought 2014 

3@104.5 9.6 P Differential Density 2013 

4@52.9 3.8 P Drought Drought 2014 

4@76.2 74.6 P Differential Density 2013 

4@78.5 24.2 P Differential Drought 2014 

5@76.2 87.9 P Differential Drought 2014 

6@10.3 11.6 P Differential Drought 2014 

6@8.3 47.4 P Differential Drought 2014 

7@83.6 106.3 P Differential Drought 2014 

7@99.9 4.5 P Sparse Density 2014 

1@46.3 29.5 Rb Differential Density 2013 

2@4 56.4 Rb Differential Density 2014 

2@92.8 5.1 Rb Dense Density 2013 

2@92.8 3.2 Rb Sparse Density 2013 

3@57.6 54 Rb Differential Density 2013 

5@40.3 3.2 Rb Differential Density 2013 

5@40.3 3.2 Rb Differential Density 2013 

5@79.2 23.3 Rb Differential Drought 2014 

6@0.7 52.1 Rb Differential Density 2014 

7@78.1 226 Rb Differential Density 2014 

8@40.1 28.3 Rb Differential Density 2013 

8@65.6 19.8 Rb Differential Drought 2014 

8@81.6 8.2 Rb Differential Drought 2014 

9@148.5 116.5 Rb Differential Density 2013 

9@19.9 77.3 Rb Differential Density 2013 

2@21.7 53 Sr Differential Drought 2014 

2@67 5.4 Sr Dense Density 2013 
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2@74.2 54.3 Sr Differential Density 2014 

2@94.7 3.3 Sr Drought Drought 2014 

2@95.9 5.6 Sr Well Watered Drought 2014 

4@10.9 23.8 Sr Differential Density 2014 

4@91.5 63.8 Sr Differential Drought 2014 

5@102.9 41.9 Sr Differential Drought 2014 

5@109.7 6 Sr Dense Density 2013 

5@111.9 7.1 Sr Drought Drought 2014 

5@115.1 6.1 Sr Well Watered Drought 2014 

6@56.5 9 Sr Drought Drought 2014 

6@63.7 7 Sr Dense Density 2013 

6@63.7 5.5 Sr Well Watered Drought 2014 

6@74.1 3.9 Sr Dense Density 2013 

8@81.6 22.3 Sr Differential Drought 2014 

9@123.7 7.9 Sr Differential Drought 2014 

2@4 33.3 Zn Differential Density 2014 

2@43.7 100.6 Zn Differential Density 2013 

4@64.3 96.2 Zn Differential Density 2014 

4@73.7 4.3 Zn Drought Drought 2014 

4@74 3.2 Zn Dense Density 2014 

4@78.5 23.1 Zn Differential Drought 2014 

4@82.9 12.7 Zn Differential Density 2014 

6@8.3 18.7 Zn Differential Density 2013 

2@20.9 11.4 PC1 Differential Density 2013 

5@111.9 3.3 PC1 Sparse Density 2013 

5@55.4 3.8 PC1 Well Watered Drought 2014 

6@90.8 128.2 PC1 Differential Density 2014 

7@2.2 88.9 PC1 Differential Density 2014 

7@99.9 5.2 PC1 Sparse Density 2014 

2@39.9 5.7 PC10 Drought Drought 2014 
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2@39.9 3.5 PC10 Well Watered Drought 2014 

