
Comparative Functional Genomics Characterization of Low Phytic Acid 
Soybeans and Virus Resistant Soybeans 

 
 
 
 

Lindsay C. DeMers 
 
 
 

Dissertation submitted to the faculty of the Virginia Polytechnic Institute and State University in 
partial fulfillment of the requirements for the degree of 

 
 
 

Doctor of Philosophy 
In 

Crop and Soil Environmental Sciences  
 
 
 
 

M. A. Saghai Maroof - Chair 
Richard F. Helm 
Guillaume Pilot  

Song Li 
  
 
 

April 27, 2020 
Blacksburg, Virginia 

 
 
 

Keywords: Transcriptomics, Gene regulatory network, Metabolomics, Lipids, Seed germination, 
Phytic acid, Soybean mosaic virus, Rsv3 resistance 

 
 
 
 
 
 
 
 

Copyright © 2020, Lindsay C. DeMers 



	

Comparative Functional Genomics Characterization of Low Phytic Acid 
Soybeans and Virus Resistant Soybeans 

 
Lindsay C. DeMers 

ABSTRACT 

The field of functional genomics aims to understand the complex relationship between genotype 

and phenotype by integrating genome-wide approaches, such as transcriptomics, proteomics, and 

metabolomics. Large-scale “-omics” research has been made widely possible by the advent of 

high-throughput techniques, such as next-generation sequencing and mass-spectrometry. The 

vast data generated from such studies provide a wealth of information on the biological dynamics 

underlying phenotypes. Though functional genomics approaches are used extensively in human 

disease research, their use also spans organisms as miniscule as mycoplasmas to as great as 

sperm whales. In particular, functional genomics is instrumental in agricultural advancements for 

the improvement of productivity and sustainability in crop and livestock production. 

Improvement in soybean production is especially imperative, as soybeans are a primary source of 

oil and protein for human and livestock consumption, respectively. The research presented here 

employs functional genomics approaches – transcriptomics and metabolomics – to discern the 

transcriptional regulation and metabolic events underlying two economically important 

agronomic traits in soybean: seed phytic acid content and Soybean mosaic virus resistance. At 

normal levels, seed phytic acid content inhibits mineral absorption in humans and livestock, 

acting as an antinutrient and contributing to phosphorus pollution; however, the development of 

low phytic acid soybeans has helped mitigate these issues, as their seeds increase nutrient 

bioavailability and reduce environmental impact. Despite these desirable qualities, low phytic 

acid soybeans exhibit poor seed performance, which negatively affects germination rates and 

yield and has prevented their large-scale commercial production. Thus, part of the focus of this 



	

research was investigating the effects of mutations conferring the low phytic acid phenotype on 

seed germination. Comparative studies between low and normal phytic acid soybean seeds were 

carried out and revealed distinct differences in metabolite profiles and in the transcriptional 

regulation of biological pathways that may be vital for successful seed germination. The final 

part of this research concerns Rsv3-mediated extreme resistance, a unique mode of resistance that 

is effective against the most virulent strains of Soybean mosaic virus. The molecular mechanisms 

governing this type of resistance are poorly characterized. Therefore, the research presented here 

attempts to elucidate the regulatory elements responsible for the induction of the Rsv3-mediated 

extreme resistance response. Utilizing a comparative transcriptomic time series approach on 

Soybean mosaic virus-inoculated Rsv3 (resistant) and rsv3 (susceptible) soybean lines, this final 

study provides gene candidates putatively functioning in the regulation of biological pathways 

demonstrated to be crucial for Rsv3-mediated resistance.  

 

 

 

 

 

 

 

 

 

 

 



	

GENERAL AUDIENCE ABSRACT 

Soybeans are a crop of great economic importance, being a primary source of oil and protein for 

human and livestock consumption, respectively. Increasing demand for soybean calls for 

improvement in its production. An emerging field that has had tremendous impact on this 

endeavor is the field of functional genomics. Functional genomics approaches generate large-

scale biological data that can aid in discerning how specific processes are regulated and 

controlled in an organism. The research presented in this work utilizes functional genomics 

approaches to elucidate the biological mechanisms underlying two economically important traits 

in soybean: seed phytic acid content and Soybean mosaic virus resistance. Phytic acid is a 

compound found in soybean seeds that causes nutrient deficiencies and phosphorus pollution. 

Soybeans with reduced to phytic acid content have been developed to mitigate these problems; 

they have poor seed germination and emergence. The studies in this work employ functional 

genomics approaches to compare unique sets of low and normal phytic acid soybeans to help 

establish the relationship between seed phytic acid content and seed performance. These studies 

resulted in new and promising hypotheses for future studies on investigating the low phytic acid 

trait. The final focus of this work used a functional genomics approach to discern the molecular 

mechanisms underlying a unique mode of resistance to Soybean mosaic virus. The study 

identified genes in soybean that are potentially critical to resistance against Soybean mosaic 

virus. 
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CHAPTER 1 

Literature Review 

 

 

 

 

INTRODUCTION 

Overview of functional genomics 

 Functional genomics is a field of molecular biology that takes advantage of the vast 

wealth of available genomics data to discern gene functions and interactions. Rather than 

focusing on the static features of genomic information, such as DNA sequence and structures, 

functional genomics is more concerned with the dynamic features of “-omics” related research, 

such as transcriptomics, proteomics, metabolomics, and protein-protein interactions, which 

enables the large-scale study of gene transcription, translation, and gene expression regulation. A 

distinguishing aspect of functional genomics studies is their genome-wide approach, which 

typically requires high-throughput approaches instead of the more traditional “gene-by-gene” 

approach [1]. 

 Since their introduction in 2005, next-generation sequencing (NGS) technologies have 

had a tremendous impact on advancing high-throughput functional genomics research of DNA 

and RNA. NGS methods have allowed millions to trillions of nucleic acid observations to be 
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made in parellel during a single intrsument run, working considerably faster and more cheaply 

than the older method of Sanger sequencing [2, 3]. The ability to generate gigabase (Gb)-sized 

sequences in just a few days or hours has enabled not only whole-genome sequencing (WGS) for 

the construction of de novo draft genome sequences, but NGS has also allowed for whole 

transcriptome shotgun sequencing (WTSS) (more commonly known as RNA sequencing (RNA-

seq)), whole-exome sequencing (WES), targeted (TS) or candidate gene sequencing (CGS), 

methylation sequencing (MeS), and ChIP-seq [4-11]. RNA-seq can be used to determine total 

transcriptional activity (coding and noncoding) or a select subset of targeted RNA transcripts in a 

given sample, providing a more accurate and sensitive measurement of gene expression than 

microarrays [6, 12]. WES permits the analysis of protein-coding regions (CDS) of the genome 

and the identification of coding variants [7, 13]. Investigation of the methylome by MeS aids in 

the discovery of active methylation sites and epigenetic markers that regulate gene expression, 

epistructural base variations, imprinting, development, differentiation, and the epigenetic state 

[11, 14-16]. With ChIP-seq, chromatin immunoprecipitation (ChIP) is succeded by NGS 

sequencing and facilitates genome-wide profiling of DNA-binding proteins and histone and 

nucleosome modifications [11]. Each of these types of sequencing requires an NGS platform. 

Common platforms include HiSeq and MiSeq (Illumina), SOLiD (Life Technologies), Ion 

Torrent, PacBio RS II and SMRT (Pacific Biosciences), and Nanopore (Oxford Nanopore 

Technologies). When deciding on which sequencing platform to use for a project, certain factors 

should be considered, such as read length, time per run, cost per base, and raw error rate. The 

main features and performances of these platforms are reviewed here [4]. 

 Following genomics and transcriptomics, proteomics and then metabolomics are the next 

level of study of biological systems and constitute an important component of functional 
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genomics research, as they provide a closer interface to the cellular phenotype [17, 18]. 

Proteomics typically refers to the large-scale study of proteins and proteomes – the complete set 

of proteins produced or modified by an organism [19, 20]. Metabolomics is the study of small-

molecule metabolite profiles produced by cellular processes, and the metabolome is the entire set 

of metabolites (generally defined as <1.5 kDa) in a biological cell, tissue, organ, or organism [18, 

21]. Both proteomics and metabolomics provide more information on the physiological state of 

an organism than transcriptomics and genomics. In genomics, genomes are relatively static, 

whereas proteomes and metabolomes are transient, fluctuating from cell to cell and from time to 

time [22, 23]. With transcriptomics, it was found that there is no correlation between mRNA 

content and protein or metabolite content [24, 25]. To obtain the added the levels of information 

provided by proteomics and metabolomics, the most common high-throughput analysis methods 

are mass-spectrometry (MS)-based, with a preceding separation step, such as gas 

chromatography (GC), high performance liquid chromatography (HPLC), or capillary 

electrophoresis (CE), for metabolomics samples. It should be noted that there is not yet a single 

analytical method that is able to capture the entire metabolome within a sample [26]. 

 The primary botttleneck in genomics, transcriptomics, proteomics, and metabolomics 

studies is processing and analyzing the vast amount of data generated by the high-throughput 

technologies. This has sparked major growth in the rapidly evolving field of bioinformatics. For 

each type of “-omics” study, information on best practices for wet-lab procedures, computational 

pipelines, and software tools can be reviewed here [23, 27-32]. Together, the different levels of 

functional genomics – genomics, transcriptomics, proteomics, and metabolomics – help us 

connect genotype to phenotype, providing a more complete picture and improving our 

understanding of the dynamic properties that make up and govern an organism. 
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Importance of soybean research 

Domesticated soybeans (Glycine max (L.) Merr.) are one of the most extensively grown 

crops in the world, with the United States being the number one producer, planting 90 million 

acres in 2018 for an estimated economic value of nearly $40 billion [33]. Soybeans are primarily 

grown as protein and oil sources to be used in feed and food products. They account for roughly 

90%  of US oilseed production [33], but the predominant end use of soybeans is actually 

soymeal for livestock feed production. Soymeal, the residue remaining after oil extraction, is a 

major metabolizable energy source and the number one protein source for livestock industries 

throughout the world [34]. Still yet, soybeans are also used in cosmetics, pharmaceuticals, 

biodiesels, and other industrial products such as adhesives, printing inks, building materials, and 

lubricants. Because of the rising demand for soybean products, climate change, and the 

expanding global population, soybean production must increase in order to meet our needs. The 

continued development of high-performing cultivars with desirable agronomic traits, such as 

high yield, stress tolerance, pest resistance, and enhanced nutritional composition and seed 

perfomance, is perhaps best achieved through genetic research. At the forefront, making major 

advancements in soybean research, has been the implementation of functional genomics 

approaches. 

 

Functional genomics research in soybean 

The release of the soybean reference genome sequence of cultivar “Williams82” in 2010 

helped facilitate the integration of massive volumes of genetic, phenotypic, and genomic data. 

This has aided in the creation of websites like “Soybase” (https://soybase.org), “SoyKB” 

(http://soykb.org), and “Phytozome” (https://phytozome.jgi.doe.gov/pz/portal.html), which 



	

   5 

enable users to access data by sequence, gene name, marker, trait of interest, expression pattern, 

and homology to genes in other species [35-37]. Recently, genomic sequences from 106 soybean 

accessions were published [38]. Represented are wild, landrace, and elite lines, allowing a 

landscape analysis of genome-wide genetic variation and an association study of major soybean 

domestication and agronomic traits. The re-sequenced lines permitted the discovery of more than 

10 million SNPs, 159 putative domestication sweeps, and novel alleles for major traits such as 

oil and protien content. The genomic information from this landmark study is a valuable resource 

for studying genetic diversity and thus advancing the genetic improvement of soybean. At the 

transcriptome level, the “RNA-Seq Atlas” is a comprehensive, high-resolution, gene expression 

resource, providing expression data on seven unique soybean tissues and seven stages of soybean 

seed development (https://soybase.org/soyseq/) [39]. This resource serves as a model for future 

RNA-seq studies and for evaluating gene model annotations in the soybean reference genome, as 

well as providing a means for evaluating differential gene expression beteween differing tissues 

and developmental stages, allowing insights to be gained on gene functions and biological 

processes in distinct tissue types. The most comprehensive soybean proteomics resource is the 

“Soybean Proteome Database” [40]. The focus of this database is majorly on soybean seedling 

responses to flooding, but it also contains data on drought and salt stress and several organs, 

tissues, and organelles. This database can aid in functional analyses for advacing soybean 

research and is available at http://proteome.dc.affrc.go.jp/Soybean/. Lastly, at the metabolome 

level is “SoyMetDB” (http://soymetdb.org/), a metabolomics database for soybean [41]. It aids in 

integrating, mining, and visualizing soybean metabolomics data, as well as identifying 

metabolites and measuring their expression. SoyMetDB also integrates metabolite information 

from other public metabolomics databases and includes a pathway enrichment tool for highly 
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expressed metabolites. Such a database is a valuable resource for the soybean community, where 

still much progress is needed in the field of metabolomics. Besides the soybean functional 

genomics resources given above, the advent of high-throughput functional genomics 

technologies has spurred a wealth of other soybean “-omics” studies, and accordingly, our 

knowledge on soybean is rapidly growing, thus enabling the crop’s continued improvement. 

 

PHYTIC ACID 

Phytic acid and its ecological impact 

Soybean seeds are rich in a compound called phytic acid (phytate, myo-inositol-

(1,2,3,4,5,6)-hexakisphosphate, InsP6). It is the primary storage form of seed phosphorus (P), 

sequestering approximately 75% of total seed P [42, 43]. Typically in the form of a mixed salt 

called phytin, phytic acid chelates nutritionally important, positively charged minerals such as 

Fe3+, K+, Ca2+, Mg2+, and Zn2+ [43-46]. Because phytic acid binds up these elements, the 

bioavailability of P and other important minerals is reduced. This is a problem in monogastric 

livestock (swine, poultry, fish) and humans, which have minimal or no phytase activity in their 

digestive tract, rendering phytic acid indigestible to them [44]. Resultantly, nutrient deficiencies 

can be found among monogastric livestock and human populations that heavily rely on staple 

crops such as maize, rice, and wheat as their primary source of nutrition [47-54]. In fact, phytic 

acid is considered the most important antinutritional factor limiting the availability of minerals 

like zinc, calcium, and iron [55, 56]. It is estimated that over one billion people suffer from iron 

deficiency, and hundreds of millions suffer from zinc and other mineral deficiencies [57]. In 

respect to seed total P, only about 20-30% is available (non-phytic acid P); however, this is 

insufficient for meeting nutritional needs [43]. Thus, in the case of livestock and in order to 
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optimize productivity, feed is supplemented with microbial phytase (an enzyme that degrades 

phytic acid) or an available form of P to release phosphate (Pi) for absorption [44]. Nonetheless, 

the nutritional disadvantages of phytic acid are not its only shortcomings. Phytic acid is also 

considered one of the leading causes of P pollution [58]. Since it is indigestible, it is excreted 

into the environment in the form of animal manure, where it contributes to the build up of P in 

soil and water. This excess P can lead to pollution of water systems and result in eutrophication 

[59, 60].  

 

Phytic acid biosynthesis and its role in seeds 

Phytic acid biosynthesis takes place in the cytoplasm during seed development. The first 

substrates required for biosynthesis are Pi and myo-inositol (Ins) [43]. Pi is supplied by P uptake 

at the root-rhizosphere interface. P is then transported and localized at the endosperm of the 

developing seed, as seeds usually store more P than is needed to fulfill basic cellular processes 

[43, 61]. Ins, a 6-carbon cyclic alcohol and the backbone of phytic acid, is produced from the 

conversion of D-glucose-6-P to Ins(3)P1. This reaction is catalyzed by myo-inositol-3-

monophosphate synthase (MIPS), and it is the sole source of the Ins ring [57, 62]. Ins 

monophosphatase hydrolyzes Ins(3)P1 to Ins and Pi. Ins is the first substrate required for two 

different, subsequent pathways for phytic acid biosynthesis, the lipid-dependent pathway and the 

lipid-independent pathway [63, 64]. The main difference between these pathways is in their early 

intermediate steps in converting Ins to Ins trisphosphates. Though the lipid-dependent pathway is 

the primary mechanism for phytic acid biosynthesis in the eukaryotic cells, the main pathway for 

phytic acid accumulation in seeds is the lipid-independent pathway [57, 64-67]. The first step in 

this pathway is the phosphorylation of Ins to InsP1 to InsP2 via Ins kinase and Ins 
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monophosphate kinase; these early steps could be unique to phytic acid biosynthesis in seeds. Ins 

polyphosphate kinases catalyze subsequent sequential phosphorylations to InsP3, InsP4, InsP5, and 

ultimately InsP6, i.e. phytic acid [43, 57, 66, 68]. After synthesis, phytic acid is transported as the 

mixed salt, phytin, and deposited as inclusion bodies (referred to as “globoids”) found in protein 

storage vacuoles [63, 69]. Transport and storage occurs via a multidrug resistance-associated 

protein (MRP), a type of ATP-binding cassette (ABC) transporter [43, 70, 71]. Phytic acid 

deposition only takes place in cells that remain alive during the quiescent phase of seed 

development [45]. In dicots, this deposition occurs in the endosperm and cotyledons; in 

monocots, it occurs in the endosperm and aleurone layer [72]. Throughout seed development and 

even into seed maturation, phytic acid continues to accumulate in the seed. Once at the dry seed 

stage, the seeds contain phytase potential, which is activated upon germination. During 

germination, phytase activity increases, and phytic acid is eventually degraded to release Ins and 

useful minerals for seedling growth [44, 73, 74].  

In addition to P and mineral storage, phytic acid and the intermediates in its biosynthesis, 

such as Ins, have fundamental roles in various metabolic, developmental, and signaling pathways 

critical to plant function and productivity [57]. These include a variety of basic cellular 

housekeeping activities, such as DNA repair, chromatin remodeling, RNA editing and export, 

ATP and cell wall polysaccharide synthesis, and regulation of gene expression, guard cells, basal 

defense, and cell death [62, 67, 75-81]. Furthermore, the phytic acid pathway has roles in P 

homeostasis and signal transduction for stress responses, development, and Pi sensing [57, 63, 

80]. Lastly, phytic acid itself acts as an antioxidant during seed germination, chelating heavy 

metals [82]. 
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The development, significance, and drawbacks of low phytic acid crops 

 Because of phytic acid’s antinutritive properties and negative environmental impacts, the 

development of low phytic acid (lpa) crops has been a widespread pursuit. In fact, this trait has 

already been engineered by targeting enzymes in the phytic acid biosynthesis and transport 

pathways. Enzymes that have been targeted and resulted in reduced phytic acid content include 

MIPS, multidrug resistance-associated protein ATP-binding cassette (ABC) transporters 

(henceforth referred to as MRPs), and Ins and polyphosphate kinases [70, 83-85]. So far, lpa 

barley, maize, rice, soybean, and wheat have all been developed via random mutagenesis and 

phenotype screening [70, 83-89]. These lpa crops exhibit increased seed Pi content, while 

maintaining the same total seed P content. Depending on the mutation conferring the lpa trait, 

phytic acid reductions can be as high as 90% [88]. Multiple animal nutrition studies with poultry, 

swine, and fish have shown that lpa seeds increase P bioavailability and reduce P waste, helping 

satisfy dietary requirements and decrease water pollution [65, 90]. In the case of human 

nutritional studies, the bioavailability of iron, zinc, and calcium increased 30-50% using foods 

prepared from lpa crops [53, 91, 92]. The cases presented here illustrate there would be clear 

advantages with commercial production of lpa crops – increased nutritional value of feed and 

food supplies and reduced P pollution. Nevertheless, there is a drawback to lpa crops which has 

prevented their large-scale use. Many studies have demonstrated that perturbations in phytic acid 

metabolism are detrimental to seed viability and performance, causing low germination and 

emergence rates and ultimately reducing yield. As well, other observations in lpa crops include 

reduced seed dry weight accumulation and stress and desiccation tolerance and increased disease 

susceptibility and oxidative damage, the latter of which results in premature aging [57, 88, 93-

95]. The severity of these issues associated with the lpa trait is heavily influenced by 
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environment, being exacerbated in subtropical climates [94, 96]. However, it is ill understood 

why reducing phytic acid content has such damaging consequences, thus calling for more 

research into the genetic and molecular basis of seed and seedling performance in relation to 

phytic acid content. 

 

Lpa soybeans and the genetic material used in this research 

Various mutant soybean lines with the lpa phenotype have been characterized, such as 

“LR33,” “M766,” “M153,” “CX-1834,” “V99-5089,” “Gm-lpa-TW-1,” and “Gm-lpa-ZC-2” [83, 

89, 97-101]. The sets of experimental lines used in this research were developed from crosses 

using CX-1834, V99-5089, and “Essex” (PI 548667), a high-yielding cultivar developed at 

Virginia Tech with normal phytic acid and sugar content [102]. 

CX-1834 is a G. max cultivar developed by the USDA/Purdue University [89]. It 

produces lpa seeds that retain normal sugar content. This phenotype is controlled by two alleles 

that must both be homozygous recessive [98]. Quantitative trait locus (QTL) mapping revealed 

two epistatically interacting loci on chromosomes 3 (linkage group (LG)-N) and 19 (LG-L) to be 

responsible for the lpa phenotype in CX-1834 [97]. The mutations in both of these loci are single 

nucleotide polymorphisms (SNPs) in MRP genes – a G to A SNP on LG-L, resulting in the 

substitution of an arginine amino acid residue with a lysine, and an A to T SNP on LG-N, 

resulting in the replacement of an arginine residue with a stop codon [100]. These two MRP 

genes on LG-L and -N will hereafter be referred to as MRP-L and MRP-N, respectively. 

V99-5089, a patented G. max cultivar developed at Virginia Tech, produces seeds that are 

not only low in phytic acid but are also low in stachyose and high in sucrose [101]; these 

additional changes in sugar content are desirable, as they provide more metabolizable energy. 
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The QTL responsible for this lpa/low stachyose/high sucrose phenotype mapped to chromosome 

11 and is the result of a C to G SNP in the coding region of the MIPS1 gene [101]. 

From three unique genetic crosses using CX-1834, V99-5089, and Essex as parents, the 

Maroof Lab at Virginia developed several experimental lines in order to study the molecular and 

genetic basis of phytic acid in relation to seed and seedling performance. Of these experimental 

lines, eight were used in this research. One of these genetic crosses was Essex x V99-5089 from 

which the following near isogenic lines (NILs) were developed: an lpa line, designated as 1mlpa 

(mips1/MRP-L/MRP-N), and a normal phytic acid line, designated as 1MWT (MIPS1/MRP-

L/MRP-N). In another genetic cross, CX-1834 x V99-5089, four NILs were developed: one lpa 

line, designated as 2mlpa (MIPS1/mrp-l/mrp-n), and three normal phytic acid lines, designated 

as 2MWT (MIPS1/MRP-L/MRP-N), 2MWT-L (MIPS1/MRP-L/mrp-n), and 2MWT-N 

(MIPS/mrp-l/MRP-N). Finally, from the same genetic cross (CX-1834 x V99-5089), the last set 

of genetic crosses includes: an lpa line, designated as 3mlpa (mips1/mrp-l/mrp-n), and a normal 

phytic acid line, designated as 3MWT (MIPS1/MRP-L/MRP-N).  

