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Abstract

Gene neighborhoods are clusters of genes that are encoded together within the same
genomic region, and may share similarity in expression and/or function. Bioinformatic
analysis of gene neighborhoods is a powerful approach that provides insights into genome
structure, function, and evolution. Despite its importance, existing bioinformatics tools are
limited in terms of their ability to analyze and compare gene neighborhoods, especially on
a large-scale. In this thesis, I present a novel software tool called AnnoView for large-scale
exploration and analysis of microbial gene neighborhoods. I then demonstrate its use by
exploring several different bacterial pathogens and their virulence factors, and using genomic
context analysis to gain novel insights into pathogen evolution and genome function.

AnnoView is a new gene neighborhood analysis tool that facilitates interactive explo-
ration of microbial gene neighborhoods from 30,238 bacterial genomes and 1,672 archaeal
genomes with pre-computed functional annotations derived from KEGG, Pfam, and TIGR-
FAM. Users also have the flexibility to upload custom datasets in various formats for gene
neighborhood visualization.

As a first application of AnnoView, I analyzed the adenylate isopentenyl transferase
(IPT ) gene in bacteria, which encodes a cytokinin-producing enzyme found in plant
pathogenic as well as plant growth-promoting bacteria (PGPB). To understand how this
gene may function differently between pathogens and PGPB, AnnoView was used to
explore and compare its genomic contexts across bacteria. Analysis revealed numerous
distinguishing features, including the tendency for pathogen-associated adenylate IPT genes
tend to occur in predicted virulence loci.

As a second case study utilizing AnnoView, two novel gene clusters were discovered con-
taining putative clostridial neurotoxin (CNT) genes within the genomes of Paraclostridium
ghonii and Bacillus toyonensis. Both gene clusters were analyzed using AnnoView and
found to contain unique features not present in other CNT-containing gene clusters. In
particular, analysis of the P. ghonii toxin gene neighborhood revealed the identification of
nearby genes indicating that P. ghonii toxin may have a specificity toward insect hosts.
This prediction was experimentally validated in collaborative work, revealing P. ghonii
toxin as a novel insecticidal neurotoxin.

Lastly, as a third case study, I used AnnoView to perform a comparative genomic
analysis of a putatively novel species of Clostridium known as ”clade X” identified from
ancient DNA. The identification of conserved, unique gene neighborhood patterns within
clade X but absent from closely related Clostridium genomes reinforces previous claims
that clade X represents a distinct species.
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Ultimately, comparative analysis of gene neighborhoods using AnnoView and large-scale
genomic information from existing databases (GTDB, AnnoTree, NCBI) is a powerful
approach for for microbial genomics studies. Comparative analysis of gene neighborhoods
in pathogenic genomes helps to expand our knowledge of virulence factors and pathogen-
associated genomic traits, contributing to the characteristic of pathogen biology including
even the identification of host species.

v



Acknowledgements

First and foremost, I would like to express my deepest gratitude to my supervisor, Dr.
Andrew Doxey, for his unwavering support, encouragement, and mentorship. He has been
a continuous source of inspiration, guiding the evolution and refinement of my research
ideas. This thesis would not have happened without him. I am thankful to my committee
members, Dr. Gabriel Moreno-Hagelsieb and Dr. Trevor Charles, for their invaluable
insights, expertise, and consistent guidance.

I extend my sincere appreciation to my collaborators: Dr. Bernard Glick for his visionary
idea and thoughtful feedback on the chapter about isopentenyl transferase; Dr. Briallen
Lobb, Huagang Tan, Zijing Wu, and William Zhen, for their combined efforts on the chapter
about AnnoView; Dr. Min Dong’s lab for their experimental validation, and Dr. Michael
Mansfield for his contribution to the chapter on clostridial neurotoxins.

Additional thanks to all past and current Doxey lab members for always being there in
times of need. The casual gatherings after our lab meetings always added a memorable
touch. I thank all my friends for bringing vibrant colors to my life in a foreign land. To
every educator who has impacted my journey, your wisdom has sculpted my path, shaping
who I am today.

Lastly, I would like to thank my family: my parents and my brother, for their uncon-
ditional love and support throughout this journey, always believing in me even when I
doubted myself.

vi



Dedication

To all who guided and supported me on this journey, to individuals I’ve met and the
experiences shared, to my family who always stand by me, and to my own perseverance
and determination for carrying me this far.

vii



Table of Contents

Examining Committee Membership ii

Author’s Declaration iii

Abstract iv

Acknowledgements vi

Dedication vii

List of Figures xi

List of Tables xiii

1 Introduction 1

1.1 Bacterial and archaeal genomics, comparative genomics, and gene neighbor-
hood analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Gene neighborhood conservation patterns . . . . . . . . . . . . . . . . . . . 3

1.3 Methods for annotating gene neighborhoods . . . . . . . . . . . . . . . . . 6

1.4 Methods for comparing neighborhoods . . . . . . . . . . . . . . . . . . . . 9

1.5 Problems with existing gene neighborhood tools . . . . . . . . . . . . . . . 14

1.6 Gene neighborhood analysis in pathogen genomics . . . . . . . . . . . . . . 15

1.7 Thesis outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

viii



2 AnnoView: Gene neighborhood browser for bacterial and archaeal genomes 18

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.3 The AnnoView application . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.4 Example workflows . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3 Comparative analysis of adenylate IPT genes 32

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4 Novel Clostridial neurotoxins identified outside Clostridium 63

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.4 Experimental characterization of PG toxins . . . . . . . . . . . . . . . . . 84

4.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5 Comparative genomics of a novel Clostridium sp. X identified from
archaeological samples 92

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

ix



6 Discussion 111

6.1 Summary of findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

6.1.1 Identification of IPT gene clusters . . . . . . . . . . . . . . . . . . . 112

6.1.2 Identification of two novel clostridial neurotoxins . . . . . . . . . . 113

6.1.3 Identification of genomic traits unique to Clostridium sp. X . . . . 115

6.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

6.3 Final remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

Letter of Copyright Permission 122

References 123

APPENDICES 159

Supplementary Tables 160

x



List of Figures

1.1 The number of sequence records in GenBank and WGS databases . . . . . 2

1.2 Different genomic context methods . . . . . . . . . . . . . . . . . . . . . . 4

2.1 The architecture of AnnoView . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2 Pseudocode for the clustering algorithm . . . . . . . . . . . . . . . . . . . 22

2.3 AnnoView gene neighborhood browser functionalities . . . . . . . . . . . . 25

2.4 Search in the AnnoTree database . . . . . . . . . . . . . . . . . . . . . . . 27

2.5 Upload gene neighborhood dataset to AnnoView . . . . . . . . . . . . . . . 29

2.6 Genome structure of Betacoronavirus . . . . . . . . . . . . . . . . . . . . . 30

3.1 General pathway for CK biosynthesis . . . . . . . . . . . . . . . . . . . . . 36

3.2 Phylogenetic distribution of IPT proteins . . . . . . . . . . . . . . . . . . . 42

3.3 Phylogenetic tree of bacterial IPT proteins . . . . . . . . . . . . . . . . . . 44

3.4 Phylogenetic tree of IPTs from bacteria and eukaryotes . . . . . . . . . . . 46

3.5 Comparison of codon usage patterns between IPT genes from the pathogen-
associated and PGPB-associated clades . . . . . . . . . . . . . . . . . . . . 48

3.6 Genomic context analysis of bacterial IPT genes . . . . . . . . . . . . . . . 51

3.7 Pathogen-associated IPT genes tend to reside within predicted virulence loci 53

3.8 Boxplot of the PathFams scores . . . . . . . . . . . . . . . . . . . . . . . . 54

3.9 Selected IPT genomic neighborhoods . . . . . . . . . . . . . . . . . . . . . 55

3.10 Analysis of IPT promoter sequences . . . . . . . . . . . . . . . . . . . . . . 58

xi



4.1 Identification of BoNT-like genes in genomes of two Paeniclostridium ghonii
strains . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.2 Structural and motif analysis of PG-toxins in relation to BoNT . . . . . . 74

4.3 Phylogeny of the BoNT family including PG-toxin . . . . . . . . . . . . . . 76

4.4 Phylogenetic clustering of P. ghonii genomes . . . . . . . . . . . . . . . . . 78

4.5 Pairwise sequence similarity of BoNT toxins . . . . . . . . . . . . . . . . . 79

4.6 Visualization of a newly identified BoNT-like gene cluster in B. toyonensis 80

4.7 Alignment of B. toyonensis BoNT-like toxin with other subtypes . . . . . . 80

4.8 Phylogenetic tree of BoNTs, BTNT, and related toxins . . . . . . . . . . . 82

4.9 Phylogenetic tree of BoNTs, PG toxins, BTNT and related toxins . . . . . 83

4.10 PG1 and PG2 injection in adult Drosophila induce paralysis and death . . 86

4.11 Characterization of PG1 and PG2 toxins . . . . . . . . . . . . . . . . . . . 89

5.1 Previous work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.2 Venn diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

5.3 The number of clade X specific genes . . . . . . . . . . . . . . . . . . . . . 99

5.4 Unique gene neighborhood structures in clade X and Y acBins . . . . . . . 101

5.5 Gene neighborhoods surrounding the repA genes . . . . . . . . . . . . . . . 103

5.6 Gene neighborhoods surrounding the colT genes . . . . . . . . . . . . . . . 104

5.7 Mapped read coverage to the reference C. tetani E88 plasmid and tent genes 105

5.8 Gene neighborhoods surrounding the tent genes . . . . . . . . . . . . . . . 106

5.9 Identification of a putative deletion event . . . . . . . . . . . . . . . . . . . 108

5.10 Evolutionary models of tent gene . . . . . . . . . . . . . . . . . . . . . . . 110

xii



List of Tables

1.1 Bioinformatics tools for gene neighborhood analysis . . . . . . . . . . . . . 11

1.2 Summary of thesis chapters . . . . . . . . . . . . . . . . . . . . . . . . . . 17

5.1 Unique orthologous groups . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

1 AnnoTree results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

2 IPT protein sequences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

3 Metadata table of IPT-containing bacteria . . . . . . . . . . . . . . . . . . 173

4 GTDB species name and NCBI species name of the IPT-containing genomes 178

5 Pfam annotations detected five or more than five times in the IPT gene
neighborhood . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

xiii



Chapter 1

Introduction

Gene order analysis, i.e. the comparative study of genomic sequences that
have been scrambled by genome rearrangement events, confers detailed
insights into the species’ evolutionary past helping to resolve their
phylogenetic relationships, the structural organization of ancestral
genomes, and functional dependencies of genes, only to name a few
applications.

Comparative Genomics: Methods and Protocols
Setubal, J. C., Stoye, J., & Stadler, P. F.1

1.1 Bacterial and archaeal genomics, comparative ge-

nomics, and gene neighborhood analysis

A genome represents the complete set of DNA sequences of an organism, and is blueprint
for the building blocks (i.e., genes) of cells and their regulation. Genomic studies aim
to characterize genome function, structure, and evolution, which is becoming increas-
ingly possible through the constant addition of new species to genomic databases. Over
recent decades, the surge in genomic data submissions has greatly increased our under-
standing of prokaryotic genomes. At the time of writing, the whole genome shotgun
(WGS) database holds data records for over 2 billion sequences (Figure 1.1). Mean-
while, GenBank contains data for nearly 600,000 distinct prokaryotic organisms (https:
//ncbi.nlm.nih.gov/genome/browse#!/overview/).
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Figure 1.1: The number of sequence records in GenBank and Whole genome shotgun (WGS)
databases. Data is obtained from NCBI GenBank (www.ncbi.nlm.nih.gov/genbank/
statistics/).

Comparative genomics is a field of study that compares genome structure and function
of different organisms to understand their evolutionary relationship, as well as to identify
similar or unique genomic features.1,2 Features that are often examined in comparative
genomics include DNA sequence comparison using whole-genome alignment, gene content
comparison, pan-genome analysis, functional comparison, and synteny analysis.1 Synteny
analysis refers to the identification of genetic loci conservation pattern across different
genomes. In this thesis, gene neighborhood analysis is defined as synteny analysis of gene
orders and arrangement on the genomic regions that housing the genes of interests. A gene
neighborhood, often termed a “genomic neighborhood” or a “genomic context”, denotes the
arrangement of genomic features within a specific genomic region, typically surrounding one
or more genes of interest. Gene neighborhood analysis involves visualizing and comparing
the organization of genes, genetic elements, and other genomic features across different
species, as well as identifying conservation patterns and evolutionary changes in gene order.
Gene order conservation, or shared synteny patterns can provide functional association clues

2
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between the gene of interest and its neighboring genes, which offers a complementary way of
assigning protein functions other than the sequence similarity methods.3 Changes in gene
order combined with phylogenetic data can indicate genomic rearrangement activities that
might have occurred during evolution. Generally, gene neighborhood analysis is a crucial
component of comparative genomics, and has been demonstrated to be a powerful technique
for inferring protein function and tracing gene evolutionary history. This approach has been
employed to pinpoint functional associated genes,4,5 as well as to further refine homology for
remote homologs based on the idea that homologs tend to share similar gene neighborhoods.6

Gene neighborhood analysis also facilitates the discovery and characterization of operon
structure7 or other functional unit made up of a set of homologous genes, such as metabolic
pathways,8,9 biosynthetic gene clusters10,11 and toxin antitoxin systems.12

1.2 Gene neighborhood conservation patterns

Multiple protocols and techniques have been developed to infer protein function associations
from various genomic context patterns. These include statistical detection of conserved gene
order, phylogenetic co-occurrence, phylogenetic anticorrelation, gene fusion, and conserved
divergently transcribed gene pairs (Figure 1.2). While these methods provide valuable
clues into functional associations, experimental validation is often necessary to confirm a
predicted functional association between gene pairs.
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I. Conserved neighborhood:
predicted operons

II. Phylogenetic pattern:
co-occurrence

III. Gene fusion:

IV. Conserved neighborhood:
divergently transcribed genes

V. Phylogenetic pattern:
anticorrelation

Figure 1.2: Different genomic context methods. Method I examines conserved gene
neighborhood and potential operons. Method II focuses on gene co-occurrence patterns
in a phylogenetic context. Method III detects gene fusion events. Method IV centers on
conserved gene pairs that are divergently transcribed. Method V investigates anti-correlated
gene patterns in a phylogenetic context. Figure modified from Korbel et al.13

The identification of conserved arrangements of two or more genes in multiple genomes is
often used to predict a functional similarity or co-regulation.14 The underlying principle of
this technique is that conserved gene order can signify a potential operon structure, in which
the genes within the operon are under transcriptional control by common transcription
factors or regulatory proteins. However, it is important to recognize that conserved gene
order does not always imply an operon structure, but may still imply shared gene functions
for other reasons. For instance, adjacent genes may be under the control of common
transcription factors and share regulatory elements, but be transcribed into separate
mRNAs.15 A limitation of this approach is that closely related species might naturally
display a significant degree of shared synteny due to limited genomic divergence over
short evolutionary time scales, rather than conservation due to functional constraints and
selection. Hence, this approach should avoid choosing genomes that are too closely related
to avoid taxonomic bias, also referred to as ”redundancy”.
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Phylogenetic co-occurrence, or phylogenetic profiling, proposes that two genes are likely
to have functional association if they show a correlated pattern of co-occurence across
multiple genomes.16 The difference between this approach and gene order conservation is
that it does not require the genes to be in close physical proximity in the genome (i.e., within
the same genomic region). The hypothesis of phylogenetic co-occurrence is that functionally
interacting proteins, such as those involved in the same biological pathway or protein
structure, are likely to evolve in a correlated fashion, as losing either one protein would lose
a whole biological function/pathway or a protein complex in which the two proteins form
essential components. A pitfall of this approach is that two non-interacting genes can also
exhibit similar phylogenetic profiles if sampled from closely related organisms. To address
this taxonomic bias, the phylogenetic co-occurrence approach is often combined with a
species phylogenetic tree. Furthermore, phylogenetic profiling can provide more accurate
prediction of function association when incorporated with gene proximity data.17 However,
it is worth mentioning that this approach might not be able to detect proteins that only
co-evolve within certain phylogenetic lineages, known as non-homogeneous coevolution or
local co-evolutionary problems.18,19 In contrast to the phylogenetic co-occurrence approach,
phylogenetic anticorrelation describes two genes that have a mutually exclusively occurrence
profile across multiple genomes and are likely to have analogous function. This prediction
is based on the observation that analogous enzymes can replace each other in different
genomes.20 From an evolutionary perspective, it would be useless for the prokaryotic
genomes to encode two proteins with identical functions or functions that can substitute
for one another.

Another two genomic context approaches detect patterns of gene fusion and conserved
divergently transcribed gene pairs. The gene fusion pattern is based on the principle that
when two separate genes (A and B) are occasionally found fused together to form a single
gene (AB) in some genomes, this can be evidence of a physical or functional interaction
between the individual genes A and B.21–23 The identification of conserved divergently
transcribed (←→) gene pairs indicates another type of functional association. If two
adjacent genes are oriented in an opposite direction and transcribed away from each other
consistently across genomes, this also suggests coregulation and a functionally association
between the genes [17]. This pattern indicates that the adjacent gene pairs may share an
overlapping promoter region, and hence suggests a co-regulatory relationship.24,25 In a
previous study, functional characterization of the conserved divergent transcribed (DT)
pairs across 101 prokaryotic genomes spanning 47 evolutionary clades reveals that they
often consist of one transcriptional regulator.13 This trend is more clear in E. coli, with the
DT pairs often composed of one transcriptional regulator and its regulated gene.13 A recent
study observed a similar trend, where researchers investigated “colinear syntenic blocks
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(CSBs)” in 1485 prokaryotic genomes covering 31 different phyla, and identified that DT
genes are enriched with genes involved in transcription.26

1.3 Methods for annotating gene neighborhoods

Gene neighborhood annotation refers to the bioinformatic process for identifying and
functionally describing genetic elements that reside within a genomic region. While public
databases such as GenBank/EMBL/DDBJ and IMG already offer annotation for these
genetic elements, unless they are from non-redundant or reference databases, the annotation
method largely depends on the submitter, leading to potential inconsistency.27 Consequently,
applying a consistent annotation pipeline on gene neighborhood dataset is crucial for
comparative analysis. There are multiple ways to annotate genes on genomic regions
across diverse species and group them into gene families or functional categories for gene
order comparison, such as orthology inference, mapping to reference protein databases
or precomputed ortholog databases (e.g., COG (Clusters of Orthologous Groups)28and
eggNOG29), and mapping to protein signature databases (e.g., Pfam,30 KEGG31 and
TIGRFAM32). It should be noted that only protein-coding genes and their functional
annotation will be explored in this thesis.