2@58.9 12.9 PC10 Differential Drought 2014 

5@88.4 11.6 PC10 Differential Drought 2014 

3@89.5 62.8 PC11 Differential Drought 2014 

9@88.2 39.4 PC11 Differential Drought 2014 

1@75.9 3.6 PC2 Sparse Density 2014 

2@90.6 4.6 PC2 Dense Density 2013 

4@0.2 3.2 PC2 Dense Density 2013 

4@93.7 24.1 PC2 Differential Drought 2014 

5@39.4 3.3 PC2 Sparse Density 2013 

7@43 17.3 PC2 Differential Drought 2014 

8@32.5 5.3 PC2 Sparse Density 2013 

8@35.9 3.2 PC2 Dense Density 2013 

9@29.4 17.5 PC2 Differential Drought 2014 

4@11.2 19 PC3 Differential Density 2014 

5@26.9 4.5 PC3 Drought Drought 2014 

5@37.4 5 PC3 Well Watered Drought 2014 

8@29.2 5.2 PC3 Drought Drought 2014 

9@67.7 9.7 PC3 Differential Density 2014 

2@77.8 3.4 PC4 Dense Density 2013 

3@58.1 5.2 PC4 Drought Drought 2014 

4@49.8 13.5 PC4 Differential Drought 2014 

4@70.5 29.1 PC4 Differential Density 2014 

4@91.5 6.8 PC4 Differential Drought 2014 

7@23.7 8 PC4 Differential Drought 2014 

7@65.1 19.4 PC4 Differential Density 2014 

7@66.6 4 PC4 Sparse Density 2014 

1@99.7 55.3 PC5 Differential Density 2013 

2@119.8 3.7 PC5 Sparse Density 2013 

2@81.5 28 PC5 Differential Density 2014 
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4@1.2 26.3 PC5 Differential Density 2013 

5@96.7 27.3 PC5 Differential Drought 2014 

5@97.2 102.5 PC5 Differential Density 2013 

8@85.9 19.2 PC5 Differential Density 2013 

9@136.5 9.1 PC5 Differential Drought 2014 

2@14.7 8.9 PC6 Differential Drought 2014 

7@41 92.2 PC6 Differential Drought 2014 

7@80.6 4.8 PC6 Drought Drought 2014 

7@94.9 7.9 PC6 Differential Drought 2014 

7@99.9 4.4 PC6 Dense Density 2013 

7@99.9 3.6 PC6 Sparse Density 2013 

9@116.2 20.1 PC6 Differential Drought 2014 

9@17.3 66.9 PC6 Differential Drought 2014 

2@81.3 4.7 PC7 Dense Density 2014 

2@81.3 4.3 PC7 Sparse Density 2014 

3@107.4 6.4 PC7 Dense Density 2014 

3@119 5.5 PC7 Dense Density 2014 

3@15.5 62.3 PC7 Differential Density 2014 

3@60.4 33.8 PC7 Differential Density 2014 

4@75.7 14.2 PC7 Differential Drought 2014 

4@76.2 78.6 PC7 Differential Density 2014 

5@21.5 76.8 PC7 Differential Density 2014 

5@47.1 3.2 PC7 Dense Density 2013 

5@59.4 23.5 PC7 Differential Density 2013 

7@22.7 11.9 PC7 Differential Drought 2014 

7@70.1 4.8 PC7 Dense Density 2013 

7@78.4 63.9 PC7 Differential Density 2014 

8@79.6 19.1 PC7 Differential Density 2014 

8@81.1 9.7 PC7 Differential Density 2013 

9@39.6 3.2 PC7 Drought Drought 2014 
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1@46 12.7 PC8 Differential Drought 2014 

1@79.2 20.2 PC8 Differential Density 2013 

2@74.5 9.1 PC8 Differential Drought 2014 

5@36.4 22.9 PC8 Differential Drought 2014 

2@82.7 98.6 PC9 Differential Drought 2014 

3@48.1 25.1 PC9 Differential Drought 2014 

3@60.4 24.1 PC9 Differential Drought 2014 

3@83.6 7 PC9 Differential Density 2013 

3@93.2 3.7 PC9 Drought Drought 2014 

4@36.6 4.5 PC9 Drought Drought 2014 

4@73.7 4.3 PC9 Well Watered Drought 2014 

7@0 15.7 PC9 Differential Drought 2014 

9@123.7 13.2 PC9 Differential Drought 2014 

 