For the studies presented here, seeds from all eight experimental lines (1mlpa, 1MWT, 

2mlpa, 2MWT, 2MWT-L, 2MWT-N, 3mlpa, 3MWT) were harvested in 2017 from a field in 

Blacksburg, VA. Their genotypes were verified by allelic discrimination with SNP genotyping 

using KASParTM assays (LGC Biosearch Technologies, Hoddesdon, UK). 

 

GENETIC RESISTANCE TO SOYBEAN MOSAIC VIRUS 

Soybean mosaic virus 

 Predominantly originating in South and East Asia, Soybean mosaic virus (SMV, genus 

Potyvirus, family Potyviridae) is one of 39 viruses in the Bean common mosaic virus (BCMV) 
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lineage of potyviruses [103]. It is a widespread viral pathogen of G. max (cultivated soybean) 

and G. soja (wild soybean), being found in all soybean-growing regions of the world and causing 

significant damage to seed yield and quality. It is transmitted via aphid species and seeds, the 

latter being the most prevalent form of transmission. Once infected, foliar symptoms range from 

moderate to severe leaf mottling and distortion, necrosis, stunting, and even plant death. In seeds, 

infection symptoms include seed coat mottling, reduced size, weight, and viability, and altered 

chemical compostion [104]. With these damages, yield losses associated with SMV are typically 

more than 30% but can be as high as 94% [105]. The severity of losses is highly dependent on 

host genotype, virus strain, infection incidence, and plant growth stage at the time of infection 

[106-112]. In the case of virus strain, seven strain groups (G1 to G7) were classified in the 

United States based on disease reactions of 98 collected SMV isolates on a series of differential 

soybean cultivars [113]. The same classification system was used in Korea, leading to the 

identification of SMV strains G5H, G6H, and G7H [114-117]. However, in Japan and China, a 

different series of soybean cultivars were used in disease differenials, and SMV isolates collected 

in these countries were classified into five (A to E) and 21 (SC1 to SC21) strains, respectively 

[118-121]. 

 The SMV genome consists of a monopartite, single-stranded, positive-sense RNA 

approximately 9.6 kilobases long [122]. Its single open reading frame (ORF) is translated into 

polyprotein, which is cleaved by three SMV protienases to yield 11 multifunctional proteins – P1 

(protein 1), HC-Pro (helper component-protease), P3 (protein 3), 6K1 (first 6KDa peptide), CI 

(cylindrical inclusion), 6K2 (second 6KDa peptide), NIa (nuclear inclusion “a”-protease), NIb 

(nulcear inclusion “b”-replicase), CP (coat protein), and P3-PIPO (pretty interesting potyviruses 

ORF); self-cleavage of NIa produces VPg (virus genome-linked protein, covalently attached at 
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the 5’ end) and a protease domain [123-125]. The functions of these proteins include symptom 

development, host adaptation, aphid and seed transmission, suppression of gene silencing, virus 

movement, plasmodesmata targeting, virulence and pathogenicity, protein cleavage, viral 

genome replication, and virion assembly [104]. Sometimes these viral proteins are detected by 

host disease resistance (R) proteins, which triggers a host defense response [126, 127]. Taking 

advantage of genes encoding R proteins has been one of the most effective strategies for 

managing SMV. 

 

SMV resistance loci – Rsv1, Rsv3, and Rsv4 

R proteins are encoded by resistance (R) genes. Through extensive research on the SMV-

soybean pathosystem, three dominant genes, Rsv1, Rsv3, and Rsv4, have been identified and 

characterized as conferring strain-specific resistance to the seven US SMV strains [128-132]. 

The Rsv1 locus was mapped to soybean chromosome 13 and contains at least 10 alleles [104, 

133]. Within this region, a cluster of nucleotide-binding leucine-rich repeat (NB-LRR)-type R 

gene candidates were found. Several of these genes were demonstrated to condition unique 

resistance responses to SMV strains [134]. Soybeans with the Rsv1-genotype exhibit extreme 

resistance (ER) to strains G1-G3, while strains G4-G7 result in necrotic or mosaic symptoms 

[135]. With this type of resistance, i.e. ER, the virus is asymptomatic and undetectable in 

inoculated leaves [136, 137]. The Rsv4 locus was mapped to chromosome 2, and eleven 

candidate genes were identified [128, 138, 139]. Rsv4 confers resistance to G1-G7 strains [132, 

140]; however, limited replication in inoculated leaves is still detected, and systemic movement 

can be observed later on. Thus Rsv4-mediated resistance may be overcome and result in late 

susceptibility symptoms [104]. Finally, the Rsv3 locus was mapped to a 154 kilobase region on 
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chromosome 14 containing a cluster of five highly similar R genes encoding coiled-coil 

nucleotide binding-leucine rich (CC-NB-LRR) proteins [141, 142]. Comparative sequence 

analysis of these five genes from resistant and susceptible lines indicated that Glyma.14G38533 

is the most likely candidate gene for Rsv3 [143]. This was later confirmed by cloning [144]. Like 

Rsv1, Rsv3 conditions ER-type resistance; however, ER is instead conferred to the most virulent 

SMV strains (G5-G7), while G1-G4 strains result in susceptibility [145].  

 

Mechanism of Rsv3-mediated resistance 

 Only a few studies have investigated the mechanism of Rsv3-mediated resistance; 

therefore, very little is known on how Rsv3 induces an ER response upon SMV inoculation. Thus 

far, research has shown that Rsv3-mediated resistance is triggered by a CC-NB-LRR R protein 

detecting the viral CI protein [143, 146]; however, the signaling pathway following this is 

unclear. The proposed model for Rsv3-mediated resistance, based on findings at 8, 24, and 54 

hours post-inoculation (hpi), is that recognition of CI by the R protein Rsv3 causes abscisic acid 

(ABA) accumulation and thus activates the ABA signaling pathway [147]. The portion of the 

ABA signaling pathway that is linked to Rsv3-mediated resistance transcriptionally up-regulates 

a subset of the type 2C protein phosphatase (PP2C) genes. These genes function as positive 

regulators of the Rsv3-mediated signaling and stimulate callose deposition, which inhibits viral 

cell-to-cell movement and restricts virus accumulation at the initially infected cells [147]. 

Despite the proposed model, there remains a disconnect regarding how the ABA signaling 

pathway is triggered and regulated. It should also be noted that ABA signaling and callose 

deposition are not the sole mechanism by which Rsv3-mediated resistance is conditioned, as 

many changes in gene expression have also been found in the autophagy, small interfering (si) 
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RNA, and jasmonic acid (JA) pathways [148]; these findings were also from data collected at 8, 

24, and 54 hpi. However, ER responses are rapid, working faster than the more typical resistance 

mediated by a hypersensitive response (HR) [149]. Thus, many of the early events induced by 

Rsv3 are likely unexplored. Consequently, because of Rsv3’s uniqueness and ill-characterized 

mode of activation, one of the studies presented in this work focuses on identifying regulatory 

genes in biological processes that may be essential to the dynamics of Rsv3-mediated resistance.  

 

RESEARCH OBJECTIVES 

1) Network inference of transcriptional regulation in germinating low phytic acid soybean seeds 

2) Analysis of low and normal phytic acid soybean (Glycine max) seed lipids and seed exudates 

reveals distinct chemotypes 

3) A transcriptional regulatory network of Rsv3-mediated extreme resistance against 

Soybean mosaic virus 
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ABSTRACT 

The low phytic acid trait in soybeans can be conferred by loss-of-function mutations in 

genes encoding myo-inositol phosphate synthase and two epistatically interacting genes encoding 

multidrug-resistance protein ABC transporters. However, perturbations in phytic acid 

biosynthesis are associated with poor seed vigor. Since the benefits of the low phytic acid trait, in 

terms of end-use quality and sustainability, far outweigh the negatives associated with poor seed 

performance, a fuller understanding of the molecular basis behind the negatives will assist crop 

breeders and engineers to successfully deal with them. The gene regulatory network for 

developing low and normal phytic acid soybean seeds was previously constructed and inferred 

with genes modulating a variety of processes pertinent to phytic acid metabolism and seed 

viability being identified. In this study, a comparative time series analysis of low and normal 

phytic acid soybeans was carried out to investigate the transcriptional regulatory elements 

governing the transitional dynamics from dry seed to germinated seed. Gene regulatory networks 

were reverse engineered from time series transcriptomic data of three distinct genotypic subsets 

composed of low phytic acid soybean lines and their normal phytic acid sibling lines. Using a 

robust unsupervised network inference scheme, putative regulatory interactions were inferred for 

each subset of genotypes. These interactions were further validated by published regulatory 

interactions found in Arabidopsis thaliana and motif sequence analysis. Results indicate that low 

phytic acid seeds have increased sensitivity to stress, which could be due to changes in phytic 

acid levels, disrupted phosphate ion homeostasis, and altered myo-inositol metabolism. Putative 

regulatory interactions were identified for the latter two processes. Changes in abscisic acid 

signaling candidate transcription factors putatively regulating genes in this process were 

identified as well. Analysis of the gene regulatory networks reveal altered regulation in processes 
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that may be affecting the germination of low phytic acid soybean seeds. Therefore this work 

contributes to the ongoing effort to elucidate molecular mechanisms underlying altered seed 

viability, germination and field emergence of low phytic acid crops, understanding of which is 

necessary in order to mitigate these problems.   

 

KEYWORDS 

Phytic acid, myo-inositol phosphate synthase, multidrug-resistance protein ABC transporter, seed 

germination, transcriptomics, gene regulatory network, unsupervised machine learning, abscisic 

acid signaling, phosphate homeostasis 

 

INTRODUCTION 

The development and commercialization of low phytic acid (lpa) crops could represent 

one approach to enhanced management of phosphorus (P) in animal agriculture and to 

addressing mineral deficiency in humans. Seed phytic acid (myo-inositol-(1,2,3,4,5,6)-

hexakisphosphate) represents about 75% of seed total P. In the intestinal tract of non-ruminant 

animals seed-derived dietary phytic acid chelates divalent cations, and the resulting salts are 

excreted. This can contribute to mineral deficiencies in monogastric animals and leads to high 

levels of excreted phosphorus which pollute water systems [1-6]. Lpa barley, maize, rice, 

soybean, and wheat lines have been developed, and their seeds are shown to increase phosphorus 

availability in poultry and swine and reduce phosphorus pollution from the subsequent waste [7-

13]. Despite these advantages, lpa crops have not been commercialized, as they often exhibit 

poor seed and seedling vigor, low stress tolerance, and reduced germination and emergence rates 
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[14-17]. Therefore, a fuller understanding of the molecular basis behind these negatives will 

assist crop breeders and engineers in successfully handling them.  

Some lpa crops, such as barley lpa1-1 and common bean lpa-280-10, exhibit good seed 

emergence and yield, demonstrating that development of lpa crops without adverse agronomic 

effects is possible [16, 18]. Furthermore, selection within an lpa line might yield progeny with 

improved germination and field emergence [19]. For example, a soybean lpa mutation termed 

TW-1 had reduced field emergence and reduced viability following seed storage; however, these 

negative effects were reduced in a single-plant derived line isolated in TW-1 progeny termed 

TW-1-M [20, 21]. Limiting the wide-scale development of high performing lpa crops is a poor 

understanding of the molecular basis of seed phytic acid content in relation to seed vigor, i.e. the 

properties defining a seed’s potential performance during germination and emergence [22]. 

Previous studies with barley and soybean have investigated the effect of the lpa trait on 

developing seeds and found differences in energy metabolism and phytohormone signaling, as 

well as regulatory components that may be responsible for these variations [23-25]. 

Transcriptomic and proteomic analyses of germinating seeds were used to understand the 

molecular basis of the improvement of field emergence and seed viability observed in the 

soybean mutant TW-1-M as compared with its parental line TW-1 [20, 21]. These studies 

revealed changes in gene transcripts and proteins involved in energy metabolism, phytohormone 

pathways, oxidation-reduction processes, and stress responses [20, 21]. 

Because seed germination is recognized as the most vulnerable period in a plant’s life 

cycle [26], it is important to understand how the process of germination is regulated. During 

germination, seeds undergo a massive metabolic transition in order to prepare for seedling 

growth; this is a highly coordinated and complex process, involving regulatory control over 
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cellular and metabolic events [26-29]. Primary factors found to mediate germination include 

metabolism, phytohormone signaling, signal transduction components, and notably, transcription 

factors (TFs) [26, 30, 31]. Thus it is important to consider the influence of regulatory interactions 

between genes, as a systematic understanding of the processes governing germination can offer 

insights into seed and seedling vigor. Advancements in high-throughput technology, such as 

RNA sequencing (RNA-seq), enable the collection and analysis of genome-wide expression data 

at a systems level [32]. These data can then be used to construct a gene regulatory network 

(GRN), a graphical or mathematical representation of the causal relationships between genes 

regulating cellular functions in an organism [33-35]. A GRN’s connections, representing 

interactions between genes, are established by implementing inference methods on 

transcriptomic data. Hence inferred GRNs consist of computationally predicted directed 

interactions between TFs and target genes, making GRNs an effective tool for identifying key 

regulatory and target genes involved in specific biological processes [36, 37].  

Previously, a GRN analysis was performed to understand how the lpa trait may be 

affecting seed vigor by comparing the transcriptomes of developing seeds in low and normal 

phytic acid soybeans [25]. Differences were found in metabolism, defense responses, 

phytohormone signaling, and candidate TFs putatively regulating some of these processes. 

However, to construct a more complete profile of low and normal phytic acid seed 

transcriptomes and to identify differences between their regulatory networks, this study examines 

RNA-seq data from germinating seeds of low and normal phytic acid soybeans and infers 

multiple GRNs. The findings offer new information on the transcriptional regulation of 

germinating lpa soybean seeds and the perturbed biological processes in lpa seeds that may be 

important to successful germination. 
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MATERIALS AND METHODS 

Genetic material 

 In this study, eight experimental lines were used – 1mpa, 1MWT, 2mlpa, 2MWT, 

2MWT-L, 2MWT-N, 3mlpa, and 3MWT (Table 2.1). The three lpa lines (1mlpa, 2mlpa, and 

3mlpa) contain one, two, or three mutations, respectively, in genes functioning in the phytic acid 

pathway. These genes are MIPS1 (Glyma.11G238800), encoding myo-inositol-3-monophosphate 

synthase (MIPS), which synthesizes phytic acid, and MRP-L (Glyma.19G169000) and MRP–N 

(Glyma.03G167800), encoding multidrug resistance-associated protein ATP-binding cassette 

(ABC) transporters (henceforth called MRPs), which transport phytic acid for storage [38]. The 

eight experimental lines represent three distinct subsets of genotypes. The first genotypic subset, 

designated as the “Mips” subset, contains the lpa line “1mlpa” (mips1 mutation) and the normal 

phytic acid line “1MWT” (no mutation). These lines are isogenic and were developed from a 

cross between the normal phytic acid line “Essex’” (no MIPS1 mutation) and the lpa line “V99-

5089” (mips1 mutation) [39]. This mips1 mutation conferring the lpa trait is the result of a point 

mutation on chromosome 11 [39]. The second genotypic subset, designated as “MRP,” contains 

four near isogenic lines, the lpa line “2mlpa” (mrp-l and mrp-n mutations) and three normal 

phytic acid lines, “2MWT” (no mutation), “2MWT-L” (mrp-n mutation only), and “2MWT-N” 

(mrp-l mutation only). These lines were developed from a cross between the lpa lines “CX-

1834” (mrp-1 and mrp-n mutations) and the normal phytic acid line V99-5089. The mutations 

conferring the lpa trait in 2mlpa and CX-1834 are the result of point mutations in the 

epistatically interacting loci, MRP-L and MRP-N, on chromosomes 19 and 3, respectively [10, 

38, 40]. Lastly, the final genotypic subset, designated as “Mips-MRP,” is composed of the lpa 

line “3mlpa” (mips1, mrp-1, and mrp-n mutations) and the normal phytic acid line “3MWT” (no 
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mutation). These lines were developed from a cross between CX-1834 and V99-5089. Seeds 

from all eight lines were harvested in 2017 from a field in Blacksburg, VA and stored at 4°C 

until experimentation. 

 

Seed germination and sampling 

Tissue from each line was sampled at three stages of seed germination in biological 

triplicate with ten seeds per sample. The germination stages used were mature dry seeds (stage 

1), eight hour imbibed seeds (stage 2), and germinated seeds (defined as radicle emergence; stage 

3). For stage 1, seeds were ground to a fine powder using a P14 mill (Pulverisette 14, Fritsch) 

and stored at -80°C until use. Seeds for stages 2 and 3 were sterilized for two minutes with a 

10% hypochlorite + Tris solution, washed in DI water three times for five minutes, and dried 

overnight. The seeds were then germinated on germination plates with filter paper and DI water 

in the dark at 29°C. Once the appropriate stage was reached, seed coats and radicles were 

removed, and the tissue was flash frozen with liquid nitrogen and stored at -80°C until use. The 

tissue from these stages was ground to powder with mortar, pestle, and liquid nitrogen. Total 

RNA from all stages was extracted using the RNeasy Plant Kit with on-column DNase digestion 

and RLC buffer (QIAGEN, Hilden, Germany). RNA quality was determined by UV 

spectrophotometry (260 nm, NanoDrop1000, Thermo Fischer Scientific, Waltham, MA) and 

RNA integrity numbers (RIN) (BioAnalyzer, Agilent Technologies, Santa Clara, CA). Samples 

with a RIN value >8.0 and 260/280 ratios >2.0 were submitted to Novogene (Sacramento, CA) 

for mRNA sequencing. A total of 72 samples (8 lines x 3 germination stages x 3 biological 

replicates) were sequenced with HiSeq4000 (Illumina, San Diego, CA) to acquire 30 million, 

150 PE reads per sample. 
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Transcriptomics data processing and differential gene expression 

Raw reads were trimmed and filtered using Skewer (version 0.2.2) to remove adapter 

sequences and low quality reads and bases (<Q30) [41]. Using STAR (version 2.5.2b), the 

cleaned reads were aligned to ‘Williams82,’ the well-annotated soybean reference genome 

(Wm82.a2.v1, downloaded from Phytozome) [42, 43]. Transcript abundances were calculated 

from the mapping results using featureCounts (version 1.5.1) [44]. These results were 

subsequently used for differential expression analysis with DESeq2 (version 1.22.2) in R 

(version 3.5.1) [45]. Comparisons were made to identify differentially expressed genes (DEGs) 

between lpa and normal phytic acid lines at each stage within each subset of genotypes. DEGs 

were defined as those with false discovery rate (FDR)-adjusted p-value < 0.01, log2 fold change 

>|1.0|, and base mean >10. The DEGs between lpa and normal phytic acid lines at each stage 

within each subset of genotypes can be found in Table S2.1. The RNA-seq data from this study 

will be made available at the NCBI Gene Expression Omnibus (GEO) repository. 

 

Transcriptional network construction and inference 

For each subset of genotypes, gene expression levels were normalized for all genes using 

variance-stabilizing transformation in DESeq2 [45]. The normalized expression was averaged 

across the three replicates, and then the averaged expression of the DEGs was used for 

clustering. Clustering analysis for each genotypic subset was performed independently. DEGs 

from each subset were clustered using Gaussian-finite mixture modeling with the R package, 

mclust (version 5.4.2), and the best performing models were determined using Bayesian 

Information Criteria (BIC) [46, 47].  For both the Mips and Mips-MRP genotypic subsets, nine 

clusters were found, and five clusters were found for the MRP genotypic subset. Gene ontology 
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(GO) enrichment analysis was performed on each gene cluster using GO annotations obtained 

from Soybase [48]. Significantly enriched GO categories were identified using Fisher’s exact test 

with FDR <0.05 (Table S2.2) [49]. DEGs encoding TFs were annotated with the plant TFDB 

[50]. 

For this study, separate network inferences were performed on the three subsets of 

genotypes using a computational pipeline developed previously [25, 51]. The pipeline 

implements the module network approach [52], in which genes are clustered into co-expression 

modules (gene modules) and then gene regulation is inferred between TFs and gene modules. 

The pipeline also incorporates multiple inference methods for improved robustness. In the Mips 

subset, 489 differentially expressed TFs were identified. In the MRP subset, 24 differentially 

expressed TFs were identified, while 340 were identified in the Mips-MRP subset. These TFs 

were used as putative regulators of the gene co-expression modules. Gene expression was 

averaged for each module, and the values, along with the TF expression values, were used to 

build an expression matrix. This matrix was then used to infer putative regulatory interactions 

between TFs and modules by applying five distinct network inference algorithms: ARACNE, 

CLR, LARS, partial correlation, and Random Forest [53-57]. These algorithms represent the top-

performing, unsupervised network inference methods, according to the DREAM5 challenge 

found in the benchmark paper by Marbach et al. [58].  

 

Validation of network inferred interactions 

 The interactions predicted by the five network inference methods were validated by 

comparison to published interactions observed in Arabidopsis using DAP-seq and motif 

sequence analysis. For validation against the published Arabidopsis interactions, each network 
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inferred TF-module interaction was expanded to TF-gene interactions by matching the TF 

putatively regulating the module to all genes assigned to the module. The soybean TF-gene 

interactions were converted to homologous Arabidopsis interactions by identifying homologous 

Arabidopsis genes for soybean gene coding sequences. Using BLAST with an E-value threshold 

of 1e-5, the top Arabidopsis gene hit was selected. The resulting homologous Arabidopsis 

interactions were then compared to the published DAP-seq interactions to identify matches. For 

validation by motif sequence analysis, the motif discovery tool, MEME, from Meme Suite 

(version 5.0.4) was used to identify enriched motif sequences among the genes in each module 

using the 1000 bps flanking those genes’ 5’ end. The enriched motif sequences were then 

compared to motif sequences found in Arabidopsis with DAP-seq by employing the TomTom 

tool from Meme Suite (version 5.0.4). This allowed for the identification of TFs that may 

recognize and bind the discovered motifs in each module. The identified TFs were then 

compared to the TFs predicted to be module regulators. 

 

RESULTS 

In this study, RNA-seq was carried out on germinating seeds from low and normal phytic 

acid soybeans, and GRNs were inferred to identify disparities in transcriptional regulation. A 

total of eight experimental soybean lines from three genotypic class subsets were used, with each 

subset containing at least one normal phytic acid line and one lpa line. The lpa trait was 

conferred through various combinations of mutant MIPS1, MRP-L, and MRP-N genes. 
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Differential expression analysis 

For each of the three subsets of genotypes (Table 2.1), the lpa and normal phytic acid 

lines were compared to identify genes that were differentially expressed at each stage. In the 

Mips subset, 5,841 DEGs were found between 1mlpa (lpa) and 1MWT (normal phytic acid). 

