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Abstract 

As two different organisms interact in a symbiotic nature and evolve over time, 

underlying genetic changes begin to reflect this. These changes are reflected as genomic 

complexities within the genome of each species, and further segregates within individuals of 

those species. In my work, I have studied three facets of understanding the genomic complexities 

of symbiotic organisms. i) I developed the omics database generator (ODG) which allows 

characterization of multiple genomes simultaneously while connecting new data to existing, 

published research. As more genomes are sequenced the ability to compare these genomes to 

existing datasets will require more advanced genomic tools. ii) I have studied copy-number 

variation and presence-absence variation in M. truncatula to identify genes involved in the 

legume-rhizobial symbiosis, resulting in the identification of a likely causative locus and 

exploring the copy-number variation within the association mapping population using a high-

throughput method using second-generation sequencing data. iii) I have further investigated the 

dynamics of repeats in a population of Ensifer meliloti to understand how the genomes are being 

shaped and evolving, as well as the characteristics of repeats unique to the E. meliloti lineage and 

those shared with other species, and understanding the relationships between these repeats and the 

underlying genomes. My work has expanded on methods of examining genomic complexities 

underlying complex, quantitative host-symbiont interactions at a genomic scale. 
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Introduction 

Genomic Complexities Underlying the Legume-Rhizobia Symbiosis 

Legume-Rhizobial Symbioses  

Symbioses involving plants are important because they provide direct benefits for 

agriculture, ecological restoration, and can provide insights for adapting agriculture and natural 

ecosystems to rapidly changing environments (Cardoso, Freitas, & Figueira, 2015; Lau, Lennon, 

& Heath, 2017; Pérez-Fernández, Calvo-Magro, & Valentine, 2016; Requena, Perez-Solis, 

Azcón-Aguilar, Jeffries, & Barea, 2001). Symbionts have been known to provide: salt tolerance, 

drought tolerance, water stress, heat tolerance, and more (Cardoso et al., 2015; Chitarra et al., 

2016; Rodriguez et al., 2008; Ruiz-Lozano, Azcon, & Gomez, 1995; Tejera, Soussi, & Lluch, 

2006). In modern agroecosystems, nitrogen is often the limiting factor for yields. Many legumes 

are able to form nodules in conjunction with bacteria, commonly known as rhizobia. The rhizobia 

exchange atmospheric nitrogen, which they convert into a plant-usable form in a process known 

as fixing, with the plant, in exchange for carbon. Nodules are specialized root hairs which hold 

the bacteria and facilitate the exchange of molecules. 

Plants and rhizobia both exert influence on this symbiosis. Some plants will not form 

nodules if they have sufficient nitrogen. Before nodules form, many plants signal that they are 

prepared to form nodules and attract rhizobia (Bais, Weir, Perry, Gilroy, & Vivanco, 2006; 

Huang et al., 2014; Oldroyd, 2013). Rhizobia often compete in the rhizosphere to form nodules 

(Moyano, Marco, Knopoff, Torres, & Turner, 2017). Plants have multiple mechanisms to select 

which rhizobial partners they will form and maintain symbioses with, including antimicrobial 

gene families, changing ploidy of bacteria, changing the morphology of bacteria, reactive oxygen 

signaling, soil exudates, host "sanctions," the plant immune system, and others (Damiani, Pauly, 

Puppo, Brouquisse, & Boscari, 2016; Gourion, Berrabah, Ratet, & Stacey, 2015; Huang et al., 
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2014; Maróti, Downie, & Kondorosi, 2015; Miri, Janakirama, Held, Ross, & Szczyglowski, 

2016; Pahua et al., 2018; Van de Velde et al., 2010a). Some bacteria are "cheaters" getting more 

carbon while providing less nitrogen than other partners (Pahua et al., 2018). This reduces the 

fitness of the plant while bolstering that of the bacteria. This symbiosis is found in important crop 

plants, specifically Soybean, Alfalfa, Pea, amongst others. Investigating the nature of this 

symbiosis and detangling the multitude of interactions is important to understanding and 

improving agriculture output and possibly remediating ecosystems. 

Genomic Complexities Arising from the Nature of this Mutualism 

The complex, multifaceted, interacting nature of this mutualism requires many steps and 

many genes interacting. The ever-changing complex negotiations between host and symbiont 

place a unique selective pressure on both genomes. This negotiation mimics the well-known 

analogy of the "evolutionary arms race" between pathogen and host (J. D. G. Jones & Dangl, 

2006), with multiple genes on both sides working to gain an advantage. The re-use and adaptation 

of existing pathways as source material further complicates studies looking at entire genomes. 

Infection threads, a precursor to nodules, share genes similar to those involved in pollen tube 

regulation (Szczyglowski & Amyot, 2003). The defense pathway also plays an important role in 

the legume-rhizobia symbiosis. Plants detect both pathogens and potential symbionts by related, 

immune response genes (Szczyglowski & Amyot, 2003; Zhao & Qi, 2008). Nodulation 

suppresses the plant immune system in infected cells (Gourion et al., 2015). Many genes have 

dual functions in both immune response and symbiosis, and symbiosis recruits the flavanoid 

pathway to perform crosstalk (Rey & Jacquet, 2018). A pathway required for fungal symbiosis, 

which forms arbuscules, is shared with legume-rhizobial symbiosis (Genre & Russo, 2016; 

Ivanov et al., 2012). Expression patterns have revealed that many regulators of rhizobial-

symbiosis are also involved in response to other factors, including abiotic and biotic stresses 

(Moreau et al., 2011). Calcium spiking, a signaling event in the initiation of legume-rhizobial 
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symbiosis, is at least partially controlled by the mevalonate pathway, a pathway typically 

involved in the synthesis of isoprenoids (Venkateshwaran et al., 2015; Wais et al., 2000). Aside 

from gene function innovation, genomes adapt with single nucleotide polymorphisms, which can 

alter the active site of a protein or change gene expression patterns. Genomes can also adapt with 

structural variations, such as duplication or deletion of genomic regions. These regions may 

themselves contain genes or alter expression patterns. 

Genomic duplications can be whole genome duplications, which have contributed to the 

evolution of nodulation in many legumes (Cannon et al., 2010, 2015). Whole-genome 

duplications (WGD) results in polyploidy, providing a large source of genetic material which can 

neofunctionalize or subfunctionalize (Jiao et al., 2011). WGD events are followed by rapid gene 

loss, as deleterious duplications are quickly purged from a population. It follows that genomes 

may eventually revert to diploids after new chromosomes have been eliminated or diverged 

enough to no longer be considered homologous. WGDs are suspected to be both rare events and 

ancient (Jiao et al., 2011). WGD have been recorded for many plant species. However, genome 

duplication events are often smaller than whole genomes. Gene duplications reduce selective 

pressure and allow both genes to evolve towards new functions, or can be selected against and 

purged.  Understanding the underlying genomic differences, and the patterns of those differences, 

in a large population expressing variation in phenotypic traits allows one to begin to hone in on 

the potential causes of those trait variations. The legume-rhizobia symbiosis is a complex, 

quantitative trait controlled by multiple genes involving a minimum of two genomes interacting 

and exerting influence. 

Gene Families 

Gene families are groups of genes with high similarity, often sharing common peptide 

domains or motifs. Gene families result from duplication events and often diverge in 

functionality.  One of the most well-known gene families in plants is the nucleotide-binding site 
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leucine-rich repeat (NBS-LRR) family, involved in plant immune response (McHale, Tan, Koehl, 

& Michelmore, 2006a). They consist of both the NBS and LRR domains but are commonly 

associated with other domains which themselves become sub-families. Duplication, followed by 

divergence and sometimes rearrangement of these domains allows plants to adapt to different 

pathogens (McDowell & Meyers, 2013; McHale et al., 2006a; Richly, Kurth, & Leister, 2002). 

Gene families also play a role in mutualisms. For example, the phosphate transporter 1 gene 

family regulates arbuscular mycorrhizal symbiosis in Rice and Populus trichocarpa (Nica Loth-

Pereda et al., n.d.; Yang et al., 2012). It follows that the demands of symbioses might recruit 

entire gene families. A novel gene family, the LEED..PEEDs have been identified only in the 

plant Medicago truncatula and expressed solely in nodules (Trujillo, Silverstein, & Young, 

2014). A larger gene family, the nodule cysteine-rich peptides (NCRs) have been identified in M. 

truncatula (Maróti et al., 2015; Silverstein, Graham, & VandenBosch, 2006; Van de Velde et al., 

2010a; Young et al., 2011a) and are expressed almost exclusively in root nodules (Guefrachi et 

al., 2014; Nallu et al., 2013). Despite being a large family, NCRs are not necessarily redundant 

(Horváth et al., 2015). NCRs have roles ranging from antimicrobial to bacteroid differentiation 

(Van de Velde et al., 2010a). NCRs are discussed further later in this chapter. In rhizobia, 

mutations in a member of the vap gene family have been associated with increased nitrogen 

fixation efficiency (Oláh et al., 2001). It is likely there are other gene families, especially on the 

symbiont side, that are important in symbiosis.  

Genomic Variations 

Single-nucleotide Polymorphisms 

Surveying these complexities have different levels of challenges. SNPs are currently relatively 

easy to assay, especially with a reference genome. Short-read sequencing, also known as second-

generation sequencing, generates short segments of genetic sequence reads of up to 300 base 
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pairs (bp) which can be aligned to a reference genome or assembled into a de novo genome. 

These sequences are typically randomly obtained from the genome, a process affectionately 

known as "shotgun sequencing," although specific targeting amplification methods now exist. 

These reads are then compared against the reference and SNPs and small insertions and deletions 

(indels) of the sequence can be identified. This method is fast, high-throughput, and can be 

applied to large populations. As sequencing technologies have improved longer and more 

accurate reads have become available and costs have decreased. With the reduction of costs, it is 

possible to more deeply sequence genomes, resulting in better and longer segments accurately 

representing genomes. However, due to its nature, second-generation sequencing often results in 

data that struggles at regions of genomic repeats during the mapping or assembly steps. The 

sequencing process may also introduce biases, such as preferential sequencing of GC-rich 

regions; although recent advancements have improved this (Aird et al., 2011; Benjamini & Speed, 

2012). SNPs are well-studied in symbioses and have led to the discovery of novel genes 

associated with the nodulation trait (Curtin et al., 2017; Kamfwa, Cichy, & Kelly, 2015; Lee et 

al., 2015; Lehnert, Serfling, Enders, Friedt, & Ordon, 2017; Stanton-Geddes, Paape, et al., 2013; 

Stanton-Geddes, Yoder, Briskine, Young, & Tiffin, 2013). 

Structural Variants 

Structural variants larger than small indels are more difficult to detect with short-read 

sequencing. Structural variants include inversions, translocation, gene duplications, and gene 

deletions. Inversions occur when genetic sequence inverts direction. Translocations occur when 

sequence moves from one genomic location to another. Gene duplications and deletions can result 

in copy-number variation (CNV) and presence-absence variation (PAV). Within populations, it is 

important to differentiate between core and pan-genomes. The core genome of a population is the 

set of genes present in all members of a population, and these are assumed to be essential genes. 

The pan-genome of a population are those genes found within the population, but not present in 
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each member of the population. It should be noted that the core genome may be a misnomer, as 

core genes may be dispensable, and genes found within the pan-genome may be essential but 

complementary with each other. Nevertheless, both are useful metrics when dealing with 

genomics of populations. Alignment of short-reads to a reference genome makes detecting 

inversions and translocations difficult, as these reads could be errors and may be discarded or 

only partially mapped. Reads of multi-copy sequences often collapse to a single homologous 

copy in a reference genome. Gene deletions are difficult to discern from the random-chance of 

getting zero reads at that region, although with deeper sequencing this becomes unlikely. Longer-

read sequencing, such as 3rd generation sequencing, presents a partial solution to this problem by 

generating very long reads, averaging at 15 kbp, allowing the detection of SNPs, small indels, 

larger indels, and an ability to read through tandem repeats. This type of sequencing is often cost-

prohibitive, especially at the population scales necessary to perform association studies and 

generate inferences about population genomics. However, research on structural variants in 

mutualisms and symbioses are proceeding  (Nelson, Guhlin, Epstein, Tiffin, & Sadowsky, 2018; 

P. Zhou et al., 2017). 

Horizontal Gene Transfer 

Another factor affecting partner genomes is horizontal gene transfer (HGT). Some 

organisms can exchange genetic material laterally, i.e. non-sexually.  Bacteria are especially good 

at this (Hall, Brockhurst, & Harrison, 2017; McInerney, McNally, & O’Connell, 2017; Soucy, 

Huang, & Gogarten, 2015; Thomas & Nielsen, 2005; von Wintersdorff et al., 2016). Genes 

transferred may be in the form of individual genes or gene complexes, or entire plasmids. Much 

of the bacteria pangenome often comes from HGT (Treangen & Rocha, 2011). In fact, entire 

pathways can be obtained from HGT (Hehemann et al., 2016). HGT is responsible for the ability 

of some bacteria to form symbioses (Finan, 2002; Moulin, Béna, Boivin-Masson, & Stępkowski, 

2004; Sullivan, Patrick, Lowther, Scott, & Ronson, 1995). 
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Study Organisms 

Ensifer-Medicago 

The legume-rhizobial symbiosis formed between Ensifer meliloti and Medicago 

truncatula is one of the most studied symbioses. E. meliloti, a rhizobium, provides nitrogen 

obtained (fixed) from the atmosphere to M. truncatula, in exchange for carbon and protected 

space to multiply. M. truncatula and E. meliloti are a model organism for studying legume-

rhizobial symbiosis. Medicago is an annual legume, native to the Mediterranean region (Tang et 

al., 2014; Young et al., 2011b). It is not simply a model organism, it is also itself used as a forage 

crop. Because of its smaller genome (~465Mbp), self-fertile nature, and ability to form nitrogen-

fixing nodules it has been used as a model organism. It has a published genome (Tang et al., 

2014), gene expression datasets (Benedito et al., 2008), and a HapMap project, consisting of 262  

accessions assayed for SNPs ready to be used for association mapping. Medicago has two unique 

gene families associated with nodulation, the Nodule Cysteine-Rich Peptides (NCRs) and the 

LEED..PEEDs (Silverstein et al., 2006; Trujillo et al., 2014). Gene families are, expectedly, likely 

to be involved in gene duplication events and be part of the pangenome. In a population of 15 M. 

truncatula accessions re-sequenced and assembled de novo, 24% of NCRs were found to be 

accession specific (P. Zhou et al., 2017). NCRs are known to be expressed primarily or 

exclusively in nodules (Guefrachi et al., 2014; Nallu et al., 2013). E. meliloti has several 

published genomes and is approximately ~6.8 megabases (F Galibert, 2001; Martinez-Abarca, 

Martinez-Rodriguez, Lopez-Contreras, Jimenez-Zurdo, & Toro, 2013; Nelson et al., 2018). E. 

meliloti can contain accessory plasmids, some of which are known to mediate symbiosis (Crook 

et al., 2012; M Stiens et al., 2006; Michael Stiens, Schneiker, Pühler, & Schlüter, 2007). 