Table 3-2.  Positions of QTL identified for the ionome in Setaria 

 

 

 

 

 
 

 

 

 

 
 

 

 

 

 

 

 

 

 
 

 

 

 



 94 

 

Table 3-3  

Table 3-3. SPQV results  and ionomic genes  identified by QTL 

 

QTL Length 
Observed 

Value 

Additive 

Lower 95% 

CI 

Additive 

Upper 95% 

CI 

Trait Known ion homeostasis genes  

5@42.8 5343667 1 

0.12 0.25 As DN13 Sevir.5G106900 

9@11.1 354121 0 

9@11.1 354121 0 

0.36 0.94 As DN13 Sevir.5G106900, Sevir.5G144600 

5@44.7 28967705 2 

8@38.6 27998232 0 

0.52 1.07 Co DN13 Sevir.2G352900, Sevir.2G374000 

2@93.5 4061238 2 

7@80.6 6600579 1 0.08 0.22 Cu DN13 Sevir.7G206000 

1@51.2 1612753 0 

0.11 0.18 Mo DN13 Sevir.5G106900 

3@60.8 1212521 0 

5@46.9 1872544 1 

7@43 507448 0 

9@93.7 477509 0 

2@93.5 883410 0 

0.21 0.62 Mo DN13 Sevir.5G106900 

5@55.4 25239042 1 

4@74 1166386 1 0.1 0.16 Zn DN14 Sevir.4G265200 

6@85.2 1386783 0 0.26 0.73 Mo DR14 Sevir.5G106900, Sevir.5G251200 
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5@45.9 29040921 1 

4@52.9 21056782 1 

0.83 1.4 P DR14 Sevir.4G173800 

2@89.4 1722188 0 

4@73.7 711696 1 0.06 0.1 Zn DR14 Sevir.4G265200 

5@111.9 39790077 14 8.92 13.44 PC1 DN13 

Sevir.5G086900, Sevir.5G106900, 

Sevir.5G195200, Sevir.5G196600, 

Sevir.5G252300, Sevir.5G210300, 
Sevir.5G279700, Sevir.5G379500, 

Sevir.5G395800, Sevir.5G400300, 

Sevir.5G404100, Sevir.5G434600, 

Sevir.5G144600, Sevir.5G337200 

4@0.2 8106883 1 

3.25 3.91 PC2 DN13 Sevir.8G071400 8@35.9 825662 0 

2@90.6 1444572 0 

5@39.4 39222525 13 

10.46 14.7 PC2 DN13 

Sevir.5G086900, Sevir.5G106900, 

Sevir.5G195200, Sevir.5G196600, 

Sevir.5G252300, Sevir.5G210300, 
Sevir.5G279700, Sevir.5G379500, 

Sevir.5G395800, Sevir.5G400300, 

Sevir.5G404100, Sevir.5G144600, 

Sevir.5G337400 
8@32.5 4776098 0 

2@77.8 4763267 3 1.5 1.89 PC4 DN13 
Sevir.2G338800, Sevir.2G352900, 

Sevir.2G374000 

2@119.8 910010 1 0.3 0.4 PC5 DN13 Sevir.2G452700 

8@85.9 533540 0 

0.56 0.66 PC5 DN13 Sevir.1G349900, Sevir.5G395800 

4@1.2 218696 0 

1@99.7 371042 1 

5@97.2 442167 1 
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8@81.1 1093914 0 

1.04 1.25 PC7 DN13 Sevir.5G195200, Sevir.5G196600 

5@59.4 1915491 2 

5@47.1 18215279 4 

5.28 6.4 PC7 DN13 
Sevir.5G106900, Sevir.5G195200, 
Sevir.5G196600, Sevir.5G144700, 