Using a set of four near isogenic lines, the number of DEGs in the MRP subset was limited to 

just 430. This number was obtained by designating genes as DEGs only if they were 

differentially expressed in each comparison of 2mlpa (lpa) to the three normal phytic acid lines 

(2MWT, 2MWT-L, 2MWT-N). Finally, in the Mips-MRP subset, 4,512 DEGs were found 

between 3mlpa (lpa) and 3MWT (normal phytic acid). The DEGs for each genotypic subset can 

be found in Table S2.1. For each subset, few genes were differentially expressed in all three 

germination stages, indicating the mutations affect genes at specific stages (Figure 2.1A, 2.1B, 

2.1C). In each subset, numerous genes were strictly differentially expressed at stage 1 - 40% in 

the Mips subset, 37% in MRP, and 48% in Mips-MRP (Figure 2.1A, 2.1B, 2.1C); this suggests 

both mips1 and mrp-1/mrp-n mutations considerably affect genes at the dry seed stage. Not as 

many genes were differentially expressed in the Mips and Mip-MRP subsets at stage 2, 

indicating the mips1 mutation may not impact genes as much in imbibed seeds. However, a 

substantial number were differentially expressed at stage 3 in germinated seeds (Figure 2.1A, 

2.1C). Conversely, in the MRP subset, many genes were differentially expressed at stage 2, but 

few were differentially expressed at stage 3 (Figure 2.1B). This, along with the DEGs at 

germination stage 1, suggests the two mrp mutations have a greater effect on genes during the 

early stages of germination, at the dry and imbibed seed stages, when metabolism needs to be 

reinitiated. 
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When the DEGs from all three subsets were compared to one another, 85 genes were 

differentially expressed in all three genotypic subsets (Figure 2.1D). Roughly half of the DEGs 

in each subset remained unique to their particular subsets. However, there was a fair amount of 

overlap (1692 DEGs) between the Mips and Mips-MRP subsets, which may be a result of shared 

perturbations in the myo-inositol synthesis pathway due to the mips1 mutation. Less than 13% of 

the DEGs in the MRP subset were shared with those in the Mips-MRP subset, despite both of the 

subsets carrying the mrp-l/mrp-n mutations.  

Both the Mips and Mips-MRP subsets had differential expression in genes functioning in 

the phytic acid biosynthesis pathway (Table 2.2). In each subset, Glyma.11G218500 and 

Glyma.18G038800, both encoding inositol 1,3,4-trisphosphate 5/6-kinase 4 (ITPK4), had 

increased expression in the lpa lines, 1mlpa and 3mlpa, predominantly in germination stage 1, 

the dry seed stage. In 1mlpa, increased expression was also observed in two genes encoding 

inositol 1,3,4-trisphosphate 5/6-kinase 1 (ITPK1) and Glyma.11G238800, which had increased 

expression in all three germination stages and encodes myo-inositol-1-phosphate synthase 2 

(MIPS2).  

 

Co-expression analyses reveal altered phosphate ion homeostasis activity and stress responses 

in lpa lines  

To compare the transcriptional regulation governing the dynamics of seed germination in 

lpa and normal phytic acid lines, gene co-expression modules were generated by individually 

clustering the set of DEGs found in each subset of genotypes.  The co-expression modules, 

defined as sets of genes with similar temporal expression patterns, were created using a model-

based clustering approach and BIC criterion. In the Mips subset, nine co-expression modules 
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were found, five co-expression modules were found in the MRP subset, and nine were found in 

the Mips-MRP subset (Table S2.1). GO analysis was carried out on each co-expression module 

for each genotypic subset. For the modules in the Mips subset, 372 instances of GO enrichment 

were found. In the MRP subset, 30 instances were found, and 162 were found in the Mips-MRP 

subset. These were narrowed down to focus on biological processes only. Enrichment for all 

categories (biological and molecular) can be found in Table S2.2.  

For the Mips subset co-expression modules, module 2 was enriched for nucleotide 

biosynthesis (Figure 2.2A), which had lower expression in 1mlpa (Figure 2.2B). Modules 3, 5, 

and 9 were each enriched for signaling and stress-related processes, which were especially 

enriched in module 5 (Figure 2.2A). In all three modules, the genes functioning in the enriched 

processes had higher expression in 1mlpa (Figure 2.2B). Modules 3 and 5 also showed 

enrichment for genes in the ethylene (ET) and salicylic acid (SA) pathways. For the enriched 

processes in module 4 (Figure 2.2A), many of which are related to photosynthesis, translation, 

and carbohydrate metabolism, gene expression was reduced in 1mlpa in germination stages 1 and 

2 (Figure 2.2B). In association with the phytic acid pathway, module 6 was enriched for myo-

inositol hexakisphosphate biosynthesis (GO:0010264), the genes of which had increased 

expression in stages 1 and 2 in 1mlpa (Figure 2.2B). Conversely, in module 7, 1mlpa had 

decreased expression in stages 1 and 2 in genes functioning in phosphate ion (Pi) homeostasis 

(GO:0030643) (Figure 2.2B). Module 8 was enriched for genes in the abscisic acid (ABA) 

signaling pathway and was also strongly enriched for a number of stress-related processes, 

including response to heat, high light intensity, hydrogen peroxide, water deprivation, protein 

folding, heat acclimation, oxidative stress, and endoplasmic reticulum stress (Figure 2.2A). The 

genes in these processes exhibited increased expression in stages 1 and 2 in 1mlpa (Figure 2.2B). 
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Each module in the MRP subset had strong gene enrichment in at least one biological 

process (Figure 2.3A). Figure 2.3B, an expression heatmap of the genes functioning in these 

processes, is especially interesting because it highlights the utility of the genetic material. That 

is, between the four isogenic lines, the three normal phytic acid lines (2MWT-L, 2MWT-N, 

2MWT) have nearly identical expression patterns, while expression in the single lpa line (2mlpa) 

is unique (Figure 2.3B). Module 1 was enriched for genes in fatty acid and cutin transport 

activities (Figure 2.3A) and at stage 1, had higher expression in 2mlpa than the three normal 

phytic acid lines (Figure 2.3B). Module 2 was solely enriched for genes in cellular Pi 

homeostasis (GO:0030643), the genes of which had particularly reduced expression in 

germination stages 2 and 3 in 2mlpa. In module 4, enrichment was found for genes functioning 

in ABA stimulus response, stress response, lipid storage, and seed maturation (Figure 2.3A). The 

genes in these processes had increased expression in 2mlpa in germination stages 1 and 2 (Figure 

2.3B). Lastly, module 5 had enrichment for nucleotide-related processes, the genes of which had 

decreased expression in stages 1 and 2 in 2mlpa (Figure 2.3A and Figure 2.3B). 

For the Mips-MRP subset co-expression modules, module 1 was enriched for genes 

functioning in response to hypoxia and oxidative stress (Figure 2.4A), which had increased 

expression in 3mlpa (lpa) in germination stages 2 and 3 (Figure 2.4B). Like the Mips and MRP 

genotypic subsets, the Mips-MRP subset had enrichment in module 3 for genes in stress 

responses as well as the glyoxylate cycle and phytohormone pathways involving JA and ET 

(Figure 2.4A). The genes in these processes had increased expression in 3mlpa in stages 2 and 3 

(Figure 2.4B). In the case of module 6 and similar to the Mips subset, strong enrichment was 

found for many genes in biological processes associated with photosynthesis, translation, and a 

number of metabolic pathways (Figure 2.4A). Like the Mips subset, gene expression for these 
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processes was reduced in 3mlpa in all three stages as compared to 3MWT (Figure 2.4B). 

Module-7 was enriched for genes functioning in glycolipid and galactolipid biosynthesis, Pi 

homeostasis, and response to Pi starvation (Figure 2.4A), which had decreased expression in 

3mlpa especially in stages 2 and 3 (Figure 2.4B). A number of biological processes were also 

enriched in module 8, such as several stress-related responses, ABA signaling, and other 

metabolic pathways (Figure 2.4A). Most of which had increased expression in 3mlpa (Figure 

2.4B). 

When comparing GO enrichment between the three subsets of genotypes, the one 

biological process that was common between all of them was cellular Pi homeostasis 

(GO:0030643). Because lpa seeds have increased Pi levels, the significant expression changes 

observed in Pi homeostasis genes in germinating lpa seeds lends support to the putative role of 

phytic acid biosynthesis as a means of regulating cellular Pi concentration. Just seven genes in 

the soybean genome are annotated as functioning in cellular Pi homeostasis. The Mips subset 

had four DEGs from this GO category, the MRP subset had five DEGs, and the Mips-MRP 

subset had four DEGs. Between the three genotypic subsets, four DEGs were shared – 

Glyma.05G247900, Glyma.08G056400, Glyma.16G052000, and Glyma.19G098500. Both 

Glyma.05G247900 and Glyma.08G056400 encode purple acid phosphatase 17 (PAP17), and 

Glyma.16G052000 and Glyma.19G098500 encode glycerophosphodiester phosphodiesterase 

(GDPD1). The two PAP17 genes and the two GDPD1 genes were down-regulated in all lpa lines 

at stage 2, and for the most part, they were also all down-regulated at stage 3.  
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Biological processes enriched in both developing and germinating seeds 

In addition, the GO enrichment results for the Mips and Mips-MRP subsets were 

compared to the earlier enrichment findings in Redekar et al. [25], where RNA-seq was 

performed on the same four experimental lines during seed development – 1mlpa, 1MWT, 

3mlpa, and 3MWT. In the Mips subset, 88 GO categories overlapped with the developing seed 

expression data, and in the Mips-MRP subset, 41 categories overlapped. Both genotypic subsets 

had overlap in stress-, photosynthesis-, ion-, myo-inositol metabolism-, and hormone-related GO 

categories. Interestingly, overlap was also found in the pentose-phosphate shunt pathway 

(GO:0006098). In this study, the Mips subset had 64 genes in this pathway that were 

differentially expressed, and the Mips-MRP subset had 56. In both subsets, the genes were 

primarily differentially expressed at the dry seed stage (stage 1). This finding is notable because 

the pentose-phosphate shunt pathway parallels glycolysis, generating NADPH, pentoses (5-

carbon sugars), and ribose 5-phosphate (precursors for nucleotide synthesis), but does so by 

oxidizing glucose-6-phosphate, the same substrate used by the MIPS enzyme in the first step of 

phytic acid biosynthesis [59].  

 

Gene regulatory networks  

 Inference of the constructed GRN detected TF-module interactions for each subset of 

genotypes. For each subset, the interactions were narrowed down to those detected by at least 

four out of the five inference methods (Table S2.3). The TF-module interactions were then 

expanded into TF-gene interactions and computationally validated by comparison to the 

published Arabidopsis DAP-seq interactions and motif sequence analysis [60]. For the Mips 

subset, this resulted in 4,572 TF-gene interactions, consisting of 31 differentially expressed TF 
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regulators and 2,743 differentially expressed target genes (Table S2.4). For the MRP subset, 154 

TF-gene interactions were found, being regulated by five differentially expressed TF genes with 

125 differentially expressed target genes (Table S2.4). As for the Mips-MRP subset, 3,757 TF-

gene interactions were found, which were regulated by 31 TFs and consisted of 1,998 target 

genes (Table S2.4). Between the three subsets’ GRNs, the one putative TF regulator found in 

each was DREB1F encoded by Glyma.01G216000 (Table 2.3). This gene had increased 

expression in all three lpa lines, but no putative target genes of this TF were shared by all three 

subsets. Nonetheless, five other TF genes were identical in the Mips and Mips-MRP GRNs, with 

most of them sharing some of the same putative targets (Table 2.3). Interestingly, two of these 

genes (Glyma.04G249000, Glyma.06G114000) encode the same TF, ATAF1, and both had 

increased expression in the lpa lines 1mlpa and 3mlpa. Though not shared in their networks, both 

1mlpa and 3mlpa had an additional ATAF1 gene with increased expression in their respective 

GRNs, Glyma.04G208300 in 1mpa and Glyma.05G195000 in 3mlpa. The changes in ATAF1 

expression in both lpa lines is notable as ATAF1 is ABA-responsive and regulates ABA 

biosynthesis [61, 62]. 

The Mips and Mips-MRP GRNs shared several of the same putative regulatory 

interactions (Figure 2.5). Some of the shared target genes that stand out include ABA-

insensitive5 (ABI5) (Glyma.10G071700) and multiple late embryogenesis abundant (LEA) genes 

(Glyma.07G064700, Glyma.08G239400, Glyma.09G112100, Glyma.13G363300, 

Glyma.16G031300, Glyma.17G040800). ABI5 is regulated by the ABA pathway and functions 

to retain embryos in a dormant state [63]. According to both networks, ABI5 is putatively 

regulated by ATAF1 encoded by Glyma.06G114000, and in both 1mlpa and 3mlpa, the 

expression of ABI5 is increased (Figure 2.5). All but one (Glyma.13G363300) of the six LEA 
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genes had increased expression in 1mlpa and 3mlpa, and all are putatively regulated by ATAF1 

(Glyma.06G114000) (Figure 2.5). This family of proteins is ABA-induced and reduces 

desiccation-induced cellular damage in seed tissue [64]. 

As for the target genes in the MRP subset, seven were found in significant biological GO 

categories observed in the subset (Table 2.4). Most of these targets are seed storage proteins, 

which function in lipid storage, seed maturation, and responses to ABA stimulus. These seed 

storage proteins are putatively regulated by Glyma.05G032200 (MYB-related) and 

Glyma.07G060400 (bZIP), the latter of which encodes G-box binding factor 3 (GBF3). 

 

DISCUSSION 

 In the three lpa lines used in this study, 1mlpa, 2mlpa, and 3mlpa, phytic acid metabolism 

is disrupted to increase Pi bioavailability; however, phytic acid and the intermediate compounds 

in its biosynthesis have fundamental roles in various developmental, metabolic, and signaling 

pathways critical to plant function [5]. Consequently, blocks in this pathway appear to have 

numerous downstream effects.  

 

Regulation of phosphate ion homeostasis in lpa lines 

Phosphorus is an essential macronutrient vital to cellular metabolism, bioenergetics, and 

a core component of vital molecules, such as nucleic acids and phospholipids [65]. In order for 

enzymatic reactions to proceed in a normal manner, it is critical for cytoplasmic Pi 

concentrations to remain constant regardless of fluctuations in the external environment. 

However, in all three lpa lines, enrichment was found for genes functioning in Pi homeostasis, 

indicating that the blocks in the phytic acid pathway perturb cellular Pi homeostasis.   
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In the three lpa lines, Pi homeostasis enrichment was due to the same four genes – two 

genes encoding PAP17 and two genes encoding GDPD1. The two PAP17 and the two GDPD1 

genes were down-regulated in all three lpa lines at germination stage 2 and for the most part, 

were also down-regulated at stage 3. PAP proteins are multifunctional proteins induced under Pi 

starvation and catalyze the hydrolysis of Pi from monoesters and anhydrides for the transport and 

recycling of Pi [66]. In particular, PAP17 also has peroxidation activity, functioning in the 

metabolism of reactive oxygen species [67]. GDPD1 hydrolyzes glycerophosphodiesters and is 

also induced by Pi starvation, during which it likely releases Pi from phospholipids [68]. 

According to regulatory network inference and motif sequence analysis, all four Pi homeostasis 

genes are putatively regulated by Glyma.08G092300, which encodes a C2H2 TF. This TF may 

in part be responsible for down-regulating Pi homeostasis genes in lpa lines. Down-regulation of 

PAP17 and GDPD1 in lpa seeds suggests that sufficient, if not more than sufficient, cellular Pi 

levels are present. The increased Pi levels in lpa seeds may perturb Pi homeostasis in such a way 

that normal cell metabolism is disrupted, inducing cellular stress and ultimately reducing seed 

viability. Thus, reducing PAP17 and GDPD1 expression in lpa seeds may be an attempt to 

recover Pi homeostasis.  

 

Downstream effects of perturbed myo-inositol metabolism in mips1 mutants 

  Phytic acid biosynthesis requires a substrate supply of myo-inositol and phosphate. The 

sole source of myo-inositol comes from the activity of the enzyme MIPS synthase. Previous 

studies not just limited to soybean have also shown that loss-of-function mutations in MIPS1 are 

associated with impaired seed and plant performance [14, 69-72]. Given that myo-inositol 

synthesis via MIPS is considered a part of general housekeeping [5, 73], it is not surprising that 
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perturbing its expression can be detrimental or even lethal in some cases [5]. In fact, MIPS2 

(Glyma.11G238800) expression was increased in 1mlpa in all three germination stages, perhaps 

in an attempt to restore the myo-inositol pool. In lpa lines 1mlpa and 3mlpa, increased expression 

was observed in ITPK1- and ITPK4-encoding genes as well, which interestingly are the ITPKs 

demonstrated to reduce phytic acid in Arabidopsis mutants [74, 75]. Also unique to the mips1 

mutation were significant expression changes in PIP5K encoding genes. These enzymes function 

in inositol pyrophosphate synthesis by phosphorylating InsP7 (derived from phytic acid) to InsP8. 

Changes in their gene expression is significant because of inositol pyrophosphates’ recognition 

as “energetic signaling” molecules, with roles in energetic metabolism, hormone signaling and Pi 

sensing [76].   

In the germination GRNs from this study and the developing seed GRN from the 

previous study [25], the lpa lines carrying the mips1 mutation (1mlpa and 3mlpa) were 

significantly enriched for numerous stress responses. Genes encoding proteins functioning in 

these stress responses had increased expression in the lpa lines, indicating that 1mlpa and 3mlpa 

seeds have increased stress sensitivity, thus impairing their viability and performance and 

ultimately reducing germination and emergence. Disruption of the myo-inositol metabolic 

pathway may have a negative effect on seed viability due to myo-inositol’s multifunctional 

nature in plant metabolism. In fact, several such effects that were found in this study are in 

accordance with the roles of myo-inositol [77-83]. For example, significant enrichment was 

found for genes functioning in the auxin pathway, cell death, cell wall metabolism, stress 

processes, and other carbohydrate metabolic pathways requiring myo-inositol as a precursor. In 

the case of stress, the increased expression of stress-related genes in 1mlpa and 3mlpa may in 

part be due to myo-inositol’s role as a substrate for the biosynthesis of raffinose, galactopinitol, 
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and O-methyl inositols, which participate in stress-related responses and seed desiccation 

tolerance [78, 80, 81, 84]. Therefore, changes in the contents of these compounds may alter lpa 

seeds’ ability to tolerate stress and desiccation. In additional support, MIPS1 is also required for 

cell death suppression [72], and 145 and 80 genes involved in cell death were differentially 

expressed in 1mlpa and 3mlpa, respectively, suggesting cell death regulation is abnormal in these 

lines. The examples presented here demonstrate that depletion of the myo-inositol pool impact 

pathways that may affect seed viability in 1mlpa and 3mlpa. Thus, due to its many roles, perhaps 

MIPS1 is not the best target for conditioning the lpa phenotype in crop seeds. 

 

Myo-inositol metabolism and seed storage proteins in mrp-1/mrp-n mutant 

Following synthesis, phytic acid and the mineral cations it chelates are transported into 

protein storage vacuoles [85]. MRP proteins from the ABC transporter family are responsible for 

phytic acid transport and accumulation, as loss-of-function of these transporters can result in the 

lpa trait [13, 38, 86-88]. Shi et al. [13] hypothesize that phytic acid is not transported for storage 

but instead hydrolyzed in the cytoplasm by endogenous phytases in such mrp mutants, thereby 

preventing phytic acid accumulation. This is supported by concomitant increases in inositol 

intermediates and myo-inositol content [13, 89]. With elevated myo-inositol levels, it would be 

expected for other metabolic pathways utilizing myo-inositol to also be affected. Accordingly, 

2mlpa has increased expression in genes functioning in inositol trisphosphate metabolism, 

phosphatidylinositol transport, and myo-inositol transport. Alterations in inositol trisphosphate 

metabolism are noteworthy because it implies signal transduction is abnormal in 2mlpa. One 

such gene that was up-regulated was Glyma.17G219300 encoding a G-protein coupled receptor 

1 (GCR1). G-protein coupled receptors function in the phosphatidylinositol signaling pathway, 
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ultimately yielding two significant signaling molecules: inositol 1,4,5-trisphosphate (IP3) and 

diacylglycerol (DAG) [90]. Consequently, the GCR1 encoding gene along with the other 

differentially expressed genes in inositol trisphosphate metabolism suggest irregular signaling 

may be a feature of 2mlpa, all of which is a result of an elevated myo-inositol pool. 

In 2mlpa, increased expression was found in a number of genes encoding seed storage 

proteins. Many of these genes encode vicilin-like seed storage proteins and RmlC-like cupin 12S 

storage proteins. Seed storage proteins have particular importance because they provide an 

amino acid reserve for use during germination and seedling growth [91]. Whether an increase in 

protein storage content is a detriment to seed vigor is unclear. According to this network 

analysis, two genes were responsible for the up-regulation of these genes’ expression – 

Glyma.05G032200 and Glyma.07G060400, encoding an MYB-related TF and GBF3, 

respectively. The induction of these TFs and the seed storage protein genes they putatively 

regulate is discussed further below. 

 

Altered regulation in auxin and ABA signaling in lpa seeds 

Both phytic acid and myo-inositol are critical for normal auxin signaling. Phytic acid 

itself is in fact a cofactor of transport inhibitor response 1 (TIR1), an auxin receptor and primary 

mediator of auxin-regulated responses [92], and myo-inositol is essential for proper auxin 

transport and localization [93]. Hence, it should not be surprising that auxin physiology was 

affected in the lpa mutants 1mlpa and 3mlpa, where 163 auxin-related genes were differentially 

expressed between 1mpa and 1MWT and 155 differentially expressed between 3mlpa and 

3MWT. This finding is consistent with the previous seed development study using the same 

soybean lines [25]. Auxin signaling is a requirement for seed dormancy and germination 



	

   56 

inhibition but is so because it functions to enhance ABA action [94]. In the current study, genes 

were identified encoding AUXIN RESPONSE FACTOR 10 (ARF10), an element that mediates 

crosstalk between auxin and the ABA signaling pathway during germination [94]. These ARF10 

genes, Glyma.13G325200 in 1mlpa and Glyma.12G076200 and Glyma.13G325200 in 3mlpa, 

had increased expression, which could affect the branch of the ABA pathway regulating 

germination in these lines. In fact, 345 and 209 ABA-related genes were differentially expressed 

in the 1mlpa and 3mlpa lines, respectively. Not only was the ABA pathway affected in this 

study, but it was also affected in transcriptome and proteome studies of germinating lpa 

soybeans also carrying mips1 mutations [20, 21]. This is significant as ABA is the sole hormone 

known to trigger and maintain seed dormancy and is a major inhibitor of seed germination [95, 

96]. Among the differentially expressed ABA genes identified in this study, Glyma.10G071700 

and Glyma.13G153200 had increased expression in 1mlpa and 3mlpa and encode the bZIP TF 

ABI5. ABI5 reactivates late embryogenesis programs and arrests embryo growth during 

germination, causing the embryo to go into a state of dormancy. This is an adaptive response to 

environmental stress mediated by ABA with ABI5 functioning to maintain the quiescent state 

[63]. Thus, increased expression of ABI5 in 1mlpa and 3mlpa could promote seed dormancy and 

interfere with the embryos’ ability to resume growth.  