Other legumes are also being studied with regard to the legume-rhizobia symbiosis, 

including Lotus japonicus (Handberg & Stougaard, 1992; Szczyglowski et al., 1998), Soybean 



8 
 

(Gresshoff, 2010),  Phaseolus vulgaris (Martínez-Romero, 2003), Alfalfa, and others(Sprent, 

Ardley, & James, 2017).  

Current Research 

Rhizosphere Interactions 

Plants and microbes interact with each other even without physical contact in the 

rhizosphere. The rhizosphere consists of the soil in the immediate vicinity of the roots as well as 

any root tissues colonized by soil-borne microorganisms (Morgan, Bending, & White, 2005). 

Roots exude compounds into the rhizosphere. Plants may exude compounds to attract rhizobia to 

initiate legume-rhizobial symbiosis, antimicrobial compounds to prevent disease and select 

against certain rhizobia, hormones, and secondary metabolites to attract soil microorganisms, 

defend against pathogens, and attract plant growth-promoting rhizobacteria, soil bacteria that 

enhance plant growth, amongst other compounds (Huang et al., 2014; Pii et al., 2015). Root 

exudates can also be involved in multi-organism interactions; M. truncatula can attract 

Caenorhabditis elegans, which may carry the symbiont E. meliloti to the plant roots (Horiuchi, 

Prithiviraj, Bais, Kimball, & Vivanco, 2005; Huang et al., 2014). The rhizosphere also affects the 

exudates the plant produces (Huang et al., 2014; Morgan et al., 2005).  

Competition 

Recent research has also focused on competition of rhizobia in association with variation 

of host genotypes (Burghardt et al., 2018; Lopez-Garcia, Vazquez, Favelukes, & Lodeiro, 2002; 

Pahua et al., 2018; Rangin, Brunel, Cleyet-Marel, Perrineau, & Béna, 2008; Triplett & Sadowsky, 

1992). Plants want to select against ineffective symbiont partners but "cheater" rhizobia exist and 

try to out-compete to form nodules and increase their fitness by providing less than they get 

(Yoder & Tiffin, 2017). This competition is also affected by abiotic stresses such as dry climates, 

salt content, and temperature. (Ji et al., 2017; Zahran, 1999).  
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Initiation and Maintenance of Mutualisms 

Hosts can have specificity in interacting with potential symbionts. This is especially true 

of M. truncatula, which uses NCR genes to choose symbiont partners (Wang et al., 2017b). There 

is evidence that other genes are also involved in this host-strain specificity, such as nodulation 

specificity gene 1, which stops nodulation of E. meliloti strain Rm41 (Liu, Yang, Zheng, & Zhu, 

2014). Nod factors also interact with ethylene signaling during nodulation initiation (Larrainzar et 

al., 2015). Hosts wish to select against less efficient nitrogen-fixing strains and can use sanctions 

against symbionts (Remigi, Zhu, Young, & Masson-Boivin, 2016; Yoder & Tiffin, 2017). Plants 

and rhizobia communicate via signaling to maintain the symbiosis (Zipfel & Oldroyd, 2017). 

Future Directions 

Current genomic research in legume-rhizobial symbiosis is studying structural variation, 

as well as the interplay of multiple genomes either through competition assays or comparing the 

symbiosis amongst multiple genotypes of both partners. Understanding the nature and mode of 

structural variation allows a deeper understanding of the evolutionary forces at play within 

natural and agricultural ecosystems, how genes move and are made, and how this co-evolution 

occurs with very disparate generation times between the plant and rhizobia. Patterns of structural 

variation, in both the plant and rhizobia, reveal something about genomic plasticity in symbiosis, 

and how genomes respond to ever-changing challenges. 

Additional future directions include understanding why inefficient rhizobial strains 

persist in the environment, which genes are responsible for this behavior, and how they move 

within populations. Additional species which form this symbiosis can reveal co-evolutionary 

patterns. Focus on the genomics and population dynamics of the rhizobial side of this symbiosis 

is also an important step forward, especially as bacteria operate as a shared gene pool, even 

amongst different species. Further, understanding why symbiosis may enter a population and 
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persist, or leave a population needs to be uncovered, especially under threats of changing 

environments. 

Summary 

Studying complex, quantitative traits controlled by many genes is difficult for a number 

of reasons. Understanding the evolutionary forces underlying these traits is also difficult. 

Symbioses increase this difficulty by requiring simultaneous study of multiple genomes. Isolation 

of a single strain or plant genotype does not translate to natural and agricultural systems.  

Understanding the legume-rhizobial symbiosis requires decomplecting genomics, genetics, 

transcriptomics, epigenetics, and multi-organism interactions. In this introduction, I have 

attempted to highlight some of the various aspects of the legume-rhizobial symbiosis, especially 

in the areas of gene families and structural variation.  
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My Work 

In my work, I have studied 3 facets of understanding genomic complexities. 

i) I developed the omics database generator (ODG) which allows characterization of multiple 

genomes simultaneously while connecting new data to existing, published research. As more 

genomes as sequenced the ability to connect these genomes to existing datasets will require more 

advanced genomic tools. 

ii) I have studied copy-number variation and presence-absence variation in M. truncatula to 

identify genes involved in the legume-rhizobial symbiosis, resulting in the identification of a 

likely causative locus and exploring the copy-number variation within the association mapping 

population using a high-throughput method using second-generation sequencing data. 

iii) I have further explored the dynamics of repeats in a population of Ensifer meliloti to 

understand how the genomes are being shaped and evolving, as well as the characteristics of 

repeats unique to the E. meliloti lineage and those shared with other species, and to understand 

the relationships between these repeats and the underlying genomes. 
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Chapter 1 

ODG: Omics database generator - a tool for generating, querying, and 

analyzing multi-omics comparative databases to facilitate biological 

understanding 
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Synopsis 

Rapid generation of omics data in recent years have resulted in vast amounts of 

disconnected datasets without systemic integration and knowledge building, while individual 

groups have made customized, annotated datasets available on the web with few ways to link 

them to in-lab datasets. With so many research groups generating their own data, the ability to 

relate it to the larger genomic and comparative genomic context is becoming increasingly crucial 

to make full use of the data. 

The Omics Database Generator (ODG) allows users to create customized databases that 

utilize published genomics data integrated with experimental data which can be queried using a 

flexible graph database. When provided with omics and experimental data, ODG will create a 

comparative, multi-dimensional graph database. ODG can import definitions and annotations 

from other sources such as InterProScan, the Gene Ontology, ENZYME, UniPathway, and others. 

This annotation data can be especially useful for studying new or understudied species for which 

transcripts have only been predicted, and rapidly give additional layers of annotation to predicted 

genes. In better-studied species, ODG can perform syntenic annotation translations or rapidly 

identify characteristics of a set of genes or nucleotide locations, such as hits from an association 

study. ODG provides a web-based user-interface for configuring the data import and for querying 

the database. Queries can also be run from the command-line, and the database can be queried 

directly through programming language hooks available for most languages. ODG supports most 

common genomic formats as well as generic, easy to use tab-separated value format for user-

provided annotations. 

ODG is a user-friendly database generation and query tool that adapts to the supplied data 

to produce a comparative genomic database or multi-layered annotation database. ODG provides 

rapid comparative genomic annotation and is therefore particularly useful for non-model or 
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understudied species. For species for which more data are available, ODG can be used to conduct 

complex multi-omics, pattern-matching queries.  

Two supplementary data files are also included. 

Supplementary Table S1.1: Identified PFAM domains and GO Terms for 4 strains 

Supplementary Table S1.2: Predicted functional annotation derived based on best orthologs 

Background 

 Collecting genomic and transcriptomic data has become fast and easy. Making biological 

sense of these data remains challenging. For model systems curated databases (e.g. MaizeGDB, 

SoyBase, WormBase) provide powerful tools that integrate, analyze, and visually display 

complementary data types such as annotated metabolic pathways, characterized genes, and 

diversity analyses.  These curated databases greatly facilitate biological insights (N. Chen et al., 

2005; Grant, Nelson, Cannon, & Shoemaker, 2010; T. Joshi et al., 2014; Lawrence, Dong, 

Polacco, Seigfried, & Brendel, 2004). Even these curated databases, however, have limitations 

that impede biologists ability to leverage omics data: complicated multi-omics queries are 

difficult or impossible due to limits in the underlying database functionality, users are often 

unable to integrate their own data into the databases, there is little flexibility for users to design 

specific queries, and many curated datasets, such as pathway or transcriptomic datasets, are 

limited by the lack of additional integrated annotations and comparative genomics.  Despite these 

limitations, the resources available in curated reference databases available for model systems 

greatly exceed what is available for non-model systems.   

 We developed the Omics Database Generator (ODG), an easy to configure database that 

is amenable for custom installations and use with non-model systems. ODG allows users to 

integrate and query many data types (genomic, transcriptomic, comparative, variant, ontological, 

annotated pathway, interactions, etc.) in fast and powerful ways and can easily incorporate new 
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data. ODG also has built in functions for translating annotation between different versions of 

assembly and annotation. Finally, ODG provides an easy-to-use web interface and command-line 

to perform queries while the structure of the database allows for flexible queries that would be 

difficult without extensive modification in most other database platforms. ODG can supplement 

large-scale curated databases but is flexible enough for individual labs to run on a local machine. 

 ODG has several advantages over many commonly used genomic databases: i) Advanced 

query capabilities allow users to explore relationships and ask queries that are virtually 

impossible with relational databases, and difficult without extensive customization with BioMart-

type setups, ii) ODG is easy to setup for any organism and its related species, and automatically 

generates a query interface, and iii) easy and automatic cross-referencing of gene names and 

coordinates from one genome release to another (e.g., v 3 to v 5) and from one genome to related 

species’ genomes. Research and annotation of non-model systems can therefore be facilitated by 

comparison to model systems to enrich annotation. iv) By using scalable open-source 

technologies, researchers can run a customized local copy for their lab, and curators of larger 

database sites can integrate features of ODG into their existing platforms. 

Implementation 

Architecture and Importing Data 

 The underlying structure of ODG relies on graph database storage. ODG stores and 

queries data using Neo4J, an open-source graph database that has recently grown in popularity 

and maturity (“Neo4j: The World’s Leading Graph Database,” n.d.). Graph databases differ from 

relational databases used for most biological databases in that they do not require the data be fit 

into the underlying database paradigm, something that can be difficult to achieve because many 

types of biological data do not fit into strict schemas. For example, CHADO, a relational database 

that underlies many commonly used genomic databases, requires that biological data be fit into 
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strict schema for SQL queries (“Introduction to Chado,” n.d.). The result is a data structure 

unrepresentative of the underlying biological paradigms, and the SQL schema must be learned in 

order to conduct queries. In SQL relationships between data are typically stored in a separate 

table, one additional table for each relationship type. Therefore, to maximize the potential of 

CHADO one must learn both SQL and the CHADO schema itself.   

 In contrast, graph databases model the data and their relationships more intuitively and 

allow for flexible data structures of both nodes, representing data, and edges, representing the 

relationship between nodes (Fig 1.1). This flexible schema allows for custom fields such as 

additional annotation and metadata. The stored relationships make the data amenable to easier 

and more powerful queries. All data are stored locally, making it is possible for users to select 

genomes and experimental data to include in the database, utilize internally generated data, and 

prioritize integration of data that are most relevant to specific research projects. This structure 

allows for flexible queries that would be difficult without extensive modification in other 

database platforms. 

 Initial configuration of databases is typically a complex process that requires knowledge 

and expertise in systems administration. By contrast, initial configuration of ODG is 

accomplished easily using a web-based tool that leads users through the process and can be 

installed on a local workstation or laptop with only a basic knowledge of UNIX (Fig 1.2).  ODG 

assists in initial configuration and setup by providing necessary scripts and automatically 

generating a full network-oriented query interface based on input files.  

 Once ODG is installed and configured, the next step is to perform initial processing steps 

to identify initial annotation information (i.e., running BLAST+ or InterProScan, if not previously 

completed) (Altschul, Gish, Miller, Myers, & Lipman, 1990; Zdobnov & Apweiler, 2001). ODG 

then imports data specified in the configuration file, including the importing of several omic data 

types (genomic, transcriptomic, comparative, variant, ontological, annotated pathways, and gene 
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interactions, etc.) with the only limitation being that the data are available in standard file formats 

(e.g. GFF3, FASTA, TSV, OBO, etc.). New data and resources can be added at any time and 

ODG can be fully regenerated as needed. ODG saves configurations between uses to facilitate 

adding or updating data sources. 

Data Types and Database Generation 

 ODG will import and create appropriate relationships from annotation files, assemblies, 

BLAST results, miRBase, Cufflinks expression data, InterProScan results, including motifs, 

Pfam, Gene3D, and Coils (Griffiths-Jones, Grocock, van Dongen, Bateman, & Enright, 2006; 

Trapnell et al., 2012; Zdobnov & Apweiler, 2001). In order to provide further annotation 

information, the Gene Ontology and ExPASY ENZYME definition files can be imported to add 

additional data to GO (Gene Ontology) term IDs, which receive relationships from InterProScan 

results (Ashburner et al., 2000). Pathways from PlantCyc can also imported, but any pathways 

with the same file format will work (“Plant Metabolic Network (PMN),” n.d.). Molecular 

interactions from BioGRID can also be imported (Stark et al., 2006). Other data can be converted 

into generic file formats to import new attributes or relationships into ODG. Each additional data 

type imported can add a new dimension of annotation to the database, as illustrated in Figure 1.3.  

 Static data, such as annotations and assemblies, must be obtained from public repositories 

or provided by researchers. InterProScan and cufflinks must be performed manually by user, due 

to the complexity and needs for each genome, but common output formats from both programs 

can be imported directly into ODG. Further guidelines are provided in the user’s guide. Other 

data must be generated locally, including BLASTP matches and BLASTN matches such as 

hairpin miRNAs and genomic regions. ODG generates scripts to run BLAST+ programs to 

ensure compatible output files are created and file names are as expected by the import step. 