Sevir.7G205900 

7@70.1 3016505 1 

1@79.2 469655 1 0.16 0.21 PC8 DN13 Sevir.1G292400 

1@75.9 3547293 3 
1.14 

1.44 PC2 DN14 
Sevir.1G275100, Sevir.1G292400, 

Sevir.1G301800 

9@67.7 1127483 1 

0.49 0.61 PC3 DN14 Sevir.9G238300 

4@11.2 301729 0 

7@65.1 1401883 0 

0.77 0.92 PC4 DN14 Sevir.4G249800, Sevir.4G255000 

4@70.5 798551 2 

7@66.6 13176556 4 3.44 4.37 PC4 DN14 
Sevir.7G134800, Sevir.7G245900, 
Sevir.7G252600, Sevir.7G195200 

2@81.5 356827 1 0.12 0.16 PC5 DN14 Sevir.2G352900 

8@79.6 1017166 0 

1.26 1.42 PC7 DN14 Sevir.7G252600, Sevir.4G265200 

3@60.4 528457 0 

3@15.5 335244 0 

7@78.4 438419 1 

5@21.5 333415 0 

4@76.2 829321 1 

2@81.3 4202757 3 1.78 2.15 PC7 DN14 
Sevir.2G338800, Sevir.2G352900, 

Sevir.2G374000 
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3@119 945963 0 

3@107.4 230095 0 

2@81.3 14086974 4 3.59 4.53 PC7 DN14 
Sevir.2G338800, Sevir.2G352900, 
Sevir.2G374000, Sevir.2G412100 

5@55.4 19794116 5 4.43 5.59 PC1 DR14 
Sevir.5G086900, Sevir.5G106900, 
Sevir.5G195200, Sevir.5G196600, 

Sevir.5G144600 

5@37.4 39503672 13 8.96 13.15 PC3 DR14 

Sevir.5G086900, Sevir.5G106900, 

Sevir.5G195200, Sevir.5G196600, 

Sevir.5G252300, Sevir.5G210300, 
Sevir.5G279700, Sevir.5G379500, 

Sevir.5G395800, Sevir.5G400300, 

Sevir.5G404100, Sevir.5G144600, 

Sevir.5G337400 

5@26.9 5672938 1 

2.81 3.32 PC3 DR14 Sevir.5G086900 

8@29.2 2911543 0 

3@58.1 9731371 5 2.78 3.51 PC4 DR14 
Sevir.3G122500, Sevir.3G153100, 
Sevir.3G159900, Sevir.3G213300, 

Sevir.3G220300 

4@91.5 89563 1 

0.93 1.15 PC4 DR14 Sevir.4G295200 7@23.7 199726 0 

4@49.8 2493109 0 

7@80.6 2263241 1 0.75 0.96 PC6 DR14 Sevir.7G252600 

7@94.9 373524 0 

7.53 9.46 PC6 DR14 

Sevir.2G037000, Sevir.2G125000, 

Sevir.2G205200, Sevir.2G228000, 

Sevir.2G071500, Sevir.2G092800, 

Sevir.9G044800, Sevir.7G089700 

2@14.7 30124161 6 

9@116.2 771696 0 

9@17.3 829584 1 
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7@41 1034133 1 

9@39.6 2637311 3 0.86 1.1 PC7 DR14 
Sevir.9G133800, Sevir.9G133900, 

Sevir.9G144800 

7@22.7 646682 0 

0.48 0.59 PC7 DR14 Sevir.4G265200 

4@75.7 730479 1 

4@73.7 987170 2 0.33 0.43 PC9 DR14 Sevir.4G255000, Sevir.4G265200 

3@93.3 1878840 1 

8.09 10.6 PC9 DR14 

Sevir.4G173800, Sevir.4G136300, 

Sevir.4G150000, Sevir.4G231900, 

Sevir.4G249800, Sevir.4G255000, 

Sevir.4G039600, Sevir.3G384700 4@36.6 33757934 7 

9@123.7 541959 0 

0.87 1.01 PC9 DR14 Sevir.3G122500 

7@0 605215 0 

3@48.1 644103 1 

2@82.7 654940 0 

 