Orthology inference

Orthology inference is widely used in comparative studies to study to the functional aspects
of genes and genomes across different species. Many orthology inference techniques begin
by identifying reciprocal best hits (RBH) from pariwise genome comparison. If gene A
in genome X is the highest scoring match for gene B in genome Y, and vice versa, then
gene A and gene B are identified as RBH, and together they are considered an orthologous
gene pair.33,34 This is based on the theory that homologous genes that have diverged
exclusively due to speciation (orthologs) tend to share more sequence (and functional)
similarity than genes that have diverged due to duplication events (paralogs). Of course
one exception to this rule is when gene-duplication events occur specifically within a
species or lineage (within-species paralogs), which may exhibit greater sequence similarity
than they do to orthologs in other species. All-vs-all comparisons using BLAST35 are
one bioinformatic method that is frequently used for RBH identification. This technique
performs a pairwise comparison of all genes (or protein sequences) in one genome against
all genes in another genome, then generates a similarity score matrix for RBH identification.
However, the all-vs-all BLAST technique35 can be computationally intensive if applied to
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multiple genomes. Therefore, some sequence comparison techniques have been emerged for
fast protein pairwise alignment, which can be used to more rapidly infer orthology based
on RBH, such as DIAMOND36 and MMseqs2.37 It is proposed that the use of DIAMOND
with the very-sensitive option enabled the detection of a higher number of RBHs, and is
therefore the optimal choice for finding RBH in a fast and accurate way.38

For large-scale orthology mapping across multiple genomes, specialized tools have
been developed. These tools can be categorized into four types, including phylogenetic
tree-based approaches, graph-based approaches, hybrid approaches that combine tree-
based and graph-based methods, and meta-approaches.34,39 Tree-based approaches identify
orthologs based on phylogenetic knowledge of the type of evolutionary events that could
have occurred. It first constructs a gene family tree and a species tree, and then uses
phylogenetic tree reconciliation to identify nodes exhibiting incongruence, which may result
from gene duplication or losses. Graph-based approaches begin by performing pairwise
genome comparisons to identify RBH as orthologous gene pairs. While the identified ortholog
relationships are not always limited to one-to-one orthologs, there can be one-to-many or
many-to-many orthologs among homologs if additional duplication events have occurred
after the speciation event. Therefore, paralogy identification is also crucial. Many graph-
based tools identify paralogs within a species by detecting sequences with similarity greater
than RBH. The orthologs and paralogs will then be used together to construct a graph
using the hierarchical clustering method for orthology inference in multiple genomes.33,34,39

Compared to graph-based approaches, tree-based approaches do not require complete
proteomes for RBH identification, can also handle complicated evolutionary scenarios and
are considered more accurate.33,34 Nevertheless, orthology inference tools that implement
graph-based methods are more computationally efficient and often used nowadays. In recent
years, hybrid tools that combine tree-based and graph-based approaches such as orthofinder
have gained popularity due to its high accuracy in orthology prediction.40 Orthofinder also
provides gene trees and species tree, allowing the identification of gene duplication and
speciation events. Lastly, meta-approaches combine multiple orthology inference tools to
enhance orthology prediction accuracy. This can involve merging or intersecting results,
or assigning weights to individual predictions to yield a comprehensive result, as well as
employing machine learning techniques to derive predictions from various methodologies.41

Reference protein databases

Genes in the gene neighborhood dataset can also be functionally annotated by mapping to
reference protein sequence database using homology-based search methods. For example,
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coding sequences can be functionally annotated by searching (BLAST,42 MMseqs2,37 etc.)
the translated protein sequences against reference databases, such as NCBI RefSeq,43

UniProt/Swiss-Prot44 that is curated with expert knowlege, UniProt/TrEMBL44 that is
annotated by computational pipelines, and Uniref45 with pre-clustered protein groups that
reduce sequence redundancy. RefSeq is a non-redundant protein database that also contains
associated genomic and transcript seqeunces, along with related metadata. UniProtKB
is a database that combines Swiss-Prot and TrEMBL, offering richer protein sequence
annotations compared to RefSeq. Swiss-Prot contains reviewed and manually annotated
protein sequences, making it ideal for high-quality protein annotation. As a complement to
Swiss-Prot, TrEMBL contains translated protein sequence from EMBL/GenBank/DDBJ
with automatic annotations, providing a broader coverage of protein sequences. UniRef
clusters proteins from UniProtKB based on sequence similarity are suitable for large-scale
protein annotation with reduced redundancy.

Protein signature databases or pre-computed orthologs databases

Gene neighborhoods can be functionally annotated through alignment-based approaches by
mapping the translated coding sequence to protein signature databases, such as Pfam,30

KEGG,31 and TIGRFAM.32 Protein signature databases contain information about protein
domains, motifs, and conserved sequence regions, which are conserved functional and
structural units within proteins. The current Pfam database includes 19,632 protein families
(Pfam 35.0) that are represented by multiple sequence alignment and hidden markov models
(HMMs).30 The Pfamscan (at ftp://ftp.ebi.ac.uk/pub/databases/Pfam/Tools/) and
HMMER46 tools can be used to annotate protein sequence with Pfam domains. Essentially,
Pfamscan uses HMMER to search a library of Pfam domains represented by HMMs that
match the sequence. TIGRFAM contains 4,488 manually curated protein families (JCVI
15.0), focusing more heavily on those from prokaryotic genomes.32 TIGRFAM annotations
can be mapped to query protein sequences using HMMER to identify matching HMMs.46

KEGG (Kyoto Encyclopedia of Genes and Genomes) is a database that provides a compre-
hensive view of biological pathways, molecular interactions, and functional annotations.31

KEGG orthologs (KO) are integrated with pathway information, allowing the exploration
of the biological process and pathway of a genes. KofamScan is a functional annotation
tool that assigns a KO term to a query protein sequence.47 It uses HMMs derived from
KO database to identify similar domains in the sequence. The adaptive threshold is
used to determine whether the KO identifier that matches the query sequence is more
reliable than other matches. Alternatively, BlastKOALA for genomes and GhostKOALA
for metagenomes use BLAST and ghostX, respectively, to search homologs in the KEGG
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GENES database, and then transfer the KO identifiers to the protein queries.48

Gene neighborhoods can also be functionally annotated by leveraging known orthologous
relationships to infer the possible function of the unknown protein. Precomputed orthologous
groups such as COG28 and eggNOG clusters29 provide valuable functional annotation
resources for comparing genomic neighborhood. COG is a manually curated orthology
database created for functional and comparative genomics.28 The latest update contains
4,877 COGs from 1,187 bacterial and 122 archaeal species. The eggNOG database is a
functionally annotated database of orthologous genes that was created based on the idea
of COG, but seeks the identification of orthologs in a much larger range of organisms.29

The latest update (eggNOG v6.0) contains over 17 million orthologous groups (OGs) from
12,535 reference species, including prokaryotes, eukaryotes, and viruses. One benefit of
eggNOG OGs is that proteins with unknown functions were also grouped into OGs, allowing
the exploration of functional conservation for these unknown proteins. EggNOG-mapper is
a program that assigns OGs to query protein sequences for orthology assignment.49 The
eggNOG OGs are linked with protein signature databases such as Pfam, KEGG orthology,
and COG, allowing the transfer of these functional annotations from OGs to the queried
protein sequences and thus provides a comprehensive annotation.

Several integrated databases and resources also exist for protein annotation with protein
signatures or pre-computed orthologs. For instance, the Interpro consortium integrates
protein families and domains, as well as functional sites and other annotation types (e.g.,
Gene Ontology terms) from 13 member databases.50 Interproscan assigns these member
protein functional signatures to queries.51 This tool applies a variety of algorithms, including
HMMER and BLAST, to compare query sequences against multiple models. Another
integrated database, the Conserved Domain Databse (CDD), contains well-annotated
protein domain models from multiple resources, including NCBI-curated domains, Pfam,
TIGRfAM, COG, SMART, PRK.52 Batch CD-Search in the CDD uses reverse-position-
specific BLAST (RPS-BLAST) to compare quries against the position-specific score matrices
(PSSMs) for the identification of conserved domains. Beyond protein domain and orthology
mapping tools mentioned previously, several prokaryotic annotation tools and customized
pipelines can be used.53–55 Generally, these programs use similarity search algorithms to
search queries against protein models that are curated in various formats.

1.4 Methods for comparing neighborhoods

Once gene neighborhoods from multiple genomes have been annotated, a common next step
is to compare them to identify conservation patterns or evolutionary alterations in gene
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order. For pairwise or small-scale gene neighborhood comparison, tools such as Artemis
Comparison Tool (ACT),56 Mauve57 or Jbrowse258 may be used. These tools are valuable for
visualizing and comparing genomic regions and associated annotations. Synteny mapping
tools can also aid in the comparison of gene neighborhoods.59–62 Additionally, public
databases and comparative genomics platforms can provide gene neighborhood visualization
within specialized databases.9,63–68 However, these tools are limited and are not suitable
when scaling up to larger scale comparisons. In light of these challenges, specialized tools
tailored for larger-scale gene neighborhood analysis have emerged in recent years. Typically,
these tools contain a browser or generate figures for visualization and exploring gene
neighborhoods, and allow for the analysis of multiple tracks of gene neighborhoods based
on a gene of interest. These tools allow for easy comparison and identification of conserved
or distinct neighborhood patterns.64,69–79 For example, some web servers such as Gecoviz
facilitates an interactive browser for the visualization and comparison of gene neighborhood
within their reference database.69 On the other hand, some other tools such as WebFlags
generates figures for gene neighborhood visualization based on a list of accession numbers
from NCBI77 (See Table 1.1 For a full list of gene neighborhood tools avialable). To compare
multiple gene neighborhood tracks, these tracks are usually aligned and sorted based on
phylogeny or gene order similarity. Sorting gene neighborhood based on phylogeny offers
insights into the evolutionary trajectories of gene clusters and arrangements across species,
whereas sorting gene neighborhood based on gene order similarity can uncover conserved
patterns that might shed light on functional associations.
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Table 1.1: Bioinformatics tools for gene neighborhood analysis.

Tool Supported
genomes

Input Tracks dis-
play limit

Gene annotation
method

Sorting method

CAGECAT80 unknown protein sequences or
.gbk files or NCBI ac-
cessions or HMM pro-
file identifiers

50 identify gene
groups based on
BLAST similarity

based on the num-
ber of matching
proteins to the
query cluster

EvolClustDB79 882 eukary-
otic species
including fungi,
plants, meta-
zoans, insects
and protists

protein code linked to
NCBI and UniProt or
species name or gene
cluster name

150 define gene families
using all against all
BLASTP search

based on species
tree obtained from
NCBI

fast.genomics76 prokaryotes locus tags or pro-
tein identifiers from
fast.genomics, or iden-
tifiers from UniProt,
the NCBI Protein
database, RefSeq, or
the Protein Data Bank,
or protein sequences,
or a taxon

200 group similar genes
using LAST

rank by descending
order of BLAST bit
score or gene phylo-
genetic tree

Flags and
WebFlags77

designed for
prokaryotic and
bacteriophage
genomes; but
can visualize
all domains of
life

protein seqeunces or
NCBI protein access-
sions

200 for
webflags,
more for
the local
version

detect homologous
proteins using
Jackhmmer

based on protein
phylogenetic tree

gcluster74 unknown annotated genomes in
.gbk files and a list of
interested genes with lo-
cus tags

unknown detect homologs
using OrthoMCL;
also accept ho-
mologs detection
results from user

based on phyloge-
netic diagram pro-
vided by user

gcsnap75 not restricted
to prokaryotic
genomes

at least two target se-
quence identifiers from
UniprotKB, UniRef,
Ensemble, or Entrez

unknown identify protein
families using all-
against-all BLAST
searches

based on taxo-
nomic clustering
from NCBI, or by
user’s provided
phylogenetic tree

Gecoivz69 prokaryotes gene names or pro-
tein sequences or or-
thologous groups iden-
tifiers from eggNOG
v5 or KEGG or Pfam
databases

250 by COG, KEGG,
Pfam, and assign
orthology using
eggNOG v5

based on species
tree obtained from
NCBI

genegraphics73 unknown NCBI identifiers or .gbk
files or SEED dataset

unknown NCBI annotations -

Genespy71 all domains of
life

NCBI identifiers or
BLASTP output files
or .gbk files

330 NCBI annotations based on phylogeny
provided by user

Genome Con-
text Viewer70

plants, legume
and non-
legume, meta-
zoan and
yeast

gene names or chromo-
some regions

unknown functional anno-
tation from their
database

use Smith-
Waterman and
Repeat local align-
ment algorithms
to cluster gene
neighborhoods

Continued on next page.
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Tool Supported
genomes

Input Tracks dis-
play limit

Gene annotation
method

Sorting method

Microbesonline64 bacteria, ar-
chaea and
fungi

protein sequences or
gene names

400 identify homologs
based on all against
all BLAST

based on gene tree

syntax78 prokaryotes
from NCBI

protein sequences and
selected genomes

120 detect homologs
by the Smith-
Waterman-Gotoh
algorithm

rank by normalized
sequence similarity
scores

TREND72 prokaryotes protein sequences or
multiple sequence align-
ment or protein identi-
fiers from NCBI&MiST
or phylogenetic tree

unknown identify similar
genes based on
shared domains

based on protein
phylogenetic tree

Compare by gene order similarity

Although the tools presented thus far allow for annotation and visualization of gene
neighborhoods, it is additionally important to develop quantitative methods for measuring
the similarity of gene neighborhood structure and/or gene content. Gene order similarity
can be measured by various metrics, such as the number of shared genes and the number
of shared contiguous genes that quantifies gene order conservation. Several platforms of
gene cluster visualization and detection have developed algorithms for identifying similar
gene clusters given a query gene cluster, or grouping similar gene clusters. For example,
ClusterBlast81 calculates an empirical similarity score for identifying similar gene clusters.
This score integrates multiple factors such as the total number of shared similar genes,
the number of shared genes recognized as significant to the gene cluster according to
scientific literature, and the number of conserved gene pairs. MultiGeneBlast82 generates
conservation scores based on the number of shared genes and the number of shared gene
pairs to measure shared synteny, as well as incorporating a user-defined weighting factor
to determine the importance of synteny. The resulting matrix of conservation scores is
then hierarchically clustered for gene neighboring clustering. Clinker80 employed a modified
version of the MultiGeneBlast82 similarity score, which prioritizes similar gene clusters with
higher sequence similarity. Some programs group similar gene clusters using network-based
strategies. For instance, Netsyn83 generates a synteny score based on the ratio of shared
genes between two gene neighborhoods, and then constructs a synteny network based on
these scores. They also suggest that sequences with similar gene neighborhoods are likely
to share similar protein functions, providing an alternative method of detecting homologs
beyond sequence similarity. GeneGrouper84 uses the Jaccard distance between each pair
of genomes to compute a similarity matrix for all the genomes. This clustering algorithm
facilitates population-level comparison of similar gene clusters by using an unsupervised
clustering approach, grouping thousands of gene clusters from various genomes and taxa
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into bins, with each bin being represented by a gene cluster. These representative gene
clusters will provide an overarching perspective of gene clusters among distant taxa.

Compare by phylogeny

When comparing gene neighborhoods rooted in phylogeny, we can track the presence,
absence, or variations of genomic neighborhoods across diverse taxa, as well as infer
horizontal gene transfer events based on phylogenetic incongruence. For instance, gene
neighborhoods can be organized based on the phylogeny of species retrieved from the
NCBI taxonomy, such as GCsnap.75 The Genome Taxonomy Database (GTDB)85 provides
another option for species phylogeny as it applies a standardized taxonomy classification
system.69,76 Certain tools, like GCsnap, GeneSpy, and Gcluster, allow users to sort
gene neighborhoods using a user-defined phylogeny,71,74,75 while others, such as FlaGs and
webFlaGs, utilize the phylogeny of the query sequences.77 By comparing gene neighborhoods
using taxonomic information, users can trace the evolutionary changes and obtain insights
into the evolutionary history of the species.

Operon prediction

Operons are a group of genes regulated by the same promoter and transcribed into a single
mRNA, which likely participate in the same pathway or function.86 Conserved gene clusters
oriented in the same direction with small intergenic regions across multiple lineages are
likely to be involved in an operon structure. In bacteria and archaea, most genes are
predicted to be involved in operon structures.87 It should be noted that most operons are
only conserved in closely related species due to frequent genomic rearrangement events
occurring in prokaryotes,88 and only a few operons such as the ribosomal superoperons
found to date are conserved in most prokaryotic species.89

Although the operon structure needs to be validated through experimental approaches
that measure gene expression such as northern blotting, RNA-seq, RT-PCR or gene
expression microarrays,90 operons can be predicted using bioinformatic approaches.91–93

Several factors derived from gene neighborhood analysis have been used to identify operons,
and the most informative ones are intergenic distance, gene order conservation, functional
relatedness among genes, regulatory elements, and gene expression profiles.94,95 Furthermore,
gene neighborhood analysis also enables the detection of changes in operon structure and
composition. It is worth mentioning that operon-mapper, a tool that uses an artificial neural
network (ANN) to predict operons based on genomic sequences, has achieved very high
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accuracy, with 94.6 and 93.3% accuracies in E. coli and B. subtilis, respectively.91 Some
tools also mined for conserved gene clusters across hundreds or thousands of prokaryotic
genomes to identify good candidates for operons,96–98 enabling the discovery of numerous
candidate operons that await experimental validation.

1.5 Problems with existing gene neighborhood tools

While microbial genomics data has experienced exponential growth over the past few
decades, there are several deficiencies and limitations in available tools and workflows for
microbial gene neighborhood visualization and analysis. Aside from using some of the
specialized tools described thus far, there are several common strategies that researchers
use to analyze and compare gene neighborhoods. One popular method is to explore
gene neighborhoods using online genome browsers, such as genome browsers from NCBI,99

UCSC,100 Ensembl,101 as well as standalone tools, such as IGV,102 Artemis ACT,56 Mauve,57

and JBrowse.58 However, most genome browsers lack comparative analysis features essential
for multiple gene neighborhood analysis, such as visualizing related gene neighborhoods
across different genomes, coloring similar genes for synteny comparison, arranging and
aligning gene neighborhood tracks in order to identify conserved or unique patterns. In
addition, gene neighborhood information can be accessed in public genomic databases and
comparative genomics platforms,9,63–68 but integrating information across multiple gene
neighborhoods can pose challenges. While synteny detection tools can assist in comparing
gene neighborhoods,59–62 they are typically intended for longer genomic region comparisons
(whole contig or chromosome), making them less suitable for shorter regions (10kb to
20kb), especially on a large scale. Importantly, all of the approaches mentioned above
are not straightforward and computationally effective for large-scale gene neighborhood
comparison. Therefore, several specialized tools tailored for gene neighborhood visualization
have been developed in recent years.64,69–79 These tools provide a more detailed and
focused perspective on gene neighborhoods than genome browsers, integrating features
such as retrieval and comparison of gene neighborhoods from different genomes, automatic
assignment of homologous genes, or visualize gene neighborhood from different functional
perspectives beyond standard NCBI annotations. Nonetheless, limitations still persist. Many
of these tools have a narrow focus on specific functional aspects, and lack customizability.
For example, users may wish to edit their gene neighborhoods manually by deleting genes
and annotations, rearranging gene neighborhoods, and sorting tracks based on genes and
functions of interest. In addition, while some tools permit analyses within their curated
databases for fast gene neighborhood retrieval, they restrict users from exploring gene
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neighborhoods from their own data, such as user-generated genomic and metagenomic
datasets. In light of these challenges, there is a clear need for a more comprehensive and
versatile platform for gene neighborhood search, comparison and visualization.

1.6 Gene neighborhood analysis in pathogen genomics

Gene neighborohood analysis plays a pivotal role in addressing numerous challenges in the
pathogen genomics field. It has been applied to investigate the gain or loss of virulence
genes, and clarify how they aid in the evolution of specific traits.103,104 By examining the
adjacent genes (e.g. mobile gene elements) of antibiotic resistance genes (ARG), researchers
can explore the genetic background of ARGs to better understand ARG transmission
patterns and dynamics.105–107 Additionally, comparing the flanking region of mobile gene
elements (MGE) within a phylogenetic framework across multiple genomes can be used to
infer potential evolutionary events, such as insertion and mobilization,108 and characterizing
MGE neighboring regions helps infer MGE mechanisms by understanding the functional
and regulatory aspects of flanking genes.109–111 Moreover, analyzing neighboring genes
surrounding toxigenic genes helps uncovering the diversity and genomic distribution of toxin
gene clusters,112,113 as well as identify and functionally characterize novel toxin-antitoxin
(TA) systems.114 Next I will provide a general introduction on the biological background of
case studies that I explore in this thesis. Additional detailed background information on
these topics will be provided in each chapter.