When cufflinks expression files are included in the configuration, ODG will store and record 
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expression conditions, FPKMs, and generate co-expression correlations and store them as 

relationships.  

 ODG is well suited for transferring information from one or more model organisms or 

other well-studied species to a newly sequenced or understudied species. With a minimum of 

genome sequence and predicted coding sequences it is possible to BLAST these sequences to 

other organisms and ODG will identify the best reciprocal hits and best syntenic hits. Data from 

other organisms such as known pathways or expression data will then be associated with these 

coding sequences. InterProScan can be run to identify known motifs and domains to associate 

putative genes to GO categories, PFAM domains, and UniPathway annotations which can then be 

used as a basis for further queries (Zdobnov & Apweiler, 2001). Additional data such as 

expression information can provide gene expression patterns and be used in queries. 

Inferred Network Relationships 

 Data in ODG is a network based on relationships between data nodes. ODG can work 

with subnetworks to identify biological patterns. Because not all species have defined co-

expression or pathway networks, ODG has the ability to infer network relationships when direct 

relationships are not available. For example, when an unannotated gene has a top BLASTP hit to 

an annotated gene that has been placed in the same co-expression network, then the information 

from the annotated gene can be assayed to provide possible annotations for the unannotated gene, 

such as GO terms or ENZYME pathway data. The power to infer or transfer annotation 

information can be particularly useful when working on un-curated datasets or understudied 

species. 

Annotation Translation between genome versions 

 Updates of genome assemblies and annotations yield versions that are closer to the true 

representation of genomes, but can cause confusion because different genome versions often 
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differ in gene models, locations, and construction. Currently, annotation between genome 

versions is accomplished using liftOver which converts coordinates from a previous assembly to 

coordinates in a new assembly (Kuhn, Haussler, & Kent, 2013). The liftOver approach is not 

ideal because it does not account for updated gene models, gene splits, or gene merges. ODG 

compares annotation versions or transfer annotations by performing an all-vs-all BLASTN to 

identify gene ID changes, and can detect and mark most gene splits and merges between 

annotation versions. When confronted with ambiguity, such as multiple top BLAST hits, 

neighboring genes will be used to identify the correct gene model in both versions by taking into 

account genic synteny. Identical BLAST hits can be an issue with recent duplications or gene 

families. The nature of the graph database makes the use of neighboring gene models a flexible 

query, where changes in the immediate region, such as newly annotated genes or deleted gene 

models, will not hinder the syntenic search (Fig 1.4). 

Performing Database Queries 

 Once data have been imported and the database generated, there are four methods that 

can be used to query the database. An ODG web query interface can be started with the 

command: odg.sh start and the user can open their browser to http://localhost:6789 to access 

ODG’s built-in query interface. Figure 1.5 provides some screen captures from this interface, 

including additional layers of annotation for the specified gene. For large queries, it is often best 

to use the command-line. More advanced users can mount the ODG database into the Neo4J 

query framework and write their own queries, or query directly from a programming language 

such as R or Java using existing Neo4J adapters and libraries. 

 Through the web interface and command-line interface (CLI) the database can be queried 

using individual Gene IDs, a gene list, a set of genomic coordinates, or other feature names, 

simply by choosing the species to be queried from the drop-down menu and then typing an 
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identifier. ODG will return the node corresponding to the query, its information, and a set of 

relationships. Each node and relationship may be clicked on to view additional data. 

  While ODG has several built-in queries, advanced users can query the database directly 

using CYPHER, the query language of Neo4j, directly through Neo4J’s web interface or via 

language hooks available for many programming languages. An example of this is featured in 

Figure1.6. ODG also supports many queries via the command-line interface, allowing for larger 

queries to be executed without the overhead of a web server running in the background. For 

example, we have used customized command-line queries to pull out useful data from several 

thousand SNPs identified via GWAS, identify orthologs for a list of genes, determine ENZYME 

E.C. numbers from GO categories, and to retrieve GO biological process terms for a list of genes. 

Additional queries may be written in Java or other programming languages.   

Comparative Omics Study 

 To illustrate the usefulness of ODG we examined four recently sequenced and published 

strains of Rhizobia, a bacterial species which can form nitrogen-fixing nodules with some 

legumes, a useful trait in agriculture. We examined Rhizobium aegypticaum sv. trifolii, Rhizobium 

bangladeshense sv. trifolii, two species with limited foundational research published, and 

compared these to the well-studied bacteria Escherichia coli and Ensifer meliloti (previously 

known as Sinorhizobium meliloti), a model bacterium for studying legume-rhizobia symbiosis 

(Blattner et al., 1997; Francis Galibert et al., 2001; Shamseldin, Nelson, Staley, Guhlin, & 

Sadowsky, 2016; Sugawara et al., 2013). R. aegypticaum and R. bangladeshense were isolated 

from berseem clover in Egypt. R. aegypticaum, strain Rhiz950, is salt-tolerant; the three strains of 

R. bangladeshense, Rhiz1002, Rhiz1017, and Rhiz1024, are thermal and pH-tolerant. Genes were 

predicted for the four rhizobia strains using prodigal (Hyatt et al., 2010). Published annotations of 

E. coli and E. meliloti were used in this study. All were compared with BLAST+ using scripts 
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generated by ODG and analyzed with InterProScan 5.24-63.0 (Altschul et al., 1990; P. Jones et 

al., 2014).  

    To examine potential causative genes for the salt-tolerance trait in Rhiz950, we compared GO 

biological process categories of the predicted Rhiz950 proteins to those in the other four strains. 

In Rhiz950 we identified three genes with GO biological process categories “sodium ion 

transport” and “oxidation-reduction process” but none in any of the other strains. An additional 

gene was found related to “sodium ion transport” and “alanine transport” with no orthologs 

identified in R. bangladeshense. Additionally, two more with the combined categories of “sodium 

ion transport” and “regulation of pH” had two copies in Rhiz950, missing in Rhiz1002, and one 

copy in the remaining strains (Supplementary data S1.1).  

        We further examined the pathways present in all Rhiz950 genes that did not have orthologs 

in any of the other species (Rhiz950 vs. all). We identified genes belonging to the mevalonate 

pathway I and isoprene biosynthesis II, as defined by MetaCyc and KEGG (Caspi et al., 2007; 

Kanehisa & Goto, 2000). The identified PFAM domains of all genes in Rhiz950 are included as 

supplementary data S1.1. 

    The R. bangladeshense strains contain two genes related to the queuosine biosynthesis pathway 

not found in any of the other strains, including Rhiz950. Examining PFAM domains reveals 

1,865 novel genes in these three strains that are related to ABC transporters, 912 belonging to the 

lysR regulatory family, and 874 having a LysR substrate binding domain. Additional ones are 

reported in supplementary data S1.1. 

 Supplementary data S1.2 contains predicted functional annotation derived from the better 

studied bacteria E. meliloti or E. coli based on best orthologs. Future directions for this study 

would likely include transcriptomic data from all species, potential knockouts, and literature 
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searches for existing gene orthologs in either E. coli or E. meliloti potentially related to these 

traits. 

 Using ODG we were able to rapidly identify genes potentially related to the salt-tolerance 

trait for follow-up studies, identify potential pathways found in Rhiz950, and examine some 

differences between R. bangladeshense strains and the other strains.  

Results and Discussion 

 ODG provides an alternative way of storing and analyzing biological data, brings the 

ability to host and run custom tailored databases to individual labs and researchers, and provides a 

platform for connecting newly sequenced or understudied species with annotated species and 

other genomic and experimental information. By focusing on user-provided data while interacting 

with existing and published data researchers are able to customize databases and queries for their 

projects. ODG’s flexibility allows researchers to focus on the data that is important to them, while 

the interface lowers the computational skills required to build and query the database. ODG could 

also benefit a larger database warehousing site for a model organism that chose to use its API or 

query the final database product directly. 

 ODG builds networks from user-specified input data that provide the basis for all queries. 

The database has been primarily tested on plants and bacteria, but by working with standard file 

formats and allowing for some deviation from those standards, should work on a variety of 

organisms with zero or minimal additional processing. By also accepting user-defined data, the 

database can be made to fit many research needs. 

  As demonstrated in the omics study presented above, ODG has the capability to 

rapidly facilitate annotation, comparative searches, and predicted protein analyses across multiple 

genomes adding additional dimensions to relatively sparse data. This will accommodate 

researchers studying new species and well-studied species at the single-gene scale and genomic 
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scales by centralizing much of their data. By allowing additional data-types and being built using 

within an open-source database engine, ODG enables researchers to add in new layers of data 

which can then be made available to the lab or potentially to the public. 
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Tables and Figures 

Table 1.1: A list of built-in queries in the database. 

Built-in Queries Notes 

Co-expression Network Based on direct or inferred expression 

GO Term / Pathway Enrichment Given a list of genes 

Identify nearest genes to SNP markers Given a set of coordinates 

Biological Processes Given a list of genes 

Identify Orthologs For given genes, for all species in the database 

Expression Data For a given set of genes 

GWAS Annotation Annotate a set of SNPs with nearest gene, genic or 

not, expression patterns, GO categories and EC 

categories, plus additional data. 

Annotation Translation Given a list of genes and two or more genome 

versions of an annotation. Anchored BACs can also 

facilitate translation. 
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Figure 1.1. Example of the internal structure of ODG as represented by Neo4J. Here we can see a 

PFAM domain (red) that has been identified in two Glycine max genes (Glyma…) and one 

Medicago truncatula gene (Medtr…). We can see that this PFAM domain is associated with the 

GO Terms, represented in yellow, cell differentiation, cytoplasm, and nucleus. The GO Term 

collenchyma cell differentiation is also a cell differentiation GO term, as determined from the 

imported definitions from the Gene Ontology consortium. Because of the relationships ODG is 

able to assign additional annotation to these genes based on a known protein domain family. The 

query was initiated by looking for genes which may be associated with collenchyma cell 

differentiation. 
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Figure 1.2. ODG provides a simple web-based configuration utility that uses algorithms to 

attempt to identify file types and pre-populate many fields. 
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Figure 1.3. Database dependency structure of ODG. Each data type is further annotated by those 

connected directly in the graph. For example, a proteome can be linked to UniPathway entries if 

InterProScan results are present. If both are present, then both can be queried. If all dependencies 

are present from “HMM Scan Results” to “UniPathway” then it becomes possible to query HMM 

Scan Results locations and identify nearby genes or proteins and if they have any domains or 

motifs linking them to UniPathway annotations.  

 

 

  



28 
 

Figure 1.4. Flexible queries allow searching for syntenic regions across species while allowing 

for gene deletions or insertions. These are the results of a query against the rhg1 soybean locus 

found on chromosome 18. Rectangles represent individual genes, while colors represent highly-

similar genes, based on sequence similarity. Another locus of similar genes and order is identified 

on chromosome 11, as well as in other species. In P. trichocarpa and M. truncatula an unrelated 

gene is identified breaking up the synteny. In M. truncatula there is also a copy of the third gene 

(orange), which does not break the queries ability to identify the closest syntenic and BLASTP 

matching region. 
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Figure 1.5. ODG generates a query interface using a web-based interface. a) This is the gene-

level detail, primarily populated by gene definition entries as well as the IPR Terms, when 

available. b) Summarized here are the relationships attached to this gene node, and the labels of 

the nodes the relationships connect to. c) Gene Ontology (GO) terms that were identified for this 

gene from InterProScan. d) A summary of the BlastP hits for this gene’s predicted protein 

sequence, including to other species. Provided are the BLAST Score Ratio (BSR), percent 

identity, and the e-value output from the BLAST+ program. 
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Figure 1.6. Advanced users can query ODG using Neo4j’s query language CYPHER. Presented 

is an example identifying HMM Matches to nearby genes and aggregating GO term counts, 

requiring GO terms to be labelled as a biological process.  
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Chapter 2 

Standing Variation in Copy Number of NCRs plays a role in Rhizobial 

Nodulation 
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Synopsis 

Presence-absence variation and copy-number variation are understudied in the legume-

rhizobia symbiosis. Variable gene families are likely to play a role in important phenotypic traits. 

Gene families are expected to be variable in both sequence divergence and in presence-absence 

and copy-number variation state. Identifying PAV/CNV for large populations can be difficult due 

to computational resources required and cost-prohibitive. 

Some methods have been proposed to use short-read sequencing to detect and quantify 

structural variants. Read-depth variants are a high-throughput method to detect PAV and CNV in 

genomes, based on a reference sequence. I quantify and characterize the extent of RDVs in the 

model legume Medicago truncatula. I then use these RDVs to perform an association study on 

nodulation-related traits. The nodule cysteine-rich peptide (NCR) family has several 

representatives of high significance. 

Because NCRs can have fewer SNPs in a genome-wide association SNP-based study, I 

look at NCR-proximal SNPs. Because NCRs are not necessarily present in all members of a 

population, statistical significance can fall in genome-wide association studies. This implicates a 

specific locus with multiple NCR genes, and genes containing other domains that have been 

implicated in nodulation and symbiosis.  

Introduction 

Many genes in plant genomes are members of gene families. Characterizing the function 

of gene family members is complicated for at least two reasons. First, closely related copies can 

be functionally redundant, complicating gene knockout studies and splitting statistical signals in 

association studies. Second, the number of gene copies can be variable among individuals of the 

same species, particularly for large gene families, and thus functional characterization that relies 

on only a single accession might miss functionally important variants segregating in populations. 
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Single-gene knockouts may have no or minimal effect on a phenotype. The probability of copy 

number variation of gene family members is particularly likely for large gene families.  

The nodule specific cysteine-rich (NCR) gene family is a large gene family that is found 

only in species that are members of the inverted repeat-lacking clade (IRLC) of hologalegoid 

legumes (Batut, Mergaert, & Masson-Boivin, 2011; Nallu, Silverstein, Zhou, Young, & 

VandenBosch, 2014; Tang et al., 2014). The reference genome of the model legume, Medicago 

truncatula, a member of the IRLC of hologalegoid legumes, contains 615 annotated NCRs; 568 

of which have been placed on chromosomes and 47 of which are on unanchored contigs (Tang et 

al., 2014).  NCRs copies are typically found in large clusters, likely indicative of tandem 

duplications and an arrangement that often signals the use of the same regulatory elements as the 

parental gene; this may indicate the genes are maintaining similar biological roles as the original 

gene (Fan, Chen, & Long, 2008). Tandem genes may also evolve different expression patterns or 

neofunctionalize, but this is expected to occur more often with non-tandem dispersal patterns 

(Fan et al., 2008). 