Table 3-3. SPQV results and ionomic genes identified by QTL 
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Supplemental Table 3-1  

 

 Method 

Trait DN13 DN14 DR14 

Al max likelihood lambda lognormal max likelihood lambda 

As lognormal lognormal max likelihood lambda 

Br sqrt transformation max likelihood lambda max likelihood lambda 

Ca lognormal lognormal sqrt transformation 

Cd lognormal max likelihood lambda max likelihood lambda 

Co max likelihood lambda lognormal lognormal 

Cu lognormal normal lognormal 

Fe lognormal lognormal lognormal 

K sqrt transformation max likelihood lambda lognormal 

Mg lognormal max likelihood lambda lognormal 

Mn lognormal max likelihood lambda lognormal 

Mo lognormal lognormal lognormal 

Na sqrt transformation max likelihood lambda max likelihood lambda 

Ni lognormal lognormal lognormal 

P Inverse sqrt transformation sqrt transformation lognormal 

Rb max likelihood lambda lognormal max likelihood lambda 

S sqrt transformation max likelihood lambda max likelihood lambda 

Se normal normal max likelihood lambda 

Sr lognormal lognormal max likelihood lambda 

Zn sqrt transformation lognormal lognormal 

 

Supplemental Table 3-1. Transformations applied to ionomic data to achieve 

normality 
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Supplemental Table 3-2 

 Supplemental Table 3-2. Known ionomic genes in S. viridis 

 

GeneID Elements Gene inferred from A.thaliana orthologs 

Sevir.1G132950 Se, S AT1G08490 AT1G08490 

Sevir.1G275100 P AT1G12640 AT1G12640, AT1G63050 

Sevir.1G212900 Zn AT1G14870 AT1G14870, AT1G14880, AT5G35525 

Sevir.1G213100 Zn AT1G14870 AT1G14870, AT1G14880, AT5G35525 

Sevir.2G374000 
Fe, Zn, Co, 

Mn AT1G20110 AT1G20110 

Sevir.4G295200 
Fe, Zn, Co, 

Mn AT1G20110 AT1G20110 

Sevir.2G037000 K AT1G30270 AT1G30270 

Sevir.7G252600 Cd, As AT1G30400, LOC_Os04g52900 AT1G30400, AT2G34660 

Sevir.3G283200 Ca, K, Na, S AT1G30450 AT1G30450 

Sevir.5G024400 Ca, K, Na, S AT1G30450 AT1G30450 

Sevir.1G301800 K, NO3- AT1G32450 AT1G32450, AT4G21680 

Sevir.5G404100 S, Se AT1G36370 AT1G22020, AT1G36370 

Sevir.2G452700 
Fe, Cd, Co, 

Mo AT1G56430 
AT1G09240, AT1G56430, AT5G04950, 

AT5G56080 

Sevir.9G044800 
Fe, Cd, Co, 

Mo AT1G56430, LOC_Os03g19420 
AT1G09240, AT1G56430, AT5G04950, 

AT5G56080 

Sevir.4G150000 Cd AT1G59870 AT1G15210, AT1G59870 

Sevir.4G249800 Fe AT1G60960 AT1G10970, AT1G60960 

Sevir.2G338800 S, Se AT1G62180 AT1G62180, AT4G04610, AT4G21990 

Sevir.7G205900 Cu AT1G63440, LOC_Os04g46940 AT1G63440 

Sevir.7G206000 Cu AT1G63440 AT1G63440 

Sevir.8G115200 Cu AT1G66240, LOC_Os08g10480 AT1G66240 

Sevir.3G052300 P AT1G68320 AT1G25340, AT1G68320 

Sevir.3G348200 P AT1G68320 AT1G25340, AT1G68320 

Sevir.8G248300 P AT1G68320 AT1G25340, AT1G68320 

Sevir.9G429300 P AT1G68320 AT1G25340, AT1G68320 

Sevir.4G173800 P, As AT1G76430 AT1G20860, AT1G76430 

Sevir.4G276100 Mn AT1G80830 AT1G15960, AT1G80830 
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Sevir.2G205200 Fe, Zn AT2G01770, LOC_Os09g23300 AT2G01770 