Biological background of case studies

The isopentenyl transferase (IPT ) gene encodes an enzyme for cytokinin (CK) biosynthesis,
with adenylate IPT being a subtype of this enzyme present in both plant pathogenic and
plant growth-promoting bacterial (PGPB) strains.115 Previous studies have shown that
PGPB strains containing adenylate IPT generates an optimal amount of CK, but pathogenic
strains produce an excessive amount that over-stimulate plant growth.116–118 It has been
hypothesized that there may be differences in IPT function between plant pathogens and
PGPB. In this study, a comprehensive comparison of IPT genes between plant pathogenic
and PGPB strains has been performed. By analyzing the genomic context of adenylate IPT
genes in pathogenic and PGPB strains, I can gain a better understanding of the functional
perspective of this gene family, e.g., whether adenylate IPT genes involved in different
gene clusters and biosynthetic pathways, leading to various amount and type of CK being
generated.
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Botulinum neurotoxin (BoNT) is a type of clostridial neurotoxins (CNT), which are the
most potent toxins known to humankind.119 BoNT can cause a severe illness called botulism
and is primarily produced by species within the Clostridium genus. In recent years, BoNT
homologs have also been identified in non-Clostridium species, such as Weissella oryzae,120

Paraclostridium bifermentans121 and Enterococcus faecium.122,123 The discovery of new
clostridial neurotoxins in non-Clostridium species improves our understanding of this toxin
family, and also raises questions regarding the evolutionary origins of BoNTs and their role
outside of the human pathogens with which they are associated. In this study, I identify
putative BoNT-like homologs in Paeniclostridium ghonii and Bacillus toyonensis genomes.
However, the target host of these putative toxins is unknown. The central question guiding
this study is, can we potentially learn host information from the genomic context of the new
toxins? By analyzing neighboring genes that may play a role in P. ghonii ’s and Bacillus
toyonensis pathogenesis, it is hypothesized that if we can characterize the target host of
adjacent virulence genes, it may allow us to infer that PG toxins and other virulence genes
collaboratively target the same host species.

Tetanus neurotoxin (TeNT) is another type of CNT, which is produced by Clostridium
tetani and can cause the neuroparalytic disease, tetanus. As a wound-associated infectious
disease, tetanus is estimated to have plagued Homo sapiens throughout history, but it is
also associated with animals.119 Human archaeological samples contain ancient DNA from
microbial genomes, some of which potentially belong to extinct or even novel bacterial
species. In this study, two new Clostridium species, Clostridium sp. X and Y, were identified
from ancient DNA samples. Phylogenomic analysis suggests that Clostridium sp. X is
closely related to Clostridium tetani. To strengthen the hypothesis that Clostridium sp. X
representing a distinct lineage, one question is whether gene neighborhood information can
be used to clarify phylogenetic relationships.

1.7 Thesis outline

The overarching theme of the work presented in this thesis is the development of a novel
platform called AnnoView for gene neighborhood analysis, and its application to several
biological case studies of interest. These case studies are comparative genomics studies
related to pathogenic organisms and gene families, where the goal is to identify biologically
relevant differences in genomic contexts among species/strains.

This thesis is composed of five chapters. This first introductory chapter has provided
biological and methodological background for gene neighborhood analysis to aid in the
interpretation of the following data chapters (Table 1.2). Chapter 2 presents the development
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of the AnnoView platform for prokaryotic gene neighborhood visualization and associated
bioinformatic workflows for gene neighborhood analysis. This chapter also provides the
methodology of gene neighborhood analysis for the following data chapters. The three data
chapters are organized by protein families or genomes studied.

In Chapter 3, I performe comparative studies on the adenylate isopentenyl transferase
(IPT ) gene, with a focus on the genomic context differences that distinguish bacteria
phenotypes (plant pathogenic bacteria vs. plant growth-promoting bacteria). In Chapter
4, I identify two putative botulinum neurotoxin (BoNT) sequences from Paeniclostridium
ghonii and Bacillus toyonensis using bioinformatic methods, and then apply the genomic
neighborhood analysis to predict the target host of the BoNT homologs in P. ghonii. In
Chapter 5, I analyze the genomic structures of two novel Clostridium species identified in
ancient DNA, and perform genome comparisons with closely related CLostridium species
(i.e., Clostridium tetani) to identify key differences, with a special focus on the tetanus
neurotoxin (TeNT) gene neighborhood.

Table 1.2: Summary of thesis chapters.

Gene or
genome inves-
tigated

Methods Research question

Chapter 2 Develop annoview; Create work-
flows for large-scale neighborhood
analysis and functional annota-
tion

Chapter 3 IPT Comprehensive analysis of adeny-
late IPT gene family across bac-
teria

Do adenylate IPT in pathogenic
bacteria and PGPB involved in
different biological pathways?

Chapter 4 BoNT Identify and analyze two new
BoNT-like toxin genes in P.
ghonii and B. toyonensis

What may be the target host
species for the two putative BoNT
toxins?

Chapter 5 Clostridium
clade X genomes

Comparative genomic analysis of
a new Clostridium species from
aDNA

Is species X a new neurotoxi-
genic (able to express neurotoxin
genes) Clostridium? Are there
any unique genomic structures in
species X?
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Chapter 2

AnnoView: Gene neighborhood
browser for bacterial and archaeal
genomes

This chapter focuses on the development of a novel comparative genomics tool called
AnnoView, which is accessible at http://annoview.uwaterloo.ca/. AnnoView facilitates
large-scale search, comparison, and visualization of gene neighborhoods across the microbial
tree of life, and is powered by the AnnoTree124/GTDB85 databases. AnnoView forms a
major methodological framework for further studies presented in the thesis in Chapters 3,
4, and 5.

The work presented in this chapter is a collaborative effort involving several individuals.
I was responsible for tool design (along with Dr. Briallen Lobb and Dr. Doxey), analyses and
code for bioinformatic workflows. The front-end and back-end application was developed by
several programmers including Huagang Tan, William Zhen, and Zijing Wu. This project
would not have been possible without the collaborative effort of numerous individuals.

2.1 Introduction

A fundamental aspect of microbial genome analysis is the annotation and visualization of
genomic regions or gene neighborhoods. Gene neighborhood-based approaches represent a
class of methods for gene function prediction, and typically operate by assigning functions
to hypothetical genes based on those of annotatable genes that are found within the same
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operon or that commonly co-occur within the same genomic region. Unknown protein
functions can be inferred from conserved genomic context patterns in prokaryotic genomes,
such as conserved gene orders that suggests an operon structure,14 frequently co-occurring
genes,16 anticorrelated genes with mutually exclusive occurrence patterns,20 gene fusions,21

and bidirectional gene pairs.13 Additionally, gene neighborhood analysis can be used to
unravel genomic rearrangements events and shared synteny patterns, thus providing insights
into the evolutionary history of genome structure.

There are multiple ways of visualizing gene neighborhoods for genes of interest. One
common way is to explore gene neighborhoods using genome browsers, such as those available
from NCBI,70 UCSC,100 Ensembl,101 and standalone tools such as IGV,102 Artemis ACT,56

and JBrowse.58 However, most genome browsers lack comparative analysis features that are
often required in gene neighborhood analysis, such as the comparison of gene neighborhoods
across different genomes. Therefore, several bioinformatics tools designed specifically for
gene neighborhood visualization have been developed.64,69–79 These gene neighborhood tools
provide a more detailed and focused view on gene neighborhoods than genome browsers,
with unique features such as the ability to compare gene neighborhoods from different
genomes, automatic functional annotation of genes by homology. Moreover, these tools
allow for gene neighborhoods to be visualized with different functional annotations, which
can reveal different functional perspectives and provide a more holistic view of neighborhood
function. However, these tools still have some limitations. Many of them have a narrow
focus on specific functional aspects, and lack customizability. For example, users may
wish to edit their gene neighborhoods manually by deleting gene neighborhood tracks,
rearranging gene neighborhoods, and sorting tracks based on genes and functions of interest.
In addition, while some tools permit analyses within their curated databases for fast gene
neighborhood retrieval, they restrict users from exploring gene neighborhoods from their
own data, such as user-generated genomic and metagenomic datasets.

In this Chapter, I introduce AnnoView (http://annoview.uwaterloo.ca/), an online
prokaryotic gene neighborhood browser that enables gene neighborhood exploration on a
large scale through different functional annotations, while at the same time also allowing data
visualization outside our pre-computed database by enabling users to upload their own gene
neighborhood dataset. Our precomputed database is built upon the AnnoTree124/GTDB85

database, which provides pre-computed functional annotations for all the prokaryotic
genomes in the GTDB database. Users can easily share their AnnoView sessions using the
session link, or download their data into a CSV file that can be reuploaded to AnnoView.
Additionally, within AnnoView, we have implemented a clustering algorithm that enables
users to sort gene neighborhoods based on the neighboring gene content of a chosen center
gene.
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2.2 Methods

Database preparation

The AnnoView database was constructed based on the AnnoTree R95 database which is
derived from the Genome Taxonomy Database (R95).85 Gene and functional annotations are
ultimately derived from the gene prediction and annotation pipeline described by Mendler
et al.124 In brief, Prodigal125 with default parameters was used for gene calling from whole
genomic fasta files, resulting in GBK/GFF files and predicted protein-coding sequences
in FASTA format for all organisms. Pfam and TIGRFAM annotation was performed on
all protein sequences using HMMER46 as well as the pfam scan.pl (at ftp://ftp.ebi.ac.
uk/pub/databases/Pfam/Tools/) for Pfam domains specifically. For KEGG annotation,
DIAMOND36 was used to identify homologous sequence clusters within the UNIREF100
database,45 and existing annotations were transferred. DIAMOND homology searches had
the following parameters: E -value cutoff ≤ 1e-5, percent identity ≥ 30%, and query-to-
subject and subject-to-query percent alignments ≥ 70%. This annotation pipeline results in
functional annotations for genes from 30,238 bacterial genomes and 1,672 archaeal genomes.

For the AnnoView database, functional annotations short names, and descriptions were
retrieved from the above KEGG, Pfam and TIGRFAM annotation data. Gene coordinates
and orientations were extracted from the Prodigal-generated GFF files. An AnnoView SQL
database was constructed to store predicted protein sequences, gene functional annotation
data (KEGG, Pfam and TIGRFAM), gene coordinates and strand information (+ or -),
CDS length, as well as GTDB taxonomy information. All protein sequences in the Annoview
database were then used to build a DIAMOND (2.1.8) database36 that can be searched
against to find similar proteins to the query. Once DIAMOND searches are performed
by the user, the backend server will run MySQL queries on all sequence hits to identify
proteins within a ±10kb window size. Protein-coding genes that span the edges of this
window are excluded. This process is highly efficient due to the presence of pre-computed
data and indexes in the MySQL database, allowing for quick execution of MySQL queries
(0.03 seconds per genome).

Web server implementation

The AnnoView web server adopts the client-server website design (Figure 2.1). For the
frontend client, we uses react.js to build the user interface (https://reactjs.org/),
and d3.js (https://d3js.org) for generating the gene neighborhood visualization. The
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Python-based Flask web framework (https://flask.palletsprojects.com) was used for
backend server development. MySQL (https://www.mysql.com/) was used for storing
pre-computed gene neighborhood data, and mongoDB (https://www.mongodb.com/) was
used to save gene neighborhood data resulting from users’ queries and users’ uploaded
genomic files. The pseudocode for the algorithm that clusters gene neighborhoods based on
a gene of interest is described in Figure 2.2. The clustering algorithm was developed in
collaboration with MSc student, Huagang Tan, in the Doxey Lab.

Access

Gene neighborhood
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export
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export
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query a 
protein

seuqence

upload
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Figure 2.1: The architecture of AnnoView.
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Algorithm 1: Smith-Waterman similarity calculation between two genomes
SimCal (g1, g2);
Input : Genome g1, Genome g2
Output: Weighted similarity between g1 and g2
Scoring matrix H ← Smith-Waterman(g1,g2)
Sim← Hlength(g1),lengh(g2)

K← index(max(H))
return Sim/K

Algorithm 2: Calculate similarities among all genomes
Similarity (G);
Input : Genomes G
Output: Similarity score matrix H
For every pair g1, g2 ∈ G

i← index of center gene in g1
j← index of center gene in g2

Leftg1← g1[0:i]
Leftg2← g2[0:j]
Rightg1← g1[i+1:]
Rightg2← g2[i+j:]
Sim← SimCal(Leftg1,leftg2)+ SimCal(Rightg1,Rightg2)

return H

Algorithm 3: Reorder genomes for cluster visualization based on a target center gene.
Center Sort (G);
Input : Genomes G, a list of genomes, each genome is a list of genes
Output: Order O
Similarity score matrix H← Similarity(G)
H←Min-Max Normalization(H): 1− Hij−minH

max(H)−min(H)

H← hierarchicalClustring(H)
O← FastOptimalLeafOrdering(H)
return O

1

Figure 2.2: Pseudocode for the clustering algorithm that sorts gene neighborhoods based
on a target center gene (gene of interest).

Upload workflow for NCBI data retrieval and gene annotations

In addition to retrieval of gene neighborhood information from the AnnoTree124/GTDB85

database, a bioinformatic workflow was also generated for users who would like to obtain this
information directly from the NCBI database. The workflow performs the following steps:
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(1) retrieval of gene neighborhood datasets in GBK format from the NCBI; (2) annotation of
gene neighborhoods with taxonomic information; (3) KEGG and Pfam functional annotation
of gene neighborhoods; (4) sorting of gene neighborhoods by selection of a gene/protein of
interest as the ”center gene”. The detailed workflow and associated code is accessible at
the following public github repository: https://github.com/satellite830/AnnoView.

First, the gene neighborhood dataset is retrieved from NCBI using NCBI Entrez Direct,126

and the downloaded dataset in GBK or GFF format can be uploaded to AnnoView for
gene neighborhood visualization. Then, the gene neighborhood data in CSV format is
downloaded so that taxonomic information can be added, as well as KEGG and Pfam
annotations, or other customized (optional) functional annotations that the user would like
to add. The CSV file can then be edited to define the center genes that are used by the
AnnoView sorting algorithm. To collect all the protein sequences for functional annotation,
the protein sequences of neighboring genes in the CSV file were written into a FASTA
file, with duplicated FASTA sequences removed. pfam scan.pl ((at ftp://ftp.ebi.ac.uk/
pub/databases/Pfam/Tools/) and KofamScan47 are then used to functionally annotate
the neighboring protein sequences. Finally, the “Default center” column is added to the
data table so that AnnoView can identify the center genes, and sort gene neighborhood
based on its neighboring gene content.

2.3 The AnnoView application

AnnoView home page - upload and AnnoTree search

AnnoView is a gene neighborhood browser for prokaryotic genomes and is available at
http://annoview.uwaterloo.ca/. There are two modules in AnnoView. The “upload”
module allows users to upload genomic neighborhoods in GBK, GFF, and CSV format. An
alternative way to prepare these genomic neighborhood files is provided in Methods 2.2. The
“AnnoTree search” module requires that users only need to provide a query protein sequence.
The query is then searched against our pre-computed AnnoView database (all genomes in
AnnoView/GTDB), and then it returns the genomic neighborhoods surrounding identified
matches (genes corresponding to protein homologs). Pre-computed functional annotations
in KEGG, Pfam, and TIGRFAM are also then available to the user for further exploration
and visualization. The protein homology search criteria include E -value, coverage cut-off,
and choice of database to search (bacteria/archaea).

After the homology search, the user can further select a subset of the protein hits for
genomic neighborhood display by taxonomy or by E -value on an ”intermediate” results
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page. This is a solution to the potential issue in which an overwhelming number of sequence
matches is detected by DIAMOND,36 and there is a need to further filter results for the user.
The “Select by taxonomy” option is intended for the user who is interested in exploring
the genomic neighborhoods in a specific lineage, while “Select by E -value” is intended
for the user who wants to examine only the top-scoring genomic neighborhoods based on
the sequence similarity to the query protein. Importantly, sorting by E -value does not
guarantee that the top matches are the most closely related matches phylogenetically, and
thus may or may not result in hits that are the closest homologs to the query.

AnnoView gene neighborhood browser

Figure 2.3 shows the interactive browser-component of AnnoView, and allows users to
explore multiple gene neighborhoods of interest. A toolbar panel at the top of the browser
allows the user to perform different functions (Figure 2.3). These include a zoom-in
and zoom-out function, and a download button for downloading the gene neighborhood
information in a CSV format. Downloaded CSV data can then be customized by the user
to edit existing gene neighborhood information, or add taxonomy information as well as
functional annotations (see Methods 2.2). The gene neighborhood plot can also be exported
in vector-quality SVG format suitable for publication or offline editing by image-editing
software (e.g., Adobe Illustrator or Inkscape).

To quickly navigate to a specific gene, the user can search for the gene name in the
search box. The search box is also useful for navigating genes that share a general term,
such as “flagellar M-ring protein FliF” and “flagellar motor switch protein FliG”. Taxonomy
labels allow the user to choose which taxonomy level to display in the visualization panel.
Users can change the displayed metadata to color the gene neighborhoods based on different
functional annotations.

The visualization panel is a user-interactive interface that allows the exploration of
basic gene information, clustering of gene neighborhoods, simple editing of the plot, and
data retrievals, such as protein sequences and gene metadata (Figure 2.3). For each gene
neighborhood displayed in the visualization panel, its taxonomy information is displayed
on the left side of the panel. The taxonomic level can be changed under the taxonomy
labels in the toolbar panel. To view the gene information, the user can either hover over a
gene, or right-click on a gene for more information such as protein sequence and annotation
details. More options are available when right-clicking on a gene for the user to edit the
gene neighborhood plot in AnnoView. After choosing a center gene, gene neighborhoods
can be clustered using the clustering algorithm implemented in AnnoView, which is based
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on similarity of neighboring gene content (see Methods 2.2). Furthermore, users can flip
the gene neighborhood orientation, change the color of a gene, and add a gene to the
legend. The vertical order of gene neighborhoods displayed can also be changed based on a
user’s preference (e.g., the user may want to manually re-order neighborhoods based on
phylogenetic relationships). A unique token will be generated for each online session and
can be used for access within a month. Because of the unique web token, the URL for
the user’s current session can also be shared with other users over the web to enable data
sharing.
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Figure 2.3: Functionalities of AnnoView gene neighborhood browser.(1) Zoom in; (2) Zoom
out; (3) Reset the page; (4) Recenter image; (5) Download the gene neighborhood in CSV
format; (6) Export image in SVG format; (7) Search box; (8) Display taxonomy labels; (9)
Color genes by metadata; the default is colored by KEGG annotations; (10) Taxonomy
labels; (11) Delete selected tracks; (12) Gene neighborhood; (13) Gene information when
hovering on a gene; (14) More options when right-clicking on a gene.
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2.4 Example workflows

AnnoTree-DB search (operon structure prediction - McrA)

It is envisioned that one common use case for AnnoView will be for users to search our
pre-computed genome database for matches to their gene/protein of interest. For instance,
using AnnoView, users can explore gene neighborhoods surrounding methyl-coenzyme M
reductase subunit alpha (McrA) in archaea (Figure 2.4). Methyl-coenzyme M reductase
(MCR) is an enzyme that catalyzes the final step of methanogenesis in archaea.127 Searching
the McrA (https://uniprot.org/uniprotkb/P07962/) protein sequence in the AnnoView
databases returns 379 homologous sequences. There are two ways of displaying the genomic
context of all or part of homologous sequences: either selected hits by taxonomy or by
the top N (where N is defined by the user) number of hits ranked by E -value. Here, we
select McrA homologous sequences in Methanosarcina - a genus of archaea that is known
for methanogenesis. From the gene neighborhood visualization, it can be observed that
the McrA gene is clustered with other genes in its upstream region, and forms a conserved
putative operon structure. This operon structure has also been identified in previous
studies.128 The MCR operon in methanogens is known to consist of the essential genes
McrA, McrB, and McrG, as well as 2 accessory genes McrC and McrD.
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Figure 2.4: Search in the AnnoTree database and generate gene neighborhoods for McrA. (a)
AnnoTree search interface. (b) The intermediate page for user to select gene neighborhood
by taxonomy or by E -value. (c) The genomic context of selected McrA homologs in the
Methanosarcina genus.