Transcriptome studies have found that NCRs are expressed only in root nodules, the plant 

organ that houses symbiotic rhizobial bacteria (Nallu et al., 2013).  While NCR expression is 

limited to root nodules, the profile of NCR genes that are expressed varies temporally, as well as 

among plant accessions and the strain with which a legume host forms a symbiosis (Burghardt et 

al., 2017; Nallu et al., 2013). Across 4 M. truncatula accessions, 299 NCRs were among the most 

highly expressed, out of the top 1,000, and represented a 2.5 fold change in nodules among plant 

accessions, and 5 NCR genes were identified exhibiting rhizobial-strain by host dependent 

expression level changes. This study only looked at two individual rhizobial strains, Ensifer 

meliloti and E. medicae.   

NCR genes encode a short peptide, often less than 100 amino acids, expressed in nodules, 

and secreted into the symbiotic organelle rather than to the exterior of the cell (Alunni et al., 
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2007; Mergaert et al., 2003). NCRs are a subfamily of cysteine-rich peptides (CRPs) which 

include the antimicrobial defensin and defensin-like genes. Consistent with the antimicrobial 

properties of defensin genes, many NCR peptides have antimicrobial properties (Haag et al., 

2012; Tiricz et al., 2013a).  Members of several NCR subfamilies show more rapid divergence at 

amino-acid changing (nonsynonymous) than synonymous sites, consistent with selection having 

driven the divergence of many members of the NCR subfamilies (Francis Galibert et al., 2001; 

Graham, Silverstein, Cannon, & VandenBosch, 2004; Nallu et al., 2013, 2014), a pattern that is 

also seen at many immune system genes in plants and animals (Belkhadir, Subramaniam, & 

Dangl, 2004; DeYoung & Innes, 2006; Keith & Mitchell-Olds, 2013; Leister, 2004; Marone, 

Russo, Laidò, De Leonardis, & Mastrangelo, 2013; McHale, Tan, Koehl, & Michelmore, 2006b; 

Tiffin & Moeller, 2006). NCR gene family members also are heavily overrepresented among 

genes with nodule expression that is strongly affected by interactions between host genotype and 

symbiont strain (Burghardt et al., 2017). 

Functional analyses of specific NCRs suggest that they may play an important role in 

mediating the symbiosis between Medicago hosts and Ensifer rhizobia.  In particular, deletions of 

NCR169 and NCR211, mutants dnf7 and dnf4, are unable to fix nitrogen (Horváth et al., 2015). 

Similarly, knock-outs of the NCR NFS1 (nitrogen fixation specificity) and NFS2 cause Ensifer 

meliloti strain Rm41 to form nitrogen-fixing nodules (Fix+) in accession A17, but when the genes 

are present the strains form Fix- (non-nitrogen fixing) nodules. These two NCRs allow A17 to 

discriminate against less-efficient rhizobial strains (Wang et al., 2017b, 2018).  

Identifying the functional importance, if any, of each of the 615 members of the NCR 

gene family found in the M. truncatula reference genome is challenging and empirical 

manipulation of each of the 615 members would require a tremendous and costly amount of 

work. Genotype-phenotype association analyses provide an opportunity to effectively survey 

naturally occurring variation in large gene families to identify family members most likely to 
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contribute to naturally occurring phenotypic variation. The majority of genotype-phenotype 

association studies have relied on single nucleotide polymorphisms identified through 

resequencing studies in which short reads are mapped to a single reference genome. These SNPs 

account for a portion of the existing variation but do not include structural variants such as short 

insertions and deletions (indels) of genetic sequence, nor presence-absence variation (PAV) or 

copy-number variation (CNV) of genes.  Due to the large number of NCR gene family members 

and the fact that they are often structurally clustered means we might expect considerable PAV or 

CNV among NCR genes. An analysis of 15 de novo assembled M. truncatula genomes revealed 

that nearly 24% of the NCR pangenome genes were identified as accession specific within this 

population (P. Zhou et al., 2017). 

Structural variants such as PAV and CNV can contribute considerably to genomic 

variation in both eukaryotic and prokaryotic genomes. In M. truncatula, the study of 15 de novo 

assemblies each contained between 9 Mbp and 22 Mbp of novel sequence longer than 50bp that 

could not align to the published reference genome, resulting in a total of 63 Mbp of non-

redundant genomic sequence not representing in the reference genome (P. Zhou et al., 2017). Of 

this new sequence, 47% was present in two or more accessions, while the rest was specific to a 

single accession. The estimated core genome size was ~250 Mbp while the “dispensable” genome 

was estimated at ~180 Mbp (P. Zhou et al., 2017). At least some PAV and CNV have detectable 

functional consequences. In Brassica napus, the loss of the NON-YELLOWING 1 (NYE1) gene 

is associated with higher chlorophyll content and upregulation of photosynthetic genes (Qian et 

al., 2016). The loss of the ANTHOCYANIN2 gene in Petunia is associated with white flowers 

and a shift in pollinator attraction (Hoballah et al., 2007). A copy-number increase in Maize of 

the gene MATE1 results in increased aluminum tolerance in those genotypes with extra copies 

(Maron et al., 2013). In Amaranthus palmeri an increase in a phosphate synthase gene (EPSPS) 

copy-number confers glyphosate resistance (Gaines et al., 2010). A genome-wise association 
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study of 115 cucumber accessions consisting of 26,788 structural variants revealed a copy-

number variant likely responsible for gynoecious plants (Zhang et al., 2015).  

The most thorough method for identifying PAVs and CNVs is through comparison of 

deeply sequenced de novo assembled genomes (e.g. PacBio or deeply sequenced 2nd generation 

short-read based assemblies). However, robust de novo assemblies of most eukaryotic genomes 

require a depth of sequencing and computational resources that are prohibitively expensive for 

most projects. Moreover, few genome assemblies are genuinely complete, and many assemblies 

do not fully resolve multi-copy gene families or tandemly duplicated genomic regions. Instead 

these regions are split into multiple contigs or collapsed into a single stretch of sequence. An 

alternative method for identifying PAV and CNV that we apply here is to map short-read 

sequences to a reference genome and then to identify genomic regions with unexpectedly low or 

high depth of coverage (Yoon, Xuan, Makarov, Ye, & Sebat, 2009).  Significant increases in 

read-depth are expected to correspond to increases in the copy-number of a region, while 

significant decreases are expected to result from a decrease in the copy-number of a region.  

Our primary goals in this study were two-fold; to characterize the extent of RDVs in 

Medicago, and then to use these variants in an association analysis to identify PAVs and CNVs 

that likely contribute to variation in legume-rhizobial nodulation. We focus our analyses on the 

NCR gene family because members of this gene family can have important phenotypic effects on 

the legume-rhizobia symbiosis and comparative genomic analyses of 15 M. truncatula accessions 

has found considerable variation in NCR content, with a range of total NCR count of 606 – 712 

(P. Zhou et al., 2017).  We conduct the association analyses using previously collected 

phenotypic data collected from a panel of 226 M. truncatula accessions (Stanton-Geddes, Paape, 

et al., 2013).  Our analyses revealed two of the three most strongly RDV-nodule phenotype 

associations were nodule cysteine-rich (NCR) peptides located at a single locus on chromosome 

4, as well as a non-NCR Squamosa-promoter like-binding protein which was identified a highly 
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significant hit in our SNP-only GWAS (Curtin et al., 2017). NCR-proximal SNPs, examined due 

to a reduction in SNP calls due to likely SV/RDV proximity and thus a reduction in power in the 

full SNP GWAS, were also strongly associated with the chromosome 4 locus. An additional NCR 

gene on an unplaced scaffold was also determined to be highly significant; follow-up LD 

mapping anchored this to the same chromosome 4 locus.   

Methods 

Identification of read-depth variants (RDVs) 

 Our analyses focused on the RDVs of the 262 M. truncatula accessions that comprise the 

association study population of the Medicago HapMap collection.  The genomes of these 

accessions had been previously sequenced using short-read Illumina technology and SNPs 

segregating among these accessions were identified using GATK, with no imputation (McKenna 

et al., 2010). To identify RDVs, we used these read alignments based on the M. truncatula 4.0 

reference (Tang et al., 2014), aligned with GSNAP and followed by post-alignment processing, 

including duplicate marking, a separate indel realignment step, and base quality recalibration 

(Guhlin et al., n.d.). These previously mapped reads were used to calculate read-depth in read 

fragments per kilobase per million mapped reads (FPKM) for each annotated gene in the M. 

truncatula 4.0 reference (Tang et al., 2014). Read-depth was computed with the “bamutils count –

bed genes_and_tes.bed –library unstranded –coverage –fpkm –norm all –multiple ignore” 

command, using a bed file containing chromosome, start, and stop positions for all annotated 

genes and transposable elements (TEs) (Breese & Liu, 2013). Average coverage was calculated 

for the gene in FPKM (“-coverage –fpkm”), from start to end, including introns and, when 

annotated, untranslated (UTR) regions. FPKM was normalized to all mapped reads (“-norm all”), 

and only uniquely mapped reads were counted (“-multiple ignore”). To reduce complications and 
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statistical noise and focus on variation most likely to affect phenotype, we restrict our analyses of 

RDVs to annotated gene regions in the reference genome only. 

The FPKM, which normalizes read depth to mapped reads and region length, of each 

gene in each accession was then compared to the FPKM of the same gene in the reference 

accession, HM101, mapped back to itself, to look for a significant increase or decrease of read 

depth compared to HM101, which acted as the baseline. We identified RDVs using the log2 value 

of the FPKM ratio for each gene in each accession compared to the reference accession. A four-

fold increase or decrease in the log2 ratio was interpreted as a change in RDV state that likely 

indicated a change in copy number. Read depths between log2 -1 and –2 were considered 

ambiguous, as exampled in Fig 2.3, and marked as missing to remove ambiguous calls in genes in 

specific accessions from further statistical analysis. Genes exhibiting a partial deletion would 

either be ambiguous or read as a deletion, depending on the final FPKM ratio. Zero reads in an 

accession for a specific gene sequence were considered to be absent genes in an accession.  

To create the final RDV gene marker set for the association study, genes were removed 

from consideration if they had an FPKM < 0.5, including genes with no mapped reads, in the 

reference accession (3,696 genes), were invariant across the population (13,218) or had a variant 

frequency in the population < 5% (22,375) or > 95% (416). This process removed genes that were 

undetectable from the reference accession, identified RDVs segregating within the population, 

and removed genes that may be an error or the result of a structural variant event within the 

reference genome. Transposable elements (14,988 total) were not included in this study due to the 

high levels of variation and to focus on functional association mapping by looking directly at 

genes. Medicago truncatula v4.0v1 has 50,894 annotated genes (Tang et al., 2014) and after 

filtering we are left with 11,189 genes exhibiting RDV characteristics within our population and 

within our parameters. 
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Validation and Statistics of Read Depth Variants 

 To evaluate the extent to which the RDVs we identified accurately represent PAV and 

CNV, we compared our RDVs to variation identified by comparison to the population of 15 

PacBio based de novo assembled genomes to the M. truncatula reference genome(P. Zhou et al., 

2017). The accuracy of gene deletion calls in a specific genome (genes with a log2FPKM Genotype(i) 

/ log2FPKMReference < 0.5) were determined by performing a BLAST search of the reference 

genome gene sequence to that of the de novo accession (Altschul et al., 1990). Because the de 

novo genomes are not complete, some genomic sequence is missing and genes may look absent in 

these assemblies. Looking at absent state RDVs and comparing query coverage of genes with 

high percent identity (98%), our accuracy of calling deletions was 68% - 72%. 

Read-depth of the sample population is important in this type of study. Read-depth of 

individual accessions is variant even within the same experiment. Our accessions primarily had 

an average of ~3x depth, with 26 having an average of ~15x. To test the effects of varying read-

depth of individual accessions with this method, we randomly subsampled HM101, which should 

have all genes in our RDV set identified as present. We repeated this 50 times for depths of 3x, 

5x, 10x, and 15x and examined only our reduced RDV gene set. The original sequencing depth of 

HM101 was 28x. The false positive rate was below 1% at 3x, and decreased as depth increased. 

The rate of genes which were ambiguous was ~8% and decreased to ~6% at a depth of 15x 

(Figure 2.6).  

Linkage Disequilibrium of RDVs 

To examine whether SNPs can be used to accurately capture RDVs we calculated linkage 

disequilibrium (LD), as r2, between RDV and SNPs located within 40kb on either side of the gene 

affected by the RDV. To compare RDV-SNP LD to LD among SNPs we randomly selected 
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10,000 SNPs with a similar allele frequency distribution as the RDVs and compared the LD of 

those with all SNPs within the range of 40kbp selected SNPs. 

Read-Depth Variant Association Study 

We searched for the strength of association between RDVs and phenotypic variation 

reported in Stanton-Geddes et al. (Stanton-Geddes, Paape, et al., 2013) using the MLM algorithm 

implemented in TASSEL v5.0. (Bradbury et al., 2007).  We calculated an LD adjusted kinship-

matrix (K) using LDAK and population structure matrix (Q) using fastSTRUCTURE, both based 

on the SNP set (Raj, Stephens, & Pritchard, 2014; Speed, Hemani, Johnson, & Balding, 2012). 

The analysis was run using Q+K and only K as covariates, and the results were robust with 

regards to both; the rank of individual markers remained nearly identical between both sets of 

covariates. We report p-values from the K matrix-only analysis as this follows prior M. truncatula 

association studies (Curtin et al., 2017; Stanton-Geddes, Paape, et al., 2013).  We focused our 

analyses on nodulation-related traits (nodule number, and the number of early and late nodules) 

because we expect NCRs to exert some level of influence on these traits.  

Candidate Gene Association Study of Nodule-Cysteine Rich Peptides  

We performed a candidate gene SNP-based association study on all SNPs with and 2kbp 

upstream of all annotated NCRs to test whether the NCR RDVs would be detected via a SNP-

based association study. SNPs were filtered to have a minimum of 5% allele frequency in the 

GWAS population and must have calls in at least 100 of the 226 accessions. These SNPs were 

extracted from regions defined by the gene annotation file of the published reference. The 

resulting boundaries were used to extract SNPs from the Medicago HapMap published VCF file 

containing high-confidence SNPs via bcftools (Guhlin et al., n.d.; H. Li, 2011).  These SNPs were 

then used as input into TASSEL 5.0 as before along with the total nodule number phenotype and 
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K-matrix (Bradbury et al., 2007). Additional NCR Candidates were identified based on the top 

candidates from this SNP-based association study. 