The GRN from this study predicted two other TF genes, Glyma.04G24900 and 

Glyma.06G114000, as putative regulators of ABA-related genes in both the Mips and Mips-

MRP genotypic subsets. Interestingly, these two TF genes are paralogs corresponding to the 

same Arabidopsis homolog, ATAF1, a TF whose transcript expression is induced in response to 

ABA and functions to positively regulate ABA biosynthesis [97]. In Arabidopsis ATAF1 

overexpression studies, Wu et al. [61] found that increased ATAF1 expression confers ABA 



	

   57 

hypersensitivity, oxidative stress hypersensitivity, and interferes with plant development. Both 

ATAF1-encoding genes were up-regulated in 1mlpa and 3mlpa. Therefore, increased ATAF1 

expression in 1mlpa and 3mlpa could contribute to the induction of ABA-responsive gene 

expression and thus irregularities in ABA signaling, such as up-regulation of genes encoding 

ABI1, ABF2, AFP2, and PP2CA and down-regulation of those encoding ABI4. Such expression 

disparities in prominent genes of the ABA signaling pathway could have serious effects on 

1mlpa and 3mlpa seeds’ potential to complete germination and have normal seedling growth. 

Consistent with this study’s findings, Donahue et al. [72] also observed impaired germination 

and increased ABA sensitivity during germination in Arabidopsis mips1 mutants. 

Despite carrying mutations affecting a different aspect of the phytic acid pathway, 2mlpa 

from the MRP genotypic subset also had enrichment for stress responses and abnormalities in 

ABA signaling. Several of the ABA-related genes that were differentially expressed in 2mlpa 

were seed storage proteins, the content of which is influenced by ABA, with high ABA levels 

stimulating their induction [98-100]. According to their Arabidopsis homologs, ABA stimulus 

also induces expression of the two TF genes found to regulate the seed storage protein genes 

[101, 102]. These TF genes, the MYB-related TF encoded by Glyma.05G032200 and GBF3 

encoded by Glyma.07G060400, had significantly increased expression in 2mlpa in all three 

germination stages. Increased expression of the two TF genes and the storage proteins they 

putatively regulate suggests ABA levels are increased in the seeds of lpa line 2mlpa. 

Correspondingly, GCR1 (Glyma.17G219300), which was up-regulated in 2mlpa, is a regulator 

of ABA signaling and has demonstrated involvement in seed dormancy according to its 

Arabidopsis homolog (AT1G48270) [103, 104]. Thus like 1mlpa and 3mlpa, the observed 
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expression changes of ABA-related genes in 2mlpa could promote seed dormancy and thereby 

inhibit germination. 

Though different components of the ABA signaling pathway were affected, it is notable 

that the pathway was disrupted in all three lpa lines and that it was also disrupted in the previous 

seed development study utilizing the same lines as well as in other germination studies on lpa 

soybeans [20, 21, 25]. Hence, because ABA has a major influence on seed dormancy and 

germination, its irregular manifestation in lpa soybean seeds may significantly contribute to the 

poor seed germination associated with these mutations. Consequently, the relationship between 

seed phytic acid content and ABA signaling warrants further investigation. 

 

CONCLUSION 

Disruption of phytic acid synthesis and accumulation elicited stress responses in the 

mips1 and mrp-l/mrp-n mutants during seed germination. In addition to direct effects of reduced 

phytic acid, another origin of this stress is altered Pi homeostasis due to increased cellular Pi 

content and altered cellular myo-inositol content, which is diminished in 1mlpa and 3mlpa and 

increased in 2mlpa. The downstream implications of these changes in Pi and myo-inositol 

content are manifold and could easily be cause for stress, thereby affecting normal cell 

functioning, seed viability, and ultimately germination and emergence potential. How this relates 

to the altered regulation in ABA signaling observed in all three lpa lines remains to be seen, but 

the changes observed in ABA signaling are significant, as ABA is a primary regulator of seed 

dormancy and inhibits germination. These findings, as well as findings in previous studies, 

indicate changes in ABA signaling may also interfere with germination potential in lpa seeds. 
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Lastly, to establish how the discovered biological processes are differentially regulated in 

the lpa lines used in this study, the GRNs constructed for each subset of genotypes are publicly 

available, consisting of interactions between TF genes and the target genes they putatively 

regulate. These interactions aim to help clarify the differential regulation of germination in lpa 

soybean seeds.  
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Table 2.1 | Characteristics and classification of parental and experimental soybean lines. 
Soybean 

Lines 
Genotypic 

Class Subset Genotype Phytic 
Acid Emergence Stachyose Sucrose Cross 

V99-5089 - mips1/MRP-L/MRP-N Low Low Low High Parent 
CX-1834 - MIPS1/mrp-l/mrp-n Low Low Normal Normal Parent 
Essex - MIPS1/MRP-L/MRP-N Normal Normal Normal Normal Parent 
1mlpa Mips mips1/MRP-L/MRP-N Low Low Low High Essex x V99-5089 
1MWT Mips MIPS1/MRP-L/MRP-N Normal Normal Normal Normal Essex x V99-5089 
2mlpa MRP MIPS1/mrp-l/mrp-n Low Low Normal Normal CX-1834 x V99-5089 
2MWT MRP MIPS1/MRP-L/MRP-N Normal Normal Normal Normal CX-1834 x V99-5089 
2MWT-L MRP MIPS1/MRP-L/mrp-n Normal Normal Normal Normal CX-1834 x V99-5089 
2MWT-N MRP MIPS1/mrp-l/MRP-N Normal Normal Normal Normal CX-1834 x V99-5089 

3mlpa Mips-MRP mips1/mrp-l/mrp-n Low Low Normal Normal V99-5089 X CX-
1834 

3MWT Mips-MRP MIPS1/MRP-L/MRP-N Normal Normal Normal Normal V99-5089 X CX-
1834 
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Figure 2.1 | Venn diagrams of differentially expressed genes (DEGs). (A) Number of DEGs 
unique to and shared between each stage in the Mips subset. (B) Number of DEGs unique to and 
shared between each stage in the MRP subset. (C) DEGs in the Mips-MRP subset. (D) Number 
of DEGs unique to and shared between all three subsets of genotypes.  
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Table 2.2 | Differentially expressed genes in phytic acid biosynthesis pathway. 
Genotypic 

Class Subset Gene ID Arabidopsis 
Homolog 

Log2(FC) (lpa/normal) Gene 
Symbol Protein Symbol stage 1 stage 2 stage 3 

Mips Glyma.11G238800 AT2G22240 2.5 1.6 1.2 MIPS2 Myo-inositol-1-phosphate 
synthase 2 

Mips Glyma.01G016700 AT5G16760 - - 1.4 ITPK1 Inositol 1,3,4-trisphosphate 
5/6-kinase 1 

Mips Glyma.09G206100 AT5G16760 1.0 - - ITPK1 Inositol 1,3,4-trisphosphate 
5/6-kinase 1 

Mips Glyma.11G218500 AT2G43980 1.6 - - ITPK4 Inositol 1,3,4-trisphosphate 
5/6-kinase 4 

Mips Glyma.18G038800 AT2G43980 1.3 - - ITPK4 Inositol 1,3,4-trisphosphate 
5/6-kinase 4 

Mips-MRP Glyma.11G218500 AT2G43980 1.3 - - ITPK4 Inositol 1,3,4-trisphosphate 
5/6-kinase 4 

Mips-MRP Glyma.18G038800 AT2G43980 2.3 1.1 1.1 ITPK4 Inositol 1,3,4-trisphosphate 
5/6-kinase 4 
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Figure 2.2 | Mips subset gene co-expression modules and significantly enriched biological 
processes. A module is defined as a group of genes sharing similar expression profiles over time 
and likely involved in the same biological processes. Rows represent hierarchical clustering of 
significantly enriched GO categories. Significantly enriched GO categories were defined as those 
with an FDR <0.05. (A) Heatmap of significantly enriched GO biological processes in each gene 
co-expression module. Columns represent modules. Color represents –log10 adjusted p-value. (B) 
Average scaled expression of genes in significantly enriched biological processes. Columns 
represent germination stages of 1mlpa and 1MWT. Red color represents increased expression, 
and blue color represents decreased expression. Enrichment for all GO categories can be found 
in Table S2.2. 
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Figure 2.3 | MRP subset gene co-expression modules and significantly enriched biological 
processes. A module is defined as a group of genes sharing similar expression profiles over time 
and likely involved in the same biological processes. Rows represent hierarchical clustering of 
significantly enriched GO categories. Significantly enriched GO categories were defined as those 
with an FDR <0.05 (A) Heatmap of significantly enriched GO biological processes in each gene 
co-expression module. Columns represent modules. Color represents –log10 adjusted p-value. (B) 
Average scaled expression of genes in significantly enriched biological processes. Columns 
represent germination stages of 2mlpa, 2MWT-L, 2MWT-N, and 2MWT. Red color represents 
increased expression, and blue color represents decreased expression. Enrichment for all GO 
categories can be found in Table S2.2. 
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Figure 2.4 | Mips-MRP subset gene co-expression modules and significantly enriched 
biological processes. A module is defined as a group of genes sharing similar expression 
profiles over time and likely involved in the same biological processes. Rows represent 
hierarchical clustering of significantly enriched GO categories. Significantly enriched GO 
categories were defined as those with an FDR <0.05. (A) Heatmap of significantly enriched GO 
biological processes in each gene co-expression module. Columns represent modules. Color 
represents –log10 adjusted p-value. (B) Average scaled expression of genes in significantly 
enriched biological processes. Columns represent germination stages of 3mlpa and 3MWT. Red 
color represents increased expression, and blue color represents decreased expression. 
Enrichment for all GO categories can be found in Table S2.2. 
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Table 2.3 | Putative candidate transcription factors shared between genotypic subsets’ gene 
regulatory networks. 

TF Gene Arabidopsis 
Homolog 

TF 
Family 

Gene 
Symbol 

Subsets 
Shared 
With 

Log2(FC) (lpa/normal) Number 
of 

Putative 
Targets 

Number 
of Shared 
Targets stage 1 stage 2 stage 3 

Glyma.01G216000 AT1G12610 ERF 
DREB1F, 

DDF2, 
ERF033  

Mips 1.2 2.3 0 22 
0 MRP 0 2.6 2.1 26 

Mips-MRP 2.5 2.6 1.9 32 

Glyma.02G080200 AT2G33710 ERF - Mips 0 0 1.4 103 5 Mips-MRP 1.3 0 0 99 

Glyma.04G249000 AT1G01720 NAC ATAF1, 
NAC2 

Mips 0 0 1.8 365 12 Mips-MRP 0 0 2.1 139 

Glyma.06G114000 AT1G01720 NAC ATAF1, 
NAC2 

Mips 0 1.2 1.9 158 31 Mips-MRP 0 0 2.6 228 

Glyma.08G298200 AT2G02820 MYB MYB88 Mips 0 0 1.1 117 0 Mips-MRP -1.1 0 1.3 149 

Glyma.16G167500 AT1G76890 Trihelix GT-2  Mips -2.0 0 0 114 11 Mips-MRP -1.2 -1.7 -1.3 115 
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Figure 2.5 | Consensus GRN of Mips and Mips-MRP genotypic subsets. GRN of putative 
regulatory interactions between differentially expressed TF genes and differentially expressed 
target genes found in both the Mips and Mips-MRP GRNs. TF genes (square nodes) directly 
regulate (gray edges) target genes (circular nodes). Nodes in red are genes with increased 
expression in 1mlpa and 3mlpa. Nodes in blue are genes with decreased expression in 1mlpa and 
3mlpa. Nodes in yellow are genes with differing expression in 1mlpa and 3mlpa. 
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Table 2.4 | Putative target genes in the MRP subset with annotations for observed 
significant GO categories validated by Arabidopsis DAP-seq dataset and motif sequence 
analysis. 

Gene Name Arabidopsis 
Homolog 

Gene 
Symbol Description GO Term GO Description(s) 

Glyma.01G119600 AT2G40170 - AT2G40170 protein GO:0019915 
GO:0050826 

Lipid storage                                                                         
Response to freezing 

Glyma.04G085000 AT4G32880 HB8 Homeobox-leucine 
zipper protein ATHB-8 GO:0010431 Seed maturation 

Glyma.07G190100 AT1G61340 - F-box protein GO:0009961 
GO:0006970 

Response to 1-
aminocyclopropane-1-
carboxylic acid  
Response to osmotic stress 

Glyma.10G037100 AT5G44120 

CRA1, 12S 
STORAGE 
PROTEIN, 

CRU1 

RmlC-like cupins 
superfamily protein 

GO:0010431 
GO:0071215 

Seed maturation                                                               
Cellular response to abscisic 
acid stimulus 

Glyma.13G123500 AT1G03880 
CRB, 

CRU2, 
CRU3 

12S seed storage 
protein CRB (Cruciferin 
2) 

GO:0019915 
GO:0071215 
GO:0010431 
GO:0050826 

Lipid storage                                                                                          
Cellular response to abscisic 
acid stimulus                                                          
Seed maturation                                                                                              
Response to freezing 

Glyma.19G164900 AT5G44120 

CRA1, 12S 
STORAGE 
PROTEIN, 

CRU1 

RmlC-like cupins 
superfamily protein 

GO:0010431 
GO:0071215 

Seed maturation                                                              
Cellular response to abscisic 
acid stimulus 

Glyma.20G148300 AT3G22640 PAP85 Vicilin-like seed storage 
protein (Glubulin) 

GO:0019915 
GO:0050826 

Lipid storage                                                                           
Response to freezing 
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ABSTRACT 

While reducing phytic acid levels in soybean seeds has significant environmental and 

nutritional benefits, low phytate soybeans exhibit a poor seedling emergence phenotype. In an 

effort to better understand the biochemistry related to this phenotype, lipid profiles of low and 

normal phytic acid soybean seeds, as well as the physiochemical properties of materials released 

from imbibed seeds were evaluated from two unique genotypic class subsets. Principal 

component analyses of untargeted LC-MS lipidomic data showed separation of low phytic acid 

lines from normal phytic acid lines in negative ion mode, though little separation was found in 

positive ion mode. Differences were found in ceramide, glucose-sitosterol, peroxidized 

triacylglycerol, and phospholipid contents. Seeds from these lines also underwent electrolyte 

conductivity testing with the seed exudates analyzed for differences in protein and metabolite 

contents. Conductivity testing revealed low phytic acid soybean seeds leak significantly more 

electrolytes than normal phytic acid seeds, while analyses of seed exudates revealed striking 

differences in protein and metabolite profiles. These results are discussed in relation to the low 

emergence phenotype. 

 

KEYWORDS 

 soybean (Glycine max), phytic acid, lipidomics, myo-inositol phosphate synthase, multidrug-

resistance protein ABC transporter, ceramide, phospholipids, sitosterol, seed conductivity, seed 

vigor, programmed cell death 

 

 

 



	

 

 1 

Graphical Abstract. Workflow of studies performed on low (LP) and normal (NP) phytic acid 2 
soybean seeds. Lipids were extracted from dry seeds and profiled using liquid chromatography-3 
mass spectrometry (LC-MS) in both positive and negative ion modes. Seeds underwent 4 
conductivity testing to measure the amount of electrolytes released during a water soak. The 5 
electrolytes released were then analyzed for protein content and metabolite content by SDS-6 
PAGE followed by MALDI-TOF/TOF and LC-MS, respectively. 7 
 8 

 9 

 10 

 11 

 12 
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 14 

 15 

 16 



	

 

INTRODUCTION 17 

Soybean (Glycine max) accounted for nearly 90 million acres of planted crops in the 18 

United States in 2018, making it the second-most planted field crop after corn [1]. Its use spans 19 

many economic sectors, from human and livestock food production to industrial products, such 20 

as biodiesels, pharmaceuticals, and building materials. As a food and feed source, soybean seed 21 

is especially valuable; it is the number one oilseed crop in the U.S. and the number one protein 22 

source in the world for livestock industries [2]. With an increasing demand for soybean and 23 

soybean products, the continued development of high-performing cultivars with desirable 24 

agronomic traits is necessary in order to meet global demand. 25 

 Soybean seeds, along with other grains and legumes, contain an antinutritive compound 26 

called phytic acid (phytate, myo-inositol-(1,2,3,4,5,6)-hexakisphosphate) that sequesters more 27 

than 75% of seed phosphorus, while also chelating cations such as  Fe3+, K+, Ca2+, Mg2+, and 28 

Zn2+ [3-6]. Since phytic acid is indigestible to humans and monogastric livestock, the 29 

bioavailability of phosphorus and these cations is reduced in these organisms, which leads to the 30 

excretion of excess phosphorus into the environment and potential nutrient deficiency issues [7-31 

10].  32 

Low phytic acid (lpa) crops have been developed to mitigate the adverse nutritional and 33 

environmental effects of seed phytic acid [11-17]. In soybean, the lpa cultivar “V99-5089” 34 

carries a mutation in a gene encoding myo-inositol 3-phosphate synthase (MIPS1) [18, 19]. This 35 

loss-of-function mutation prevents the conversion of glucose-6-phosphate to myo-inositol 3-36 

phosphate, the first step in phytic acid biosynthesis. This mutation reduces phytic acid levels 37 

while increasing that of inorganic phosphate [20, 21]. “CX-1834,” another lpa soybean cultivar, 38 

carries point mutations on two epistatically interacting loci, chromosome 3 (linkage group N) 39 



	

 

and chromosome 19 (linkage group L) [15, 22]. Both mutations are in genes encoding multidrug 40 

resistance-associated protein (MRP) ATP-binding cassette (ABC) transporters (henceforth 41 

referred to as MRPs), which have been linked to phytic acid transport and storage [18, 23].  42 

 Unfortunately, a hallmark feature of lpa soybeans (and other lpa crops) is reduced 43 

seedling emergence [24-31]; however, the biochemical mechanism(s) linking phytic acid 44 

metabolism and seedling emergence remains to be established. To understand the basis of the 45 

low emergence phenotype, polar metabolomes of normal and lpa soybeans were previously 46 

profiled using liquid chromatography-mass spectrometry (LC-MS) [32]. While the levels of 47 

neutral oligosaccharides were the same for all lines investigated, significant metabolite 48 

differences were found in the levels of malonyl isoflavones, soyasaponins, and arginine. In 49 

addition, two methanol-soluble polypeptides differed in abundance, one of which was the 50 

allergen Gly m 1. Nevertheless, none of these changes could directly explain the low emergence 51 

phenotype [32]. 52 

 Lipidomics, a branch of metabolomics that targets the lipid component of cells or tissues, 53 

can provide an additional level of insight into the low and normal phytic acid soybeans [32]. 54 

High-throughput lipid profiling has successfully identified lipid metabolic pathways that regulate 55 

plant growth and development, environmental stress responses, and cellular processes, such as 56 

signal transduction, vesicle trafficking, and cytoskeletal rearrangement [33]. Because lipidomics 57 

allows lipid metabolism to be studied in a physiological context, it provides an opportunity to 58 

investigate metabolic processes that define the reduced emergence phenotype in lpa soybeans. 59 

This study used untargeted lipidomics to report novel information regarding the lpa soybean 60 

lines used previously [32], while including new genotypes as well.  61 



	

 

Materials released during the initial stages of seed germination may also provide insights 62 

into the low emergence phenotype of lpa seeds. Hence, we also evaluated variations in seed 63 

conductivity between low and normal phytic acid lines as well as the proteins and metabolites 64 

released during a water soak. These results are summarized to provide a working hypothesis on 65 

the mechanisms of low emergence in lpa soybeans. 66 

 67 

MATERIALS AND METHODS 68 

Plant material 69 

The six experimental soybean lines used in this study were 1mlpa, 1MWT, 2mlpa, 70 

2MWT, 2MWT-L, and 2MWT-N (Table 3.1). These lines are from two different genotypic class 71 

subsets. The first subset, designated as the “Mips” subset, contains the lpa line “1mlpa,” which 72 

carries a homozygous mutant allele for the MIPS1 gene (mips1 mutation), and the normal phytic 73 

acid line “1MWT” with a wild-type MIPS1 allele. The mips1 mutation responsible for the lpa 74 

phenotype is the result of a point mutation on chromosome 11 [19]. These lines are isogenic and 75 

were developed from a cross between the normal phytic acid line “Essex’” (no MIPS1 mutation) 76 

and the lpa line “V99-5089” (mips1 mutation) [19]. The second genotypic subset, designated as 77 

the “MRP” subset, contains four near-isogenic lines (NILs) which were used previously [32] - 78 

the lpa line “2mlpa,” which is homozygous for mutations in both MRP genes (mrp-l/mrp-n 79 

mutations), the normal phytic acid line “2MWT” carrying wild-type alleles for both MRP genes, 80 

and two normal phytic acid lines “2MWT-L” and “2MWT-N” with single mutations in MRP-N 81 

and MRP-L, respectively. These lines were developed from a cross between the lpa lines “CX-82 

1834” (mrp-1/mrp-n mutations) and V99-5089 (mips1 mutation). The mutations conferring the 83 

lpa phenotype in 2mlpa and CX-1834 are the result of point mutations in the epistatically 84 



	

 

interacting loci, MRP-L and MRP-N, on chromosomes 19 and 3, respectively [15, 18, 22]. The 85 

seeds used in this study were harvested in 2017 from a field in Blacksburg, VA and stored at 4 °C 86 

until testing. 87 

 88 

Preparation of the lipid extracts 89 

The four soybean lines used for lipid profiling included 1mlpa, 1MWT, 2mlpa, and 90 

2MWT. These four lines were comprised of five biological replicates with each replicate 91 

containing ten randomly selected seeds. In brief, seeds were flash-frozen in liquid nitrogen and 92 

finely ground with a P14 mill (Pulverisette 14, Fritsch, Pittsboro, NC) using a 0.5 sieve at 20,000 93 

rpm. The powder was transferred to pre-weighed, ethanol washed 15 mL tubes and then weighed 94 

and stored at −80 °C. A portion of this powder (400 mg) was dried overnight on a high-vacuum 95 

line with resultant dry weights being used for normalization. The nonpolar components were 96 

extracted using dry ethyl acetate, concentrated to an oil, and stored at −80 °C as described 97 

previously [32]. 98 

  99 

Liquid chromatography-mass spectrometry  100 

An Acquity I-class UPLC coupled with a Synapt G2-S HDMS (Waters Corp., Milford, 101 