Custom data upload (predict the secretion system for Slr4 and
discover a gene insertion event - Slr4)

The other envisioned use case of AnnoView is to upload a gene neighborhood dataset and
explore it further using AnnoView’s gene neighborhood browser. The gene neighborhood
dataset can be generated from public genomic databases such as NCBI or user-generated
genomic datasets in GBK or GFF format. To visualize the gene neighborhoods labeled
by different functional traits than the default annotations provided by Genbank (e.g.,
protein product name) such as Pfam or KEGG annotation, a bioinformatic workflow is
provided here at https://github.com/satellite830/AnnoView. This workflow allows
users to download a CSV table from AnnoView, and then add customized annotations and
taxonomy information to the table, and then re-upload the data back to AnnoView for
further exploration (See Methods 2.2 for detailed workflow).

In a study by Ali et al.,129 we used AnnoView to visualize gene neighborhoods surrounding
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a newly identified protein called Slr4 from Pseudoalteromonas tunicata and its homologs
in other species. The gene neighborhood was annotated and visualized based on Pfam
annotations. Note that we only colored annotations occurring more than once in this
case study. In this study, Slr4 was functionally characterized as a novel surface layer
(S-layer) protein that forms a proteinaceous protective layer surrounding cells. The genomic
context provides additional supportive evidence of this function, as it revealed nearby genes
that have also been implicated previously in S-layer secretion. Specifically, AnnoView
visualization reveals that the genes upstream of Slr4 (for all the species shown) include
genes involved in the Type II secretion system (Figure 2.5). It was concluded that this
upstream operon may encode a dedicated T2S pathway for the novel S-layer protein, which
is also a genomic feature of S-layer genes in other species.130,131

Interesting deviations from this pattern can also be visually identified using AnnoView,
which may represent species-specific genomic rearrangements or insertions. For example,
Cognaticolwellia mytili has two additional ORFs annotated as PF18765 (Polymerase beta,
Nucleotidyltransferase) PF01934 (Ribonuclease HepT-like) within the T2S gene cluster
(highlighted in red box), which is likely to be a type II toxin/antitoxin (HEPN/MNT)
system that has recently been discovered.132 It is likely that the toxin/antitoxin system is
inserted into the T2S gene cluster due to the high mobile nature of type II toxin/antitoxin
system.133
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Figure 2.5: Upload gene neighborhood dataset to AnnoView and generate gene neighbor-
hoods for Slr4 and its homologs. (A) Workflow of generating the gene neighborhood dataset.
The gene neighborhood dataset in GBK format was downloaded from NCBI, then the
neighboring genes were functionally annotated by PFAM. The gene neighborhood dataset
along with protein functional annotations was uploaded to AnnoView for visualization. (B)
AnnoView upload interface. (C) The gene neighborhoods of Slr4 and its homologs.

Custom data upload (discover genes unique to a specific lineage
suggests unique phenotypic characteristics - Betacoronavirus)

While primarily intended as a tool to explore gene neighborhoods surrounding genes of
interest, AnnoView is also capable of whole genome visualization and comparative analysis
for small size genomes, such as viral genomes, plasmids, and even in some cases, smaller
bacterial genomes. Figure 2.6 shows AnnoView visualization of several Betacoronavirus
genomes, which reveals several interesting and biologically relevant differences in genome
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structure. As shown in Figure 2.6, the overall genome structure (gene order and composition)
of Betacoronavirus is highly conserved. Important genes such as ORF1ab, N(nucleocapsid
protein), S (spike protein), M (membrane protein), and E(envelope protein) are conserved
in all betacoronavirus genomes. However, HE (hemagglutinin esterase) is only present in
the Embecovirus subgroup. The hemagglutinin esterase is an enzyme that helps attach to
the cell surface, but can also destroy sialic acid receptor present on the cell surface. This
mechanism allows the virus to escape from non-taraget cells or molecules that has sialic
acid present, so that virus is more likely to infect the target cells rather than non-target
objects.134,135 HE is identified in influenza C virus, toroviruses, and coronaviruses subgenus
Embecovirus, and is likely to be originated from influenza C/D through HGT.136 The
proposed recombination event likely occurred in ancestral members of the Embecovirus
subgenus before the divergence of other Betacoronavirus subgroups, resulting in the unique
presence of the HE protein in the Embecovirus subgroup.

Moreover, AnnoView visualization reveals that the rabbit coronavirus genome has an
insertion of 4 ORFs between the ORF1ab and the downstream HE gene, whereas other
genomes from the Embecovirus subgroup have one ORF (NS2a) or none between ORF1ab
and HE. This insertion of multiple ORFs has been shown to be resulted from the ORF
(NS2a) broking into 4 small ORFs in rabbit coronavirus during evolution.137

Human coronavirus OC43

Bovine coronavirus

Rabbit coronavirus HKU14

Rat coronavirus Parker

Murine hepatitis virus

Betacoronavirus HKU24

Betacoronavirus Erinaceus/VMC/DEU/2012

Tylonycteris bat coronavirus HKU4

Rousettus bat coronavirus HKU9

Bat Hp-betacoronavirus/Zhejiang2013

SARS coronavirus Tor2

Bat coronavirus BM48-31/BGR/2008

Severe acute respiratory syndrome coronavirus 2

Middle East respiratory syndrome-related coronavirus

Betacoronavirus England 1

Pipistrellus bat coronavirus HKU5

Rousettus bat coronavirus

Human coronavirus HKU1

Scale Bar (1kb)

ORF1ab HE S E M N ORFs

Figure 2.6: Genome structure of Betacoronavirus. Genome tracks are sorted by the genome
phylogeny from NCBI Virus (https://www.ncbi.nlm.nih.gov/labs/virus/vssi/#/)

2.5 Discussion

In conclusion, AnnoView is a gene neighborhood visualization tool that enables fast
exploration of prokaryotic genomes, as well as user-uploaded genomic datasets. The
AnnoView database is integrated with the AnnoTree124/GTDB85 database, which provides
a comprehensive and consistent taxonomic classification for prokaryotic gene neighborhoods.
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The clustering algorithm implemented in AnnoView allows quick identification of gene
order conservation patterns from a large-scale gene neighborhood analysis. Our tool also
has the potential to be used as a small genome visualization tool. In the future, we hope
to add more features to Annoview, such as incorporating InterPro functional annotations
into AnnoView, updating AnnoView on a regular basis with the most up-to-date GTDB
data, allowing users to view the gene neighborhood with user-defined window size, build
a colorblind-friendly palette, and display other genomic features such as tRNAs, rRNAs,
CRISPR loci, and pseudogenes. We envision AnnoView being a useful tool for multiple
gene neighborhoods exploration, visualization and comparison in prokaryotic genomes.
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Chapter 3

Comparative analysis of adenylate
IPT genes

Material in this chapter has been published as part of Wei et al. (2023).138 The published
manuscript is available here:

Wei, X., Moreno-Hagelsieb, G., Glick, B. R., & Doxey, A. C. Comparative
analysis of adenylate isopentenyl transferase genes in plant growth-promoting
bacteria and plant pathogenic bacteria. Heliyon, 9(3):e13955, 2023.138 https:

//doi.org/10.1016/j.heliyon.2023.e13955

In this chapter, I use comparative genomics approaches including the AnnoView plat-
form to compare adenylate IPT genes and surrounding gene neighborhoods between plant
pathogenic and plant growth-promoting bacteria (PGPB). As it is unclear what genomic
features contribute to different levels of cytokinin between pathogenic and PGPR, I hypoth-
esized that an analysis of genomic context may help to provide answers to this question.

3.1 Introduction

Cytokinins (CKs) are a group of plant hormones used in agriculture to promote plant
growth.139 These phytohormones have a multiplicity of effects on plant growth and devel-
opment, including cell differentiation, apical dominance, shoot growth, and delaying of leaf
senescence. Since the first CK – kinetin – was discovered in the 1950s, additional ones have
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been identified, including iP (isopentenyladenine), and the trans and cis forms of zeatin.140

While CKs are mostly studied in plants, they are also commonly found in bacteria, fungi,
and insects. These organisms, which include both plant pathogenic bacteria and plant
growth-promoting bacteria (PGPB) that mainly reside in soil, air and water, interact with
plants and produce CKs that can affect plant growth and development.

Large numbers of soil microorganisms are attracted by plant root exudates, including
bacteria, archaea, and fungi that typically inhabit the plant rhizosphere.116 Different
rhizosphere bacteria form interactions with plants that can be beneficial, harmful, or
neutral for the plant. The beneficial bacteria (PGPB) can directly promote plant growth
by facilitating resource uptake or modulating the plant’s level of various phytohormones.
The host plant, in turn, through root exudation, provides PGPB with essential nutrients
such as organic acids and sugars.117 In addition, some PGPB can indirectly promote plant
growth by limiting the damage to plants caused by various phytopathogens that may be
present in the soil.117,141 On the other hand, phytopathogens in the soil employ various
mechanisms to facilitate the colonization of plant cells and cause disease. Some can produce
cell wall degrading enzymes that break down the plant cell wall and cause soft rot disease
on the plant. Others secrete virulence factors such as exopolysaccharides in the xylem
vessels causing disease by blocking nutrient transportation. Bacteria such as Agrobacterium
tumefaciens and Rhodococcus spp. can employ a type IV secretion system that transfers
T-DNA into plant cells, resulting in the overproduction of certain phytohormones.142

A number of PGPB as well as plant pathogenic bacteria can produce CKs by expressing
the isopentenyl transferase (IPT) enzyme. IPT is a key rate-limiting enzyme that controls
CK production.143 In the Pfam domain database, two related protein families, “IPT”
(PF01745) and “IPPT” (PF01715), are described as functional domains of IPT proteins.
The IPT domain is an isopentenyl transferase/dimethylallyl transferase protein family that
synthesizes isopentenyladensosine 5’-monophosphate, and the IPPT domain is a protein
tRNA δ (2)-isopentenylpyrophosphate transferase protein family. The evolutionary studies
conducted by Nishii et al. (2018) classified the IPT genes phylogenetically, where IPTs
diversified into IPT domain and IPPT domain genes in bacteria, and class I, class II
tRNA-IPTs, and adenosine-phosphate IPTs in plants.115 In bacteria, proteins with IPT
domains are also described as adenylate IPTs, and those with IPPT domain are described
as tRNA-IPTs. However, unlike plant tRNA-IPTs, which produce cis-zeatin (cZ) type CK,
bacterial tRNA-IPTs can produce various forms of CK, including isopentenyladenine (iP),
trans-zeatin (tZ), and cis-zeatin (cZ).144,145 Bacterial tRNA-IPT is ubiquitous in almost
all bacterial and plant genomes, although it is not present in Archaea and Mycoplasma
bacteria. Compared to the tRNA-IPT, bacterial adenylate IPT is only found in a few
bacterial lineages, including the phyla Actinobacteria, Cyanobacteria, and Proteobacteria,
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as well as in a limited number of eukaryotic species including the slime mold, Dictyostelium
discoideum.115

Most of the bacterial CK genes characterized to date are plant-associated, mainly
produced by tRNA-IPTs, with a small portion produced by adenylate IPTs. tRNA-IPTs
have been identified in PGPB as well as in plant pathogenic bacteria. Agrobacterium
tumefaciens was the first characterized bacterial species that produces CK. It has a Ti-
plasmid that contains an IPT gene encoding CK biosynthesis. After colonization in the
endosphere, A. tumefaciens transfers its T-DNA into the host cell DNA and alters the
plant cell’s gene expression, resulting in significant increases in CK and auxin levels and
subsequent crown gall formation.118 Plant pathogenic bacteria have two modes of CK
production, with some producing only one type of CK during plant infection, while others
produce a diverse set of CK species.146 For example, the bacterium Rhodococcus fascians
produces a mixture of CKs that facilitate plant gall formation including iP, tZ, and cZ;147

the A. tumefaciens Ti plasmid has two genes, tzs and tmr, that synthesize tZ and iP-type
CKs, respectively.118 The bacterial-CK concentration in turn affects bacterial pathogenicity.
During the early stages of infection, the lack of tZ synthesis reduced the transformation
frequency of several plants by A. tumefaciens.148 Many pathogenic species also increase CK
levels at the infection site, which creates an active sink and results in the remobilization
of plant nutrients from other areas to the sink, thus avoiding local plant cell death and
helping pathogens survive for a longer time.149

CKs are also produced by plant growth-promoting bacteria (PGPB), as part of a variety
of mechanisms these bacteria use in their facilitation of plant growth. In addition to
CK production, such mechanisms also include the acquisition of resources such as fixed
nitrogen, iron and phosphorous and the modulation of plant phytohormone levels including
ethylene, auxins, and gibberellins.116,117 PGPB-produced CKs can enhance plant growth by
stimulating plant cell division and help to alleviate environmental stress.150 CK-producing
PGPB such as Bacillus subtilis inoculated onto Platycladus orientalis (a tree in the cypress
family) allow the plant to survive in a drought environment, showing a higher shoot dry
weight compared to the same plant grown in the absence of the bacterium;151 Sinorhizobium
strains engineered to synthesize higher levels of CKs have been found to enhance the
drought tolerance of alfalfa;152 Methylobacterium strains produce high levels of CKs that
enhance plant productivity and stress resistance.145 However, these PGPB only produce
tRNA-IPTs, and Nostoc sp. PCC 7120 is the only PGPB that has been experimentally
shown to synthesize adenylate IPTs to produce CK.153

An interesting question concerns how CK production can, in some cases, cause harm to
the plant host, while promoting beneficial plant growth in other instances. One potential
explanation is that the overproduction of CK by plant pathogenic bacteria over-stimulates
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plant growth facilitating tumor formation, whereas PGPB secrete a lower amount of active
CK that benefits but does not overstimulate the plant. CK homeostasis can be affected by
several enzymes in bacteria (Figure 3.1), which may also result in differences in CK levels
between PGPB and pathogens. Isopentenyl transferase (IPT) catalyzes CK production by
transferring the isoprenoid moiety from dimethylallyl pyrophosphate (DMAPP) or tRNA.
The plant LOG (LONELY GUY) gene (also present in some bacteria) plays a role in the
direct activation of CK by catalyzing a phosphoribohydrolase reaction, which transfers CK
from the nucleotide form into the active free-base form.154 Cytokinin dehydrogenase (CKX)
is so far the only enzyme known to catalyze the irreversible degradation of CK into adenine
and side chain.143 Free base CKs can conjugate with other molecules such as riboside and
glucose that results in the formation of different CK structures, which lowers their affinity
to the plant CK receptor compared to tZ, the most active CK form.155
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Figure 3.1: General pathway for CK biosynthesis. DMAPP generated from the mevalonate
(MVA) or methylerythritol phosphate (MEP) pathway can attach to the adenosine phosphate
by adenylate IPT. HMBDP produced as an intermediate in the MEP pathway can bind
to tRNA by tRNA-IPT. The LOG enzyme activates CK by releasing the free form of CK
from CK nucleotides, such as the transformation from iPRMP to iP. iPRMP can be further
hydroxylated into tZRMP by cytochrome P450 monooxygenase (CYP450). tZRMP and
cZRMP can be activated into trans-zeatin (tZ) and cis-zeatin (cZ) by the LOG enzyme.
Functional CK including iP, tZ and cZ can be degraded by the CKX enzyme into a side
chain and adenine or its derivatives.

To date, adenylate IPT in bacteria is less studied than tRNA-IPT, primarily due to
the limited presence of adenylate IPT in bacteria.115,156 Most of the bacteria that encode
adenylate IPT are plant pathogenic.118,147,157 Thus, the inhibitory effect of adenylate IPT
from plant pathogenic bacteria gets more attention than the beneficial effect of adenylate
IPT from PGPB. Furthermore, the possible reason for PGPB and plant pathogenic bacteria
producing CK that affect plant phenotypes in contrasting ways is less investigated. Therefore,
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in the present study, we aimed to computationally investigate the potential differences in
adenylate IPT function and regulation, between PGPB and plant pathogenic bacteria. We
hypothesize that there are potential differences in IPT regulation and activity between
PGPB and plant pathogenic bacteria, and plant pathogenic bacteria may have a higher
IPT expression compared to PGPB, leading to an excessive amount of CK production that
can overstimulate plant growth through plant-bacteria interaction.

Here, using the AnnoTree124 and AnnoView platforms for comparative microbial ge-
nomics, we have performed a comprehensive bioinformatic survey and analysis of adenylate
IPT genes across different bacterial species, to gain insights into their evolution, genomic and
functional differences. We analyzed 98 IPT genes identified from 27 PGPB, 49 pathogenic
species, and 22 unclassified species, and compared them based on their genomic neigh-
borhoods, phylogenetic history, copy number, codon usage, and promoter sequences. Our
analysis classified bacterial adenylate IPT genes into PGPB-associated and pathogen-
associated groups phylogenetically, and revealed key differences in IPT gene regulation,
copy number and genomic context that reflect differences in how these enzymes may be
used to either benefit or cause disease to plant hosts.

3.2 Methods

IPT sequence dataset construction

To collect isopentenyl transferase protein sequences in the bacterial genomes, we used
AnnoTree, which is a web server that enables protein family exploration across bacteria and
archaea.124 AnnoTree was used to search for protein sequences matching (E-value <1e-5)
the IPT Pfam domain (PF01745) in the Genome Taxonomy Database (GTDB).85 AnnoTree
results were downloaded as a table that included the protein sequences that matched the
IPT domain, gene id, and genome id (Supplementary Table 1). The GTDB species name
of each genome was obtained by querying the AnnoTree SQL database with the genome id.
To further validate the IPT predictions made by AnnoTree, pfamscan.pl from the EMBL
web server was used to analyze all candidate IPT sequences and verify that “IPT” was the
top-scoring domain out of all overlapping matches to the Pfam database, with an E-value
cut-off of 1e-20.158,159 This step retained 98 IPT sequences and removed 199 matches to
IPT belonging to other domain families (e.g., IPPT) (Supplementary Table 2).
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Phylogenetic analysis of the IPT protein family

To construct a phylogenetic tree of the IPT protein family, all 98 IPT protein sequences were
first aligned to produce a multiple sequence alignment (MSA) using MUSCLE v3.8.31.160

The MSA was manually trimmed in Aliview to remove highly divergent regions at the
beginning and end of the alignment.161 The trimmed MSA was analyzed using PhyML to
infer a maximum likelihood tree with 100 bootstrap replicates, under the LG + G + I + F
substitution model.162

IPT domain-containing protein sequences from eukaryotes, and IPPT domain-containing
sequences from bacteria and eukaryotes, were used as outgroups and aligned with the
bacterial IPT protein sequences. The IPPT domain-containing sequences from bacteria and
eukaryotes were picked from a previous study by Nishii et al.115 Candidate IPT domain-
containing proteins in eukaryotes were obtained by searching eukaryota for the PF01745
domain in the Pfam database.30 The presence of IPT domains in candidate eukaryotic
IPT proteins was confirmed by searching the PF01745 HMM profile against the protein
sequences using HMMER/hmmsearch (version 3.3).163 Only proteins with E-values lower
than 1e-10 were considered.