Sevir.7G134800 Fe, Zn AT2G01770, LOC_Os04g38940 AT2G01770 

Sevir.3G427000 Na AT2G01980 AT2G01980 

Sevir.9G409800 S AT2G13540 AT2G13540 

Sevir.4G293800 Zn AT2G16770, AT4G35040 AT2G16770, AT4G35040 

Sevir.9G058800 Zn AT2G16770, AT4G35040 AT2G16770, AT4G35040 

Sevir.4G255000 Zn AT2G19110, AT4G30110 AT2G19110, AT4G30110 

Sevir.3G384700 Fe, Mn, Zn AT2G23150 AT1G47240, AT2G23150 

Sevir.9G169700 Fe, Mn, Zn AT2G23150 AT1G47240, AT2G23150 

Sevir.9G343900 Cu, Zn AT2G23240, AT2G42000 AT2G23240, AT2G42000 

Sevir.9G183400 Mo 
AT2G25680, Medtr1g010270, 

Medtr3g464210, LOC_Os08g01120 AT2G25680 

Sevir.7G076300 Fe AT2G28160 AT2G28160 

Sevir.7G076400 Fe AT2G28160 AT2G28160 

Sevir.5G106900 

Ca, Mn, Zn, 

Na, S, K, As, 

Se, Mo AT2G28670 AT1G07730, AT2G28670 

Sevir.7G019300 P AT2G32830 AT2G32830, AT5G43360 

Sevir.3G153100 P AT2G33770, LOC_Os05g48390 AT2G33770 

Sevir.4G281800 Co, Ni AT2G38460, AT5G03570 AT2G38460, AT5G03570 

Sevir.9G238300 P AT2G38940 AT2G38940 

Sevir.9G238400 P AT2G38940 AT2G38940 

Sevir.9G542900 P AT2G38940 AT2G38940 

Sevir.3G220300 Mn AT2G39450 AT2G39450 

Sevir.5G379500 Mn AT2G39450 AT2G39450 

Sevir.3G050000 Zn AT2G46800 AT2G46800 

Sevir.3G347400 B 
AT2G47160, AT3G62270, 

LOC_Os12g37840 AT2G47160, AT3G62270 

Sevir.9G133900 P AT3G01310, AT5G15070 AT3G01310, AT5G15070 

Sevir.1G292400 

Na, K, Rb, 

Mg, Ca, Fe, 

Mo AT3G06060 AT3G06060, AT5G19200 

Sevir.6G025100 Mn AT3G12750 AT3G12750 

Sevir.7G245900 Mn, Zn AT3G12750, LOC_Os04g52310 AT3G12750 
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Sevir.3G034900 Mn, Fe, K, P AT3G13320 AT1G55720, AT1G55730, AT3G13320 