MA) was used for sample analysis in both positive and negative ionization modes. The 102 

concentrated oil was dissolved in dichloromethane:methanol:water (60:30:4, v/v) with aliquots 103 

combined to create a master mix of each line (1mlpa, 1MWT, 2mlpa, 2MWT) along with a 104 

complete master mix composed of all four lines. To condition the column, three blank injections 105 

were followed by three complete master mix injections. The samples were run in randomized 106 

sets of a single biological replicate from each line with three technical replicates. Each set was 107 



	

 

followed by a blank and a complete master mix. Additionally, a set of four complete master mix 108 

injections was analyzed in MSE mode with increasing collision energies to aid in lipid 109 

identification (10, 20, 30, 40 V).   110 

Samples were separated with a binary solvent system of acetonitrile:water with 50 mM 111 

ammonium acetate (6:4, v/v; Solvent A) and acetonitrile:isopropanol with 50 mM ammonium 112 

acetate (1:9, v/v; Solvent B) on an Acquity HSS T3 Column (1.8 µm, 2.1 x 100 mm, Waters 113 

Corp., Milford, MA) with a flow rate of 400 µl/min and a 16 minute gradient. The starting 114 

gradient conditions was 40% B, then a linear gradient to 100% B (0-10 min), hold at 100% B 115 

(10-12 min), return to initial conditions (12-13 min), and isocratic at 40% B (13-16 min). Sample 116 

injection volume was 2 µl.  117 

Column eluates were ionized by electrospray ionization and analyzed independently in 118 

both positive and negative modes. Data was collected in high resolution, MSE mode with a scan 119 

time of 0.20 sec, and a mass range of 250-1800 m/z for low energy function 1 and 50-1800 m/z 120 

for function 2 with a collision energy ramp from 20-30. The source parameters for positive ion 121 

mode were source temperature 125 °C, capillary voltage 3.0, cone voltage 40, source offset 80, 122 

desolvation temperature 400 °C, cone gas 60 L/h, desolvation gas 600 L/h, and nebulizer gas 6.0 123 

bar. The source parameters for negative ion mode were source temperature 125oC, capillary 124 

voltage 2.4, cone voltage 40, source offset 80, desolvation temperature 400 °C, cone gas 50 L/h, 125 

desolvation gas 600 L/h, and nebulizer gas 6.0 bar. A reference sprayer released leucine-126 

enkephalin (200 ng/mL, Waters Corp., MA) continuously at 5 µl/min with a scan frequency of 127 

20 sec.  128 

 129 

 130 



	

 

Data processing and analysis 131 

The raw data was processed using MarkerLynx software (version 4.1, Waters Corp., 132 

Milford, MA) with the following parameters for negative ionization mode: retention time range 133 

1.0-10.0 min, retention time window of 0.1 min, mass range 400-1,800 m/z, mass window 0.01 134 

m/z, noise elimination of level 6, peak intensity threshold of 900, marker intensity threshold of 135 

5000. The raw data from positive ionization mode was processed in two parts due to the 136 

abundance of triacylglycerides at later times. The parameters used for the earlier time were: 137 

retention time range 1.0-9.0 min, retention time window of 0.1 min, mass range 400-1,800 m/z, 138 

mass window 0.02 m/z, noise elimination of level 10, peak intensity threshold of 1,500, and 139 

marker intensity threshold of 10,000. The parameters used for the later time were the same with 140 

the exception of the retention time range set at 9.0-10.5 min and a marker intensity threshold of 141 

15,000. 142 

The detected exact mass-retention time pairs (EMRTs) and their raw peak intensities 143 

were further processed using the online tool MetaboAnalyst 4.0 [34]. EMRTs with missing peak 144 

intensity values in more than 50% of the samples were removed, while remaining missing values 145 

for other EMRTs were imputed with small values. EMRTs were then filtered based on 146 

interquantile range to remove those EMRTs unlikely to be of use for modeling the data. Lastly, 147 

the peak intensities were normalized to the sample median, log transformed, and Pareto scaled. 148 

Subsequent statistical analyses were also performed using MetaboAnalyst 4.0 [34]. Significantly 149 

different EMRTs between low and normal phytic acid lines were defined as those with a log2 150 

fold change >2.0 and a p-value (t test) <0.05. Peak identification was performed using 151 

fragmentation patterns obtained from MSE and MS/MS analysis and databases such as Lipid 152 

Maps [35] and published literature. 153 



	

 

Seed electrolyte conductivity testing 154 

The soybean lines used for conductivity testing were 1mlpa, 1MWT, 2mlpa, 2MWT, 155 

2MWT-L, and 2MWT-N. Conductivity measurements were taken following AOSA guidelines 156 

[36]. Seed moisture content was maintained between 10-14%. Each line was tested in 157 

quadruplicate, with each replicate comprised of thirty randomly selected seeds. Dry seed bulk 158 

weight was measured and recorded for each replicate. Seeds were submerged in 75 mL of 159 

distilled water at 20 °C and then covered to prevent evaporation. Conductivity was measured for 160 

each replicate 24 hours later using a Multi-Parameter PCSTestr 35 (Oakton®, Vernon Hills, IL) 161 

with each measurement being performed in triplicate. Readings were adjusted for distilled water 162 

conductivity. Triplicate readings were averaged for each replicate and then weight adjusted using 163 

the recorded dry seed bulk weight. The weight adjusted readings were then averaged for each 164 

line. Immediately following conductivity measurements, seed exudates were filtered through 165 

Miracloth and frozen in -20 °C until use. 166 

 167 

Analysis of exuded proteins 168 

Exudate from seeds of the four NILs (2mlpa, 2MWT, 2MWT-L, 2MWT-N) in the MRP 169 

genotypic subset was analyzed for protein content. The seed exudates from the seed conductivity 170 

experiment (4 mL each) were freeze-dried and suspended in MeOH and left overnight at -20 °C. 171 

The samples were then centrifuged, with the pellets (protein) taken up in 200 µL of Tris/Glycine 172 

SDS-PAGE running buffer, and the MeOH-soluble fraction (metabolites) taken to dryness for 173 

use in the metabolite assay described in the next section. Protein concentrations were 174 

determined, and the samples were mixed with Laemelli buffer (20 µL) as well as running buffer 175 

to normalize protein levels to 15 µg per lane. Prior to gel loading, the samples were then heated 176 



	

 

for 5 min at 95 °C and centrifuged (13k x g, 1 min). The resulting supernatants (35 µL) were 177 

added to a 10.5-14% SDS-PAGE gel (Bio-Rad Criterion™, Hercules, CA) and separated using 178 

constant voltage (150 V). The gels were stained with ProtoBlue Safe for visualization and 179 

imaged on a ChemiDoc (Bio-Rad, Hercules, CA). Bands of interest were excised and processed 180 

(reduction, alkylation, trypsinization) to generate peptides that were analyzed by MALDI-181 

TOF/TOF mass spectrometry. The resulting data set was queried against the NCBI database 182 

using the MASCOT search engine. All proteins reported provided scores well above the identity 183 

threshold. 184 

 185 

Analysis of exuded metabolites 186 

The MeOH-soluble material obtained after protein precipitation described above was 187 

used for this study. Samples were redissolved in 9:1 water:acetonitrile (v/v, containing 0.1% 188 

formic acid), sonicated for 10 min and subsequently centrifuged (13k x g, 10 min). Aliqouts were 189 

transferred to LC-MS vials for analyses, which utilized an Acquity I-class UPLC coupled with a 190 

Synapt G2-S HDMS (Waters Corp., Milford, MA). Analyses were performed in both positive 191 

and negative ionization modes. To condition the column, two blank injections were followed by 192 

three complete master mix injections, after which the entire sample set was then run in a 193 

randomized fashion.  194 

Samples were separated with a binary solvent system of water with 0.1% formic acid 195 

(Solvent A) and acetonitrile with 0.1% formic acid (Solvent B) on an Acquity BEH C18 Column 196 

(1.8 µm, 2.1 x 50 mm, Waters Corp., Milford, MA) with a flow rate of 200 µl/min and a 10 197 

minute gradient. The starting gradient condition (5% B) was held for 1 minute, then a linear 198 

gradient to 70% B (1-7 min), ramp to 95% B (7-7.5 minutes) then hold at 95% B (7.5-8 min), 199 



	

 

return to initial conditions (8-8.5 min), and isocratic at 5% B (8.5-10 min). Sample injection 200 

volume was 1 µl.  201 

Column eluates were ionized by electrospray ionization and analyzed independently in 202 

both positive and negative modes. Data was collected in high resolution, MS mode with a cycle 203 

time of 0.20 sec, and a mass range of 50-1800 m/z. The source parameters for positive ion mode 204 

were source temperature 125 °C, capillary voltage 3.0, cone voltage 30, source offset 80, 205 

desolvation temperature 350 °C, cone gas 50 L/h, desolvation gas 500 L/h, and nebulizer gas 6.0 206 

bar. The source parameters for negative ion mode were source temperature 125 °C, capillary 207 

voltage 2.2, cone voltage 30, source offset 80, desolvation temperature 350 °C, cone gas 50 L/h, 208 

desolvation gas 500 L/h, and nebulizer gas 6.0 bar. A reference sprayer released leucine-209 

enkephalin (200 ng/mL, Waters Corp.) continuously at 5 µl/min with a scan frequency of 20 sec. 210 

Data processing was performed as described above using MarkerLynx to generate EMRTs and 211 

Metaboanalyst 4.0 for further processing and statistical analyses. Significant EMRTs were 212 

defined as those as those with a log2 fold change >2.0 and a p-value (t test) <0.05.  213 

 214 

RESULTS AND DISCUSSION 215 

Overview of seed lipid profiles 216 

In this study, we examined the effects of different mutations in the phytic acid synthesis 217 

pathway on soybean seed lipid content. Four different soybean lines from two unique genotypic 218 

subsets were evaluated – in the Mips genotypic subset, the lpa and low emergence line 1mlpa 219 

and its wild-type sibling line 1MWT, and in the MRP subset, the lpa and low emergence line 220 

2mlpa and its wild-type sibling line 2MWT. UPLC-MS analysis was performed on lipids 221 

extracted with anhydrous ethyl acetate from freeze-dried soybean powder. Triplicate random 222 



	

 

injections in positive and negative ion mode of the five biological replicates from each line 223 

produced 120 individual LC-MS runs. Additional runs included 8 LC-MS runs of “master 224 

mixes” of each line and 16 LC-MS runs of complete master mixes composed of all four lines. 225 

The master mixes of each line and the complete master mix were used as quality checks between 226 

runs. The master mixes of each line also underwent fragmentation studies to assist in compound 227 

identification using data-independent acquisition mode (DIA, MSE), yielding 8 more LC-MS 228 

runs. In total, 152 LC-MS runs were generated. 229 

Automated feature detection was performed to generate exact mass-retention time pairs 230 

(EMRTs) using MarkerLynx (Waters). In the Mips subset, a total of 213 EMRTs were detected 231 

in positive mode, and 159 EMRTs were detected in negative mode (Table S1). In the MRP 232 

subset, a total of 199 EMRTs were detected in positive mode, and 167 EMRTs were detected in 233 

negative mode (Table S2). For each genotypic subset and ionization mode, the detected EMRTs 234 

and their raw peak intensities were further filtered and normalized, respectively, using 235 

Metaboanalyst 4.0 [34]. In the Mips subset, this resulted in 200 EMRTs in positive mode and 236 

151 EMRTs in negative mode (Table S3). In the MRP subset, it yielded 189 EMRTs in positive 237 

mode and 158 EMRTs in negative mode (Table S4). These data sets were used for subsequent 238 

statistical analyses, and significantly different EMRTs between low and normal phytic acid lines 239 

were identified using significance thresholds with a p-value of <0.05 and a log2 fold change of 240 

>2.0 or <-2.0; the results of which will follow below.  241 

 242 

Mutations in phytic acid synthesis and transport have little effect on lipids in positive ion mode 243 

Principal component analysis (PCA) of the positive ion mode LC-MS data for both 244 

genotypic subsets revealed little separation between the lpa and normal phytic acid soybean lines 245 



	

 

(Figure 3.1). This suggests that the lpa mutations have little effect on the triacylglycerol pool, as 246 

these metabolites were the predominant species in this ionization mode  (Figure 3.2). Such a 247 

finding is in agreement with other observations that lpa causing mutations have relatively little 248 

impact on oil composition [5]. It should be noted that the abundance of triacylglycerols in 249 

positive ion mode limited sample injection amounts and could potentially mask other differences 250 

between low and normal phytic acid lines. Interestingly, both lpa lines, 1mlpa and 2mlpa, 251 

exhibited more biological variation relative the normal phytic acid lines. This is in accordance 252 

with the lpa phenotype in that some seeds germinate and emerge normally while others do not. 253 

 254 

Significant differences in lipid profiles between low and normal phytic acid lines in negative 255 

ion mode  256 

In contrast to positive ion mode, PCA of negative ion mode data for both genotypic 257 

subsets revealed more separation between the low and normal phytic acid soybean genotypes 258 

(Figure 3.3). This was especially apparent in the Mips subset where there was complete 259 

separation of the 1mlpa and 1MWT clusters (Figure 3.3A). The greater separation found between 260 

1mlpa and 1MWT, as compared to 2mlpa and 2MWT, can perhaps be attributed to differences in 261 

the lpa causing mutations. The loss-of-function mutation in MIPS1, as found in 1mlpa, affects 262 

the beginning of the phytic acid biosynthesis pathway by blocking the synthesis of myo-inositol 263 

[20, 21]. Not only is myo-inositol needed for phytic acid biosynthesis, but it is also a required 264 

substrate in a number of other pathways as well [37]; therefore, depletion of the cellular myo-265 

inositol pool could have a greater effect on primary metabolism. In contrast, in 2mlpa from the 266 

MRP genotypic subset, the low phytic acid causing mutations in the two MRP transporter genes, 267 



	

 

is associated with later steps in the phytic acid biosynthesis pathway (storage transport), so 268 

metabolism may be disrupted to a lesser degree [38]. 269 

Among the 159 EMRTs detected in the Mips subset, 19 were significantly different 270 

between 1mlpa and 1MWT. A majority had significantly decreased content in 1mlpa (Figure 271 

3.4A), which could be a result of reductions in myo-inositol content. Out of the 167 EMRTs in 272 

the MRP subset, 13 were significantly different between 2mlpa and 2MWT (Figure 3.4B). 273 

Interestingly, all but one of these EMRTs had significantly increased content in 2mlpa; this could 274 

be due to increases in the myo-inositol pool in 2mlpa, where other mrp mutants, such as maize 275 

lpa1-1 and rice Os-lpa-XS110-3, are shown to have elevated myo-inositol levels [23, 39]. 276 

Lipid identification of the significant EMRTs found between 1mlpa and 1MWT in the 277 

Mips genotypic subset showed changes in glucose-sitosterol, peroxidized triacylglycerol (TAG), 278 

and phospholipid contents (Table 3.2). Altered phospholipids include phosphoglycerol (PG) and 279 

phosphatidylethanolamine (PE), which had significantly increased levels in 1mlpa, and 280 

phosphatidylinositol (PI), which had significantly reduced levels in 1mlpa. The reduction in PI is 281 

in accordance with the depleted myo-inositol pool. Given that PI plays an important role in cell 282 

signaling and development [40-42], changes in its content could have an adverse effect on seed 283 

germination and emergence potential. Alterations in PE content are notable as well considering 284 

PE is a primary component of membranes, playing essential roles in membrane architecture and 285 

creating structure-forming environments for membrane proteins; moreover, PE is a precursor for 286 

several biologically active molecules, such as diacylglycerols, fatty acids, and phosphatidic acid 287 

(PA), which function as second messengers [43, 44].  288 

Lipid identification of significant EMRTs found between 2mlpa and 2MWT from the 289 

MRP genotypic subset showed changes in ceramide, glucose-sitosterol, peroxidized TAG, and 290 



	

 

PA content (Table 3.3). The significantly increased ceramide and PA contents in 2mlpa are 291 

interesting, as ceramides are regulators of programmed cell death in plants [45]. As for PA, Park 292 

et al. [46] demonstrated that during stress conditions PA levels increase and induce cell death 293 

during stress responses in plants. Further evidence shows PA acts a second messenger with its 294 

levels increasing in response to stresses such as oxidative stress, pathogen elicitors, abscisic acid, 295 

and wounding [47]. These findings on altered ceramide and PA contents suggest that the 296 

regulation of programmed cell death may be askew in 2mlpa, which could negatively affect seed 297 

viability and ultimately seedling emergence. 298 

 Both lpa lines 1mlpla and 2mlpa, especially the former, had significant reduction in 299 

peroxidized TAG content. Transcriptomics data on seeds from these lines also showed 300 

significant changes in the expression of genes functioning in hydrogen peroxide-related 301 

activities, such as regulation of hydrogen peroxide metabolism and response to hydrogen 302 

peroxide [48]. Between 1mlpa and 1MWT, 165 hydrogen peroxide-related genes were 303 

significantly differentially expressed, and between 2mlpa and 2MWT, 13 were significantly 304 

differentially expressed. The greater expression change found in 1mlpa reflects the larger 305 

number of changes observed in peroxidized TAGs found in this line.  306 

Both lines also had changes in glucose-sitosterol content; however, in 1mlpa levels were 307 

significantly decreased, while in 2mlpa they were significantly increased. It is thought that sterol 308 

glucosylation modulates free sterol content of the plasma membrane, therefore directly 309 

influencing its physical properties. Sitosterols in particular are well known for their importance 310 

in membrane architecture and the regulation of membrane fluidity and permeability [49]. Thus 311 

changes in glucose-sitosterol content could affect cell membranes in 1mlpa and 2mlpa, or this is 312 

the result of perturbed membrane compositions. 313 



	

 

Conductivity testing indicates lpa seeds have compromised membranes 314 

For conductivity testing, seeds from soybean lines in the Mips and MRP genotypic 315 

subsets were soaked in distilled water to measure electrolyte leakage (exudate). Conductivity 316 

measurements were taken after 24 hours of soaking (Figure 3.5). In both lpa mutants (1mlpa and 317 

2mlpa), electrolyte conductivity was 2-fold higher than in comparison to corresponding normal 318 

phytic acid sibling lines. Overall, the MRP genotypic subset exhibited higher electrolyte 319 

conductivity than the Mips subset. This may be attributed to differences in genetic backgrounds. 320 

The elevated conductivity in the lpa mutants indicates an altered membrane composition relative 321 

to their normal phytic acid counterparts. The significance of this is that cell membrane integrity 322 

is considered the fundamental basis for the success of seed vigor [50]. When a seed rehydrates 323 

during early imbibition, cellular membranes must reorganize and repair any damage that occurs; 324 

the faster a seed is able to re-establish its membrane integrity, the better its vigor [36]. Compared 325 

to their normal phytic acid sibling lines, this ability appears to be impaired in 1mlpa and 2mlpa 326 

seeds. Previous LC-MS profiling on polar extracts of these seeds revealed significantly reduced 327 

levels in 2mlpa of the allergen Gly m 1 [32], a hydrophobic seed protein (HSP) proposed to be 328 

involved in water uptake rates and absorption activities [51]. Whether low levels of HSP affect 329 

membrane organization and repair during seed imbibition remains to be seen, but it is clear that 330 

maintaining appropriate membrane composition is critical for several biological processes and 331 

properties [52]. Hence a compromised membrane could considerably affect normal cell 332 

functioning. Regardless, the increased electrolyte leakage observed in 1mlpa and 2mlpa indicates 333 

a reduction in seed vigor, which ultimately reduces seedling emergence. 334 

 335 

 336 



	

 

2mlpa has unique protein and metabolite seed exudate profiles 337 

Vastly different protein profiles, as determined by SDS-PAGE, were found between 338 

2mlpa and its normal phytic acid sibling lines (Figure 3.6). One of the most striking differences 339 

was in the relative levels of glycinin and β-conglycinin (vicilin), both of which had much lower 340 

levels in the 2mlpa exudate based on band intensity. Interestingly, transcriptomics data on dry 341 

seeds show significantly increased expression in 2mlpa for genes encoding vicilin-like seed 342 

storage protein (PAP85) [48]; however, the significance of the leakage of these seed storage 343 

proteins is unclear. Also, lower in abundance in the 2mlpa exudate were Kunitz trypsin inhibitor 344 

A and 9S-lipoxygenase-3, which is involved in oxylipin biosynthesis. Higher in abundance in the 345 

2mlpa exudate were 7S globulin, a storage protein with kinase activity, and 24 kDa seed coat 346 

protein (SC24), a novel plant defense protein with carboxylate-binding activity induced upon 347 

wound stress. 348 

To further characterize the seed exudates, untargeted UPLC-MS was used to profile the 349 

exuded metabolites of the four NILs from the MRP subset. The exudate profile of the lpa line 350 

(2mlpa) was highly distinct from the normal phytic acid lines (2MWT, 2MWT-L, 2MWT-N), 351 

with complete separation found between them in both positive and negative ion mode (Figure 352 

3.7A, 3.7B). For positive ion mode, 144 EMRTs were detected (Table S5), with 31 found as 353 

significantly different between 2mlpa and its three normal phytic acid sibling lines (Table S6). In 354 

negative ion mode, 392 EMRTs were detected (Table S5), and 92 were significantly different 355 

between 2mlpa and its normal phytic acid sibling lines (Table S6). In both sets of significant 356 

EMRTs, a majority were exuded at increased levels from 2mlpa seeds. Further investigation is 357 

needed into the identities of these significant EMRTs. What is known thus far is that a direct 358 

correlation exists between the amount of seed materials exuded and seed vigor [53, 54]. Because 359 



	

 

low vigor seeds have higher exudate leakage, soil microbial activity is promoted, making seeds 360 

more likely to develop secondary infection [55]. In fact, CX-1834, the lpa parent of 2mlpa, is 361 

known to be more susceptible to disease infection [31]. These observations suggest the exuded 362 

proteins and metabolites of 2mlpa could stimulate an environment conducive for disease 363 

infection, which could also contribute to the reduced emergence phenotype. 364 

 365 

CONCLUSION 366 

Untargeted lipidomic analyses enabled examination of the effects of lpa causing 367 

mutations mips1 and mrp-l/mrp-n on the functional state of cells in soybean seeds. Seeds 368 

carrying the mips1 mutation had major changes in PE content, suggesting altered membrane 369 

composition and signaling. Meanwhile, seeds carrying the mrp-l/mrp-n mutations had major 370 

changes in ceramide and PA contents, both of which are involved in the regulation of 371 

programmed cell death. In addition, both sets of mutations altered glucose-sitosterol content, 372 

which also has a critical effect on membrane properties. Changes in cell membranes and the 373 

regulation of programmed cell death were supported by observations that soybean seeds carrying 374 

the lpa causing mutations had significantly elevated conductivity, which also resulted in 375 

distinctive exudate profiles (the implications of which would require further work). 376 