The IPT proteins and IPPT proteins in bacteria and eukaryotes were aligned with
MUSCLE v3.8.31.160 The MSA was also manually edited in Aliview to remove highly
divergent regions that could produce phylogenetic artifacts. The phylogenetic tree of
bacterial and eukaryotic IPT and IPPT proteins was constructed using PhyML with 100
bootstrap replicates, under the LG + G + I + F substitution model.162 The output Newick
tree files were visualized using ggtree.164

Metadata collection

Bacterial species containing predicted IPT proteins were examined in the literature for
evidence as to whether these bacteria cause plant disease or promote plant growth. For some
of the IPT-containing bacterial species, their relationship with the host plants has not been
clearly delineated. For example, there is no evidence that Chondromyces crocatus is either
a PGPB or plant pathogenic bacteria. However, this bacterium seems to produce natural
antibacterial compounds.165 Therefore, we classified it as a PGPB. Some Rhodococcus
spp. have not been determined to cause plant disease, but through genome sequence
analysis, they were found to contain a virulence plasmid. Hence, we classified them as plant
pathogenic bacteria.166 Where no evidence was found, bacteria were classified as unknown.
We collected the information and created a metadata table consisting of the isolation source,
and associated literature source (Supplementary Table 3).
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Promoter retrieval and motif discovery

To find the best promoter candidate rather than simply extract the upstream sequences of
the IPT genes, a bash script was written to find the closest upstream non-coding sequences
of each IPT gene over a certain length threshold. To avoid cases where the IPT genes were
found in an operon, and genes located upstream that are very close or even overlap with
the IPT genes, the length threshold was set to 100 bp. CD-hit v4.6 removed the redundant
sequences with a sequence identity threshold of 99.9%.167 Promoter sequences exceeding a
minimum length of 8 bp were analyzed with the MEME server to scan putative binding
site motifs. We tested whether the lengths of the promoters among different IPT groups
have significant differences by Wilcoxon rank-sum test. Box plots were created in R using
the ggpubr package.168

The AME (analysis of motif enrichment) and XSTREME (motif discovery and en-
richment analysis) programs in the MEME server were used to perform motif enrichment
analysis of the currently known motifs and novel motifs in the regulatory regions of IPT
genes, respectively.169,170 The AME program detects the enrichment of known binding
motifs in the combined prokaryotes database provided by the MEME server. On the other
hand, the XSTREME program detects novel motif enrichment by first using the MEME
and STREME (sensitive, thorough, rapid, enriched motif elicitation) programs for de novo
motif discovery, and then uses the SEA (simple enrichment analysis) program to assess the
enrichment of the motifs found in the last step. The E-value threshold was set to 0.05 for
all the motif analyses.

The predicted promoter regions upstream of IPT genes were also scanned for matches
to several motifs of interest representing possible plant transcription factor binding sites.
These include transcription factor binding motifs for WRKY40 and ARF5, WRKY-boxes
(W-boxes) and auxin response elements (AuxREs), which have been previously associated
with the regulation of IPT in Agrobacterium tumefaciens.171

Codon usage analysis

To infer IPT protein abundance from codon usage, we used the effective number of codons
(ENC) to quantify the codon usage bias of the IPT genes, and the codon adaptation index
(CAI) as a proxy of expression levels of the IPT genes. The ENC value ranges from 20
(extreme bias) to 61 (no bias), with 20 indicating only one synonymous codon was used
for each amino acid, and 61 indicating all synonymous codons were used.172 The ENC
value for each IPT gene was calculated using an online server CAIcal.173 CAI is a widely
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used measure for predicting gene expression levels.174 It refers to a given coding sequence’s
synonymous codon usage similarity to a reference set of genes, which usually consists of
highly expressed genes, such as those coding for ribosomal proteins. This index is calculated
by the geometric mean of the ‘relative adaptiveness’ of codons, with methionine, tryptophan,
and stop codons excluded. The ‘relative adaptiveness’ of a codon is measured by the ratio
of the observed codon frequency to the maximum frequency of the codon that codes for
the same amino acid in the highly expressed genes. CAI values range from 0 to 1, with
1 indicating the gene contains the most preferred codons in the highly expressed genes.
The ribosomal protein genes were extracted from the genome assembly files using Anvio.175

This program first annotates the raw genome sequences using prodigal, then runs HMMs
of bacterial ribosomal protein genes in the annotated genes.125 A python package, CAI,
was used to calculate the CAI value for each IPT gene using the ribosomal proteins in the
corresponding genomes as the reference gene set.176 To determine whether IPT genes are
high or low expression genes, for each IPT gene, we calculated the Z-score of its CAI to
determine how far the IPT gene’s CAI deviates from the mean CAI in the corresponding
genome. The genomic average CAI was calculated from the CAI of all the coding sequences
over 300 bp in the genome. We then tested whether different IPT clades or groups have
significant differences in ENC and Z-score of CAI by Wilcoxon rank-sum test. Box plots
were plotted in R using the ggpubr package.168

Analysis of IPT gene neighborhoods

The bacterial genome files in the GFF format and Pfam predictions of open reading frames
(orfs) were retrieved from AnnoTree (release 95).124 The coordinates and Pfam annotations
for genes 10 kb upstream and downstream of IPT genes were extracted using a bash script.
A table representing the presence and absence of important IPT-related genes (e.g. LOG
& CKX) in each bacterial genome was then generated and imported into R. Since the
LOG enzyme is often annotated as a possible lysine decarboxylase (PF03641) in the Pfam
database, neighboring genes assigned by the Pfam domain “PF03641” were regarded as
LOG genes.177 However, proteins annotated with the PF03641 domain do not ascertain that
they are true LOG enzymes. Therefore, we only searched for possible lysine decarboxylase
domain in the genomic neighborhood, because when the target is located very close to the
IPT genes, there is a better possibility that the target gene encodes a LOG enzyme. The
CKX genes were identified by the functional domain of CK dehydrogenase (PF09265). In
addition, to determine whether the IPT-containing genome can produce CK dehydrogenase,
the presence of the CKX genes in the whole genome rather than the genomic neighborhood
of the IPT was analyzed. The presence and absence data and the phylogenetic tree of IPT
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proteins were visualized using ggtree.164

Evaluating pathogenicity of IPT genomic neighborhoods by Path-
Fam scores

The pathogenicity of IPT genomic neighborhoods was determined with the help of PathFams,
which is a database that quantified the abundance of domain families (Pfam v. 32.0) in
pathogen versus non-pathogen genomes. For each Pfam domain, PathFams calculated a
pathogen-association score as the fold change of the domain frequency in pathogen proteomes
compared to non-pathogen proteomes.178 Here, we used the pathogen association to
determine the pathogenicity score of all proteins encoded within IPT genomic neighborhoods.
A domain with the strongest pathogen association was selected to represent the pathogenicity
of a multi-domain protein. Similarly, a domain with the strongest pathogen association in
the IPT genomic neighborhood, excluding the IPT domain, was selected to represent the
pathogenicity of the genomic neighborhood and used for pathogenicity comparison between
different neighborhoods.

3.3 Results

Identification of IPT domain-containing proteins in bacterial genomes

To collect bacterial IPT domain-containing proteins, we used the PF01745 (IPT) Pfam
protein domain to query the AnnoTree database with the default parameters. This search
returned a total of 298 protein sequences. Further analysis using pfamscan.pl revealed that
most of these sequences were more closely related to the IPPT domain. After the removal
of these sequences, 98 verified IPT-domain proteins remained, which are associated with
90 distinct bacterial genomes (Figure 3.2a, see Supplementary Table 2). There are 30,238
bacterial genomes in the AnnoTree database, and the low number of IPT-containing bacterial
genomes found (0.3%) indicates that IPT proteins are relatively uncommon and sparsely
distributed across the bacterial tree of life, consistent with previous analyses.115 Most of
these organisms are from specific lineages within the Actinobacteria and Proteobacteria
phylum, and only a few are from the Myxococcota and Cyanobacteria phylum (Figure 3.2b–e).
Their distribution is also phylogenetically scattered, indicative of multiple independent
gains of IPT genes in different lineages of the bacterial tree.
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Figure 3.2: The phylogenetic distribution of IPT proteins in AnnoTree. (a) The phylogenetic
distribution of the 98 IPT proteins in the bacterial tree of life. (b-e) The phylogenetic
distribution of the 98 IPT proteins in the subset of Proteobacteria, Actinobacteria, Myxo-
coccota and Cyanobacteria.

Next, we checked the literature to evaluate and classify these bacteria into different
phenotypic categories, including plant pathogenic bacteria and PGPB. Those lacking known
phenotypes were designated “unknown” (Supplementary Table 3). It is important to note
that the genomes detected by AnnoTree are based on the GTDB.85 The corresponding
NCBI species names are provided in Supplementary Table 4. Of the 90 IPT-containing
bacterial species, 49 are plant pathogens and 27 are PGPB. Most of the plant pathogenic
bacterial species occurred within the Proteobacteria, and most of the PGPB are within the
Actinobacteria (Supplementary Table 2).

Phylogenetic analysis of bacterial IPT proteins and comparison
between PGPB versus plant pathogenic species

To examine the evolutionary history of bacterial IPT-domain proteins, we constructed a
phylogenetic tree of the 98 IPT protein sequences (Figure 3.3). The maximum-likelihood
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(ML) phylogeny shows that the IPT protein family can be divided into two main clades, “A”
and “B”. Interestingly, these two IPT clades showed an association with organism lifestyle,
i.e., species in clade A are predominantly plant pathogens from the phylum Proteobacteria,
while in clade B, except for those species that failed to be classified into either group, most
species were found to be plant growth-promoting species from the phylum Actinobacteria
(Figure 3.3, Supplementary Table 2).
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Figure 3.3: Phylogenetic tree of bacterial adenylate IPT proteins. Phylogenetic tree of
98 IPT domain proteins in bacteria inferred using PhyML, with bootstrap values over
70 indicated. The tree was divided into two clades, labelled as clade A and clade B.
IPT-containing bacteria in clade A shows a trend of being mostly pathogenic to plants,
while in clade B, they were mostly harmless or beneficial to plant growth. Species with two
IPT copies are highlighted in blue.
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The IPT protein phylogeny generally follows the species tree, indicative of a vertical
evolution of IPT genes. However, there are several phylogenetic incongruences that may
be due to a non-vertical evolution (e.g., lateral transfer events) of select IPT genes. A
small clade including Sinorhizobium aridi, Mesorhizobium spp. and Neorhizobium sp.,
clustered with the Agrobacterium clade with strong bootstrap (99/100) support, but was
expected to be placed outside the Agrobacterium clade according to the species phylogeny.
Also, IPT sequences from several Streptomyces spp. were included in clade A, rather
than clustering with the other Streptomyces in clade B. Another incongruence was the
phylogenetic placement of IPT sequences from Rhodococcus spp. within the Streptomyces
clade rather than outside as expected. Finally, IPT from Halomonas anticariensis was
assigned to clade B, although based on taxonomy, it was expected to cluster within the
other Proteobacterial sequences in clade A. It is noteworthy that in the IPT phylogeny,
there are a few clades with zero branch lengths, because their IPT protein sequences were
identical. For example, in clade A, we found a subclade with Agrobacterium spp. and
Neorhizobium sp. including identical proteins. In clade B, different species within the
Rhodococcus clade also were found to encode identical IPT proteins.

We also included eukaryotic IPT proteins for comparison (Figure 3.4). Eukaryotic
IPT sequences were obtained from the Pfam database and verified by pfamscan.pl as IPT-
domain containing proteins. After filtering, we identified two “bacterial-like” eukaryotic
IPT proteins from Dictyostelium discoideum and Dictyostelium purpureum. According to
the phylogenetic tree of the IPT and IPPT proteins from bacteria and eukaryotes, the
IPPT proteins outgrouped from the IPT proteins, and eukaryotic IPT proteins formed a
sister lineage that outgrouped from the bacterial IPT proteins. This indicates that the IPT
proteins evolved as a distinct protein lineage separate from IPPT family proteins. Also, the
extremely rare presence of eukaryotic adenylate IPT domain proteins suggests that they are
likely to have been passed from the IPT-containing bacteria to the slime molds, as opposed
to being transferred from eukaryotes to bacteria. However, the latter scenario cannot be
completely discounted.
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Supplementary Information, Appendix A

Fig. A.1. Phylogenetic tree of IPTs from bacteria and eukaryotes, and IPPTs from bacteria and eukaryotes. The 
bacterial and eukaryotic IPPTs are outgrouped from the IPTs. The eukaryotic IPTs from two slime molds are the 
closest group to the main bacterial IPT clade.
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Figure 3.4: Phylogenetic tree of IPTs from bacteria and eukaryotes, and IPPTs from
bacteria and eukaryotes. The bacterial and eukaryotic IPPTs are outgrouped from the IPTs.
The eukaryotic IPTs from two slime molds are the closest group to the main bacterial IPT
clade.
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Copy number of IPT varies between species

Since 98 IPT proteins were identified in 90 distinct bacterial genomes, this suggests the
occurrence of IPT gene duplicates, which have been observed in previous studies.118,179

We therefore examined the number of IPT copies in each genome. As seen in Figure 3.3,
eight bacterial species were found to possess duplicate IPT copies. Interestingly, IPT
duplicates were predominantly associated with plant pathogens. That is, six pathogenic
species were found to possess duplicate IPT gene copies: namely, Rhizobium tumorigenes,
Neorhizobium sp., Agrobacterium rubi, Agrobacterium rosae, Agrobacterium vitis, and
Streptomyces turgidiscabies. Two additional Streptomyces species in the “unknown” category
also possessed IPT duplicates (Streptomyces nanshensis and Streptomyces hainanensis),
whereas duplicate IPTs were not found in any PGPB species. We speculate that the
increased occurrence of IPT duplicates in pathogens may contribute to increased levels of
CK synthesis which is known to result in harmful impacts to the plant host (see Discussion
3.4).

Codon usage analysis of IPT genes in bacteria

Next, we sought to determine whether IPT genes vary in their codon usage patterns among
different groups, as we hypothesized that there may exist different selective pressures acting
on IPT genes from plant pathogens versus PGPB organisms. In addition to calculating the
effective number of codons (ENC), we also calculated the codon adaptation index (CAI)
of each IPT gene and compared these values to the mean CAI values measured for other
genes in the same genome, resulting in a CAI Z-score.180,181 The Z-score transformation
minimizes artifacts resulting from comparisons of CAI scores between genomes of very
different codon compositions (Proteobacteria versus Actinobacteria). We then mapped these
CAI Z-scores and the value of ENC onto the phylogenetic tree.

As shown in Figure 3.5a, almost all IPT genes have negative CAI Z-score values,
indicating lower CAI values than other genes in the same genome, and potentially reduced
expression levels compared to other genes. Interestingly, IPT genes from clade A (average
Z-score of -1.59) deviates from the average to a greater extent than clade B (average Z-score
of -1.25) (p = 0.004), and IPT genes from pathogens (average Z-score of -1.74) deviate to a
greater extent from those from PGPB (average Z-score of -1.24) and “unknown” (average
Z-score of -0.97) (see Figure 3.5b and 3.5c). We also detected significant differences in ENC
values between the two clades and between pathogens and PGPB (Figure 3.5d and 3.5e).
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Figure 3.5: Comparison of codon usage patterns between IPT genes from the pathogen-
associated and PGPB-associated clades. (a) Heatmap showing the CAI deviation scores
and ENC values of IPT genes in bacterial genomes along with the phylogenetic tree. (b)
Boxplot of the IPT ’s CAI deviation scores in clade A and B. (c) Boxplot of the IPT ’s
CAI deviation scores in PGPB, pathogenic bacteria and unknown groups. (d) Boxplot of
IPT ’s ENC in clade A and B. (e) Boxplot of IPT ’s ENC in PGPB, pathogenic bacteria
and unknown groups.

Ultimately, these results suggest that pathogen-associated IPT genes in clade A display
atypical codon usage patterns compared to other genes, whereas PGPB-associated IPT
genes in clade B have codon usage preferences that are more similar to those of other genes
in their corresponding genomes.

Genomic neighborhoods surrounding IPT genes

To explore the genomic neighborhoods surrounding bacterial IPT genes, we used AnnoView
to extracted the neighboring genes 10 kb upstream and downstream regions of all predicted
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IPT genes and examined their functional annotations (Pfam). This resulted in a total of
408 annotated and 331 unannotated genes. We then analyzed the frequencies of Pfam
annotations occurring in these genes (see Figure 3.6a for the top 10 and Supplementary
Table 5). Among the top 10 most frequent annotations, we observed several protein families
that are related to CK biosynthetic or degradation pathways (Figure 3.1). These include a
protein domain annotated as “possible lysine decarboxylase” (PF03641) that encodes the
LOG enzyme for CK activation, and the protein domain “cytokinin dehydrogenase 1, FAD
and cytokinin binding” (PF09265) that encodes CKX enzymes for CK degradation. We
also identified the domain family PF02027 (RolB/RolC glucosidase family), which includes
the RolC protein that can release CK from glucoside conjugates.182 We focused further
on the co-occurrence of LOG and it CKX and rolC genes in the IPT-containing bacterial
species, paying additional attention to the genes that have the LOG and CKX domains in
the same genomic neighborhood as IPT.
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Figure 3.6: Genomic context analysis of bacterial IPT genes visualized using AnnoView.
(a) The histogram of the top 10 annotated Pfam families in the IPT genomic neighborhood,
colored by PGPB, pathogen and unknown groups. (b) The co-occurrence pattern of the two
important genes related to CK levels in the close genomic neighborhoods and in the genome.
The left side is the phylogenetic tree of the IPTs. Neighboring genes containing a possible
lysine decarboxylase domain (PF03641), a cytokinin dehydrogenase domain (PF09265) and
RolB/RolC glucosidase family (PF02027) were regarded as homologs of the LOG, CKX,
and rolC sequences, respectively.

The presence/absence of predicted LOG, CKX, and rolC genes was visualized alongside
the IPT protein phylogenetic tree (Figure 3.6b). We found that 42 and 24 of the IPT
genomic neighborhoods contained the LOG and CKX genes, respectively (Figure 3.6b).
Interestingly, we detected the LOG gene in only 10 members (19%) of clade A, and in a
larger number (32 members, 71%) of clade B. When comparing pathogens and PGPB, LOG
was present in 14 pathogen genomes (29%) versus 18 PGPB genomes (67%), suggesting a
stronger association with PGPB. Similarly, in the IPT genomic neighborhood, the CKX gene
was found exclusively in Streptomyces spp. and Rhodococcus spp. in the PGPB-associated
clade B (24 members, 45%). When searching for CKX genes genome-wide including regions
outside of the IPT neighborhood, CKX was identified in several additional genomes in clade
B (11 total members) and three Streptomyces in clade A. CKX genes were found in 16
PGPB genomes (59%) versus 8 pathogen genomes (16%). Co-occurrence of all three genes
(IPT, LOG, and CKX) in the neighborhood occurred exclusively in 19 (36%) members
of clade B. Co-occurrence with the rolC gene was exclusive to a subclade of A including
Agrobacterium species (Figure 3.6b).

Overall, these results revealed an increased tendency for IPT genes in PGPB organisms
to co-occur with other genes within the CK biosynthesis pathway including LOG and CKX.
This finding is consistent with the hypothesis that bacteria with either LOG or CKX genes
in their genomic neighborhoods may be able to transform the synthesized CK into active
forms, or degrade CK when there is an excessive amount. However, failure to identify
genes in the same genomic neighborhood does not mean a lack of LOG enzyme to activate
CK. At the same time, bacteria containing both genes in the genomic neighborhood are
more likely to be capable of dealing with excessive levels of CK than those without CKX
genes. By examining the genomic neighborhood of IPT, in clade A with most of the plant
pathogenic bacteria, we rarely found CKX genes in the genomic neighborhoods except for 3
Streptomyces from clade A, which suggests possible CK accumulation in clade A species.
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Pathogen-associated IPTs tend to occur in predicted virulence
loci

Although pathogen-associated IPT neighborhoods show relatively decreased co-occurrence
with other CK-related genes, several IPT genes from plant pathogens are known to occur
in virulence loci. We therefore reasoned that this may be an additional distinguishing
characteristic between pathogen-associated and PGPB-associated IPT gene neighborhoods.