Sevir.9G379800 Mn, Fe, K, P AT3G13320 AT1G55720, AT1G55730, AT3G13320 

Sevir.1G349900 S AT3G14280 AT3G14280 

Sevir.4G039500 S AT3G14280 AT3G14280 

Sevir.4G039600 S AT3G14280 AT3G14280 

Sevir.3G014100 
Na, Fe, Zn, 

Mn, Mo AT3G15380 AT3G15380 

Sevir.6G001500 
Na, Fe, Zn, 

Mn, Mo AT3G15380 AT3G15380 

Sevir.3G159900 Fe, Zn, Mn AT3G18290 AT3G18290 

Sevir.5G279700 Fe, Zn, Mn AT3G18290 AT3G18290 

Sevir.9G095300 S AT3G22890 AT3G22890, AT4G14680, AT5G43780 

Sevir.1G367100 P AT3G23430, LOC_Os02g56510 AT3G23430 

Sevir.2G412100 
Fe, Zn, Mn, 

Co AT3G47640 AT3G47640 

Sevir.8G189400 
Fe, Zn, Mn, 

Co AT3G47640 AT3G47640 

Sevir.9G389000 
Fe, Zn, Mn, 

Co AT3G47640 AT3G47640 

Sevir.2G071500 Na AT3G47950 AT3G47950, AT5G62670 

Sevir.3G424800 Na AT3G47950 AT3G47950, AT5G62670 

Sevir.9G133800 Na AT3G47950 AT3G47950, AT5G62670 

Sevir.3G122500 P, K AT3G51860 AT2G38170, AT3G51860 

Sevir.5G196600 P, K AT3G51860 AT2G38170, AT3G51860 

Sevir.9G537000 S AT3G51895 AT3G51895 

Sevir.5G462400 Fe AT3G56970, AT3G56980 
AT2G41240, AT3G56970, AT3G56980, 

AT5G04150 

Sevir.9G473100 Fe AT3G56970, AT3G56980 
AT2G41240, AT3G56970, AT3G56980, 

AT5G04150 

Sevir.1G343700 Mn AT3G58060, LOC_Os02g53490 AT3G58060 

Sevir.9G482200 Mn AT3G58060, LOC_Os03g12530 AT3G58060 

Sevir.9G341300 Mg AT3G58970 AT3G58970 

Sevir.9G265300 Fe AT4G02780 AT4G02780 

Sevir.9G357500 Fe AT4G02780 AT4G02780 

Sevir.1G067600 Na AT4G10310 AT4G10310 
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Sevir.9G193400 B AT4G10380,GRMZM2G176209 AT4G10380 