Consequently, the lpa causing mutations may cause deviations in lipid profiles that contribute to 377 

reducing seed vigor and ultimately seedling emergence. Thus the changes in ceramide, glucose-378 

sitosterol, PA, and PE levels and their relationship to phytic acid and seed vigor are worthy of 379 

further investigation. 380 
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Table 3.1. Characteristics and classification of parental and experimental soybean lines. 542 
Soybean 

Line 
Genotypic 

Class Subset Genotype Phytic 
Acid Emergence Stachyose Sucrose Cross 

V99-5089 - mips1/MRP-L/MRP-N Low Low Low High Parent 
CX-1834 - MIPS1/mrp-l/mrp-n Low Low Normal Normal Parent 
Essex - MIPS1/MRP-L/MRP-N Normal Normal Normal Normal Parent 
1mlpa Mips mips1/MRP-L/MRP-N Low Low Low High Essex x V99-5089 
1MWT Mips MIPS1/MRP-L/MRP-N Normal Normal Normal Normal Essex x V99-5089 
2mlpa MRP MIPS1/mrp-l/mrp-n Low Low Normal Normal CX-1834 x V99-5089 
2MWT MRP MIPS1/MRP-L/MRP-N Normal Normal Normal Normal CX-1834 x V99-5089 
2MWT-L MRP MIPS1/MRP-L/mrp-n Normal Normal Normal Normal CX-1834 x V99-5089 
2MWT-N MRP MIPS1/mrp-l/MRP-N Normal Normal Normal Normal CX-1834 x V99-5089 
 543 
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 562 

Figure 3.1. Principal component analyses of the two genotypic subsets in positive ion mode. 563 
Points are labeled by sample replicate number. A. Mips genotypic subset containing lines 1mlpa 564 
and 1MWT. B. MRP genotypic subset containing lines 2mlpa and 2MWT.  565 
 566 
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Figure 3.2. Base peak ion chromatogram of complete master mix of all four lines in positive 578 
ionization mode showing enrichment in triacylglyercide content.  579 
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 591 

Figure 3.3. Principal component analyses of the two genotypic subsets in negative ion mode. In 592 
both genotypic subsets, there is separation between the low and normal phytic acid lines. Points 593 
are labeled by sample replicate number. A. Mips genotypic subset containing lines 1mlpa and 594 
1MWT. B. MRP genotypic subset containing lines 2mlpa and 2MWT.  595 
 596 
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 606 

Figure 3.4. Volcano plots of EMRTs found in negative ionization mode for each genotypic 607 
subset. A. Mips genotypic subset containing lines 1mlpa and 1MWT. B. MRP genotypic subset 608 
containing lines 2mlpa and 2MWT. Orange circles represent significant EMRTs found between 609 
low and normal phytic acid lines. Significant EMRTs are labeled with numbers that correspond 610 
to EMRTs in Table 3.2 and Table 3.3. The significance threshold was set at a log2 fold change 611 
>2.0 and a p-value (t test) <0.05.  612 
 613 
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Table 3.2. Significantly different EMRTs between low and normal phytic acid lines in the 620 
Mips subset from negative ion mode. 621 
Volcano Plot 

Label Compound Retention 
Time (min) Mass Ion Log2(fc) 

(low/normal) P-value (t test) 

1 - 8.67 899.6956 [M + OAc]- -12.7 1.36E-15 
2 - 8.07 879.634 [M + HCOO]- -12.4 3.30E-14 
3 18:2-Glc-Sitosterol 8.57 883.6653 [M + HCOO]- -11.6 3.89E-10 
4 Peroxidized TAG 54:5 7.93 957.7374 [M + HCOO]- -11.3 4.25E-09 
5 Peroxidized TAG 54:6 7.88 955.7221 [M + HCOO]- -12.7 5.13E-07 
6 - 6.1 835.5324 [M - H]- -12.3 0.0041 
7 18:0-Glc-Sitosterol 8.93 901.7111 [M + OAc]- -11.2 0.0368 
8 - 6.55 768.553 - -10.8 0.0398 
9 - 8.42 1722.3315 [2M + HCOO]- -10.0 0.0040 

10 Peroxidized TAG 54:3 8.38 961.7709 [M + HCOO]- -9.3 0.0042 
11 - 7.39 814.6407 [M - H]- -9.9 0.0397 
12 18:3-Glc-Sitosterol 8.2 895.6644 [M + OAc]- -3.7 0.0094 
13 PI 36:4 (18:2/18:2) 5.38 857.5168 [M - H]- -2.8 0.0032 
14 Peroxidized TAG 54:4 8.15 959.7524 [M + HCOO]- -2.3 0.0242 
15 PG 34:2 (16:0/18:2) 5.85 745.5008 [M - H]- 2.0 0.0001 
16 PE 34:2 (16:0/18:2) 6.61 1430.0179 [2M - H]- 2.0 0.0305 
17 - 7.84 1007.7296 [M - H]- 3.3 0.0117 
18 - 5.87 756.5172 [M - H]- 10.4 0.0406 
19 PE 36:4 (18:2/18:2) 6.29 1478.0186 [2M - H]- 12.0 0.0040 

* “-” indicates unidentified EMRT compound. 622 
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Table 3.3. Significantly different EMRTs between low and normal phytic acid lines in the 640 
MRP subset from negative ion mode. 641 

Volcano 
Plot Label Compound Retention 

Time (min) Mass Ion Log2(fc) 
(low/normal) P-value (t test) 

1 Peroxidized TAG 54:6 7.88 955.7215 [M + HCOO]- -5.2 0.0188 
2 Cer(t42:1) 8.31 710.6281 [M + HCOO]- 2.6 0.0243 
3 Cer(t40:1) 7.94 696.6126 [M + OAc]- 2.5 0.0044 
4 18:2-Glc-Sitosterol 8.57 883.6638 [M + HCOO]- 3.8 0.0013 
5 18:0-Glc-Sitosterol 8.93 901.7107 [M + OAc]- 4.2 0.0010 
6 - 3.63 619.2946 [M - H]- 6.4 0.0429 
7 - 3.7 776.4105 [M + HCOO]- 7.4 0.0421 
8 - 3.5 746.4001 [M - H]- 7.9 0.0397 
9 - 3.17 714.4105 [M - H]- 8.2 5.60E-07 

10 18:1-Glc-Sitosterol 8.84 885.6792 [M + HCOO]- 8.0 1.27E-07 
11 DGDG 36:6 (18:3/18:3) 5.34 981.5773 [M + HCOO]- 8.4 3.46E-10 
12 PA 34:2 (18:2/16:0) 6.1 671.4651 [M - H]- 8.8 4.74E-11 
13 PA 36:4 (18:2/18:2) 5.76 695.4642 [M - H]- 9.4 3.31E-12 

* “-” indicates unidentified EMRT compound. 642 
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 659 

Figure 3.5. Electrolyte conductivity of low and normal phytic acid soybean seeds from each 660 
genotypic subset. Conductivity of distilled water containing seeds was measured 24 hours after 661 
imbibition. Data are presented as mean ±SE of four replicates, each of which was the mean of 662 
three technical measurements. 663 
 664 

 665 

 666 

 667 

 668 

 669 

 670 

 671 

 672 

 673 



	

 

 674 

Figure 3.6. SDS-PAGE of exudate from seeds belonging to the MRP genotypic subset. Protein 675 
concentrations were determined and normalized prior to gel loading as described in Materials 676 
and Methods. The gel was stained with ProtoBlue Safe. Indicated bands were excised and 677 
analyzed by MALDI-TOF/TOF mass spectrometry for identification using MASCOT. M: 678 
molecular weight marker (kDa).  679 
 680 
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 688 

Figure 3.7. Principal component analyses of seed exudate from NILs belonging to MRP 689 
genotypic subset. Points are labeled by NIL and sample replicate number. A. Positive ion mode. 690 
B. Negative ion mode. 691 
 692 
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ABSTRACT 722 

Resistance genes are an effective means for disease control in plants. They predominantly 723 

function by inducing a hypersensitive reaction, which results in localized cell death restricting 724 

pathogen spread. Some resistance genes elicit an atypical response, termed extreme resistance, 725 

where resistance is not associated with a hypersensitive reaction and its standard defense 726 

responses. Unlike hypersensitive reaction, the molecular regulatory mechanism(s) underlying 727 

extreme resistance is largely unexplored. One of the few known, naturally occurring, instances of 728 

extreme resistance is resistance derived from the soybean Rsv3 gene, which confers resistance 729 

against the most virulent Soybean mosaic virus strains. To discern the regulatory mechanism 730 

underlying Rsv3-mediated extreme resistance, we generated a gene regulatory network using 731 

transcriptomic data from time course comparisons of Soybean mosaic virus-G7-inoculated 732 

resistant (L29, Rsv3-genotype) and susceptible (Williams82, rsv3-genotype) soybean cultivars. 733 

Our results show Rsv3 begins mounting a defense by 6 hpi via a complex phytohormone 734 

network, where abscisic acid, cytokinin, jasmonic acid, and salicylic acid pathways are 735 

suppressed. We identified putative regulatory interactions between transcription factors and 736 

genes in phytohormone regulatory pathways, which is consistent with the demonstrated 737 

involvement of these pathways in Rsv3-mediated resistance. One such transcription factor 738 

identified as a putative transcriptional regulator was MYC2 encoded by Glyma.07G051500. 739 

Known as a master regulator of abscisic acid and jasmonic acid signaling, MYC2 specifically 740 

recognizes the G-box motif (“CACGTG”), which was significantly enriched in our data among 741 

differentially expressed genes implicated in abscisic acid- and jasmonic acid-related activities. 742 

This suggests an important role for Glyma.07G051500 in abscisic acid- and jasmonic acid-743 

derived defense signaling in Rsv3. Resultantly, the findings from our network offer insights into 744 



	

 

genes and biological pathways underlying the molecular defense mechanism of Rsv3-mediated 745 

extreme resistance against Soybean mosaic virus. The computational pipeline used to reconstruct 746 

the gene regulatory network in this study is freely available at 747 

https://github.com/LiLabAtVT/rsv3-network. 748 

 749 
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Soybean mosaic virus, Rsv3, extreme resistance, gene regulatory network (GRN), unsupervised 751 

machine learning, MYC2, ABA pathway, JA pathway 752 

 753 

INTRODUCTION 754 

Soybean is a crop of global importance, and the Soybean mosaic virus (SMV)-soybean 755 

pathosystem provides an opportunity to study the extreme resistance (ER) response, a type of 756 

resistance unique from the typical hypersensitive reaction (HR) response in that it is triggered 757 

earlier and cell death is not observed [1]. SMV, a single-stranded RNA virus of the genus 758 

Potyvirus, considerably reduces seed quality and yield in soybean-growing regions throughout 759 

the world. Several SMV isolates recovered from germplasm imported into the United States were 760 

classified into seven strain groups, G1 to G7, based on reactions in a set of various soybean 761 

genotypes [2]. The most successful management strategies have been the utilization of virus-free 762 

seeds and resistant cultivars carrying resistance (R) genes. Four dominant R genes have been 763 

identified - Rsv1, Rsv3, Rsv4, and Rsv5 [3-8]. Rsv1 and Rsv3 confer ER against SMV strains G1 764 

to G4 and G5 to G7, respectively [5, 9, 10]. Among these strains, G5 to G7 represent the most 765 

virulent SMV strains, making Rsv3 a particularly interesting gene for functional study. The Rsv3 766 

locus has been mapped, and the gene responsible for conditioning Rsv3-mediated resistance 767 



	

 

(Glyma.14g204700; Glyma.Wm82.a2.v1 gene model) has been identified [11-13]. Comparative 768 

sequence analysis has revealed that Glyma.14g204700 is highly polymorphic in the LRR domain 769 

of soybean lines carrying Rsv3. This suggests Rsv3-mediated resistance is initiated by the LRR 770 

domain’s recognition of an effector, the SMV cylindrical inclusion protein (CI) [12, 14]. 771 

However, the events directly following recognition remain undefined. It is hypothesized in [15] 772 

that the abscisic acid (ABA) signaling pathway is triggered during later stages of the Rsv3-773 

mediated ER response. The consequent high ABA levels induce expression of a family of type 774 

2C protein phosphatases, resulting in callose deposition, which impedes viral cell-to-cell 775 

movement [15]. Nonetheless, a large gap remains in our understanding of the Rsv3-mediated ER 776 

response, as the initial molecular events occurring prior to activation of the ABA signaling 777 

pathway are still unknown. 778 

One approach to discerning the underlying mechanisms controlling a biological process, 779 

such as in Rsv3-mediated resistance, is reconstructing and modeling its molecular network. 780 

These networks examine complex interactions between genes, proteins, and metabolites. At the 781 

gene level, expression is predominantly governed by transcription factors (TFs), which bind to 782 

DNA sequence motifs in the regulatory region of their target genes. Improved understanding of 783 

gene expression regulation can have considerable scientific impact as many of the biological 784 

control mechanisms responsible for certain traits are associated with mutations in regulatory 785 

regions or dysfunctional transcriptional regulators [16]. For example, modern-day crops such as 786 

maize, rice, and wheat were heavily shaped by alterations in transcriptional regulation [17]; 787 

accordingly, elucidation of transcriptional regulation can aid significantly in research. An 788 

approach to accomplish this is the utilization of gene regulatory networks (GRNs), the study of 789 

which has led to the discovery of important genes and regulatory mechanisms underlying 790 



	

 

specific processes in Escherichia coli, Saccharomyces cerevisiae, and Arabidopsis thaliana [18-791 

23]. GRNs describe the intricate web of TFs that bind regulatory regions of target genes in order 792 

to influence their spatial and temporal expression [24]. Using computational network inference 793 

methods, the structure of the gene regulatory interactions that makeup GRNs can be reverse-794 

engineered. That is, causal relationships can be inferred between genes (such as those encoding 795 

TFs) directly controlling the expression of other genes [25, 26]. By taking advantage of 796 

advancements in high-throughput sequencing technology, GRNs can be reconstructed utilizing 797 

genome-wide expression data, such as from RNA sequencing (RNA-seq) [27]. RNA-seq 798 

analyses can identify thousands of genes with altered expression in response to virus inoculation 799 

and provide more molecular targets to study. Network inference methods can then be applied to 800 

the expression data to uncover key genes and regulatory relationships [16]. Thus, the 801 

significance of modeling transcriptional regulation is that it provides a means for discerning gene 802 

function and important regulators in molecular pathways, such as those involved in mediating the 803 

Rsv3-mediated ER response. 804 

This study aims to elucidate the key regulatory components involved in the Rsv3 defense 805 

mechanism by constructing a GRN. To do this, we performed a comparative transcriptomic time 806 

course analysis of SMV-G7-inoculated cultivars “L29” (Rsv3-genotype) and “Williams82” 807 

(rsv3-genotype) during the early hours post-inoculation. We found differentially expressed genes 808 

(DEGs) between L29 and Williams82 at each time point, and among these were several genes 809 

belonging to TF families associated with defense. We carried out GRN inference analyses on 810 

DEGs utilizing the computational pipeline we developed previously [28]. This pipeline makes 811 

use of the well-received module networks method in which GRNs are inferred between TFs and 812 

gene co-expression modules. Network inference was performed with unique unsupervised 813 



	

 

learning algorithms: ARACNE (Algorithm for the Reconstruction of Accurate Cellular 814 

Networks), context likelihood of relatedness (CLR), least angle regression (LARS), partial 815 

correlation, and Random Forest [29-33]. These algorithms represent the top performing inference 816 

methods according to the DREAM5 benchmark challenge [34]. Several of the predicted 817 

interactions were validated using published interactions in the model plant species, A. thaliana, 818 

and by motif sequence analysis [35-37].  819 

 820 

MATERIALS AND METHODS 821 

Soybean mosaic virus inoculations, leaf sampling, and RNA extraction 822 

For this study, we used SMV strain G7 (SMV-G7) inoculum originating from [2]. The 823 

inoculum was stored in the form of desiccated infected leaves for long-term storage at 5°C or 824 

frozen at -80°C. Response of differential cultivars for “trueness to type” was tested periodically 825 

as inoculum were activated from storage. In this study, the SMV-G7 strain was maintained on 826 

greenhouse-grown soybean cultivar “York” (rsv3-genotype “susceptible”) prior to the 827 

experiment. The SMV-G7 inoculum was prepared from symptomatic trifoliolate leaves of York 828 

by crushing in a mortar and pestle with 0.01M sodium phosphate buffer – pH 7.0 (1:10 w/v). The 829 

inoculation experiment was performed in greenhouse in the spring of 2014, where temperature, 830 

humidity, and light conditions were not artificially controlled. Inoculations were performed by 831 

lightly dusting 600-mesh carborundum powder over unifoliolate leaves, and the virus inoculum 832 

(see above) was gently rubbed using a pestle onto the two unifoliolate leaves of each plant and 833 

followed by a gentle rinsing with tap water. The inoculated unifoliolate leaves were collected at 834 

0, 2, 4, 6, and 8 hours post inoculation (hpi) in biological triplicate, rinsed with DI water, frozen 835 

immediately by immersing in liquid nitrogen, and stored at -80°C until RNA extraction. For each 836 



	

 

time point, a single biological replicate sample was comprised of six unifoliolate leaves total (= 2 837 

unifoliolate leaves per plant x 3 individual plants within a pot). Thus 15 plants (= 3 plants per 838 

time point x 5 time points) were sampled from both cultivars. Total RNA (RIN >7.0) was 839 

extracted from frozen samples using RNeasy Plant Mini Kit (QIAGEN, Hilden, Germany) with 840 

on-column DNase digestion (QIAGEN, Hilden, Germany). A total of 20 mRNA libraries (= 2 841 

cultivars x 5 time points x 2 biological replicates) was prepared from duplicate RNA samples of 842 

each virus-inoculated cultivar at each time point and sequenced as 150 PE with Illumina 843 

HiSeq4000 (Illumina, San Diego, CA) at Novogene, Sacramento, CA. 844 

 845 

Sequence data processing and differential gene expression 846 

Raw reads were filtered using Trimmomatic (version 0.30) to remove adapter sequences 847 

(ILLUMINACLIP:<IlluminaAdapters.fa>:2:30:10), trim low quality bases (<Q30, LEADING:30 848 

TRAILING:30), and remove those reads trimmed to less than 50 base pairs (MINLEN:50) [38]. 849 

Reads were mapped to the “Williams82” soybean reference genome (Wm82.a2.v1, downloaded 850 

from Phytozome) using STAR (version 2.5.3a) with a maximum intron length of 15000 (--851 

alignIntronMax) [39, 40]. The number of reads mapped to each gene was quantified using 852 

featureCounts (version 1.5.3) using paired end parameters “-B” and “-p” with features defined as 853 

“exons” (-t)  being grouped by “gene_id” (-g) [41]. Differential expression analysis was 854 

performed with DESeq2 (version 1.22.2) in R (version 3.5.1) with those genes having less than 855 

one count being removed [42]. Reference levels were set as the susceptible Williams82 line and 856 

0 hpi, and the DESeq() function “test” parameter was set to “LRT”.  The resulting output was 857 

used to make comparisons between L29 and Williams82 to identify DEGs at each time point by 858 

employing the results() function with the “test” parameter set as “Wald”. DEGs were defined as 859 



	

 

those with a false discovery rate (FDR) adjusted p-value < 0.05, log2 fold change >|1.0|, and base 860 

mean >10. DEGs and their log2 fold changes can be found in Table S4.1. The RNA-seq data 861 

from this study are available at the NCBI Gene Expression Omnibus (GEO) repository under 862 

accession number GSE137263. 863 

 864 

Inference of gene regulatory networks 865 

Expression clustering and gene function annotation 866 

Gene expression levels for all genes were normalized by variance-stabilizing 867 

transformation in DESeq2 and averaged across replicates [42]. Clustering analysis was carried 868 

out on DEGs using Gaussian-finite mixture modeling with the R package, mclust (version 5.4.2) 869 

using default parameters [43]. The optimal clustering model was determined using Bayesian 870 

Information Criteria (BIC) and integrated complete-data likelihood (ICL) criterion [44, 45]. The 871 

top performing model identified five gene clusters. Gene ontology (GO) enrichment analysis was 872 

performed on each gene cluster using soybean GO annotations from  [46]. Significantly enriched 873 

GO categories were selected using Fisher’s exact test with FDR <0.05 (Table S4.2) Significantly 874 

enriched gene families were also analyzed using GenFam online tool, and the results with FDR 875 

<0.05 are included (Table S4.2) [47]. DEGs encoding TFs were identified using TF annotations 876 

downloaded from PlantTFDB [48]. 877 

 878 

Network inference methods 879 

Network inference was carried out following the pipeline we developed previously using 880 

machine learning methods [28]. Gaussian-finite mixture modeling was used to cluster DEGs, 881 

with the best model finding five clusters (gene modules). We identified 131 differentially 882 



	

 

expressed TFs, which were set as putative regulators of the five modules. The mean expression 883 

profile for each module was computed and then constructed into an expression matrix of these 884 

values and the expression levels of the 131 TFs. Putative regulatory interactions between each 885 

TF and gene module were inferred from the expression matrix by implementing five unique 886 

network inference algorithms: ARACNE, CLR, LARS, partial correlation, and Random Forest 887 

[29-33]. ARACNE and CLR inference methods were implemented with the R package minet 888 

(version 3.40.0) with the “estimator” parameter set as “spearman” and the “eps” parameter set as 889 

0.1 for ARACNE and for CLR the “estimator” set as “pearson” [30, 31, 49]. The LARS 890 

inference method was implemented with the R package tigress (version 0.1.0) with 891 

“nstepsLARS” set at 4 [33]. The partial correlation inference method was implemented with the 892 

R package GeneNet (1.2.13) using the “dynamic” shrinkage method [29, 50]. Lastly, the 893 

Random Forest inference method was implemented with the R package GENIE3 (version 1.4.3) 894 

with all default parameters [32]. Because community-based approaches make for a more robust 895 

inference of GRNs, multiple inference methods, based on a diverse set of algorithms, were 896 

applied to predict interactions. These methods were among the top performing in the DREAM5 897 

challenge [34].  898 

 899 

Validation of inferred network interactions 900 

We used two approaches to validate the discovered putative regulatory interactions 901 

predicted by the inference methods. The first approach entailed the identification of homologous 902 

regulatory interactions in A. thaliana using a comprehensive set of published A. thaliana 903 

interactions observed with DNA affinity purification sequencing (DAP-seq) [35]. This DAP-seq 904 

dataset is composed of 2.8 million interactions between 387 TFs and 32,605 genes. For 905 



	