To investigate this further, we used our previously developed PathFams resource, which
has scored each protein family in the Pfam database based on its statistical enrichment
in genomes of pathogens (including phytopathogens) versus non-pathogens. As shown in
Figure 3.7, we then visualized each IPT neighborhood in the AnnoView browser by coloring
genes according to their pathogen-association (PathFams score), where scores >1 indicate
pathogen overrepresentation and scores <1 indicate underrepresentation (Figure 3.7b-c).
As expected, IPT neighborhoods from plant pathogens showed an increased tendency to
possess numerous genes with high PathFams scores, indicative of virulence loci (Figure 3.8).
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Figure 3.7: Pathogen-associated IPT genes tend to reside within predicted virulence loci.
(a) Bacterial adenylate IPT phylogenetic tree. (b) Max PathFams score of a gene within
the IPT-containing genomic region. (c) Genomic neighborhoods surrounding IPT genes
(pink). Genes are colored according to their PathFams score (fold-change in pathogenic
versus non-pathogenic species). Gene neighborhoods were visualized using AnnoView v1.0.
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Fig. A.2. Boxplot of the PathFams scores (log scale) of genomic neighborhoods surrounding IPT genes
in PGPB, pathogenic bacteria and unknown groups
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Figure 3.8: Boxplot of the PathFams scores (log scale) of genomic neighborhoods surrounding
IPT genes in PGPB, pathogenic bacteria and unknown groups

To quantify this pattern, we predicted virulence loci as those containing one or more genes
with a PathFams score >1.8, equivalent to a greater than 1.8-fold enrichment in pathogen
genomes. (Figure 3.7b). Strikingly, thirty-two (65%) of the pathogen-associated IPT
neighborhoods satisfied this criterion, whereas only 3 PGPB (11%) and 3 “unknown” (14%)
satisfied this criterion. This strongly supported our hypothesis that IPT genes are encoded
within unique virulence loci in pathogens and cluster with other pathogenicity-associated
genes, a trait that distinguishes them from PGPB-associated IPTs.

To study IPT genomic neighborhoods in greater depth, we chose several representative
IPT genomic neighborhoods and examined the annotations of neighboring genes (Figure
3.9). Agrobacterium rubi has two IPTs on different regions of the genome; one is located
on the T-DNA region and surrounded by iaaH and iaaM genes that are involved in
auxin biosynthesis; the other IPT is located on the virulence region and surrounded by
other virulence genes, such as virA, virB and virK. The iaaH and iaaM genes were also
detected in the IPT neighborhoods of some other genomes, such as Agrobacterium rhizogenes
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and Dickeya chrysanthemi. The genes that may produce the LOG enzyme were found
in the neighborhood of several strains, such as Agrobacterium rhizogenes, Pseudomonas
psychrotolerans, Lentzea terrae, Rhodococcus fascians, and in one of the IPT neighborhoods
in Streptomyces turgidiscabies. Some other neighboring genes with high PathFams scores
were detected in the pathogenic strains. For example, in Ralstonia solanacearum, the NEL
protein encoding gene that was usually found at the C terminus of bacterial virulence factors
was located upstream the IPT coding gene.183 In Xanthomonas albilineans, a lipoprotein
coding gene, upstream IPT, was involved in the translocation of virulence factors.184

!

Fig. A.3. Selected IPT genomic neighborhoods in PGPB, pathogen and unknown groups
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Figure 3.9: Selected IPT genomic neighborhoods in PGPB, pathogen and unknown groups

Pathogen-associated IPTs have extended promoters with unique
regulatory motifs

The upstream non-coding regions surrounding IPT genes were examined to assess whether
there may be promoter regulatory differences between pathogen and PGPB-associated IPT
genes. We defined promoter regions as the closest upstream non-coding regions exceeding a
length threshold of 100 nt. This procedure identified known IPT promoters more accurately
than simply retrieving the upstream N nucleotides, which resulted in unwanted overlaps
with coding regions of nearby genes.

The first pattern that we noticed was a significant difference in promoter length between
pathogen-associated IPT genes and PGPB-associated IPT genes. That is, in pathogens, the
closest upstream non-coding regions to IPT genes are significantly longer (average length:
573.42 bp), compared to PGPB (average length: 325.88 bp) and “unknown” (average
length: 321.36 bp) (Figure 3.10a-b). The identification of extended candidate promoters
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upstream of pathogen-associated IPT genes suggests that these genes may be under more
complex spatiotemporal regulation by transcription factors, requiring specific up-regulation
by host-associated environmental cues.
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Figure 3.10: Analysis of IPT promoter sequences. (a) Boxplot of the promoter lengths
in the pathogen, PGPB and unknown groups. (b) Boxplot of the promoter lengths in
clade A and B. (c) Known motifs discovered in the promoter regions. (d) Novel motifs
discovered in the promoter regions. (e) Number of IPT promoter sequences with WRKY-
boxes (W-boxes) and auxin response elements (AuxREs) in the pathogen-associated clade
and PGPB-associated clade.

To identify potential differences in transcription factor motifs, we performed motif
discovery and enrichment analyses of the IPT upstream promoter regions. First, we used
the AME tool from the MEME server to scan for known bacterial motifs enriched in the
upstream sequences. The AME analyses revealed that 3 transcription factor binding motifs
were significantly enriched in some promoter sequences using an E-value threshold of 0.05,
which were found to be enriched in the pathogen groups but not in the PGPB group (Figure
3.10c).

Next, we used the XSTREME tool to perform de novo motif discovery, which can
potentially identify novel motifs highly enriched in the promoter sequences. The enrichment
of these novel motifs in the promoter region suggests the potential of these motifs to regulate
the expression of IPT proteins in some of the IPT-containing bacteria (Figure 3.10d).

We also examined the occurrence of plant W-box and AuxRE regulatory binding motifs,
known to be involved in IPT regulation when Agrobacterium enters plant cells171 (Figure
3.10e). The W-box motif was found in 43 members of the pathogen-associated clade
and 30 members of the PGPB-associated clade, indicating that most IPT genes in both
groups could be regulated through a W-box motif. AuxREs occurred in 23 members of
the pathogen-associated clade and 27 members of the PGPB-associated clade. Thus, fewer
bacterial IPT genes might be regulated by AuxREs.

Ultimately, these analyses suggest that promoters of IPT genes in pathogens may be
more sophisticated and possess a unique repertoire of TFBSs to mediate more complex
patterns of gene regulation. In the case of Agrobacterium, IPT loci are transferred to the
host plant and therefore utilize host transcription factors for the regulation of expression.171

In other species, however, further work is required to decipher the TFs involved IPT in
regulation, and the identified motifs may provide a starting point.
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3.4 Discussion

In this work, we performed a comprehensive bioinformatic identification and analysis of
adenylate type IPT genes in bacteria, and compared these genes and their gene neigh-
borhoods between plant bacterial pathogens and plant growth-promoting bacteria, to
understand how differences in IPT function may relate to the use of CKs in causing either
benefit or harm to plant hosts.

As a rate-limiting enzyme of CK biosynthesis, IPT enzymes, which include adenylate
and tRNA-IPT families, are widely distributed across all kingdoms of life.115 The analysis
reported here showed that adenylate type IPT genes were rare across bacteria, occurring
only in a few bacterial lineages. Most, if not all, bacterial species containing adenylate IPT
genes were plant-associated and could largely be classified as either plant pathogens or
plant growth-promoting bacteria. To date, most of the known adenylate IPTs have been
identified in plant pathogenic bacteria, and only the PGPB organism, Nostoc sp. PCC 7120,
has been demonstrated to produce functional CK in experimental studies.153 Our work has
expanded the number of known adenylated IPTs in PGPB, especially in the Streptomyces
genus. Note, however, that our survey of adenylate IPT genes focused only on the available
genomes within the AnnoTree/GTDB database.

The identification of IPT genes in plant pathogens and PGPB raises the interesting
question as to the mechanism by which the adenylate IPT gene may be involved in two
seemingly opposing activities: its use by pathogens in causing harm to the plant host by
overproduction of CK, and its use by PGPB to provide the right level of CK to benefit
the plant host. We examined IPT genes from several perspectives including phylogenetics,
codon usage, copy number, gene co-occurrence, gene neighborhood, and promoter analysis.
This multifaceted analysis revealed at least six trends that, together, provided some insights
into how genomic differences in IPT genes and their regulation may impact how they
contribute to plant pathogenesis versus growth promotion.

The protein phylogeny revealed some separation, although not perfect, between pathogen-
associated and PGPB-associated IPT genes. That is, clade A was predominantly composed
of Proteobacterial pathogens, while clade B was predominantly composed of PGPB and
organisms of unknown biological activity. It is possible that this separation merely reflects
the evolutionary history of species divergence. However, this phylogenetic separation into
clade A and B may also reflect biochemical differences in IPT function and, potentially, the
activities of the CKs produced by each organism.

Another distinguishing feature between pathogen and PGPB-associated IPT genes was
IPT gene duplication. That is, IPT gene duplicates were observed more frequently in
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pathogens than in PGPB. Gene copies in the Agrobacterium and Rhizobium clade, for
instance, have resulted from duplication of IPT-containing segments (See Figure 3.9). IPT
gene duplication frequently arises in eukaryotes, especially plants.185 In plants, copies of IPT
help express the encoded protein to variable extents,185 and some of the proteins encoded
by these genes may acquire new functions. Thus, IPT gene duplication may be viewed as
fine-tuning the IPT protein levels in the plant cells.115 Although IPT gene duplication has
been well studied in eukaryotes, it is less described in bacteria. Most non-plant genomes
retain fewer IPT sequences, ranging from 0 to 3 copies compared to the 1–11 copies of this
gene in plant genomes.185 One of the most well-known examples of IPT gene duplication
in bacteria is the ipt (tmr) and tzs genes identified in the Ti plasmid of A. tumefaciens.
Both genes possess an IPT domain and encode isopentenyl transferase but are located on
different places of the plasmid; ipt resides in the T-DNA region and will incorporate into
the plant genome after A. tumefaciens infection, whereas tzs resides in the non-transferrable
part of the plasmid, and only exists in the nopaline type strains of A. tumefaciens.186,187

However, the IPT duplication event in A. tumefaciens was missed in our phylogenetic tree
(Figure 3.3). One possible reason is that in the AnnoTree database, the bacterial genomes
are representative genomes in each species cluster. Therefore, it is possible that the chosen
representative genome for A. tumefaciens is a non-nopaline type strain, which explains the
absence of IPT duplicates in A. tumefaciens in our dataset. Nevertheless, our study revealed
additional adenylate IPT gene duplicates in bacterial strains other than Agrobacterium,
including Neorhizobium, Rhizobium, and Streptomyces. On the other hand, we observed
that the pathogen-associated clade had a higher occurrence of gene duplicates, suggesting
that the organisms in this clade are more likely to produce a higher level of IPT enzymes
for CK biosynthesis, therefore have increased pathogenicity and virulence.

Consistent with the idea of differences in IPT activity levels, pathogen-associated
and PGPB-associated IPT genes also differed in their codon usage patterns, promoter
structure and regulatory motifs. This may result in differences in IPT gene expression
and regulation that govern different levels of CK activity in pathogens versus PGPB. For
instance, CAI analysis revealed that pathogen-associated IPT genes deviate much more
strongly from genome-wide average patterns than IPT genes from PGPB. Furthermore,
pathogen-associated IPT genes were associated with extended upstream promoters and an
increased frequency of certain regulatory motifs, which may hint at a more complex mode
of regulation for these genes. Previous studies found that bacterial IPT gene expression can
be regulated in the host eukaryotic cells. For example, a vector that contains the IPT gene
under the control of the senescence-associated receptor kinase (SARK) gene promoter, was
transferred to the plant cells and found to significantly delay leaf senescence in the presence
of lowered levels of water by increasing the IPT production.188 Eukaryotic-host-derived
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proteins, including WRKY and ARF transcription factors, were also found to activate
transferred bacterial IPT production by binding to the WRKY-boxes (W-boxes) and auxin
response elements (AuxREs), respectively,171 consistent with the frequent occurrences of
both regulatory motifs in the bacterial IPT promoters. In addition, our analysis also
discovered three known regulatory motifs enriched in the pathogen group but not in the
PGPB group, which may function as a way of regulating IPT gene expression in pathogenic
bacteria. Several novel motifs were also found to be enriched in both pathogens and PGPB.
However, further studies are required to examine the regulatory function of the detected
regulatory motifs experimentally.

Perhaps the strongest feature distinguishing IPT genes in pathogens versus PGPB was
not related to the IPT gene sequence itself, but, rather, its surrounding genomic context.
Our analysis of the IPT genomic neighborhood using Pfam and our recently developed
PathFams resource showed that, unlike IPT genes in PGPB, pathogen-associated IPT
genes tended to cluster in the bacterial genome with other pathogen-associated genes and
reside within candidate virulence loci. Thus, pathogen-associated IPT genes may function
similarly to those in PGPB at a biochemical level, but function as part of more general
virulence pathways through co-expression with other pathogen-associated genes to promote
bacterial virulence.

In contrast, PGPB-associated IPT genes clustered with non-pathogen-associated genes,
and showed a tendency to co-occur with other enzymes in the CK biosynthesis pathway,
suggesting added layers of control of CK levels. For example, the CKX genes essential for
CK degradation were almost missing in the pathogen-associated clade, which may cause CK
accumulation and promote bacterial virulence. Although the LOG gene necessary for CK
activation was not present in the genomic neighborhood of many IPT-containing genomes,
studies have shown its distribution in major lineages of bacteria. Hence it is possible
that these genes were located elsewhere in the genome and may still be able to activate
CK.189 However, since the LOG enzyme was recently found to be misannotated as possible
lysine decarboxylase domain due to the high similarity between the two domains,177 crystal
structure analysis will be needed to further confirm the functionality of CK activation of
the LOG proteins identified in the genomic neighborhoods.190,191 The CKX enzyme is well
studied in plants but is less represented in bacteria. Only 2.5% of the estimated total
bacterial genomes that have been sequenced possess the CKX homologs. Additionally, the
function of the CKX proteins in bacteria remains largely undetermined.156 CKX in different
species differs in substrate specificity to various forms of CK, resulting in the dysfunction of
degrading various CK forms.192 Therefore, further experiments such as structural analysis
would help determine the functionality of CKX genes and its affinity to different forms of
CK.
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In conclusion, our study has largely expanded an understanding of the roles of adenylate
IPT genes in bacteria. These genes could be further phylogenetically classified into PGPB-
associated IPT genes and pathogen-associated IPT genes, and were predicted to be related
with low or high CK levels produced in bacteria. Pathogens were more likely to contain
multiple IPT genes, due to gene duplication and horizontal gene transfer, with preferred
clustering with other pathogen-associated genes to improve bacterial virulence. Pathogenic
organisms lacked the ability to easily degrade CK due to the absence of CKX genes, leading
to CK accumulation. Furthermore, the promoter analysis revealed potential regulation
differences between the two groups, with pathogen-associated IPT genes having longer
promoter regions, suggesting a more complex regulatory mechanism. Therefore, we predict
that the bacteria in the pathogen-associated clade are prone to produce a higher level of
IPT, leading to a higher amount of CK that promotes virulence and susceptibility to host
plants.

The IPT-containing PGPB analyzed in this study are candidates for plant growth-
promoting strains applied to crop plants as a biocontrol strategy, with validation of CK
production, as well as effectiveness and safety testing required before large-scale application
in agriculture. In addition, the CK species generated by plant pathogenic bacteria and
PGPB need to be characterized experimentally to examine whether the CK structure differs,
since plant CK receptors may have high or low affinity to different CK substrates. Such
differences, combined with CK quantity, could influence whether CK results in a harmful
or beneficial effect to the plant host. It would also be interesting to quantify the CK levels
and compare them between the plant pathogenic bacteria and PGPB. Finally, we predict
that the CKX enzymes in PGPB may avoid an over accumulation of CK through regulated
CK degradation. However, the CKX enzyme may itself have different affinities to various
types of CK. For example, the CKX enzyme was reported to strongly prefer iP-type CK in
Rhodococcus fascians.193 Therefore, it is essential to study the substrate preferences of the
CKX enzymes as it may also affect the CK homeostasis in bacteria.
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Chapter 4

Novel Clostridial neurotoxins
identified outside Clostridium

Material in this section has resulted in two preprints (Wei et al. (2022),194 Wei et al.
(2023)195) available at biorxiv. The preprints are available here:

X. Wei, T. Wentz, B. Lobb, M. Mansfield, W. Zhen, H. Tan, Z. Wu, S. Pellett,
M. Dong, and A. C. Doxey. Identification of divergent botulinum neurotoxin
homologs in Paeniclostridium ghonii. bioRxiv, 2022.194 https://doi.org/10.

1101/2022.08.17.504336

X. Wei, B. Lobb, K. Wang, M. Dong, and A. C. Doxey. Identification of a
botulinum neurotoxin-like gene cluster in Bacillus toyonensis. bioRxiv, 2023.195

https://doi.org/10.1101/2023.07.21.550100

In this chapter, I present the identification of two putative clostridial neurotoxins outside
the genus Clostridium. These have been designated as PG toxins from Paeniclostridium
ghonii and BTNT from Bacillus toyonensis. I analyze the sequence, structure, phylogenetic
relationships of the two putative novel toxins in comparison with other BoNTs. Then,
I use the AnnoView platform to analyze the gene neighborhoods of these toxins to gain
insights into their potential functions and predict their target hosts. It is hypothesized
that the novel toxin genes and their neighboring genes might share functional similarities.
By annotating the functions of these neighboring genes, I hope to derive valuable insights
about the target hosts of the putative toxins.
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4.1 Introduction

Clostridial neurotoxins (CNT) which include botulinum neurotoxin (BoNT) and tetanus
neurotoxin (TeNT) are notable as the most potent toxins known to humankind, and they
are the molecular agents responsible for botulism and tetanus neuroparalytic diseases.
BoNTs target motor nerve terminals and enter neurons via receptor-mediated endocytosis,
and then transfer their LC protease domains into the cytosol where they cleave host
SNARE (soluble N-ethylmaleimide-sensitive factor attachment protein receptor) proteins
including VAMP1/2/3, syntaxin 1, and SNAP25, resulting in blockage of neurotransmitter
release.196–198 tent shares the same mode of action with BoNTs, but it undergoes retrograde
transport along the axon after entering motor neurons, reaching the spinal cord, getting
released from the motor neuron soma, and then reentering inhibitory interneurons, eventually
resulting in a distinct phenotype of spastic paralysis. Both forms of paralysis cause death
due to respiratory failure.

BoNTs are typical A-B bacterial toxins composed of two polypeptide chains: the light
chain (LC), which is the protease domain responsible for SNARE proteolysis, and the heavy
chain (HC), which includes the translocation domain (Hn) that transports the LC across the
endosomal membrane into the cytosol, and the receptor-binding domain (Hc) that binds to
a number of different host cell receptors including polysialogangliosides, synaptotagmin I/II
and glycosylated SV2, depending on BoNT serotype.198 The LC and HC are encoded on a
single gene and initially synthesized as a single polypeptide. The linker region between LC
and HC needs to be proteolytically cleaved, by either bacterial proteases or host proteases,
which is essential for the activity of the toxin. After the linker is cleaved, the LC and
HC remain connected via a single interchain disulfide bond. This disulfide bond would be
reduced once the LC reaches the cytosol, thus releasing the LC into the cytosol.