Technical Details of Analyses 

Commands, scripts, and custom programs used in this analysis are available on GitHub at 

https://github.com/jguhlin/ncr-paper. Individual commands were collected into scripts for 

reproducibility. Data used are available from the following publications: Stanton-Geddes et al. 

(Stanton-Geddes, Paape, et al., 2013), Curtin et al. (Curtin et al., 2017), Tang et al. (Tang et al., 

2014), and from the Medicago HapMap website resources (Guhlin et al., n.d.). Computed data are 

available on the GitHub site mentioned above. 

Results 

Identification of Segregating Read-depth Variant Genes 

Mapping of short-read sequences from 262 M. truncatula accessions to a single reference 

genome revealed segregating copy-number variants (CNV) or presence-absence variants (PAV) 

with a minor allele frequency between 5% and 95% at 11,189 genes, or 21.7% of the genes 

annotated in the M. truncatula reference genome. Individual accessions differed from the M. 

truncatula reference genome at an average of 2,774 RDVs, (ranging from 486 to 16,135), which 

includes both PAVs and CNVs.  

Out of our 11,189 genes, 4,045 showed either an increase or decrease, potentially 

indicating a deletion, in copy-number across accessions. Another 7,049 were either present or 

absent in accessions in the population (see Table 2.1). A small number, 95, indicated single or 

additional copies, which could be indicative of potentially essential genes which may be suffering 

from copy-number increases.  
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Although both SNPs and RDVs provide similar measures of among-accession 

relatedness, linkage disequilibrium between RDVs and nearby SNPs starts at r2 of 0.10 and rose 

to 0.12 at 200bp, falling to 0.04 at 40kbp, with only 17.5% of RDVs being in high LD (r2 > 0.8) 

with a nearby SNP. This is a much lower LD than seen between nearby SNPs. By comparison, 

the LD decay of SNPs begins at 0.45 and falls to 0.10 after 20kbp. The LD decay of RDVs 

compared to themselves as markers follow a similar trend as SNPs, starting at r2 of 0.5 and falling 

to 0.1 after 20kbp (Fig 2.1).  

We expect SNP calls to be more difficult around RDVs, due to limitations in read 

mapping technology. We considered the allele frequency of PAV RDVs as well as those 

indicating an increase in copy-number (upCNV) compared to the SNP calls within affected genes. 

Correlation (r-value) between SNP missingness and PAV RDV allele frequencies was 0.6. 

Between upCNV and SNP missingness, the r-value was -0.26. The correlation between upCNV 

and heterozygous calls was 0.11, although most heterozygous calls were reset to homozygous 

calls as stated in the Medicago HapMap README (Guhlin et al., n.d.), due to many expected 

artifacts of sequencing, as M. truncatula is a selfing species.  

Potential Functional Implications of RDVs 

 Of our ~11,000 RDV gene set, 9,017 did not have any biological process GO category 

associated with them. However, 421 NCRs were part of our set, which is 68% of the total NCR 

gene-space found in the reference genome. A further 339 were involved in defense response, 245 

in protein phosphorylation, and 184 in oxidation-reduction process. 

 Our detected RDVs were on average smaller genes. The median gene length in M. 

truncatula is 1,713bp and the range of gene sizes are 59 – 102,190bp. The median gene length of 

the RDV set was 678bp with a range of 59 – 26,766bp. 
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Association Studies using Read-depth Variants 

An association analysis which tested for statistical associations between RDVs we 

detected and phenotypic variation identified three RDVs that were highly associated with 

phenotypic variation in the number of nodules that plants produced (Table 2.2, Fig 2.2).  These 

RDVs affect the genes Medtr2g020620, which encodes for a Squamosa promoter-binding-like 

protein (SBP), and Medtr4g026755 and Medtr4g026818, which are both Nodule Cysteine-Rich 

peptides (NCRs) located less than 40kbp from each other (see Fig 2.2).  Medtr2g020620 was also 

the top candidate in the SNP GWAS for the M. truncatula 4.0 SNP-based GWAS (Unpublished).   

Nodule Cysteine-Rich Peptide SNP Candidate Gene Association Test 

 The two NCRs, one of which appeared in both association tests, prompted further study 

into the effect of NCRs in nodulation-related phenotypes. To further study this gene family, we 

ran an association test on SNPs found within, and up to 2 kilobases upstream of each annotated 

NCR gene. SNPs were filtered as specified in the methods. The results of the combined 

association studies can be found in Fig 2.2. This NCR gene association study identified several 

other candidates, and the top 10 can be found in table 2.3. Two of these, Medtr4g026750, 

Medtr4g026680 – are in the same locus as Medtr4g026755, Medtr4g026818, our top RDV hits, 

and belong to the highest peak in Fig 2.2; these two are highlighted in green in the table. 

Linkage Disequilibrium Analysis for Medtr1826s0010 

The gene Medtr1826s0010 is the third highest statistical association for the candidate 

gene association study and is located on the unanchored scaffold1826 in the published M. 

truncatula genome 4.0 (Tang et al., 2014). To identify the most probable location of 

Medtr1826s0010 on the nuclear chromosomes, we compared the LD of SNPs within NCRs and 

5kbp of flanking region and for the entire scaffold for which Medtr1826s0010 resides, which is 

1,327bp long. This analysis was done due to the clustered nature of NCRs and spread throughout 
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the genome (Fig 2.4). An LD analysis was run for r2 values with PLINK v1.90b2n (Purcell et al., 

2007). After removing SNPs that were not of highest quality, r2 LD values were calculated and 

mapped sequentially according to base pair order on a plot (Fig 2.5). Scaffold0753 was found to 

be in high LD with scaffold1826, so further analysis was performed using the 2 NCR genes on 

scaffold 0753 as confirmation. The SNPs from all three NCR genes and flanking sequence, 

Medtr1826s0010, Medtr0753s0010, Medtr0753s0020, compared to NCR-associated SNPs 

genome-wide. The highest pairwise LD indicates that the 3 scaffold NCRs are in the 

neighborhood of Medtr4g027000, Medtr026965, and Medtr026680; the latter of which is an NCR 

SNP-based association study hit, and part of the significant chromosome 4 NCR locus. Additional 

LD analysis focused on region flanking gaps in the M. truncatula 4.0 assembly, locating it to the 

likely position of gap.01735, which is placed in the Mt4.0 assembly at chr4:9268647..9268745.  

Chromosome 4 NCR Locus 

The combined results of the RDV association study and the NCR candidate gene 

association study identify a chromosome 4 locus containing several NCR genes that likely play a 

role in total nodule number. This region of the genome also contains a gene with the Major 

Sperm-Protein domain (MSP) and two genes containing Vesicle-associated membrane protein 

(VAMP) domains (Pumplin et al., 2010). Combined these domains are found in the Vapyrin gene, 

which is required for arbuscular mycorrhizal symbiosis and infection of rhizobia in nodulation in 

M. truncatula (Murray et al., 2011). Other VAMP-containing genes have been identified as 

necessary for symbiosome and arbuscule formation (Ivanov et al., 2012).  

Scaffold0753, containing NCR-GWAS #3 candidate also contained 2 additional NCRs 

and another VAMP domain containing gene with expression patterns in nodulating roots 

downstream from this chromosome 4 locus. 



45 
 

Discussion 

Outcomes of this study were two-fold. First, we identified the range of potential 

structural variation within an association mapping population of M. truncatula. Second, we used 

the structural variation results to conduct an association study on a nodulation-related trait to 

identify a potentially significant locus relating to legume-rhizobial nodulation, and as the basis to 

focus our association studies on an important nodulation-related gene family.  

Genomic variation studies have primarily focused on SNPs, as they were accessible and 

reliable with available technology. As sequencing technologies improve, it becomes possible to 

examine another type of important genomic variation: structural variation. Structural variation 

can include events such as translocation, inversions, small and large deletions and insertions 

(Saxena, Edwards, & Varshney, 2014). An increase or decrease in the number of a gene, or 

deleting a gene outright, would be likely to play a role in phenotypes. It is important to 

understand the role of structural variations in plant genomes and how they affect not only 

phenotype, but also how they shape the underlying genomes. 

The ideal method of identification of copy-number variants is de novo sequencing and 

assembly. De novo sequencing and assembly of large populations is often cost prohibitive. Here 

we use read-depth variants as a high-throughput proxy for detecting CNV and PAV events in a 

population of 262 M. truncatula accessions. This RDV calling allows for a survey of CNV/PAV 

events in a population as well as permits use of these calls as markers for association studies, 

which benefit from larger populations. 

There are multiple methods of detecting structural variants from short-read sequencing 

data. Looking at discordant read pairs and unexpected distance or orientation of read pairs, and 

even local reassembly. We explored three separate programs using these methods, Breakdance, 

DELLY, and Platypus (K. Chen et al., 2009; Rausch et al., 2012; Rimmer et al., 2014), however 
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due to low sequencing depth for much of our population (~3x) results were often inconclusive 

and limited. We adopted a read-depth method which utilized reference mapping as a baseline to 

eliminate some biases and errors, and used strict filtering to identify a higher-confidence set of 

RDVs. 

The majority of detected events in our population was presence-absence variation. Copy-

number variation was the second most frequent detected event (0, 1, or more copies). The rarest 

event was Up CNV, accounting for 0.8% of the detected events. Up CNV happens when 

population members have 1 or more copies, but is never absent in the population (Table 2.1). This 

likely indicates core genes where 0-copies are not tolerated in the population. Linkage 

disequilibrium for RDVs was similar to that of SNPs, but LD between SNPs and RDVs was 

lower, suggesting SNPs may not always be a reliable marker for structural variant detection. 

Immune-related genes are considered to be the category of genes most likely to 

experience high levels of structural variation, especially CNV and PAV, due to the need to adapt 

to rapidly changing pathogens. Interestingly, we identified slightly more symbiosis related genes 

(our NCRs) likely experiencing PAV and CNV. Symbiosis genes undergoing rapid evolution in 

the host may indicate adaptation to constantly evolving rhizobial strains and optimization of the 

symbiosis itself.  

Using our RDV calls we performed an association study on the total nodulation trait for 

M. truncatula. We mostly detected Nodule Cysteine-Rich Peptides (NCRs), a large gene family 

of small peptides expressed primarily during legume-rhizobial symbiosis. NCRs are involved in 

the selection of symbiosis partners (K. M. Jones, Kobayashi, Davies, Taga, & Walker, 2007a; 

Tiricz et al., 2013b; Wang et al., 2017a), control of rhizobial cell biology (Farkas et al., 2014; 

Kim et al., 2015; Kondorosi, Mergaert, & Kereszt, 2013; Van de Velde et al., 2010b), and 

rhizobial gene expression (Haag et al., 2013; Roux et al., 2014). From our initial association study 

we determined it would be worthwhile to perform a follow-up study on NCRs as structural 
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variation proximal to and of NCRs would decrease total SNP calls, reducing overall signal in 

genome-wide association studies. This further implicated a specific locus identified by our RDV 

association study. 

While RDV call accuracy was unstable, the association study provides an additional 

truth-test of RDVs. It is unlikely a population-wide RDV error would occur in a pattern that 

would have a high statistical relationship to an assayed phenotype. Thus, this method has promise 

for large populations even with low sequencing depth (such as 6X in our study). RDV GWAS is 

best as a supplement to SNP based GWAS. RDV GWAS studies must still include a genetic 

relatedness matrix (GRM, also sometimes known as k-matrix) based off of SNPs. RDV markers 

should also be filtered on both minor allele frequency at the low and high end (<5% and >95%) to 

eliminate reference-based errors and biases of a population. Due to variations of call frequencies 

a combined association study of RDVs and SNPs simultaneously results in different p-value 

ranges for each type. For ease of analysis it is best to perform these separately, although 

Read-depth variants reveal additional patterns that SNPs do not in a population and 

should be used for future association studies. Because RDVs use the same sequencing and 

phenotypes made for SNP calls, it is possible to perform these studies with only additional 

bioinformatic work, saving additional labor and cost. RDV association studies can help identify 

the underlying mechanisms responsible for phenotypic variation, where SNP-based LD may only 

indicate a likely structural variation, or if SNP-based LD decreased in genomic regions of high 

SV, as in our study, may not reveal the underlying cause of phenotypic variation.  

Genomics, by its very definition, leads to vast amounts of data from which meaningful 

analyses must be fished out. RDV analyses can reveal something about how structural variants 

are behaving within populations, and how they affect fitness and phenotype. RDV studies can 

also help identify underlying causes of variation in phenotypes.  



48 
 

Tables and Figures 

Table 2.1: Summary of CNV events in Medicago HapMap population 

Non-TE Genes In Mt4.0 50,894 

Genes showing some form of CNV / PAV 11,189 

UpCNV 95 

Up & Down 4,045 

PAV 7,049 
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Table 2.2: Top 10 RDV Nodulation-related Association Results. Genes in the Chr 4 Locus are 

highlighted. 

Gene ID Annotation Ran

k 

p-value 

Medtr4g026755 Nodule Cysteine-rich Peptide 1 8.67E-05 

Medtr4g026818 Nodule Cysteine-rich peptide 2 9.42E-05 

Medtr4g006570 SNAP receptor complex protein 3 1.65E-04 

Medtr2g020620 Squamosa Promoter-binding-like protein 4 1.83E-04 

Medtr8g014220 F-box/RNI/FBD-like domain protein, putative 5 2.87E-04 

Medtr4g030810 Transmembrane protein, putative 6 3.40E-04 

Medtr7g056590 G-type lectin S-receptor-like Serine/Threonine-kinase 7 7.01E-04 

Medtr6g082820 Wall-associated receptor kinase carboxy-terminal 

protein 

8 8.52E-04 

Medtr7g015420 Feronia receptor-like kinase 9 9.45E-04 

Medtr8g018250 Hypothetical protein 10 0.00103 
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Table 2.3: NCR-SNP Total Nodule Number Association Results. Genes in the Chr 4 Locus are 

highlighted. 