 

comparison of our predicted regulatory network with the A. thaliana DAP-seq data, we first 906 

expanded the TF-module interactions to TF-gene interactions. That is, each TF was set as a 907 

putative regulator of all the genes in the modules it was predicted to regulate. Homologous A. 908 

thaliana interactions for the TF-gene interactions were generated by using BLAST to identify A. 909 

thaliana homologous genes with soybean gene coding sequences. The best one-to-one BLAST 910 

hits were selected, using an E-value of 1e-5 for cut off. The resulting homologous A. thaliana 911 

interactions were then compared to the DAP-seq dataset and matching interactions identified.  912 

For the second method of network validation, we performed motif sequence analysis using 913 

Meme suite (version 5.0.4), which provides a set of tools for motif discovery, enrichment, 914 

scanning, and comparison [36]. With this approach, we identified putative TF binding sites in 915 

promoter regions (defined as the 1000 bps flanking a gene’s 5’ end) of the DEGs in each module. 916 

These binding sites (motifs) were identified using the motif discovery tool, MEME  [37]. The 917 

TomTom tool was then used to compare the discovered motif sequences to 872 A. thaliana 918 

motifs found with DAP-seq and to identify TFs that may bind to those discovered sequences [35, 919 

51]. 920 

 921 

RESULTS AND DISCUSSION 922 

In this study, we analyzed the transcriptional regulation of the R gene Rsv3, which 923 

confers ER against the most virulent SMV strains. This was accomplished by implementing 924 

machine learning inference algorithms on a GRN constructed from time course RNA-seq data 925 

from leaves of SMV-G7 inoculated resistant and susceptible soybean cultivars, L29 and 926 

Williams82, respectively. Our results suggest that an intricate regulatory network is in place 927 

modulating the Rsv3-mediated resistance response upon SMV-G7 inoculation. 928 



	

 

 929 

Fate of SMV-induced susceptibility or resistance in soybean is determined between 4 to 8 930 

hours post-inoculation  931 

To better understand the regulatory mechanism underlying Rsv3-mediated ER, we 932 

compared transcriptomic profiles of SMV-G7 inoculated leaves from L29 and Williams82 933 

cultivars at 0, 2, 4, 6 and 8 hpi. Overall, 1128 genes were differentially expressed between two 934 

cultivars, at one or more time points between 2 and 8 hpi (Table S4.1); DEGs identified at 0 hpi 935 

were excluded, as they were considered effects from differences in genetic backgrounds between 936 

the two cultivars. Distribution of the 1128 DEGs found between 2 and 8 hpi is shown in Figure 937 

4.1. The majority of transcriptomic changes occurred between 4 and 8 hpi, suggesting that the 938 

large shifts in transcriptional activity during this time frame may be critical to whether a 939 

susceptible or defense response is induced. There was a striking increase in the number of DEGs 940 

at 6 hpi (859 DEGs), accounting for more than 75% of the total number of DEGs. This was 941 

followed by a dramatic drop at 8 hpi to merely 17 DEGs. This likely implies the presence of a 942 

tightly defined regulatory system that elicits the Rsv3-mediated ER response, suggesting the 943 

Rsv3 pathway is induced very early during the infection process and that a susceptible or 944 

resistant response to SMV may be determined by 6 hpi.  945 

At 6 hpi, GO enrichment analyses revealed that the 122 DEGs highly expressed in L29 946 

were involved in cytokinin metabolism and signaling. Also highly expressed was a unique 947 

subfamily of MYB-related TFs, the RADIALIS-LIKE SANT/MYBs (RSMs). Up-regulation of 948 

six differentially expressed members of this family, specifically at 6 hpi, suggests tight temporal 949 

regulation of RSM TFs, which could be important to a process essential in ER-mediated defense. 950 

Little is known about the RSM subfamily, but one study showed involvement of RSM1 in auxin 951 



	

 

signaling [52]. No other TF family was exclusively highly expressed or had multiple members 952 

up-regulated at this time. Interestingly, more than 85% of the DEGs in this time period (4-8 hpi) 953 

were expressed at lower levels in L29 as compared to Williams82. At 6 hpi, most of the down-954 

regulated genes were those responsive to water deprivation, light absence, sucrose starvation, 955 

genes encoding stress-related proteins, such as multiple glutathione S-transferases, heat shock 956 

and LEA (late embryogenesis abundant) chaperones, and proteins related to oxidative stress and 957 

signaling, such as transporters, serine/threonine kinases, and receptor kinases. Additionally, a 958 

number of genes in the ABA signaling and the salicylic acid (SA) pathways were down-959 

regulated in L29 as well. This finding is unique in that the activation of the SA pathway and 960 

exogenous application of SA are both widely recognized as enhancing resistance to viruses [53]. 961 

Nevertheless, a few exceptions to this phenomenon have been observed; in inoculated and 962 

systemically infected leaves of soybean, SA treatment had no effect on Bean pod mottle virus 963 

(BPMV) accumulation, and in susceptible pea cultivars, activation of the SA pathway resulted in 964 

an increase of Clover yellow vein virus virulence [54, 55]. Nonetheless, it remains unclear how 965 

SA, in some cases, enhances virulence [53], suggesting that suppression of the SA pathway may 966 

be a facet of Rsv3’s mechanism for diverting SMV-G7 infection.  967 

 968 

Biological processes associated with Rsv3-mediated resistance in soybean show differential 969 

hormone responses 970 

In order to study the temporal regulation of the Rsv3-mediated ER mechanism, we 971 

performed co-expression clustering of DEGs. The 1128 DEGs found between the two cultivars at 972 

one or more time points between 2 and 8 hpi were clustered into different co-expressed modules 973 

using a model-based clustering approach, where a module is defined as a group of genes sharing 974 



	

 

similar expression profiles over time and are likely functioning in the same biological processes. 975 

Based on BIC and ICL criteria, we identified five modules that optimally explain the observed 976 

gene expression pattern; these modules consist of 85 (module-1), 198 (module-2), 383 (module-977 

3), 170 (module-4), and 292 (module-5) DEGs. The expression profile for these modules was 978 

determined by averaging the expression levels of DEGs within each module (Figure 4.2A). The 979 

expression profiles for module-1, module-4, and module-5 were similar between L29 and 980 

Williams82, whereas those for module-2 and module-3 were highly divergent between the two 981 

cultivars. This divergence in their expression pattern was noticeable between 4 and 8 hpi, with a 982 

peak at 6 hpi. For module-5, despite similar expression patterns, the magnitude of difference 983 

between L29 and Williams82 was greater in Williams82 than in L29.  984 

GO enrichment analyses of five co-expression modules showed significant enrichment of 985 

47 biological processes (shown with asterisk) and molecular functions (Figure 4.2B) (Table 986 

S4.2). The co-expression module-2 showed enrichment for several GO terms associated with 987 

ABA and auxin biosynthesis and signaling pathways (Figure 4.2B). The expression profile of 988 

this module showed a clear contrast between L29 and Williams82, with a maximum (4-fold) 989 

difference at 6 hpi, suggesting that ABA- and auxin-related processes were likely down-990 

regulated in SMV-resistant L29 soybean between 4 and 8 hpi (Figure 4.2A). [15] found that 991 

ABA-mediated callose deposition in cell walls prevents intercellular virus movement in Rsv3-992 

mediated ER in SMV-G5H inoculated L29 after 8 hpi. Callose deposition was not observed in 993 

SMV-G7 inoculated L29 (this study); however, Glyma.16152600 and Glyma.03G132700, both 994 

encoding beta-1,3-glucanases, were down-regulated at 6 hpi in L29. This is interesting as one of 995 

ABA’s defense strategies against viruses is inhibition of these proteins, which function to 996 

degrade callose [56]. The down-regulation in L29 of genes encoding callose degradation proteins 997 



	

 

provides further evidence that Rsv3 begins mounting a defense as early as 6 hpi. Additionally, 998 

[15] showed elevated expressions of ABA and ABA responsive genes in SMV-G5H inoculated 999 

L29 leaves after 8 hpi. In contrast, we observed down-regulation of ABA responsive genes in 1000 

SMV-G7 inoculated L29 leaves before 8 hpi, indicating changes in ABA signaling begin soon 1001 

after inoculation. 1002 

Co-expression module-4 showed enrichment of several GO terms associated with 1003 

jasmonic acid (JA) biosynthesis and signaling and ethylene (ET) biosynthesis (Figure 4.2B). 1004 

Module-4 expression showed similar profiles between the two cultivars but average expressions 1005 

were lower in L29 than in Williams82 at 4, 6, and 8 hpi, suggesting JA suppression may be 1006 

required for Rsv3-mediated ER (Figure 4.2A). Suppression of JA pathway in Rsv3-mediated 1007 

resistance was also reported in SMV-G5H inoculated L29 cultivar [56]. Though JA’s role in 1008 

viral defense is not well understood, [43] observed that increased JA levels in soybean enhance 1009 

susceptibility to BPMV. Interestingly, co-expression module-5 was enriched with genes 1010 

associated with biological processes such as for syncytium formation (GO:0006949), cell wall 1011 

modifications (GO:0009828, GO:0009831), cytokinin (CK) degradation (GO:0009823, 1012 

GO:0019139), and cell growth (GO:0009826). Enrichment for these processes is indicative of 1013 

virus interference with cell growth and metabolism. As for the expression profile of this module, 1014 

it fluctuated drastically from 2 hpi to 8 hpi in Williams82 compared to the subtle shifts in L29. 1015 

This may indicate greater changes in the activity of these biological processes in Williams82, 1016 

which are perhaps associated with soybean susceptibility to SMV and stages of virus replication 1017 

occurring as early as 4 hpi (Figure 4.2A).  1018 

For the enrichment in CK degradation, multiple genes encoding cytokinin 1019 

dehydrogenases were up-regulated in L29 from 2 to 6 hpi, suggesting CK levels were reduced in 1020 



	

 

L29 relative to Williams82. CKs function to promote cell proliferation and elongation, numerous 1021 

developmental processes, and are known to have a role in viral resistance [53]. In Williams82, 1022 

the large expression changes in genes involved in membrane activity, syncytium formation, cell 1023 

wall loosening, and cell growth and modification are known to be associated with early and 1024 

initial stages of the potyvirus infection process in susceptible hosts [57, 58]. In particular, 1025 

syncytium formation is a biological process in which virus-infected cells fuse together to form 1026 

enlarged multi-nucleated cells called syncytia [59]. The increase in gene products used to form 1027 

syncytia, which are not known to occur in cells of potyvirus-infected plants, may reflect the 1028 

initiation of virus replication in the susceptible host, Williams82, as it did not occur in L29. After 1029 

all, potyviruses are known to form 6K2 membrane-bound vesicles that later form tubular 1030 

structures and interact with host endoplasmic reticulum [60]. This response could have been 1031 

facilitated by heightened CK levels in Williams82. Interestingly still, CKs can act synergistically 1032 

with the SA signaling pathway, triggering its activation [53]. In fact, [61] proposed that CK 1033 

levels might aid in determining the amplitude of SA-related immunity. Perhaps in the case of 1034 

soybean Rsv3-mediated resistance, where it seems suppression of the SA pathway is required, 1035 

this suppression is achieved through reduced CK levels.  1036 

Only single biological processes such as responses to sucrose starvation and absence of 1037 

light were enriched for the co-expression module-1 and module-3, respectively, but the analyses 1038 

of these modules will not be included in this study. We also analyzed gene family enrichment 1039 

using an online tool, GenFam [47]. We found that some results are in agreement with the GO 1040 

analysis. In particular, GenFam found that “Kunitz Trypsin Inhibitor (KTI) gene family” is 1041 

enriched in module-2, whereas GO analysis showed (GO:0004866) endopeptidase inhibitor 1042 

activity is also enriched in module-2. This result from GenFam is more specific than GO 1043 



	

 

annotation because KTI is a specific type of endopeptidase inhibitor. Similarly, we also found 1044 

“Expansin gene family” is enriched in module-5, whereas GO analysis showed (GO:0009828) 1045 

plant-type cell wall loosening is also enriched in module-5. Although many factors might 1046 

regulate plant-type cell wall loosening, the results from GenFam enrichment provide a more 1047 

specific result suggesting expansin genes are the main gene family contributing to cell wall 1048 

loosening in our experiment. 1049 

 1050 

Suppression of MYC2 transcription factor expression is important for Rsv3-mediated ER  1051 

Our network inference analysis identified candidate genes regulating gene expression in 1052 

each module. Between the five network inference methods, a total of 654 interactions were 1053 

identified between TF genes and the gene co-expression modules. No interaction was predicted 1054 

by all five methods, but 56 interactions were predicted by four out of five methods (Table S4.3). 1055 

These 56 TF-module interactions were regulated by 49 TFs, indicating some TFs regulated more 1056 

than one module, and all five modules were regulated by more than one TF. Because there could 1057 

be an unknown number of false negatives (true interactions that were not supported by 1058 

expression data) and false positives (interactions supported by expression data but not found in 1059 

biological systems) in the predicted interactions, we chose to use bioinformatics approaches to 1060 

validate our computational predictions.  In the rest of this manuscript, we focused on the 1061 

predicted interactions that are supported by homologous interactions in the model species, A. 1062 

thaliana, and also analyzed the motif enrichment to compare with known motifs in A. thaliana. 1063 

When the 56 putative interactions were transformed to homologous A. thaliana 1064 

interactions, comparison to the A. thaliana DAP-seq dataset validated 1732 TF-gene interactions, 1065 

with 21 TFs and 819 genes (Table S4.4). This translates to 25 TF-module interactions found 1066 



	

 

from the network inferred 56 TF-module interactions (Table S4.5). Further validation by motif 1067 

sequence analysis discovered 20 enriched motifs in the five modules, with each module 1068 

containing enrichment of one or more motifs (Table S4.6). The identified motifs represent 1069 

putative TF binding sites from which TFs can regulate the expression of target genes in each of 1070 

the modules; this allowed us to identify TF families that may recognize and bind to the enriched 1071 

motif sequences. From the 25 TF-module interactions validated with the A. thaliana DAP-seq 1072 

data, we found nine interactions further validated by motif sequence analyses (Table 4.1). Still, 1073 

though the A. thaliana DAP-seq dataset is large, it does not represent every interaction; 1074 

therefore, we included three additional interactions from the inferred 56 TF-module interactions 1075 

that were validated by motif enrichment only. 1076 

Motif sequence analyses showed that co-expressed genes in module-5 are regulated by 1077 

NAC (NAM, ATAF1/2, and CUC), ERF (ethylene responsive factor) and/or MYB 1078 

(myeloblastosis oncogene) TFs (Table 4.1). NAC TFs are major regulators of biotic and abiotic 1079 

stress responses in plants. Several studies have shown the induction of NAC TFs upon virus 1080 

infection and their essential role in basal defense and the innate plant immune system [62, 63]. 1081 

This is consistent with the enrichment for genes associated with syncytium formation in module-1082 

5. The ERF TFs are well known to be involved in the regulation of disease resistance pathways 1083 

[64, 65]. Their expression can be altered by pathogen attack and phytohormones like JA, SA, and 1084 

ET [66]. Only one ERF TF gene (Glyma.17G145300) was found to regulate the JA responsive 1085 

genes in module-4 (Figure 4.3A) (Table 4.1). The A. thaliana homolog of this gene encodes 1086 

ERF5, which has been implicated as a regulator in the JA-mediated defense pathway [67]. The 1087 

disparate expression profiles and putative function makes Glyma.17G145300 gene an ideal 1088 

candidate for the differential regulation of JA-related processes found in module-4, which may 1089 



	

 

lead to Rsv3-mediated ER response in soybean. Some genes in module-4 were also predicted to 1090 

be regulated by a basic/helix-loop-helix (bHLH) TF (Glyma.17G090500) and a MYB TF 1091 

(Glyma.08G042100) (Table 4.1). The bHLH TF (Glyma.17G090500) showed contrasting 1092 

expression profiles between L29 and Williams82, with a two-hour lag in expression changes 1093 

observed in Williams82 (Figure 4.3A). Another MYB TF (Glyma.04G036700) was also found to 1094 

regulate genes in module-2, and its expression was significantly down-regulated in L29 at a 6 hpi 1095 

(Figure 4.3B). MYBs are known to be involved in plant defense and stress responses [65]. In 1096 

particular, MYB77, encoded by Glyma.04G036700 (the MYB regulating module-2), is 1097 

associated with stress responses and is a modulator of auxin activity, of which module-2 was 1098 

enriched with [68, 69]. 1099 

The module-2 was significantly enriched for the G-box motif (“CACGTG”), which is 1100 

specifically recognized by the bHLH TF superfamily, and our network happened to predict a 1101 

bHLH (Glyma.07G051500) regulating module-2 (Table 4.1) [70, 71]. This TF was differentially 1102 

expressed at 4 hpi with a log2 fold change of -2.30 in L29, showing it was triggered prior to the 1103 

major transcriptional shift observed at 6 hpi. Comparison of its expression pattern revealed vastly 1104 

different profiles, with a significant peak in expression in Williams82 (Figure 4.3B). This gene 1105 

was also identified as a putative resistance gene against a leaf-eating insect, the common 1106 

cutworm, and similarly, its expression levels were also significantly lower at 4 hpi in the 1107 

resistant line [72]. This suggests Glyma.07G051500’s activity is important in pathogen defense. 1108 

The A. thaliana homolog (AT1G32640) of Glyma.07G051500 encodes a MYC-related 1109 

transcriptional activator (MYC2) with a bHLH leucine zipper DNA binding domain [73].  1110 

MYC2 is reported to condition resistance to insects and regulate ABA signaling, JA-1111 

responsive pathogen defense, oxidative stress response genes, and other TFs’ expressions, as 1112 



	

 

well as negatively regulate its own expression [73-79]. Notably, MYC2 is described as a “master 1113 

switch” in modulating both positive and negative crosstalk between ABA and JA signaling [80]. 1114 

As mentioned earlier, we found enrichment for both ABA- and JA-related processes in this 1115 

study; thus MYC2, encoded by Glyma.07G051500, could be a key regulator in mediating the 1116 

modular phytohormone responses observed with Rsv3-mediated ER. Interestingly, examination 1117 

of the data from the study using avirulent SMV-G5H and virulent SMV-G7H strains on L29 [56] 1118 

revealed that the MYC2 gene Glyma.07G051500 as well as other MYC2 genes were also 1119 

exclusively expressed at low levels in L29 during Rsv3-mediated resistance. Interesting still, 1120 

these are not the only instances where suppression of MYC2 has been shown to promote 1121 

resistance. In another RNA-seq experiment using near-isogenic soybean lines to study bacterial 1122 

leaf pustule resistance, three genes encoding MYC2 TFs were expressed at low levels in the 1123 

resistant line and predicted to be important for conditioning resistance [81]. In an even more 1124 

striking genome-wide association study (GWAS) on soybean, the same MYC2 gene 1125 

(Glyma.07G051500) that was found in this study was identified as a putative resistance gene 1126 

against the common cutworm where its expression was also significantly down-regulated in the 1127 

resistant line [72]. Even in tomato, MYC2 has been shown to regulate immunity via the JA 1128 

pathway by coordinating a transcriptional cascade [82]. Taken together, these findings indicate 1129 

that MYC2 activity may be important in pathogen defense. In particular, it appears that 1130 

suppression of its activity may in some cases promote resistance, which may be a consequence of 1131 

its status as a master regulator, allowing it to efficiently suppress expression of targets exploited 1132 

by pathogens. Because, perhaps by altering a master regulator’s expression, the expression of 1133 

numerous downstream genes (some of which may be targets for pathogen exploitation) can be 1134 

altered in such a way as to condition resistance. Whatever the case, the function of MYC2 in 1135 



	

 

relation to Rsv3-mediated ER poses an interesting subject for more research, as it may be 1136 

responsible for many of the changes observed in ABA and JA signaling that are observed during 1137 

Rsv3 resistance [15, 56].  1138 

 1139 

Modular regulation of abscisic acid signaling and suppression of jasmonic acid signaling are 1140 

features of Rsv3-mediated ER 1141 

We examined the gene targets of the MYC2 (Glyma.07G051500) and MYB 1142 

(Glyma.04G036700) TFs regulating module-2. In particular, we looked at genes involved in 1143 

ABA, auxin, and defense processes (Table 4.2). All gene targets were down-regulated at 6 hpi in 1144 

L29. Among the targets were genes encoding ABA and auxin responsive element-binding factors 1145 

(ABFs, SAUR), ABI five-binding proteins (AFPs), type 2C protein phosphatases (PP2Cs), and 1146 

MYB-like TFs (RVE1s). 1147 

We also examined JA- and defense-related gene targets of the bHLH 1148 

(Glyma.17G090500), ERF (Glyma.17G145300), and MYB (Glyma.08G042100) TFs regulating 1149 

the module-4 (Table 4.3). Most genes were expressed at low levels in L29, such as those 1150 

involved in JA biosynthesis and a number of TFs; however, at 2 hpi, a few genes were up-1151 

regulated. These were Glyma.19G164600 encoding an MYB14 TF, and Glyma.12G114100 1152 

encoding an L-type lectin receptor kinase, which induces hydrogen peroxide production, cell 1153 

death, and is required for resistance to oomycetes and fungal pathogens [83, 84]. Lastly, 1154 

Glyma.11G139500 encoding another PP2C was also up-regulated in L29. This protein family 1155 

was shown to be an essential signaling component of Rsv3-mediated ER against SMV, involved 1156 

in inducing callose deposition via the ABA signaling pathway [15]. We found that differential 1157 



	

 

regulation of PP2C genes begins as early as 2 hpi, suggesting the Rsv3 resistance pathway is 1158 

elicited almost immediately after inoculation. 1159 

Between the differential regulation of several TFs and signaling molecules, such as the 1160 

ABF, AFP, PP2C, and JAZ encoding genes in modules 2 and 4, it appears a complex 1161 

transcriptional cascade is at work, finely regulating both ABA and JA signaling. 1162 

Characteristically, ABA and JA are mutually antagonistic in a defense response [74, 85]; 1163 

however, according to our results, this does not appear to be the case during the early hours of 1164 

Rsv3-mediated resistance. Between 0 and 8 hpi, ABA- and JA-related genes were largely down-1165 

regulated in L29, indicating a signaling scheme divergent from the typical antagonistic 1166 

relationship between ABA and JA. The purpose of this interaction is not clear, but certain 1167 

components of their signaling pathways, such as ABFs in the ABA pathway, may be targets for 1168 

viral exploitation and would thus require suppression in order to condition SMV resistance. For 1169 

example, high ABF1 expression was observed during Sonchus yellow net virus and Impatiens 1170 

necrotic spot virus infection [86]; thus ABF suppression may also be important for escaping 1171 

SMV infection. However, it seems some aspects of the ABA pathway must remain functional, as 1172 

ABA accumulation was observed in Rsv3-mediated ER at 8 hpi and later [15]. This suggests the 1173 