BoNTs were classified into seven serotypes (A-G), which include many subtypes.199,200

Serotypes A, B, E, and F are associated with human botulism, whereas subtypes C, D
and hybrid CD are primarily associated with botulism outbreaks in wildlife. The host
specificity of BoNT/G is less clear. BoNTs are produced not only by four groups of C.
botulinum (Group I strains are human-associated and Group III are animal-associated),
but also by strains of C. noyvi, C. baratii, C. sporogenes, and C. butyricum. BoNTs are
encoded chromosomally, on plasmids, or on phages depending on the subtype and strain.201

Related non-toxigenic strains are also common.202

With the growing availability of genomes in public databases, researchers have identified
a growing number of BoNT-related toxins bioinformatically (reviewed here203–206). In 2015,
Mansfield et al. reported the first identification of a BoNT homolog outside of Clostridium,
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which occurred in the genome of the organism, Weissella oryzae.120 This toxin, labeled
“BoNT/Wo” was reported to cleave VAMP within a novel site.207 Although BoNT/Wo
conserves all BoNT domains, phylogenetically it sits on a divergent branch and outgroups
the entire BoNT phylogenetic tree. This suggests that the lineage including BoNT/A-G
may have evolved as a sublineage of a broader BoNT-like toxin family. Following the
identification of BoNT/Wo, Zhang et al. identified BoNT/X in a C. botulinum strain,
another distinct member of the BoNT family which formed its own lineage and serotype.208

BoNT/X was demonstrated to cleave multiple VAMPs including several non-canonical
substrates that cannot be cleaved by any other BoNTs. A year later, another BoNT-like
toxin was discovered within a strain of commensal organism, Enterococcus faecium.122,123

This BoNT, labeled BoNT/En, was shown to cleave both SNAP25 and VAMP2 at unique
sites, and reside on a common conjugative plasmid, suggesting a mode of circulation within
Enterococcus strains. Interestingly, BoNT/En showed several similarities (phylogenetic and
gene neighborhood structure) to BoNT/X, clustering with it in the BoNT phylogenetic
tree. In 2019, a new family of toxins were also identified in the genome of Chryseobacterium
piperi, which resembled BoNTs in terms of their domain structure.209 These toxins have not
been shown to cleave SNAREs and to date have unknown substrate specificity. However,
their sequence and structural similarities to BoNTs suggest that they are more distant
evolutionary relatives, even more so than the divergent BoNT homolog, BoNT/Wo.

Finally, the most recent addition to the BoNT family tree has come from studies of the
insecticidal organism, Paraclostridium bifermentans. Contreras et al. demonstrated that
this organism produces a BoNT-like neurotoxin, labeled PMP1, that has insecticidal activity
toward anopheline mosquitoes by cleavage of the mosquito SNARE protein, syntaxin 1.121

PMP1 clustered within the divergent lineage of BoNTs including BoNT/X and BoNT/En,
despite possessing only 34-36% identity to these toxins. In addition, PMP1 shares several
genomic features with BoNT/X and BoNT/En, namely, the presence of neighboring ORFX
genes, which were suggested to play a role in facilitation of PMP1 absorption in the insect
gut, since their presence along with PMP1 increased its toxicity.121 The identification of
PMP1 as an insecticidal BoNT-like toxin aligns with earlier work which highlighted the
numerous links between BoNTs and insecticidal pathogens.204 Particularly, these links
include the presence of homologs ORFX and HA genes in insecticidal gene clusters, the
detection of partial homologs of BoNTs encoded within the genomes of entomopathogenic
fungi, and the identification of BoNT-like gene fragments insect gut metagenomes.206

In this work, we identified a novel BoNT homolog gene cluster from Paeniclostridium
ghonii, as well as a novel putative BoNT-like toxin from a particular strain of Bacillus
toyonensis (“isolate CH177”), whose genome was recently added to the NCBI database
on Apr 12, 2023. The novel gene cluster in Paeniclostridium ghonii is conserved in two
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distinct strains and also contains a neighboring gene encoding a putative insecticidal Cry
toxin.210 We analyzed these new BoNT homologs in terms of their sequence, structure,
phylogenetic relationships to other BoNTs, and gene neighborhood. Our work adds to the
growing diversity of BoNT-like toxins.

4.2 Methods

Toxin identification

To identify potential new clostridial neurotoxins in non-clostridium species, the BLAST
webserver (https://blast.ncbi.nlm.nih.gov/Blast.cgi) was used to perform a search
for clostridial neurotoxin homologs in the NCBI nr protein database, restricting our
search to organisms outside of the Clostridium genus. We used BoNT/A1 (accession #
WP 021136346.1) as a query with default parameters.

Phylogenetic analysis

The BoNT-like toxins in P. ghonii and B. toyonensis , PMP1 (WP 150887772.1) as well as
representative BoNT sequences for each subtype (downloaded from https://bontbase.org)
were used to create multiple protein sequence alignments. Multiple alignments were then
constructed using MAFFT v7.407 with the L-INS-i algorithm.211 Jalview was used for
alignment visualization. IQ-TREE version 2.0.3 was used to generate phylogenetic trees
for BoNT-like toxins in P. ghonii and in B. toyonensis, respectively.212 The alignment for
BoNT-like toxins in P. ghonii was split into the heavy and light chain regions corresponding
to domain boundary definitions from PDB 3BTA. Conserved alignment blocks were then
manually selected and used to produce two separate phylogenetic trees with the IQ-TREE
algorithm.212 We then midpoint rooted the trees, collapsed some clades that include toxins
from the same subtype, and removed bootstrap values lower than 50%.

Structural modeling of PG-toxin LC and HC sequences

The PG-toxin LC and HC sequences both exhibit sequence similarities with BoNTs. We
are interested if they also demonstrate structural similarities to the protease domain, as
well as the translocation domain and receptor-binding domain, respectively. Thus, the
PG-toxin LC and HC sequences were submitted to the SwissModel resource for automated
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protein homology modeling.213 Structural models were generated using a variety of template
structures of existing BoNT related proteins. For PGT1-LC, PDB ID 6bvd.1.A (Botulinum
Neurotoxin Serotype HA Light Chain) was used as the top identified template, which had
28.09% identity. For PGT2-LC, PDB ID 5bqn.1.A (Botulinum neurotoxin type D) was
used as the top identified template, which had 26.36% identity. For PGT1-HC, 6g5g.1.B
(Botulinum neurotoxin type B) was used as the top identified template, which had 25.32%
identity. For PGT2-HC, 7by5.1.A (tetanus toxin) was used as the top identified template,
which had 26.28% identity. Structural models were colored by QMEANDisCo Local quality
estimate scores.

Phylogenetic analysis of P. ghonii and B. toyonensis strain CH177

For P. ghonii strains, we chose the closely related species of Paeniclostridium ghonii
to build the species phylogeny, including all species in the Paeniclostridium genus, as
well as Paraclostridium bifermentans, which was shown to contain PMP1 toxin, and
Paraclostridium benzoelyticum that was reported as the species with the highest ANI in
the NCBI database. The assembly files in .fna format of all the genomes were download
from the NCBI (https://www.ncbi.nlm.nih.gov/assembly) and JGI database.63 Then,
the fastANI program was used to compute pairwise ANI and generate a distance matrix
with identity values for the list of the assemblies.214 The R package phangorn was used to
build a phylogenetic tree using the neighbor-joining method based on the ANI distance
matrix.215 The ANIs for each of closely related genome to both P. ghonii genomes were
averaged and indicated in Figure 4.4.

For B. toyonensis strain CH177, a dataset of 310 B. toyonensis genomes was downloaded
from the NCBI (https://www.ncbi.nlm.nih.gov/datasets/genome/?taxon=155322). A
whole genome SNP-based phylogeny was created using Parsnp v1.2216 with default pa-
rameters and the B. toyonensis P18 strain (accession # GCF 016605985.1) selected as a
reference genome. The predicted proteome (.fasta file) was submitted to the VFanalyzer
tool in the VFDB database217 with the Bacillus genus chosen as a reference taxon. Default
parameters were used.

Genomic neighborhood analysis

The genomic neighborhoods for ±20kb surrounding the neurotoxin genes were obtained
from the NCBI and IMG database in .gbk format. For PG-toxin genes, we downloaded
the complete scaffold to collect as much sequence information as possible. The .gbk files
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were uploaded to an in-house tool called AnnoView (https://annoview.uwaterloo.ca)
for gene neighborhood visualization (manuscript in preparation). Genes in B. toyonensis
were annotated based on BLAST searches against the NCBI-nr protein database, while all
other gene annotations were derived from NCBI and IMG annotations.

Experimental characterization assays

The experimental characterization assays were performed by our collaborators Dr. Pyung-
Gang Lee and Dr. Min Dong from Boston Children’s hospital, Harvard.

DNA constructs. The DNAs encoding LC/PG1 (residues 1-392), HC/PG1 (residues
1-838), LC/PG2 (residues 1-395), HC/PG2 (residues 1-846), Drosophila melanogaster (fly)
SNAP25 (residues 1-212, GenBank no. NP 001036641.1) Anopheles stephensi (mosquito)
SNAP25 (residues 1-212, GenBank no. XP 035899569.1), Plutella xylostella (moth) SNAP25
(residues 1-213, GenBank no. KAG7297990.1), Ixodes scapularis (tick) SNAP25 (residues
1-214, GenBank no. XP 040073329.1), Dendroctonus ponderosae (beetle) SNAP25 (residues
1-211, GenBank no. XP 019769279.1), Penaeus vannamei (shrimp) SNAP25 (residues
1-211, GenBank no. ROT68655.1), Drosophila melanogaster SNAP24 (residues 1-212,
GenBank no. NP 524298.1), Drosophila melanogaster SNAP29 (residues 1-284, GenBank
no. NP 523831.1) were synthesized by Twist bioscience (South San Francisco, CA).

Protein purification. All the recombinant proteins were expressed and purified from
E. coli BL21 (DE3). In general, the recombinant E. coli was cultured in autoinduction
medium (Formedium) at 20 °C overnight. Bacterial pellets were suspended in lysis buffer
(50 mM Tris pH 7.5, 150 mM NaCl) and disrupted by sonication. Lysates were collected
after centrifugation at 30,000 g from 30 min at 4 °C. His-tagged proteins were purified using
Ni-NTA resin (Qiagen), while GST-fused proteins were purified using GSTtrap column
(Cytiva). To obtain the complex toxin, Ni-NTA resin and subsequent StrepTrap XT column
(Cytiva) were used to purify the complex toxins, which consisted of Strep-II tagged LC and
His-tagged HC.

Cleavage assay. The reaction buffer consisted of 50 mM HEPES pH7.4, 5 mM NaCl,
0.1% (v/v) Tween-20, 2 mM DTT and 10 µM of ZnOAc. 10 µM of each SNAP25 were
incubated with 2 µM of each LCs for 90 min at 37 °C. The cleaved samples were run on
the SDS-PAGE gel, followed by Coomassie blue staining and destaining.

Co-transfection assay. 0.25 µg/well of pcDNA3.1 plasmid encoding HA-tagged SNAP25s
(or fly SNAP24) and 0.25 µg/well LC/PG1, PG2, A, E, En were coexpressed in 293T cells
(cultured in 24-well) via transient transfection using Polyjet transfection reagents (SignaGen,
MD) following the manufacturer’s instructions. After 24 h culture, cell lysates were harvested
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in RIPA buffer (50 mM Tris, 1% NP40, 150 mM NaCl, 0.5% sodium deoxycholate, 0.1%
SDS) and subjected to immunoblot analysis. To detect cleavage of SNAP25s, mouse anti-HA
antibody (Biolegend, 16B12) and goat anti-mouse HRP-conjugated IgG (Biorad, Star207P)
were used as primary and secondary antibodies, respectively.

Identification of cleavage sites using LC-MS/MS. Samples containing cleavage products
were quenched by adding trifluoroacetic acid (TFA) and incubating at 95 °C for 10 min.
As a negative control, equivalent samples were prepared as pre-TFA treated and heat-
inactivated, before cleavage. The cleaved small peptides were extracted from each samples
and subsequently analyzed with LC-MS/MS to determine the molecular weight. Samples
were analyzed at Taplin Biological Mass Spectrometry Core Facility at Harvard Medical
School. The molecular weight of each ion was aligned to predicted b and y ions of fly
SNAP25 or mosquito SNAP25 to identify the cleavage sites of LC/PG1 and LC/PG2.

Fly injection. The Oregon-R flies enclosed for 3 to 7 days were selected for injection. To
prepare the toxin injection solution, the toxins were diluted in PBS with 0.25% gelatin at pH
6.3. In each experimental group, 20 to 30 flies were anesthetized using CO2. Subsequently,
100 nL of the toxin solution was injected into the thorax of each fly using a Nanoject III
(Drummond).218 Following injection, the flies were placed in vials with fly medium. For
survival testing, the injected flies were monitored for 2 days. For imaging purposes, the
flies were transferred to a 60 mm dish after a 4 hr post-injection period.

4.3 Results

Discovery and characterization of PG toxins

BLAST-based identification of BoNT-related genes in P. ghonii

On Jul 5, 2022, we performed a BLAST-based search for clostridial neurotoxin homologs in
the NCBI database, restricting our search to organisms outside of the Clostridium genus.
Our search, using BoNT/A1 (accession # WP 021136346.1) as a query identified two
previously unidentified matches in the genome of organism, Paeniclostridium ghonii (strain
NCTR 3900). The BoNT/A1 light chain (LC) region encoding the metalloprotease domain
matched a protein labeled as “M91 family zinc metallopeptidase” (WP 250673407.1) with
an E-value of 1e-21 and 34% amino acid identity. The BoNT/A1 heavy chain (HC) region
matched a second protein labeled as “hypothetical protein” (WP 250673408.1) with an
E-value of 1e-54 and 28% amino acid identity. We designated these proteins “PG-toxin1-LC”
and “PG-toxin1-HC” or the short forms, “PGT1-LC” and “PGT1-HC”.
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Next, we examined the JGI genome database for additional strains of P. ghonii, and
found one additional genome (unique from NCTR 3900), labeled as strain “DSM 15049”. A
similar toxin gene cluster was identified in the genome of this strain, including orthologs of
both proteins identified in NCTR 3900. Interestingly, these orthologs possess 39% identity
for the LC protease gene and 61% identity for the HC gene, suggesting possible rapid
divergence of the toxin sequences since its acquisition by an ancestral P. ghonii strain similar
to those observed for BoNTs in Group I and II C. botulinum. We designated these proteins
“PG-toxin2-LC” and “PG-toxin2-HC” or the short forms, “PGT2-LC” and “PGT2-HC”.

A table of pairwise percentage identities to a representative subset of BoNT-like proteins
is shown in Figure 4.1a for the LC and Figure 4.1b for the HC. Overall, combining their
LC and HC sequences, PG-toxin1 and Pg-toxin2 share 54% sequence identity. The PG-
toxin LC and HC sequences consistently show the highest percentage identities to PMP1,
BoNT/En and BoNT/X compared to other BoNT-like sequences, suggesting a possible
phylogenetic affiliation with this lineage.

PGT2-LC PMP1 BoNT/En BoNT/X TeNT BoNT/A1

PGT1-LC 37.71 28.85 25.73 28.25 26.64 27.97

PGT2-LC 26.93 23.43 26.42 26.67 25.18

PMP1 30.82 32.63 27.01 28.37

BoNT/En 36.43 27.43 28.51

BoNT/X 31.02 30.6

TeNT 30.38

PGT2-HC PMP1 BoNT/En BoNT/X TeNT BoNT/A1

PGT1-HC 61.14 32.39 28.18 29.39 24.65 26.44

PGT2-HC 34.05 28.35 29.98 24.97 25

PMP1 36.87 38.57 31.17 30.55

BoNT/En 41.18 30.26 29.53

BoNT/X 28.88 31.18

TeNT 36.18
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Figure 4.1: Identification of BoNT-like genes in genomes of two Paeniclostridium ghonii
strains. Pairwise amino acid sequence identities between PG-toxin-LC (a) and PG-toxin-HC
(b) and a subset of BoNT proteins. (c) Genomic neighborhoods surrounding PG-toxin
genes and other BoNT genes.
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Gene neighborhood analysis

Next, we investigated the genomic neighborhoods surrounding both PG-toxin genes (Figure
4.1c). In both P. ghonii genomes, the PG-toxin-LC gene encoding the predicted zinc
metalloprotease is immediately upstream of the PG-toxin-HC gene encoding the translocase
and binding domain. To verify that this is not due to sequencing errors, we analyzed the
region further and determined that the intervening region is non-coding with numerous
stop-codons in all reading frames.

To examine the source of the fragment (chromosomal versus plasmid), we analyzed
the gene content up and downstream of the PG-toxin gene cluster. Within the scaffold
from DSM 15049 containing the PG-toxin2 genes, which was more complete (64,948 bp)
than the toxin-encoding contig from NCTR 3900 (29,173 bp), we identified genes encoding
plasmid replication initiation proteins. BLAST analysis of these proteins confirmed a
close relationship to orthologous genes from P. bifermentans, suggesting a link to the
toxin-encoding megaplasmids of Paraclostridium.121 To investigate the source of the contigs
in their entirety, contig level assemblies were passed through rfPlasmid (v0.0.16)219 using a
Clostridium model and default settings. The contigs carrying the BoNT-like gene sequences
for Paeniclostridium ghonii DSM15049 and NCTR 3900 were predicted as plasmids with
73.28% and 74.66% percent of the vote, in excess of the 40-60% threshold where incorrect
classifications typically fall (rfPlasmid219). Similarly, another near-Clostridium species
with a known BoNT-like sequence on a reported circularized plasmid, Paraclostridium
bifermentans parabai, was predicted as a plasmid with 79.16% of the vote. We therefore
speculate that the toxin loci may reside on a plasmid.

The PG-toxin1 locus from strain NCTR 3900 is similar but non-identical from that of
the PG-toxin2 locus from strain DSM 15049. A notable unique feature of the PG-toxin locus
is the presence of a nearby gene encoding an insecticidal Cry delta endotoxin (accession
# WP 250673405.1). A cry toxin prediction was confirmed by the Conserved Domain
Database, with matches to all three domains (N, M, and C-terminal region) with significant
E-values all less than 1e-15. BLAST analysis of this protein also confirmed its relationship
to a Cry8Ea1 family insecticidal delta endotoxin from Bacillus thuringiensis (accession #
WP 172452114.1) with 40% amino acid identity. The closest sequence of known structure is
B. thuringiensis cry3Aa (PDB ID 4QX0 A) at 32% identity. In both P. ghonii genomes, this
Cry toxin gene is encoded in the opposite direction to the PGT-LC genes, which suggests
that it may be regulated differently.

In addition, The PG-toxin locus also encodes several genes shared with those found in
other BoNT gene clusters. These include amiD (n-acetylmuramoyl-l-alanine amiDase gene)
and parA genes which are also present in the BoNT/En locus of E. faecium; and abc (ABC
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transporter ATP-binding protein) and fic (filamentation induced by cAMP protein) genes
that are also found in the tent locus of C. tetani . Three nearby genes are also shared with
the PMP1 locus of P. bifermentans: an mpp gene encoding a putative metallophosphatase
family protein, an abc-permease (ABC transporter ATP-binding protein/permease) and a
radsam gene encoding a radical SAM domain containing protein. Interestingly, the orfx,
ha and ntnh genes present in other BoNT gene clusters are absent. Downstream of the
mpp gene in both P. ghonii genomes is a cluster of genes encoding a BhlA/UviB family
holin-like peptide and two genes encoding aureocin-like type II bacteriocins (Figure 4.1c).
Other toxins are known to be exported via holin-dependent mechanisms.220

Protein sequence and domain analysis

Next, we compared the PG-toxin sequences to other BoNTs to examine the presence/absence
patterns of key motifs and structural features important for neurotoxin activity. While
typical BoNTs are proteolytically cleaved into two distinct chains (LC and HC) that remain
connected via a disulfide bond (Figure 4.2a), a unique feature of the P. ghonii BoNT-like
toxins is the split of the LC and HC into two distinct coding sequences (Figure 4.2b). The
correspondence of the PG-toxin-LC and neighboring PG-toxin-HC sequences with the LC
and HC of BoNTs can also be seen at a structural level, as revealed by the homology models
shown in Figure 4.2b.
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Figure 4.2: Structural and motif analysis of PG-toxins in relation to BoNT. (a) Domain
structure of BoNT/A1 (above) depicting the light and heavy chain and corresponding
crystal structure (below) from PDB 3BTA. (b) Protein domain architectures of PG-toxin
open reading frames (ORFs). P. ghonii strain NCTR 3900 and DSM 15049 both encode
two ORFs separated by a non-coding region (NCR) which correspond to the LC and HC
regions of BoNT, which are collectively referred to as PG-toxin1 and PG-toxin2, respectively.
Structural models of these regions confirm their correspondence to the BoNT LC and HC.
(c) Selected amino acid alignments depicting key functional residues of known importance
in BoNT. The catalytic HExxH motif required for zinc endopeptidase activity is conserved
in PGT1-LC and PGT2-LC, while all but one of the canonical Cys residues involved in
the LC-HC disulfide bond are missing. The PxxG motif within the translocation domain
is also conserved, and the canonical SxWY ganglioside binding motif is absent, although
a second upstream SxxY motif is present in an equivalent site to a second SGWY motif
previously identified in PMP1.