Gene ID Ran

k 

p-value 

Medtr4g026680 1 1.69E-05 

Medtr3g06750 2 3.60E-05 

Medtr1826s0010 3 4.21E-05 

Medtr3g014705 4 6.38E-05 

Medtr6g075430 5 7.44E-05 

Medtr4g026750 6 1.15E-04 

Medtr7g008985 7 1.18E-04 

Medtr3g008445 8 1.18E-04 

Medtr4g018727 9 1.78E-04 

Medtr7g071315 10 1.98E-04 
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Figure 2.1. Genome-wide LD decay for RDVs compared to RDVs, shown in red. SNP LD decay 

is shown in blue, and RDV compared to SNP LD decay is shown in green. Shaded regions 

represent quantiles between 0.2 and 0.8 for each of the categories. RDV LD decay has less 

overall data points, but gives a similar pattern to genome-wide SNP LD decay. RDVs lack strong 

LD with SNPs. 
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Figure 2.2. Manhattan plot for each association study. The NCR SNP Association study utilizes 

SNPs within and up to 2kbp upstream of each NCR. Highlighted in green is the NCR locus 

implicated by both association studies. 
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Figure 2.3. Example of log2 values versus phenotypes. The log2 ratio for each accession 

(FPKMacc) compared to the reference accession (FPKMref) for (A) Medtr2g020620 and (B) 

Medtr4g6818, plotted against the total nodule number for each accession. Green indicates that the 

genotypes called as deletions, red represent ambiguous calls that are dropped from our analyses, 

and blue represent calls as “present.” Phenotypic means for absent and “present” calls are 

provided. In our association study, a fourth category was generated for potential increases in 

copy-number, for those with a log2 >= 2. 
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Figure 2.4: The location of annotated NCRs across the 8 chromosomes. NCRs are often 

clustered together. 
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Figure 2.5: An LD analysis comparing Medtr1826s0010 genic and flanking SNPs to all genic 

and flanking NCR SNPs genome-wide to identify the likely location of Medtr1826s0010, which 

is currently on an unanchored scaffold. The r2 peak on chromosome 4 suggests that this NCR 

belongs to the NCR cluster on chromosome 4 revealed by the association analyses. The NCRs on 

scaffold0753 appear to physically linked, based on LD analysis, to Medtr1826s0010, and thus 

likely in the same NCR cluster on chromosome 4. 
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Figure 2.6: Subsampling depth compared to false positive rate. Higher depth results in less false 

positive and ambiguous values, but not considerably. The ambiguous category which is removed 

from analysis captures many of the false positives as depth decreases. 
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Chapter 3 

Dynamics of Intraspecific and Interspecific Repeat Families in the 

Rhizobia Ensifer meliloti 
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Synopsis 

Prokaryotic species can harbor extensive genomic variation. The variation is not limited 

to sequence divergence, but also includes structural variation and the inclusion or exclusion of 

genetic sequence. Driving many of these variations are genomic repeats. Genomic repeats are 

sequences of a genome that have been duplicated. Prokaryotic repeats include transposons and 

insertion sequences. Understanding how repeats act and move within populations is essential for 

setting up a framework for getting a better understanding of rhizobial genomics. Ensifer meliloti 

is unique in that it has 3 main replicons with different GC content and repeats are structured by 

replicon instead of by strain. Two replicons of E. meliloti behave as closed genomes, while the 

symbiotic replicon behaves like an open genome. The symbiotic replicon, pSymA, shares a 

genome with the accessory plasmids. Further to this study, I classified repeats as belonging 

specifically to E. meliloti, shared with the closely related species E. medicae, shared with a more 

distant species, P. rhizosphaerae, or shared with all three. For an even further diverged line, I also 

considered repeats shared with E. coli. As repeats collapse with short-read second-generation 

sequencing, I examined the coefficient of variation between a completely sequenced population 

of 16, and a shallower sequenced population of 155, to compare the data that can be obtained 

from both. I identified 688 repeat families from the population of 16 genomes, with each genome 

averaging 531 families. Repeat sequences accounted for up to 24% of the genome, excluding 

accessory plasmids. Of these families, only 261 were exclusive to E. meliloti compared to the out-

species. Interestingly, repeat families shared with all other genomes had higher representation and 

higher potential gene content within our populations. Genes were also identified in our repeat 

families, with the consensus sequence of 595 families containing putative coding regions. We 

identified a total of 1,297 genes. Repeats shared amongst all assayed strains accounted for only 

8% of total identified repeat families but was one of the most abundant categories. 
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Introduction 

Prokaryotic species can harbor extensive genomic variation. This variation is seen at the 

level of nucleotide sequences, gene content, including gene duplicates and genes found in some 

individuals but not others, accessory plasmids, and non-coding genomic repeats (Cordero & Polz, 

2014). Variation at both the levels of individual nucleotide loci, i.e., single nucleotide 

polymorphisms, and gene content can have important phenotypic and fitness consequences 

(Chang & Duda, 2012; Cordero & Polz, 2014; Hehemann et al., 2016; Thibeaux et al., 2018). 

Consistent with this, the functional annotations of duplicated genes in many bacteria species are 

enriched for transcription, metabolism, and defense (Gevers, Vandepoele, Simillion, & Van de 

Peer, 2004). Moreover, the proportion of a strain’s genome that is comprised of accessory genes, 

i.e. those not found in all strains of a species, can be quite large. At the population scale these 

accessory genes comprise the pan-genome, which can be up to 1.2 to 28 times larger than the 

core-genome, i.e. core genomes can represent 3% to 84% of the genes found in all sequenced 

strains for a species (Lerat, Daubin, Ochman, & Moran, 2005; McInerney et al., 2017).  

The core and accessory genomes of bacterial species are generally defined on the basis of 

protein coding sequences that are not directly related to transposon activity. This focus misses a 

considerable portion of genomic variation, particularly content associated with non-coding repeat 

sequences and transposable elements.  In fact, comparative genomic analyses suggest that 

transposon-related genes and repeat sequences comprise a considerable portion of the presence-

absence variation found in prokaryotic genomes (Treangen, Abraham, Touchon, & Rocha, 2009).   

 

Genomic repeats originate from several mechanisms that involve movement of DNA 

within a cell or into a cell from either another cell of from the environment.  Transposon, or 

mobile-genetic element (MGE), repeats can generate their own variation through self-replication 

and insertion from one place into another within the genome. The movement of MGEs may also 
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carry with them and thereby duplicate non-MGE related genes (Patricia Siguier, Gourbeyre, & 

Chandler, 2014).  Repeats can be created via homologous recombination, illegitimate 

recombination, i.e., recombination not using the DNA repair protein recA, such as slipped 

mispairing or single-strand annealing (Treangen et al., 2009). Several other mechanisms that 

involve uptake of DNA from outside of a cell also can lead to genomic repeats: translocation, i.e. 

phage-mediate movement of DNA from one cell to another, conjugation where two cells 

exchange DNA directly, and transformation, or the uptake of DNA from the environment.   

 Genomic repeats, even those that do not encode protein encoding genes, can have 

important functional consequences – affecting gene expression, strain fitness, and genomic 

stability.  Repeats of protein coding genes, whether they are of internal or external origin, produce 

genetic redundancy, thereby providing the raw material for specialization of one or both copies, 

or subfunctionalization of an ancestral gene function.  Duplicates that come from outside of a 

genome, known as xenologs or homologs whose history includes a horizontal transfer event 

(Treangen & Rocha, 2011), may contain genes resulting in fitness-related traits, such as antibiotic 

resistance, ability to form symbiotic relationships, and acquisition of entire biochemical pathways 

(Hehemann et al., 2016; Ling et al., 2016; Patricia Siguier et al., 2014). MGE can alter 

phenotypes and strain fitness by either inactivation or activation of the expression of neighboring 

genes (reviewed in Siguier et al., 2014).  Repeats can affect genomic stability by providing 

insertion sites that allow integration of horizontally transferred genes (Frost, Leplae, Summers, & 

Toussaint, 2005; Patricia Siguier, Gourbeyre, & Chandler, 2017; Treangen et al., 2009) and by 

increasing rates of recombination and genomic amplification.  The increased genomic plasticity 

that results from repeats can help to restructure and reform genomes, and such genomic plasticity 

can facilitate rapid adaptation to changing environments and pressures (Patricia Siguier et al., 

2017; Treangen et al., 2009).  
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Comparative genomic analysis has revealed that lateral gene transfer and gene deletion 

result in the repeat content of genomes being highly dynamic (Achaz, Rocha, Netter, & Coissac, 

2002; Eduardo P.C. Rocha, 2008) with some evidence for periods of rapid expansion, which can 

be driven by selection and adaptation to specific environments (Riehle, Bennett, & Long, 2001; 

E. P. C. Rocha, Matic, & Taddei, 2002; Thibeaux et al., 2018). These periods of rapid expansion 

are followed by periods of loss, driven by selection or by drift, which results in genomic 

streamlining (Patricia Siguier et al., 2014).  These dynamics have been inferred by either 

comparing the genomes of strains from closely related species, or by examining the degree to 

which repeat sequences found in a single genome are intact.  Long segments of repeated sequence 

would indicate more recent amplification events or positive selection pressure maintaining the 

longer sequence, while shorter or fractured segments would indicate more ancient events with 

incomplete purging (Singh, Feschotte, & Stojanovic, 2007). 

The characterization of bacterial genome repeats have focused primarily on a 

comparative genomics approach in which repeated sequences can be species-specific or shared 

amongst lineages (Koressaar & Remm, 2012; McInerney et al., 2017).  Studies that have 

investigated within species variation have focused primarily on specific categories of repeats, 

such as CRISPR sequences that play an integral role in some bacteria species defense against 

pathogens and some horizontally transferred sequence (Bhaya, Davison, & Barrangou, 2011; 

Treangen et al., 2009).  The challenge of inferring repeat content from short-read sequence data 

alone, has hampered the investigation of repeat diversity within a bacterial species.  In this 

chapter, I focus on understanding the mode and modality of repeats within species and shared 

between species, which may be horizontally transferred. Understanding how different repeats act 

within genomes provides insights into genomic structure, function, and evolution (Patricia Siguier 

et al., 2017). 
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We have recently characterized genomic repeat content and intra-replicon repeat 

variation in a sample of Ensifer meliloti.  E. meliloti has served as a model bacterium for 

uncovering the genomic basis of nodulation and N fixation (K. M. Jones, Kobayashi, Davies, 

Taga, & Walker, 2007b), processes that are important to the introduction of nitrogen (N) into 

agricultural and natural ecosystems and likely to have played a vital role in the ecological and 

evolutionary diversity of legume species. Genomic diversity in E. meliloti has also been 

extensively studied. Comparative genomics of 32 strains of E. meliloti has been conducted for 

horizontal gene transfer (HGT), nucleotide diversity, and signs of positive selection (Epstein et 

al., 2012). Further research has analyzed the differences in gene content, especially those 

involved in nodulation and some fitness-related pathways (Sugawara et al., 2013). Nelson et al. 

recently made use of long-read sequencing to assemble complete genome assemblies of 16 E. 

meliloti strains to identify differences between gene content of individual replicons, identify 

repeat sequences and transposon-associated loci, identify large genomic rearrangements, and 

closely examine the core and pan-genomes at the level of individual replicons within the 

population (Nelson et al., 2018). 

In this work, we build on the results of Nelson et al. (2018) to more thoroughly 

characterize the diversity of genomic repeats segregating within E. meliloti.  Our overall goal is to 

provide insight into the evolutionary dynamics and consequences of genomic repeats and thereby 

provide insight into the underlying patterns and processes driving genomic content diversity, 

understand the differences in behavior of intraspecific and interspecific repeats, and to discern the 

fate of these sequences. Our specific objectives are to i) characterize the relationship between 

repeat length, average frequency within a genome, and among-strain variation, ii) characterize 

intraspecific and interspecific repeated sequences, and iii) examine differences of repeats between 

deep and shallow sequencing populations. 
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Methods 

Data 

We characterized repeat content in our focal species, E. meliloti, using genome sequences 

from two E. meliloti sequence datasets. The first E. meliloti data set, hereafter referred to as the 

deep16 was comprised of 16 strains with full-genome reference quality, circularized, assemblies 

and is the same sample that was analyzed by Nelson et al. 2018.  The genome assemblies for 10 

of these strains were based on SMRT Pacific Biosciences sequencing, with a coverage range of 

33.3-153.6, and polished with Illumina reads with between 4 and 624 nucleotide sequence 

corrections (<0.01% of the genomes). The other 6 strains were also completely sequenced and 

their sequence was obtained from NCBI.   

The second E. meliloti sample, hereafter referred to as the wide155, is comprised of de 

novo assemblies of the genomes of 155 strains sequenced using Illumina HiSeq with Nextera XT 

DNA library preparations using 300bp paired-end reads.  These strains were originally sampled 

from locations across the world. Lanes produced 21 Million reads per pool, with 47 sequences per 

pool.  Sequencing was done by the University of Minnesota Genomics Center.  The data for 101 

of these strains were used by Burghardt et al (2017), the data for the other 54 strains have not 

been previously reported.  Illumina reads were trimmed and de-duped with Sickle 1.33 with 

command line options “pe -t sanger -g -l 127” indicating paired-end reads, sanger quality scores, 

gzip output, and minimum length of 127 to keep reads (N. A. Joshi & Fass, 2011).  Trimmed 

reads were assembled with SPAdes 3.6.2 (Bankevich et al., 2012) with command line options “-o 

output -1 trimmed_r1.fastq.gz -2 trimmed_r2.fastq.gz -s trimmed_singles.fastq.gz –careful” to 

work with the trimmed reads and with Illumina-quality reads. 

Assembled genomes of the deep16 sample were annotated with the same method that we 

use here for the wide155 genomes. Protein-coding genes were predicted with Prodigal v 2.6.3 
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using default parameters, only specifying the inputs and outputs (Hyatt et al., 2010).  Arguments 

passed to prodigal specified the input FASTA file (-i), export predicted coding regions (-d), 

predicted peptide sequences (-a), and to export gene definitions as GFF3 files (-f) and to specify 

the output file (-o). 

We compared the repeat content identified from the deep16 E. meliloti genomes to 

reference genomes of E. medicae, Pseudomonas rhizosphaerae, and Escherichia coli.  The E. 

medicae strain had been previously collected, sequenced, and assembled in the same manner as 

the 10 original strains used in the Nelson et al. (2018) paper. The other genome sequences used in 

our analyses were obtained from NCBI Genome: the P. rhizosphaerae genome (RefSeq 

NZ_CP009533.1) is a PacBio-based genome assemblies from Kwak et al. 2015, and the E. coli K-

12 strain MG1655  (RefSeq NC_000913) was obtained from EcoGene and assembly has been 

performed using multiple rounds of sequencing and mapping approaches (J. Zhou & Rudd, 2012).   