ABA signaling pathway may be modular in L29, with it first being silenced during the early 1174 

hours post-inoculation (2-8 hpi) and then later re-activated (8 hpi). Evading viral exploitation 1175 

may be the case for the JA pathway as well, as genes functioning in this pathway were mostly 1176 

suppressed (4-8 hpi) in L29. This suppression was also observed in another Rsv3 RNA-seq study 1177 

at times even later than 8 hpi [56]. Even more, JA biosynthesis has been shown to increase 1178 

susceptibility to some viruses in soybean [55]. Consequently, and unlike the modular regulation 1179 

pattern found with the ABA pathway, it may be critical for the JA pathway to remain suppressed 1180 



	

 

in order for Rsv3-mediated resistance to be conferred; such a condition would be worthwhile to 1181 

investigate. Regardless, it appears that a finely regulated phytohormone network conditions 1182 

Rsv3-mediated resistance via suppression of the JA pathway and modular regulation of the ABA 1183 

signaling pathway. This carefully orchestrated network may help explain how Rsv3-mediated ER 1184 

is able to swiftly coordinate a defense against SMV. 1185 

 1186 

CONCLUSION 1187 

In conclusion, we compared the transcriptomic response of two soybean varieties 1188 

exhibiting susceptible and resistant phenotype to SMV-G7 strain and constructed gene regulatory 1189 

networks to identify key genes and transcription factors that regulate the Rsv3-mediated ER 1190 

mechanism in soybean. Our findings suggest that the Rsv3-mediated ER response is initiated 1191 

early after inoculation once the fate of susceptibility or resistance to SMV is determined. The 1192 

Rsv3-mediated ER response appears to largely involve differential regulation of various 1193 

phytohormone pathways, suggesting phytohormone signaling to be fundamental in Rsv3-1194 

mediated resistance. In particular, early suppression of SA, CK, ABA, and JA pathways and the 1195 

interplay of ABA and JA pathways may be essential. Different TFs, MYC2 in particular, were 1196 

found to regulate these signaling events possibly via down-regulation of numerous genes to 1197 

evade viral exploitation in the SMV-resistant cultivar L29 (Rsv3-genotype). While 1198 

experimentation is needed for further confirmation, our analyses predict potential candidate 1199 

genes for hypothesis-driven experiments. Overall, this study offers new insights into the unique 1200 

and intricate regulation of the Rsv3-mediated ER response to Soybean mosaic virus.  1201 
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1473 
Figure 4.1. Number of differentially expressed genes between soybean cultivars L29 and 1474 
Williams82 at 2, 4, 6, and 8 hours post inoculation with Soybean mosaic virus strain G7. 1475 
DEGs were defined as those with FDR adjusted p-value < 0.05, log2 fold change >|1.0|, and base 1476 
mean >10. High expression or low expression in L29 means the expression of DEG was either 1477 
higher or lower in L29 as compared to Williams82, respectively. A total of 1128 DEGs were 1478 
identified between L29 and Williams82 at 2, 4, 6 and 8 hpi. DEGs at 0 hpi were minimal and 1479 
excluded, being considered effects of differences in genetic backgrounds of the two cultivars and 1480 
not infection responses. 1481 
 1482 

 1483 
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 1485 

 1486 

 1487 

 1488 



	

 

 1489 
Figure 4.2. Co-expression gene modules and their biological functions. A module is defined 1490 
as a group of genes sharing similar expression profiles over time and likely involved in the same 1491 
biological processes. The expression profile for these modules was determined by averaging the 1492 
expression levels of DEGs within each module. (A) Mean module expression profiles of L29 and 1493 
Williams82 over time. Normalized expressions of DEGs were used for clustering with Gaussian-1494 
finite mixture modeling. (B) Heatmap of GO functional enrichment analyses. Columns represent 1495 
module groups. Rows represent hierarchical clustering of enriched GO categories; those with an 1496 
asterisk indicate a biological process, while all others are molecular functions. Color represents –1497 
log10 adjusted p-value. 1498 
 1499 
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Table 4.1. A. thaliana and motif validated interactions.  1505 

TF Name TF 
Family 

Target 
Module 

A. thaliana 
Homolog 

MEME Motif 
Enrichment 

E-value 
MEME Motif DAP-seq Motif 

DAP-seq 
Motif 

Similarity          
p-value 

Glyma.07G060400 bZIP 1 AT2G46270 2.00E-20 
  

3.59E-04 

Glyma.04G036700 MYB 2 AT3G50060 2.40E-19 
  

8.16E-04 

Glyma.07G051500* MYC2 
(bHLH) 2 AT1G32640 9.30E-24 

  
5.58E-05 

Glyma.06G092000* bHLH 3 AT5G65640 6.20E-05 
  

7.62E-05 

Glyma.17G090500* bHLH 4 AT4G20970 2.30E-04 
  

2.22E-04 

Glyma.17G145300 ERF 4 AT5G47230 1.60E-02 
  

1.78E-06 

Glyma.08G042100 MYB 4 AT1G25340 1.00E-18 
  

1.90E-05 

Glyma.02G080200  
Glyma.08G216600 
Glyma.05G234600 
Glyma.08G042100 

ERF                
ERF            
MYB            
MYB 

5 

AT2G33710 
AT5G25190 
AT1G25340 
AT1G25340 

2.10E-11 
 

 

2.89E-04 
4.24E-03 

Glyma.18G301500 NAC 5 AT5G13180 1.20E-33 
  

5.01E-06 

Shown are putative TF-module interactions with their validation results from motif sequence 1506 
analyses. MEME results show enriched motifs found in each module using promoter sequences 1507 
of genes belonging to module. A. thaliana DAP-seq data was used to find motifs with high 1508 
similarity to MEME motifs, which enabled identification of TFs that putatively recognize and 1509 
bind the enriched MEME motifs discovered in each module. 1510 
*TFs with asterisks were validated by motif sequence analyses only. 1511 
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 1517 
Figure 4.3. Comparison of normalized gene expression profiles of validated TFs in L29 and 1518 
Williams82. (A) TFs predicted to regulate module-4. (B) TFs predicted to regulate module-2. 1519 
 1520 

 1521 

 1522 



	

 

Table 4.2. TF target genes in module-2 related to ABA and auxin processes and defense 1523 
responses.  1524 

Target Gene A. thaliana 
Homolog Regulator TF L29 Log2 Fold 

Change at 6hpi Gene Symbol Description 

Glyma.07G074400 AT3G61220 MYB -2.34 SDR1 (+)-neomenthol dehydrogenase 

Glyma.09G218600 AT4G19230 MYB -2.22 CYP707A1 Abscisic acid 8'-hydroxylase 1 

Glyma.02G131700 AT1G49720 MYB, MYC2 -1.11 ABF1 Abscisic acid responsive element-binding 
factor 1 

Glyma.06G040400 AT1G45249 MYB -1.43 ABF2, AREB1 Abscisic acid responsive elements-binding 
factor 2 

Glyma.15G105100 AT5G19140 MYB -1.04 AILP1, 
ATAILP1 

Aluminum induced protein with YGL and 
LRDR motifs 

Glyma.09G005700 AT1G62300 MYB, MYC2 -1.56 - At1g62300 protein (Fragment) 

Glyma.09G219300 AT5G18050 MYB -2.23 SAUR22 Auxin-responsive protein 

Glyma.04G061500 AT5G25110 MYB, MYC2 -1.39 
CIPK25, 
PKS25, 

SnRK3.25 

CBL-interacting serine/threonine-protein 
kinase 25 

Glyma.06G062100 AT5G25110 MYB -1.97 
CIPK25, 
PKS25, 

SnRK3.25 

CBL-interacting serine/threonine-protein 
kinase 25 

Glyma.20G241700 AT3G55120 MYB -1.50 CHI1, CFI, 
TT5 Chalcone--flavonone isomerase 1 

Glyma.16G194600 AT3G05200 MYB -1.80 ATL6 E3 ubiquitin-protein ligase 

Glyma.09G140700 AT3G05200 MYB -1.72 ATL6 E3 ubiquitin-protein ligase  

Glyma.07G060400 AT2G46270 MYB, MYC2 -1.56 GBF3 G-box binding factor 3 

Glyma.12G117700 AT2G20570 MYB, MYC2 -1.11 GPRI1, GLK1 GBF's pro-rich region-interacting factor 1 

Glyma.02G241000 AT5G17300 MYB, MYC2 -2.11 RVE1 Homeodomain-like superfamily protein 

Glyma.13G152300 AT5G17300 MYB -1.69 RVE1 Homeodomain-like superfamily protein 

Glyma.14G210600 AT5G17300 MYB, MYC2 -1.78 RVE1 Homeodomain-like superfamily protein 

Glyma.06G319600 AT1G33590 MYB, MYC2 -2.59 - Leucine-rich repeat (LRR) family protein 

Glyma.13G253300 AT1G09970 MYB -1.39 - Leucine-rich repeat receptor-like kinase 

Glyma.20G054000 AT3G45140 MYB, MYC2 -1.11 LOX2 Lipoxygenase 2 

Glyma.02G272700 AT5G20990 MYB -1.08 - Molybdopterin biosynthesis CNX1 protein 

Glyma.01G060300 AT1G13740 MYB, MYC2 -2.12 AFP2 Ninja-family protein AFP2 (ABI five-
binding protein 2) 

Glyma.02G118500 AT1G13740 MYB, MYC2 -1.91 AFP2 Ninja-family protein AFP2 (ABI five-
binding protein 2) 

Glyma.18G267200 AT1G13740 MYB, MYC2 -1.60 AFP2 Ninja-family protein AFP2 (ABI five-
binding protein 2) 

Glyma.04G014000 AT3G18830 MYB -1.62 PLT5 Polyol transporter 5 

Glyma.13G076700 AT3G20770 MYB -1.34 EIN3 Protein ETHYLENE INSENSITIVE 3 

Glyma.20G051500 AT3G20770 MYB -1.02 EIN3 Protein ETHYLENE INSENSITIVE 3 

Glyma.19G069200 AT1G07430 MYB -1.55 AIP1 Protein phosphatase 2C 3 

Glyma.08G033800 AT4G26080 MYB -1.09 ABI1 Protein phosphatase 2C 56  

Glyma.02G086100 AT1G14790 MYB -1.87 RDR1, RDRP1 RNA-dependent RNA polymerase 1 



	

 

Shown are target genes, the TFs putatively regulating them, log2 fold change of target genes, and 1525 
target genes' functions based on A. thaliana homologs. 1526 
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Table 4.3. TF target genes in module-4 related to JA processes and defense responses.  1549 
Target Gene A. thaliana 

Homolog Regulator TF L29 Log2 Fold 
Change hpi Gene Symbol Description 

Glyma.13G361900 AT1G15520 ERF -1.05 4 ABCG40, 
PDR12, PDR9 

ABC transporter G family 
member 40 

Glyma.01G153300 AT4G19230 bHLH, ERF, 
MYB -1.19 4 CYP707A1 Abscisic acid 8'-hydroxylase 1 

Glyma.19G044900 AT3G25780 bHLH, ERF, 
MYB -1.11 4 AOC3 Allene oxide cyclase 3 

Glyma.17G007600 AT4G17230 bHLH -1.72 4 - AT4G17230 protein (Fragment) 

Glyma.05G082400 AT5G66900 MYB -2.43 6 MUD21.16 Disease resistance protein (CC-
NBS-LRR class) family 

Glyma.02G132500 AT4G34410 bHLH, MYB -1.45 4 ERF109 Ethylene-responsive transcription 
factor 109 

Glyma.15G078600 AT1G28480 bHLH, ERF -1.08 4 
GRXC9, 
GRX480, 
ROXY19 

Glutaredoxin-C9 

Glyma.11G038600 AT1G19180 MYB -2.61 4 JAZ1 Jasmonate-zim-domain protein 1 

Glyma.15G179600 AT1G19180 MYB -1.69 4 JAZ1 Jasmonate-zim-domain protein 1 

Glyma.12G114100 AT4G28350 bHLH, MYB 1.78 2 LECRK72, 
LECRKD 

L-type lectin-domain containing 
receptor kinase 

Glyma.13G030300 AT3G45140 bHLH, MYB -1.68 6 LOX2 Lipoxygenase 2 

Glyma.07G039900 AT1G17420 MYB -1.13 4 LOX3 Lipoxygenase 3 

Glyma.04G226700 AT4G35580 bHLH -1.05 2 NTL9, CBNAC NAC transcription factor-like 9 

Glyma.06G138100 AT4G35580 bHLH -1.01 2 NTL9, CBNAC NAC transcription factor-like 9 

Glyma.11G228100 AT2G40000 MYB, ERF -1.19 6 HSPRO2 Nematode resistance protein-like 

Glyma.11G139500 AT1G07630 bHLH, ERF, 
MYB 1.13 2 PLL5 Protein phosphatase 2C 4 

Glyma.01G204400 AT1G74950 bHLH, ERF, 
MYB -2.30 4 TIFY10B, JAZ2 Protein TIFY 10B 

Glyma.09G145600 AT1G47890 MYB -2.46 4 RLP7 Receptor-like protein 7 

Glyma.07G189300 AT4G21440 bHLH, MYB -1.62 4 MYB102 Transcription factor MYB102 

Glyma.19G164600 AT2G31180 bHLH, MYB 2.57 2 MYB14 Transcription factor MYB14 

Glyma.01G128100 AT2G38470 ERF -2.49 4 WRKY33 WRKY transcription factor 33 

Shown are target genes, the TFs putatively regulating them, log2 fold change of target genes, and 1550 
target genes' functions based on A. thaliana homologs. 1551 
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CHAPTER 5 1561 

CONCLUSION 1562 

 1563 

 1564 

 1565 

RESEARCH SUMMARY 1566 

The research conducted for this dissertation was toward understanding the transcriptional 1567 

regulation and metabolic events underlying two economically important agronomic traits in 1568 

soybean: seed phytic acid content and Soybean mosaic virus (SMV) resistance. This was 1569 

achieved through functional genomics approaches such as transcriptomics and metabolomics.  1570 

The primary focus of this dissertation is on the characterization of low phytic acid 1571 

soybeans. Phytic acid, an abundant compound found in seeds, is a chelator of phosphorus and 1572 

other essential minerals. Accordingly, soybean seed phytic acid is recognized as an antinutrient, 1573 

causing nutrient deficiencies in humans and monogastric livestock and leading to an 1574 

accumulation of undigested waste that contributes to phosphorus pollution. The development of 1575 

low phytic acid soybeans offers a solution to these problems, as they have enhanced nutritional 1576 

value and reduced environmental impact. Nonetheless, the low phytic acid phenotype is 1577 

associated with poor seed performance and low seed germination, making these soybeans 1578 

undesirable for commercial use. Thus, to capitalize on the advantages afforded by low phytic 1579 

acid soybeans, it is necessary to understand the genetic and molecular basis of seed phytic acid 1580 



	

 

content in relation to seed performance. The research in this dissertation addresses the issue at 1581 

hand by applying functional genomics approaches, specifically transcriptomics and 1582 

metabolomics. Transcriptome profiling was used to investigate the effects of low phytic acid 1583 

causing mutations on the regulation of seed germination (Chapter 2), and metabolome profiling 1584 

was implemented to discern metabolic changes in seeds resulting from these mutations (Chapter 1585 

3).  1586 

The transcriptomics study in Chapter 2 consisted of comparative time series analyses of 1587 

eight soybean lines from three distinct genotypic classes, each of which contained at least one 1588 

normal phytic acid soybean line and a unique low phytic acid line. This experimental design 1589 

enabled the reconstruction of gene regulatory networks (GRN) for each genotypic class, which 1590 

permitted the examination of transcriptional regulation in germinating low phytic acid soybeans. 1591 

During the course of this study, differentially expressed genes were identified between low and 1592 

normal phytic acid soybeans from each genotypic class at three stages of seed germination. 1593 

Among the differentially expressed genes, several significantly enriched biological processes 1594 

were discovered; many of which are associated with the phytic acid pathway and could 1595 

potentially impact germination. A few such processes include phosphate ion homeostasis, myo-1596 

inositol metabolism, numerous stress associated responses, and ABA signaling. The 1597 

transcriptional regulation of these processes as well as others was explored by computational 1598 

inference of GRNs reverse-engineered from the times series transcriptomic data of soybean lines 1599 

from the three genotypic classes. This allowed for the identification of putative regulatory 1600 

interactions between transcription factor (TF) genes and target genes in significantly affected 1601 

biological processes. Such findings provide new information on the molecular mechanisms 1602 

upsetting the regulation of germination and emergence of low phytic acid soybeans. 1603 



	

 

The metabolomics study in Chapter 3 specifically focused on the seed lipidomes of low 1604 

and normal phytic acid soybeans. The effects of low phytic acid causing mutations on seed lipid 1605 

metabolism were examined using four soybean lines from two distinct genotypic classes with 1606 

differing low phytic acid causing mutations. Untargeted lipidomic profiling using liquid 1607 

chromatography-mass spectrometry was used to compare the lipidomes of low and normal phytic 1608 

acid soybean seeds from both genotypic classes. Profiling analyses revealed that the low phytic 1609 

acid causing mutations do affect lipid metabolism, with changes being found in ceramide, 1610 

glucose-sitosterol, phosphatidic acid, phosphatidylethanolamine, and peroxidized 1611 

triacylglyceride contents. These changes are notable because several are indicative of 1612 

irregularities in the cell membrane and regulation of programmed cell death. This was supported 1613 

by the observation that low phytic acid soybean seeds release significantly more electrolytes than 1614 

their normal phytic acid sibling lines. Elevated electrolyte leakage is an indicator of impaired cell 1615 

membranes and poor seed vigor. Examination of the protein and metabolite exudates revealed 1616 

that they too possessed considerable differences between the low and normal phytic acid 1617 

genotypes. To establish the significance of these changes will require further work, but together, 1618 

the results from this study provide new hypotheses on the mechanisms of low emergence in low 1619 

phytic acid soybeans.  1620 

The final focus of this dissertation (Chapter 4) is on the characterization of the Rsv3-1621 

mediated extreme resistance (ER) response against SMV. The Rsv3 locus, which has been 1622 

mapped and the resistance gene identified (Glyma.14G38533), confers a unique and rare form of 1623 

resistance – ER. With ER, pathogen replication and spread are rapidly inhibited, yielding an 1624 

asymptomatic response. However, little is known on the molecular dynamics behind this type of 1625 

resistance. Thus, to establish the transcriptional regulatory mechanisms underlying Rsv3-1626 



	

 

mediated ER, a comparative transcriptomic time series study was performed on SMV-G7-1627 

inoculated soybean cultivars ‘L29’ (Rsv3-genotype, resistant) and ‘Williams82’ (rsv3-genoype, 1628 

susceptible), and a GRN was built to identify putative regulatory interactions. Results indicate 1629 

that the Rsv3 defense response is induced as early as 6 hours post-inoculation with many of the 1630 

transcriptional changes being down-regulation in phytohormone-related genes. This suggests a 1631 

differentially regulated phytohormone network to be a key feature of Rsv3-mediated ER. Perhaps 1632 

one of the primary regulators found by GRN inference as being potentially responsible for these 1633 

changes is Glyma.07G051500 encoding an MYC2 TF. MYC2 is widely recognized as a master 1634 

regulator of ABA and JA signaling, both of which have observed roles in the Rsv3 defense 1635 

response. Accordingly, MYC2-mediated regulation may be important in ABA- and JA-derived 1636 

defense signaling in Rsv3-mediated ER. Although functional validation of this is needed, the 1637 

GRN analysis provides promising candidate genes functioning in biological processes 1638 

demonstrated to have a role in inducing Rsv3-mediated ER. 1639 

 1640 

FUTURE DIRECTIONS 1641 

Follow up experiments suggested for phytic acid project 1642 

In the transcriptomics study (Chapter 2), expression changes were found in ABA-related 1643 

genes for each low phytic acid soybean line used. This study, as well as others, suggest ABA 1644 

content and signaling is altered in low phytic acid soybean seeds, with increased ABA content 1645 

inhibiting their germination. To determine if this is the case, LC-MS could be used to measure 1646 

and compare ABA content in low and normal phytic acid soybean seeds. If ABA levels are in 1647 

fact altered in low phytic acid soybeans, a gibberellic acid treatment could be applied to the low 1648 

phytic acid seeds in order to test whether the effect of ABA can be antagonized and improve 1649 

germination.  1650 



	

 

In the metabolomics study (Chapter 3), the elevated electrolyte leakage found in the low 1651 

phytic acid soybean seeds suggests these seeds could have impaired cell membranes and 1652 

increased cell death. These hypotheses are also supported by the findings that low phytic acid 1653 

seeds have altered glucose-sitosterol, phosphatidylethanolamine, ceramine, and phosphatidic 1654 

acid contents. To test for impaired membranes, high-resolution microscopy could be used to 1655 

examine and compare ultrastructural features of low and normal phytic acid soybean seeds. In 1656 

particular, transmission electron microscopy (TEM) could be implemented, as it is powerful 1657 

enough to elucidate fine structural details at the nanoscale level and can be used to provide 1658 

topochemical information as well. Thus, such a study could reveal anomalies in cellular 1659 

architecture that may be affecting cell functionality in low phytic acid soybean seeds. As for the 1660 

altered regulation of cell death in low phytic acid soybeans, this could be evaluated by 1661 

performing a tetrazolium test. This test would allow for the comparison of living versus dead 1662 

tissue in low and normal phytic acid seeds and would provide another measure of seed viability. 1663 

 1664 

Follow up experiments suggested for Rsv3 project 1665 

In the study focused on characterizing Rsv3-mediated ER against SMV (Chapter 4), 1666 

putative regulatory interactions were inferred between TFs and their target genes by GRN 1667 

analysis. Some of the interactions that were detected could have key roles in regulating the Rsv3 1668 

response. These interactions were validated computationally but should be validated 1669 

experimentally as well for verification. Experimental validation could be accomplished by using 1670 

biochemical assays such as ChIP-seq to identify direct targets of the TFs of interest. Additional 1671 

experiments that could be performed are genetic assays, where a known TF is silenced or 1672 

overexpressed. This would be particularly interesting to do for functional validation of 1673 



	

 

Glyma.07G051500 encoding MYC2. The suppression of this gene in this study as well as others 1674 

suggest its suppression may be important for Rsv3-mediated ER given that it is a primary 1675 

regulator of ABA and JA signaling, both of which are significantly altered during the Rsv3 1676 

response. To test this, two experiments could be performed: (1) overexpression of the gene in a 1677 

resistant soybean line followed by observation of the response upon virus inoculation, and (2) 1678 

silencing of the gene in a susceptible line and again observing the response upon virus 1679 

inoculation. If MYC2 suppression is required for Rsv3-mediated ER, then the first experiment 1680 

would result in a susceptible response, and the second experiment would result in a resistant 1681 

response.  1682 
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