Sevir.5G446100 Rb, Cs, K AT4G13420,GRMZM2G084779 AT4G13420 

Sevir.9G088600 Fe, Cd AT4G16370 AT4G16370 

Sevir.9G144700 
Fe, Mn, Co, 

Cd, Zn AT4G19690 AT1G31260, AT4G19690 

Sevir.9G144800 
Fe, Mn, Co, 

Cd, Zn AT4G19690 AT1G31260, AT4G19690 

Sevir.3G050100 Cd, As AT4G23100 AT4G23100 

Sevir.2G125000 P AT4G28610 AT2G20400, AT4G28610 

Sevir.9G420400 P AT4G28610, LOC_Os03g21240 AT2G20400, AT4G28610 

Sevir.5G210300 K AT4G33000 AT4G33000 

Sevir.4G265200 Zn AT4G37270 AT4G37270 

Sevir.6G149500 As, P AT5G03455 AT5G03455 

Sevir.9G340600 As, P AT5G03455 AT5G03455 

Sevir.9G577800 As, P AT5G03455 AT5G03455 

Sevir.3G091300 Zn, Fe AT5G13740 AT5G13740, AT5G13750 

Sevir.7G322400 Zn, Fe AT5G13740, LOC_Os12g03899 AT5G13740, AT5G13750 

Sevir.8G023200 Zn, Fe AT5G13740 AT5G13740, AT5G13750 

Sevir.8G023400 Zn, Fe AT5G13740, LOC_Os12g03899 AT5G13740, AT5G13750 

Sevir.8G071400 Zn, Fe AT5G13740 AT5G13740, AT5G13750 

Sevir.9G083800 Ca, Mg AT5G15410 AT5G15410 

Sevir.1G112000 Fe, Mn, Zn AT5G17290 AT5G17290 

Sevir.3G251900 Cu AT5G18830 AT5G18830 

Sevir.2G228000 Cu AT5G20650 AT5G20650 

Sevir.4G231900 Na AT5G35410 AT5G35410 

Sevir.5G470600 Fe AT5G42130 AT5G42130 

Sevir.5G144600 Zn, Cd, As AT5G44070 AT1G03980, AT5G44070 

Sevir.5G144700 Zn, Cd, As AT5G44070, LOC_Os06g01260 AT1G03980, AT5G44070 

Sevir.1G014200 Pb AT5G53130 AT5G53130 

Sevir.4G136300 Pb AT5G53130 AT5G53130 

Sevir.7G195100 Fe, Zn, Cu AT5G53550, LOC_Os04g45860 AT5G24380, AT5G53550 

Sevir.7G195200 Fe, Zn, Cu AT5G53550, LOC_Os04g45900 AT5G24380, AT5G53550 
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Sevir.2G352900 
Cd, Co, Fe, 

Mn, Zn AT5G54680 AT1G51070, AT5G54680 

Sevir.6G068300 
Cd, Co, Fe, 

Mn, Zn AT5G54680, LOC_Os08g04390 AT1G51070, AT5G54680 

Sevir.6G072000 Cd AT5G54810 AT4G27070, AT5G54810 

Sevir.6G105000 

Li, B, Na, 

Mg, K, Ca, 

Mn, Fe, Co, 

Ni, Cu, Zn, 

Rb, Sr, Mo, 

Cd AT5G57620 AT5G57620 

Sevir.5G337200 Cu AT5G59030 
AT2G26975, AT3G46900, AT5G59030, 

AT5G59040 

Sevir.5G337400 Cu AT5G59030 
AT2G26975, AT3G46900, AT5G59030, 

AT5G59040 

Sevir.1G340900 K AT5G64930 AT5G64930 

Sevir.5G434600 K AT5G64930 AT5G64930 

Sevir.2G103000 Fe, Mn, Cd Medtr3g088460, LOC_Os07g15370  

Sevir.5G086900 Mn LOC_Os01g03914 AT1G16310, AT1G79520 

Sevir.5G023200 Na 
LOC_Os01g20160,GRMZM2G0476

16  

Sevir.5G195200 Na 
LOC_Os01g20160,GRMZM2G0476

16  

Sevir.5G252300 K LOC_Os01g45990 AT2G26650 

Sevir.5G395800 Fe LOC_Os01g64250 AT3G54290 

Sevir.5G400300 Mg, Na LOC_Os01g64890 AT3G19640 

Sevir.1G080600 As LOC_Os02g06290  

Sevir.1G048900 Cu LOC_Os02g10290  

Sevir.1G025500 As LOC_Os02g13870 AT4G18910, AT4G19030 

Sevir.1G258400 Fe, Mn LOC_Os02g43370  

Sevir.1G258600 Fe LOC_Os02g43410  

Sevir.1G325000 Se LOC_Os02g51110  

Sevir.9G542800 Se LOC_Os03g05640  

Sevir.9G514000 Fe, Zn LOC_Os03g09140  

Sevir.9G441600 Fe LOC_Os03g18550 AT1G07030, AT2G30160 

Sevir.7G089700 Cs LOC_Os04g32920  

Sevir.7G090200 Cs LOC_Os04g32920  
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Sevir.3G213300 Zn LOC_Os05g39560 AT1G05300, AT2G32270 

Sevir.4G031300 P LOC_Os06g05160 AT3G15990 

Sevir.8G124600 K LOC_Os07g01810 AT5G55630 

Sevir.2G068500 P LOC_Os07g09000 AT3G52190 

Sevir.2G092800 Cd LOC_Os07g12900  

Sevir.2G093100 Cd LOC_Os07g12900  

Sevir.6G060000 As LOC_Os08g05590  

Sevir.9G479900 Fe GRMZM2G060952 AT1G59950, AT1G59960 

 

Supplemental Table 3-2. Known ionomic genes in S. viridis 
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