Repeat Identification 

We identified the repeat elements segregating within the deep16 genomes by generating 

alignments of each genome compared to itself, extracting all repeated sequences, clustering, 

alignment, and then trimming these sequences, followed by generating Hidden Markov Models 

(HMMs) to identify more diverged repeats within the same cluster. Repeats were identified from 

the deep16 genomes using the nucmer software (part of the Mummer software package, v3.23) in 

repeat finding mode, enabled with parameters “--maxmatch --nosimplify” as specified in the 

software documentation (Kurtz et al., 2004). All sequences present in a single genome in two or 

more copies, determined by nucmer alignments, were extracted using custom Perl code 

(http://github.com/jguhlin/repeats-paper). Extracted duplicates from all strains were compiled into 

a single file which was compared to itself with a nucleotide BLAST using the blastn program 

v2.2.28 (Camacho et al., 2009). Matches were extracted from the BLAST results along with the 

bitscore, which was used to cluster the repeats by using mcl with an inflation value of 2.0 
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(Dongen & Stijn, 2000), which resulted in 688 repeat family clusters. Sequences of each cluster 

member were compiled into a single file for each cluster, containing all the similar sequences, by 

using custom code (http://github.com/jguhlin/repeats-paper). The sequences comprising each 

cluster was then aligned with MAFFT, using command line options “--adjustdirection --

maxiterate 1000 --localpair --reorder” (Katoh & Standley, 2013). Cluster alignments were then 

trimmed using TrimAL v1.2rev59 with command line options “-resoverlap 0.6 -seqoverlap 50” to 

remove any sequences which do not align well, having less than 50% of sequence positions 

having at least 60% overlap with other sequences (Capella-Gutierrez, Silla-Martinez, & 

Gabaldon, 2009). This process identified 688 cluster alignments that were then re-ordered and re-

aligned with mafft using options “--adjustdirection --auto --reorder”.   

HMM profiles were then generated from these trimmed cluster alignments using hmmpress 

from HMMER package v3.1b2 (Heng Li & Durbin, 2010). The 688 clusters were combined into 

7 individual files and processed sequentially, to reduce computer memory usage. These were then 

used to perform HMM scans of the deep16, wide155, and each of the 4 out species genomes 

using nhmmscan (nucleotide version of the hmmscan program) with an E-cutoff of 0.0001 using 

24 CPU threads “--cpu 24”. Custom code was then used to parse repeats 

(http://github.com/jguhlin/repeats-paper) and remove matches less than 50bp.  

RepeatScout identified a similar number of repeat families and repeat members in a small 

test-set of genomes (KH35c, AK83, T073). RepeatScout generates family consensus sequences, 

rather than total counts of repeats, but blastn searches can give family member counts (Price, 

Jones, & Pevzner, 2005). A mean of 87% of RepeatScout identified families were identified with 

the nucmer. Ultimately, nucmer was used because of the faster speed and the large populations 

required for this analysis.  
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Due to the modular nature of repeats, it is possible for a segment of nucleotide sequence to be 

represented by multiple repeat clusters. To prevent over-counting, individual sequences were 

assigned to the repeat cluster for which they had the longest alignment.  

Parsing of Repeats into Functional and Length Classes 

The HMM search identified a total of 688 non-redundant HMM profiles, hereafter 

referred to as repeat families, that contained an average of 8.7 supporting sequences per family.  

For each of these families we generated a consensus sequence using hmmemit with command-line 

options “-c” to provide the majority-rule consensus sequence (Finn, Clements, & Eddy, 2011). 

The collection of consensus sequences were then searched for predicted genes using Prodigal 

v2.6.3 (Hyatt et al., 2010) using the same settings that were used to annotate the wide155 sample.  

Domains and functional annotations were predicted for the predicted protein sequences using 

InterProScan v5.29-68.0 (P. Jones et al., 2014) and eggNOG(Huerta-Cepas et al., 2016). 

InterProScan assigned the putative proteins to Gene Ontology terms (Ashburner et al., 2000). 

Repeat families were also classified as intraspecific if they were found only in E. meliloti and 

interspecific if a sequence was identified from one or more of the non-E. meliloti lineages (E. 

medicae, E. coli, and P. rhizosphaerae reference genomes). Following Treagen et al. (2009) we 

also separated repeats into short (< 300 bp) and long (>= 300 bp) classes.  

Consensus sequences were subjected to a BLAST search to the ISFinder database (P. 

Siguier, Perochon, Lestrade, Mahillon, & Chandler, 2006) with e-value cutoffs of 0.005 and 

0.0005, lower than the default of 10. 

Tajima’s D and Pi Diversity Statistics Calculation 

Sequences of each RE family member were extracted and compiled into a multi-FASTA 

file and aligned with MAFFT with parameters “--adjustdirection --genafpair" to maximize 

alignment quality (Katoh & Standley, 2013). Alignments were trimmed using TrimAL in 
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successive iterations with parameters “-gt 0.8 -w 20” to minimize gaps and then “-resoverlap 0.75 

-seqoverlap 80” to remove sequences which do not align well (Capella-Gutierrez et al., 2009). 

Trimmed alignments were used to calculate Tajima’s D and Pi diversity using the R package 

PopGenome (Pfeifer, Wittelsbürger, Ramos-Onsins, & Lercher, 2014). 

Results 

Repeat Abundances and Sequence Compositions 

Among the deep16 sample, comprised of 16 completely sequenced E. meliloti strains, we 

identified 688 repeat families with each genome harboring a mean of 531 families, and a mean of 

12 members within each family. This accounted for a mean of 1.595 Mbp of repeat sequence per 

strain. Each genome had a mean size of 6.79 Mbp, excluding accessory plasmids. Within our 

deep16 population, repeat sequences were responsible for ~23.6 % of the entire genome and 

genome size positively correlated to both the mean number of RE families found within a genome 

and the total number of repeat elements (RE) with r2
df=15 = 0.79. There was a mean of 5.7 family 

members of each family per strain, with a mean length of identified family member of 528bp 

(Table 3.1). The wide155 population was similar (Table 3.2), but had, on average, more family 

members per strain, although less total mean repeat sequence length per strain. This is expected 

as these are derived from short-read sequencing technologies, and the mean sequence length of 

each repeat was less, although it was surprising to have potentially identified more family 

members per strain.  

As expected, the number of copies found within the vast majority of the repeat families 

varied among the 16 genomes. Examining variation on the basis of the coefficient of variation 

(CoV), which accounts for the positive relationships between variance and the mean, we found 

that among-strain variation in the number of copies of each of the families varied between 0 and 

1.45 in our deep16 population. CoV was weakly correlated with consensus length at r of 0.14 
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(Figure 3.1). The same pattern is observed for the wide155 population (Figure 3.2). Surprisingly, 

109 of the repeat families showed no copy variation within the deep16 E. meliloti population – 

these invariant families harbored an average of 2.3 copies within each genome. Average length of 

these invariant clusters were 380bp and 21 of which contained 0 genes, while 88 clusters 

contained between 1 and 5 genes. Annotations derived from eggNOG associates most annotations 

for these genes with transposase, transcriptional regulator, integrase, and similar MGE-related 

domains. Also identified were nitrite reductase, pilus assembly protein, and a replication 

inhibition protein.  

Large repeats, defined here as >= 300bp, accounted for 437 repeat families with a total 

count of 36,036 members in our deep16 population. This is as average of 84 members per family, 

or 5 members per family per strain. Small families accounted for 251 families and a total of 

12,197 members in our population, 49 members on average, and 3 per family per strain. 

Interspecific vs. Intraspecific Repeats 

Approximately 38%, 261 out of 688 total, of the RE families identified within E. meliloti 

were not found in the other lineages we examined, including the sister species E. medicae (Table 

3.1), though limited to a single representative genome for each out species. These lineage-specific 

repeats had an average GC content of 60.1% and contained an average of 1.1 genes, with a range 

of 0 – 17. There was a mean of 2.2 family members in the deep16 population, and 2.6 in the 

wide155 population. E. meliloti specific repeats contributed 107 kbp to the deep16 population and 

99 kbp to the wide155 population.  

Coefficient of variation of repeat families decreases the further away from the GC% mean of 

62% (Figure 3.7) and does not appear to be category specific, while those closest to the GC% 

mean appear to be both higher and more likely to be fixed, which is represented with a CoV of 0.  
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The remaining 427 repeat families were identified in other lineages. On average, the 

occurrence of these repeats reflected the evolutionary distance among lineages: 358 were found 

only in E. medicae, 7 families were shared only with Pseudomonas rhizosphearae, and only 2 

was shared exclusively with E. coli. A total of 85 were shared with two or more species, and also 

shared with E. meliloti. A smaller portion were shared amongst all species, including E. meliloti, 

45 in total. GC content for REs shared with E. medicae was similar to that of E. meliloti (Figure 

3.3). The length of repeat family consensus sequence was higher for repeats closer to the GC 

content of E. meliloti itself. 

Interestingly, repeat families shared with E. medicae often had higher representation within 

E. meliloti genomes in our deep16 population, with a mean of 5.8 members per family, than those 

exclusive to E. meliloti, with only 2.2 members per family, or shared with P. rhizosphearae or E. 

coli. Those shared amongst three of our tested groups had a mean of 5.2 members. Repeat 

clusters present in all of our species had the highest representation in our E. meliloti population, at 

14.3 members on average per family (Table 3.1). The numbers were similar for our wide155 

population (Table 3.2). Also, while those shared amongst all four species represented 8% of total 

repeat families, they had the highest contribution to total repeat sequence length in both 

populations and the highest number of average family members. 

Gene Content 

Of our RE families, 595 of out 688 contained putative coding regions, with 237 of the 

families containing more than a single putative coding region, and the largest containing 28 

predicted coding genes. Prodigal, which we used for gene prediction, can predict partial genes at 

the start or end of a length of sequence, so genes proximal to the start or end of a sequence may 

lack start or stop codons. We identified a total of 1,297 genes in 595 RE families with 111 

families having no predicted genes, and 308 families contained only a single predicted gene. 

When a consensus sequence contained one or more genes, a mean of 83% of repeat consensus 
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sequence was predicted to be coding sequence. Many of the genes found within the RE families 

were part of basic cellular metabolism or involved in gene regulation (DNA binding [152 genes], 

oxidation-reduction process [60] regulation of transcription [52]); members of these repeat 

families were found in all of the lineages. By contrast, 11 of the repeat families were comprised 

of sequences annotated to be directly related to Ensifer symbiosis with legume hosts; members of 

these families were found in both Ensifer species but the other lineages. 

Gene annotations of intraspecific families were primarily transposase, transcriptional 

regulators, and integrases. Those shared with E. medicae shared the same pattern. The family 

shared with E. coli was a Cytochrome C-related protein. The families shared with P. 

rhizosphearae were primarily transcriptional regulators but also contained peptide transport-

related domains. Repeats unique to E. meliloti had the fewest number of genes, while repeats 

shared amongst all species (constitutive) had the largest range (0 – 28) (Figure 3.4). Those shared 

with E. medicae also had a wide range, but an average similar to that of intraspecific repeats. 

Gene content itself was correlated to consensus length (Figure 3.5).  

Families shared with multiple species, but not all, included domains related to transcriptional 

regulators, transposases, and ABC transporter-related domains. Those families which were shared 

with all species were primarily transcriptional regulators, ABC transporters, histidine kinase, 

secretion protein, and acyl-CoA dehydrogenase. 

We classified repeat family consensus sequences to delineate potential functional categories. 

Families were identified as transposons, if they contained only transposon-related genes 

(integrase, recombinase, phage, transposase). If families contained no transposon related genes, 

we classified them as genic. If the families contained genes related to both transposon-machinery 

and non-transposon, we classified these as cargo-gene carrying repeats. Repeat families whose 

consensus sequence contained no genes were not included in this analysis. We identified 344 

repeat families containing only genes, 101 which we classified as transposons, and 100 as cargo-
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carrying transposons (Table 3.3). Proportionally, repeat families shared with E. medicae 

contained a higher portion of cargo-gene carrying transposons than repeats found only in E. 

meliloti. Shared and constitutive categories had even higher proportions (Table 3.4), although 

both categories have significantly less repeat families contributing to these numbers (288 

exclusive to E. meliloti, 390 shared with E. medicae, 25 and 56 in the shared and constitutive 

categories, respectively, see Table 3.1).  

Population Comparisons 

 The CoV between the deep16 and wide155 populations were correlated with an r2 of 0.51 

(Figure 3.7). This number is likely artificially low due to more repeats fixed within the deep16 

population which are not in the wide155 population. This is likely due to both incomplete 

assembly and a larger population size.  

Repeat Diversity Statistics 

 In both π and Tajima’s D measurements of nucleotide diversity of repeat family members 

by category, repeats found in both E. medicae and E. meliloti had a higher range of π diversity, 

with E. medicae as high as 0.20 π and E. meliloti at 0.16 π, while constitutive repeats had a max 

of 0.10 π. However, the bulk of repeats for E. medicae and E. meliloti were closer to 0, indicating 

many more repeats with less diversity in the population (Figure 3.9). Tajima’s D measurements 

were similar, with a wider range for repeats shared with E. medicae as well as those only found in 

E. meliloti (Figure 3.10).  

Discussion 

Repeat families shared with closely related E. medicae were the most abundant, followed 

closely by those shared amongst all species.  This could be representative of both horizontal gene 

transfer from other species and ancient elements which have risen to high levels of fixation or 

continue to provide a source of genomic plasticity within the genome.  REs shared amongst all 
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tested out species had the highest representation but a significantly lower number of total RE 

families, likely indicating actively moving elements or essential functions which are fixed in the 

population.  

Several mechanisms can be responsible for this type of variation. Diversity comes from 

gene duplications (Chang & Duda, 2012) and horizontal gene transfer (Frost et al., 2005; Lerat et 

al., 2005).  Gene content diversity has been hypothesized to be related to adaptive evolution, 

especially with regard to the ability to migrate to new ecological niches (McInerney et al., 2017).  

Mechanistically, the variation in genome content can come from various source including 

genomic structural variation in the form of genomic duplications, genomic loss, and lateral gene 

transfer (Frost et al., 2005; Gevers et al., 2004; Kaessmann, 2010; Taylor & Raes, 2004), and new 

duplicated or genes gained through lateral transfer can be of central important in adaptation, 

particularly for new niches or in response to strong selection (Hehemann et al., 2016; Riehle et 

al., 2001). 

Of our repeat families, 130 contained known insertional sequences (IS), as identified by 

ISFinder database (P. Siguier et al., 2006), at an e-value of 0.005. A more stringent cut-off of e-

value 0.0005 identified only 15 less.  

Once genes enter the genome, they may persist or be purged. We see bias in coefficient 

of variation against those repeat families further away from the mean GC content of E. meliloti 

(62%, Figure 3.6). High frequency genes are the result of stable selective pressures, whereas low-

frequency genes often encode proteins involved in defense (Cordero & Polz, 2014). Repeats 

unique to the Ensifer genomes (medicae and meliloti) had higher genomic diversity, indicating 

that they are undergoing rapid expansion and under less mutational selection. Repeat families had 

a large range of nucleotide diversity as well as Tajima’s D, indicating families unique to the 

Ensifer lineage and those shared with other species had members with both rare alleles at high 

frequencies and low frequencies, indicating multiple forces of selection at play.  



74 
 

Using a selection of deeply sequenced genomes compared to large populations not 

sequenced as deeply is becoming a trend, moving away from a single reference genome to 

panreferences. To examine some aspects of our two populations, we compared the coefficient of 

variation of both our populations and found an r2 value of 0.51 (Figure 3.7). Confounding this 

were repeat families in both populations, but especially the deep16 population showing no 

variation in abundance. CoV values for the wide155 population were skewed, as can be seen in 

Figure 3.8.  

While there were differences in the two populations, using high-confidence repeat 

families from a subset of high-quality genomes allows for insights into a larger population, even 

of confounding genomic structures such as repeats. As repeated sequence can be associated with 

functionally important genes as well as functionally important regions, understanding their origin, 

either horizontal gene transfer or as existing genomic material within a population or species, as 

well as how they move and persist within populations reveals insights into genomic 

characteristics of repeated sequences.  

 Future directions may include examining genomic plasticity through the lens of repeats, 

examining structural rearrangements and which repeats are associated with them, and examining 

sequence divergence within the repeat family members. Further analysis of repeat families under 

different types of selection and what characteristics, such as gene containing or IS-containing, 

and functional association of those repeats. 
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Tables and Figures 

Table 3.1. Characteristics of repeat families found that are found in E. meliloti only, and those 

shared between E.meliloti and one of the other species: E medicae, P rhizosphaerae and E. coli. 

Shared indicates those shared amongst E. meliloti and, E. medicae, and P. rhizosphaerae.  

Reported data is from E. meliloti deep16 population. Average repeat length per strain is the 

average length of all repeats in each strain. Average sequence length is the average length 

identified repeats. 

Classification 

Number of 

repeat 

families 

Avg. Family 

Members 

Per Strain 

(Min – Max) 

Avg. Repeat length 

Per Strain (in kb) 

(Min – Max) 

Avg.  Seq Length 

(Min – Max) 

Avg. CoV 

(Min – 

Max) 

E. meliloti all 

repeats 
688 

5.7 

(1 – 124) 

1,595 

(1,401 – 1,981) 

528 

(36 – 23,583) 

0.3 

(0.0 – 1.5) 

E. meliloti only 208 
2.2 

(1 – 18) 

107 

(81 – 146) 

356 

(38 – 12,309) 

0.3 

(0.0 – 1.1) 

Shared with E. 

medicae 
390 

5.8 

(1 – 124) 

607 

(492 – 887) 

359 

(36 – 10,215) 

0.4 

(0.0 – 1.5) 

Shared with P. 

rhizosphaerae 
7 

2.0 

(1 – 8) 

15.6 

(10.8 – 21.8) 

1 566 

(105 – 6,620) 

0.2 

(0.0 – 0.4) 

Shared with E. coli 2 
1.1 

(1 – 2) 

0.52 

(0.18 – 0.62) 

409 

(167 – 581) 

0.2 

(0.0 – 0.5) 

Shared 25 
5.2 

(1 – 28) 

154 

(118 – 228) 

703 

(50 – 20,946) 

0.4 

(0.0 – 1.0) 

Shared among the 

four species 
56 

14.3 

(1 – 76) 

709 

(669 – 742) 

893 

(54 – 23,583) 

0.2 

(0.0 – 0.8) 



76 
 

Table 3.2. Characteristics of repeat families that are found in E. meliloti only, and those shared 

between E.meliloti and one of the other species: E medicae, P rhizosphaerae and E. coli. Shared 

indicates those shared amongst E. meliloti and, E. medicae, and P. rhizosphaerae. Reported data 

is from E. meliloti wide155 population. Number of repeat families per category is the same as in 

Table 1. 

Classification Avg. Family 

Members Per 

Strain 

(Min – Max) 

Avg. Repeat length Per 

Strain (in kb) 

(Min – Max) 

Avg.  Seq 

Length 

(Min – Max) 

Avg. CoV 

(Min – Max) 

E. meliloti all repeats 
6.5 

(1 – 154) 

1,564  

(494 – 1,885) 

442 

(29 – 20,072) 

0.4 

(0.0 – 1.7) 

E. meliloti only 
2.6 

(1 – 44) 

98.6 

(27.4 – 153.4) 

272 

(31 – 12,315) 

0.4 

(0.0 – 1.5) 

Shared with E. 

medicae 

6.8 

(1 – 154) 

623 

(183 – 835) 

295 

(29 – 11,984) 

0.5 

(0.0 – 1.7) 

Shared with P. 

rhizosphaerae 

2.3 

(1 – 11) 

11.8  

(1.0 – 19.4) 

888 

(55 – 6,629) 

0.4 

(0.2 – 0.5) 

Shared with E. coli 
1.0 

(1 – 2) 

0.47 

(0.092 – 1.5) 

379 

(92 – 952) 

0.2 

(0.0 – 0.3) 

Shared 
6.1 

(1 – 44) 

99.8 

(50.6 – 121) 

660 

(48 – 13 506) 

0.4 

(0.1 – 1.4) 

Shared among the 

four species 

16.1 

(1 – 88) 

730 

(224 - 809) 

814 

(36 – 20 072) 

0.3 

(0.1 – 0.6) 
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Table 3.3. Classification of repeats families found in E. meliloti by genic contents and by familial 

shared status, as in tables 1 and 2. Gene predictions are derived from the repeat family consensus 

sequence generated from the deep16 population. Repeat families classified as genes only 

contained no predicted proteins with transposon-associated machinery predicted by eggNOG 

annotations. Transposons only contained genes related to transposon machinery. Cargo 

classification indicates genes with and without transposon predicted annotations. Repeat families 

contain between 0 and 28 predicted genes. 

 

Classification Genes Only Transposon Cargo Non-Coding 

E. meliloti all 

repeats 

344 101 100 143 

E. meliloti only 117 31 14 54 

Shared with E. 

medicae 

179 57 58 88 

Shared with P. 

rhizosphaerae 

5 1 1 0 

Shared with E. coli 1 0 1 0 

Shared 15 0 10 0 

Shared among the 

four species 

27 12 16 1 
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Table 3.4. Proportional representation of the data found in table 3. Classification of repeats 

families found in E. meliloti by genic contents and by familial shared status, as in tables 1 and 2. 

Gene predictions are derived from the repeat family consensus sequence generated from the 

deep16 population. Repeat families classified as genes only contained no predicted proteins with 

transposon-associated machinery predicted by eggNOG annotations. Transposons only contained 

genes related to transposon machinery. Cargo classification indicates genes with and without 

transposon predicted annotations. Repeat families contain between 0 and 28 predicted genes. P. 

rhizosphaerae and E. coli were removed due to having too few members. 

 

Classification Genes Only Transposon Cargo Non-Coding 

E. meliloti all repeats 
0.50 0.15 0.15 0.21 

E. meliloti only 
0.54 0.14 0.06 0.25 

Shared with E. medicae 
0.47 0.14 0.14 0.23 

Shared 
0.6 0 0.4 0 

Shared among the four 

species 
0.48 0.21 0.28 0.018 
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Figure 3.1. Consensus length compared to Coefficient of Variation for the deep16 population. 

Long repeats are often shared amongst out-groups, while intra-specific repeat families are often 

shorter. 
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Figure 3.2. Consensus length compared to Coefficient of Variance for the wide155 population. 

Long repeats are often shared amongst out-groups, while intra-specific repeat families are often 

shorter.  
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Figure 3.3. GC Content of Repeat Family consensus sequence of intraspecific repeats (Red), 

repeats shared only with E. medicae(Green), and shared with other species (Blue). E. coli has a 

GC content of 51%, E. medicae has a GC content of 61%, and P. rhizospherae has a GC content 

of 62%. Repeat families were only predicted with E. meliloti genomes. 
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Figure 3.4. Number of genes identified in repeat family consensus sequence categorized by 

shared status. For example, E. medicae represents repeat families identified from E. meliloti that 

we have found in E. medicae. The shared category represents repeat families identified in E. 

meliloti, E. medicae, and P. rhizosphaerae. Repeat families identified in all species had the 

highest levels of predicted genes, likely indicating active transposable elements.  
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Figure 3.5. Gene Count compared to Consensus Length. Longer consensus length is associated 

with identifying more genes, which is in line with bacterial genome size vs. gene count 

expectations. 
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Figure 3.6. GC% compared to coefficient of variation in the deep16 population. Repeat elements 

close to the 62% GC% of E. meliloti have the highest levels of coefficient of variation. Those on 

either side seem to have decreasing CoV, possibly indicating fixation, or more likely, elimination 

from the genome. 
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Figure 3.7. Correlation of CoV between the deep16 and wide155 populations. r2 of 0.51. Number 

is likely reduced due to more fixed repeat family counts in the deep16 population. 
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Figure 3.8. Coefficient of Variation for repeat families, separated by the population. As expected, 

with a larger population the variation spreads out more. However, data is likely lose from 

incomplete assemblies, partially leading to this result.  
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Figure 3.9. Pi diversity statistics for all repeat families in each category. This is presented as a 

violin plot, and thickness indicates trends of values, with thicker portions being more common in 

the dataset. Here the Ensifer lineage categories (medicae and meliloti) have more diversity than 

other categories. 
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Figure 3.10. Tajima’s D diversity statistics for all repeat families in each category. This is 

presented as a violin plot, and thickness indicates trends of values, with thicker portions being 

more common in the dataset. Here the Ensifer lineage categories (medicae and meliloti) have 

higher ranges than others. Tajima’s D indicates allele frequencies of rare alleles, with below 0 

values indicating rare alleles at high frequency and above 0 with rare alleles at low frequency.  
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Appendix 

Other Contributions 

This dissertation is in the form of the introduction and three original research chapters. During my 

time as a graduate student, I have collaborated with other researchers and substantively 

contributed to published projects in ways that have helped shape my understanding of both 

genomics and the legume-rhizobial symbiosis. I will highlight those works here, as they are 

relevant to my cumulative experience as a researcher. 

*Nelson, M., *Guhlin, J., Epstein, B., Tiffin, P., & Sadowsky, M. J. (2018). The complete 

replicons of 16 Ensifer meliloti strains offer insights into intra-and inter-replicon gene 

transfer, transposon-associated loci, and repeat elements. Microbial genomics 4.5. 

I am a co-first author on this paper. Highlights of my work in this paper include 

performing gene prediction and annotation using ODG and eggNOG on the 16 strains, aligning 

and mapping the genomes to identify structural events and translocations, classifying 

transposable-associated elements and repeat elements and clustering them with mcl, and 

identifying patterns of replicon-specificity for these groups. I created figures and scripts to do the 

bulk of the data processing and generated many of the tables, calculated the core and pan-genome 

curves, and was directly involved in the writing. This work directly led to my final chapter on 

repeats. 

Curtin, S. J., Tiffin, P., Guhlin, J., Trujillo, D. I., Burghardt, L. T., Atkins, P., & Young, N. D. 

(2017). Validating genome-wide association candidates controlling quantitative variation in 

nodulation. Plant physiology, 173(2), 921-931.  

For this project I filtered a very large SNP dataset, generated a new genetic relatedness 

matrix (k-matrix), ran multiple association studies using two software pipelines, TASSEL and 

GAPIT, annotated top gene candidates using ODG to help prioritize candidates for gene 
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knockouts, helped identify tnt1 mutants containing insertions in our genes of interest, and 

identified expression patterns which helped to select gene candidates.  

Burghardt, L. T., Guhlin, J., Chun, C. L., Liu, J., Sadowsky, M. J., Stupar, R. M. & Tiffin, P. 

(2017). Transcriptomic basis of genome by genome variation in a legume‐rhizobia 

mutualism. Molecular ecology 26.21: 6122-6135.  

For this paper I performed read processing, aligned transcriptome reads to the Medicago 

truncatula reference using multiple methods, and provided annotated GO terms from my ODG 

database software. I also provided input into understanding GO and PFAM domains.  

Shamseldin, A., Nelson, M. S., Staley, C., Guhlin, J., & Sadowsky, M. J. (2016). Draft genome 

sequences of four novel thermal-and alkaline-tolerant Egyptian Rhizobium strains 

Nodulating Berseem clover. Genome announcements, 4(5), e00988-16. 

For this project, I assisted by generating de novo genome assemblies and gene prediction 

on one salt-tolerant rhizobium strain and three thermal and pH-tolerant strains. I removed 

contaminated reads, one strain which had significant contamination, and optimized assembly 

strategies to maximize gene prediction and contig length.  

Zhou, P., Silverstein, K. A., Ramaraj, T., Guhlin, J., Denny, R., Liu, J., & Tiffin, P. (2017). 

Exploring structural variation and gene family architecture with De Novo assemblies of 15 

Medicago genomes. BMC genomics, 18(1), 261. 

For this project, I assisted with processing sequence data and ran some analyses on the 

data. I also examined these assemblies to assist with the genome-wide association study used 

above. The output of this project was further used to generate accuracy statistics for my second 

chapter. 
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Burghardt, L. T., Epstein, B., Guhlin, J., Nelson, M. S., Taylor, M. R., Young, N. D., & Tiffin, P. 

(2018). Select and resequence reveals relative fitness of bacteria in symbiotic and free-living 

environments. Proceedings of the National Academy of Sciences, 115(10), 2425-2430. 

For this project, I assisted by analyzing some strain-specific data and performed some 

early examinations of the pooled sequencing data. I also assembled the genomes used for these 

experiments, optimizing genomic assembly strategies as above. Further, I identified members of 

the original sequenced population which were contaminants or not Ensifer, and calculated 

genomic quality compared to the published genome. 

 

 