The gene split between the LC and HC raises the question of how these domains may
physically interact if they are assumed to function equivalently to BoNTs. Interestingly,
PG-toxin1-LC contains a Cys residue at its C-terminal region (Cys-389), whereas this
Cys residues appear to be absent in PG-toxin2-LC. The closest second Cys residue in
PG-toxin-1-HC occurs at residue Cys-103 but this is within the translocase domain. Thus,
it appears unlikely that the PG-toxin-LC and HC domains interact via the same disulfide
bond as in BoNTs. Structural models of the PG-toxin chains (Figure 4.2b), however, may
provide some insights into a possible interaction between the LC and HC domains. That is,
the “belt” region of the translocase domain in the HC domains, which is known to wrap
around the LC in other BoNTs,221,222 is present in both PG-toxin1-HC and Pg-toxin2-HC.
We therefore speculate that this belt may provide a mechanism for forming a complex
between the light and heavy chains, although this hypothesis remains to be evaluated
experimentally.

Both LC protease sequences (PG-toxin1-LC and PG-toxin2-LC) contain the conserved
HExxH motif required for zinc-endopeptidase activity, and more specifically an HELVH
motif identical to that in BoNT/X (Figure 4.2c). Overall, PG-toxin1-LC and PG-toxin2-LC
regions possess a maximum of 28.9% and 26.9% identity to their closest BoNT-like homolog
(PMP1), respectively (Figure 4.1a).

A region of sequence conservation for the translocation domain is also shown in Figure
4.2c. The PxxG motif, which has previously been identified as a strongly conserved motif
across BoNTs (including divergent homologs)209 is conserved in the PG-toxin translocation
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domains. This PxxG motif is also conserved in translocation domains of diphtheria toxins
(DT) and DT-like homologs,223 as well as large clostridial toxins (LCTs).224 Overall, the
putative translocation domains from PG-toxin1-HC and PG-toxin2-HC share 48.2% identity,
and possess a maximum of 30% to other BoNT-related proteins (BoNT/En).

Lastly, we examined the C-terminal binding domain (Hcc) of both PG-toxin HC
sequences. In the Hcc domains of BoNT/A, B, E, F, G, X, En, PMP1, and TeNT, a conserved
SxWY gangloside binding motif (which we designated “motif 1”) has been identified that is
known to bind ganglioside cell receptors.225 Importantly, in the mosquitocidal PMP1, a
second SxWY motif (“motif 2”) is present immediately upstream of the canonical SxWY
motif, as well as a third SWYG motif (“motif 3”) which was found to be critical for
toxicity.121 Interestingly, both PG-toxin-HC sequences lack the canonical SxWY motif
(“motif 1”) but possess an SDVY motif in place of motif 2, which we hypothesize may play
a role in receptor binding (Figure 4.2c).

Phylogenetic analysis

To explore their evolutionary relationships to other BoNT proteins, we separately aligned
the PG-toxin LC and HC protein sequences to corresponding regions from a representative
set of available BoNTs retrieved from https://bontbase.org (also including PMP1). We
then built maximum-likelihood phylogenies for the LC (Figure 4.3a) and HC (Figure 4.3b).
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Figure 4.3: Phylogeny of the BoNT family including PG-toxin. (a) Phylogeny of the
LC encoding the protease domain. (b) Phylogeny of the HC encoding the translocation
domain and binding domain. In both trees, PG-toxin-LC and PG-toxin-HC cluster with
the X/En/PMP1 lineage. Bootstrap values are indicated for all major clades.

The phylogenetic placement of the PG-toxin-LC and PG-toxin-HC sequences was similar.
In both cases, they clustered with the X/En/PMP1 lineage (Figure 4.3). The PG-toxin-LC
clustered as a sister lineage to X/En/PMP1 with moderate (84%) clade support, whereas the
PG-toxin-HC clustered specifically with PMP1 with very strong (99%) clade support. As
expected, the PG-toxin genes from both P. ghonii strains clustered as neighbors indicating
a common origin in an ancestral P. ghonii strain.
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Summary and phylogenetic analysis of the organism, Paeniclostridium ghonii

Paeniclostridium ghonii was first identified in the 1930s and was originally named Clostridium
ghoni by Prévot. It was later reclassified as a member of the genus Paeniclostridium.226

The organism has been found in soil, marine sediments, rumen, soft-tissue infections in
humans and human faeces, and in alfalfa silage.227 The species is also notable as it was
identified as a member of the microbiome in the colon of the Iceman.228 One of the most
closely related species is Paeniclostridium sordellii (Clostridium sordellii), a Gram-positive
pathogen that causes severe oedemic, myonecrotic or enterotoxic infections in humans, and
farm animals.229

To examine the phylogenomic similarities of P. ghonii to other available sequenced
organisms, we retrieved genomes of all available Paeniclostridium species, as well as
Eubacterium tenue and members of the genus, Paraclostridium, given their previously
identified relationships to P. ghonii based on 16S analysis.226 Based on genome-wide average
nucleotide identity (ANI) clustering, the two strains of P. ghonii cluster as a sister lineage to
a clade of Paraclostridium which includes Paraclostridium bifermentans and P. benzoelyticum
(Figure 4.4). P. ghonii displays ANI values of 87.4-87.6% to these Paraclostridium species
and lower ANI values to Eubacterium tenue (83.4%) and Paeniclostridium sordelli (82.7%).
The relatively close relationship between P. ghonii and P. bifermentans is noteworthy given
the presence of BoNT-like genes associated with these species, and suggests the existence
of a broader lineage of potential Paraclostridium and Paeniclostridium species that encode
BoNT-like toxins.
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Figure 4.4: Phylogenetic clustering of P. ghonii genomes with the top 64 closest genomes in
the NCBI database based on average nucleotide identity. Average nucleotide identity (ANI)
values are shown on the right of the tree, and are averaged for the two P. ghonii strains.

Discovery of BTNT toxins

BLAST-based identification of BoNT-related genes in B. toyonensis

On July 6, 2023, we performed a BLASTp search against the NCBI nr database with default
parameters using BoNT/A1 (NCBI accession # WP 011948511) as a query. A previously
unreported homolog annotated as “hypothetical protein” (accession # HDR7951433) from
Bacillus toyonensis was detected with an E-value of 3× 10−53, and amino acid sequence
identity of 26.87%. A second protein (HDR7951432), also from B. toyonensis , was detected
with an E-value of 4× 10−33 and 24.6% amino acid sequence identity. Inspection of both
sequences and subsequent BLAST analysis revealed that the first protein (HDR7951433) is
a homolog of BoNT, while the second (HDR7951432) is a homolog of the NTNH protein,
whose gene is typically encoded upstream of bont in bont gene clusters. Consistent with
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this, a zinc-metalloprotease HExxH motif unique to BoNTs was found in HDR7951433 but
was absent in HDR7951432. We therefore designated HDR7951433 as BTNT for putative
Bacillus toyonensis neurotoxin and HDR7951432 as bt-ntnh .

Next, we aligned the putative B. toyonensis neurotoxin (BTNT) with other members
of the BoNT family (Figure 4.5). It is most similar to PMP1 from Paraclostridium
bifermentans, but is still highly divergent at only ∼ 29% identity. This degree of sequence
divergence is expected for different serotypes within the BoNT family as shown in Figure
4.5.

PMP1 BoNT/A1 BoNT/X BoNT/En TeNT
BTNT 28.99 24.15 26.97 25.75 26.22
PMP1 30.27 36.07 34.78 29.35
BoNT/A1 30.51 28.92 34.23

38.62 29.13
BoNT/En
BoNT/X

29.05

Figure 4.5: Pairwise sequence similarity of BoNT toxins including the newly identified
BoNT-like toxin from B. toyonensis (HDR7951433.1).

Gene neighborhood analysis

To examine the gene neighborhood surrounding the newly identified B. toyonensis BoNT-like
toxin gene, we retrieved the associated contig (DAOJGQ010000093.1) and gene annotations
from the NCBI Assembly (GCA 029709895.1), and visualized it using AnnoView (http:
//annoview.uwaterloo.ca). We also manually analyzed and annotated the nearby genes
using BLAST. btnt has a gene neighborhood structure that is characteristic of other bont
genes with the bt-ntnh gene located immediately upstream as expected, as well as three
P47/ORFX-like genes (Figure 4.6). BLAST analysis revealed that the P47/RFX containing
proteins putatively match the proteins ORFX3, P47, and ORFX2 in P. bifermentans,
E. faecium, and C. botulinum. This general gene arrangement is conserved among other
members of the X/En/PMP1 clade of BoNT-like toxins, and also some other BoNT genes
(e.g., BoNT/A4). It is noticeable that p47 is located within the orfX locus in the genomic
neighborhood of BNTN, whereas it is usually located upstream or downstream of the orfX
locus in the genomic neighborhood of other BoNT toxins. As the available contig is short,
the identity of genes further upstream and downstream are currently unknown.
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Sequence analysis

Next, we aligned BTNT with all representatives of all other BoNT subtypes, and examined
the alignment for presence/absence of key functional residues/motifs (Figure 4.7). Although
BTNT contains the conserved HExxH motif as described earlier, it appears to lack the
double Cys residues within the disulfide linker region at the canonical positions conserved
in other BoNTs. This conserved disulfide bond connects the heavy and light chain, and is
essential for the toxicity of neurotoxins.230 However, other Cys residues may perform this
role, such as the Cys-590 located eight residues further downstream. BTNT also possesses
the conserved PxxG motif identified in the translocation domain of BoNTs and more
distantly related BoNT homologs.209 It lacks the SxWY ganglioside cell receptor-binding
motif231 but possesses a similar SSEY motif at this site, which could indicate an ability to
bind a similar receptor.

BoNT-like
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Wo

C C

Figure 4.7: Alignment of B. toyonensis BoNT-like toxin with other subtypes and pres-
ence/absence of key functional motifs.
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Phylogenetic analysis

To investigate the evolutionary relationships between BTNT and other BoNTs, we con-
structed a maximum-likelihood tree using IQ-TREE (Figure 4.8). BTNT clustered with
PG toxins and the X/En/PMP1 lineage as the outermost branch. However, the bootstrap
support (57%) was not strong. Next, we produced a second phylogenetic tree by including
both BTNT and the newly identified PG toxins (Figure 4.9). In this tree, again the BTNT
and PG toxins clustered together within the X/En/PMP1 lineage, and the clade support
was even higher at (93%). BTNT’s closer evolutionary relationship to this BoNT lineage is
consistent with its gene neighborhood structure (Figure 4.6).
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Genomic analysis B. toyonensis isolate CH177

Based on available information in the NCBI, the BTNT-containing B. toyonensis strain
was recently added to the NCBI database under the accession # GCA 029709895.1 and the
isolate name “CH177”. The assembly has 296 contigs, and the draft WGS was generated
using the SKESA v2.2. de novo assembler.232

B. toyonensis isolate CH177 was found to be phylogenetically and genomically similar
to other B. toyonensis strains (data not shown). All currently assembled B. toyonensis
strains lack detectable homologs of BoNT genes, suggesting that the BTNT gene cluster is
a recent acquisition into B. toyonensis isolate CH177. Further sequencing and assembly
will be required to establish whether it is chromosomally encoded or whether it resides on a
plasmid that has been uniquely acquired by this strain.

Next, we examined the CH177 assembly for additional evidence of pathogenicity-related
genes using VFanalyzer within the VFDB database.217 VFanalyzer detected hemolytic
enterotoxin genes (hblA, hblC, and hblD), and a non-hemolytic enterotoxin (nheC), all
of which have been detected in other related Bacillus species. Notably, in a commonly
used probiotic B. toyonensis strain, these toxin genes are not detectably expressed or are
expressed at much lower levels than B. cereus.233 Also detected was the PlcR-PapR quorum
sensing system, a hemolysin III family protein, haemolysin xhlA gene, and sphingomyelinase.
The islA gene was also detected, which is a virulence factor in Bacillus cereus and has been
shown to be expressed in the insect hemocoel and under iron-depleted conditions.234,235

Ultimately, these predictions suggest a pathogenicity-related function for CH177, but the
host is still unknown.

4.4 Experimental characterization of PG toxins

Although genomic context analysis predicted an insect host for PG toxin in particular,
ultimately, additional experiments are required to validate this prediction. Therefore,
through a collaboration with the Min Dong Lab (Boston Children’s hospital, Harvard), the
predicted neurotoxin activity against insect hosts was further examined. It is anticipated
that the complete methodological details will be available in a forthcoming publication by
the collaborators.

Survival analyses reveal that adult Drosophila subjected to PG1 and PG2 injections
exhibit considerably reduced survival rates in comparison to the other treatment groups
and the control. Notably, LC or HC of the toxins alone appears to have a negligible
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effect on Drosophila survival (Figure 4.10a-b). The survival rate decreases more sharply
as the dose increases, with PG2 displaying higher potency than PG1. The survival rate
for Drosophila treated with 1 amol of PG1 drops to 0% after around 20hrs of injection,
whereas PG2-treated Drosophila maintains a survival rate of just below 50% at the end
of the experiment (Figure 4.10c-d). Further EC 50 (half maximal effective concentration)
analysis highlights differences in potency between the two toxins. The effective dose causing
50% paralysis for PG1 is 108 fmol, while for PG2, it is 401 amol (Figure 4.10e-f). The
recombined PG221 and PG112 treatment seems to have a survival curve intermediate
between PG1 and PG2 (Figure 4.10g). In general, PG2 is more toxic than PG1 according
to the dose assay. Finally, as shown in Figure 4.10h, after shaking the test tube, Drosophila
treated with PG1 LC moved to the top of the tube, displaying vigorous escape behavior.
While for PG1 complex group, almost all Drosophila exhibiting paralysis and stayed at the
bottom of the test tube. This further suggests that the protease domain alone does not
have significant toxicity.

Ultimately, these assays demonstrate that PG1 and PG2 toxins induce paralysis and
death, which confirms the bioinformatics prediction that these proteins are neurotoxins
capable of targeting insect hosts.
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Figure 4.10: PG1 and PG2 injection in adult Drosophila induce paralysis and death. (a)
Survival curves of adult Drosophila injected with 100 fmol of PG1, HC/PG1, LC/PG1,
inactivate mutant form E203Q/PG1 and PBS injection as negtive control. (b) Survival
curves of adult Drosophila injected with 1 fmol of PG2, HC/PG2, LC/PG2, inactivate
mutant form E206Q/PG2 and PBS injection as negative control. (c) Survival curves of adult
Drosophila injected with different dosages of PG1. (d) Survival curves of adult Drosophila
injected with different dosages of PG2. (e) Percentage of paralysis rate in adult Drosophila
24 hrs after injection with PG1. (f) Percentage of paralysis rate in adult Drosophila 24 hrs
after injection with PG2. (g) Survival curves of adult Drosophila injected with 10 fmol of
PG1, PG2 and recombined PG221, PG112, and PBS injection as negtive control. N=25-30
for each injection time, and data is analyzed by GraphPad Prism. (h) PG1 complex and
PG1 LC paralyzed flies. The data presented is a combination of three repeated experiments.
The experiments were performed by the collaborators Dr. Pyung-Gang Lee and Dr. Min
Dong.

Next, the biochemical activities of these toxins were examined, and particularly, their
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ability to cleave canonical BoNT substrates. PG toxin protease assays show that both
LC/PG1 and LC/PG2 are able to cleave f-SNAP25 but not h-SNAP25, suggesting that
the PG1 and PG2 toxins may not be toxic to humans (Figure 4.11a). The cleavage sites
for PG toxins are situated at the C-terminus of SNAP25, distinct from the cleavage sites
of BoNT/A and BoNT/E on h-SNAP25. Notably, PG1 and PG2 have unique cleavage
sites (Figure 4.11b-c). Then, the specificity of LC/PG1 and LC/PG2 across various insect
species was evaluated. Both LC/PG1 and PG2 demonstrate the ability to cleave fly, moth,
beetle and mosquito SNAP25, while LC/PG2 additionally cleaves shrimp SNAP25 and
fly-SNAP24, providing evidence that LC/PG2 may target a broader host range (Figure
4.11d). Finally, the purification results for both LC/PG and HC/PG toxins indicate their
ability to form complex molecular structures (Figure 4.11e).

Ultimately, these results indicate that the protease domain (LC) of PG1 and PG2
exhibit proteolytic activity against canonical substrates from insects and a range of other
invertebrates, consistent with our earlier bioinformatic predictions.
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Figure | Characterization of PG1 and PG2 toxins.
(a) Recombinant f-SNAP25 or h-SNAP25 were incubated with LC/PG1 or PG2, respectively. Both LC/PG1 
and PG2 cleaved f-SNAP25, but they did not cleave h-SNAP25.
(b) f-SNAP25 was incubated with LC/PG1 and LC/PG2, respectively. As a negative control, equivalent
samples, which were pre-TFA treated and heat-inactivated, were prepared. The cleaved small peptides were
extracted from each samples and subsequently analyzed with LC-MS/MS to determine the molecular weight
of cleaved peptides, finally to identify cleavage sites of LC/PG1 and PG2. 
(c) Sequence alignment of h-SNAP25 and f-SNAP25 with the cleavage sites for BoNT/A, E, PG1 and PG2. All 
the cleavage sties are located in the C-terminus of SNAP25.
(d) HA-tagged SNAP25s and LC/PG1, PG2, A, E, En were coexpressed in 293T cells via transient transfection. 
After 24 h culture, cell lysates were harvested and subjected to immunoblot analysis. LC/PG1 cleaved fly, moth,
beetle and mosquito SNAP25, while LC/PG2 additionally cleaved shrimp SNAP25 and fly-SNAP24.
(e) Strep-II tagged LC/PG1 or 2 and His-tagged HC/PG1 or 2 were coexpressed and purified using Ni-NTA column.
Both PG1 and PG2 were copurified as LC and HC, suggesting the complex can be maintained through purification
condition. The following Strep-II tag purification enhanced both purity and complex ratio (LC/HC) compared to 
His-tagpurification.
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Figure 4.11: Characterization of PG1 and PG2 toxins. (a) Recombinant f-SNAP25 or
h-SNAP25 were incubated with LC/PG1 or PG2, respectively. Both LC/PG1 and PG2
cleaved f-SNAP25, but they did not cleave h-SNAP25. (b) f-SNAP25 was incubated with
LC/PG1 and LC/PG2, respectively. As a negative control, equivalent samples, which were
pre-TFA treated and heat-inactivated, were prepared. The cleaved small peptides were
extracted from each samples and subsequently analyzed with LC-MS/MS to determine
the molecular weight of cleaved peptides, finally to identify cleavage sites of LC/PG1
and PG2. (c) Sequence alignment of h-SNAP25 and f-SNAP25 with the cleavage sites
for BoNT/A, E, PG1 and PG2. All the cleavage sties are located in the C-terminus of
SNAP25. (d) HA-tagged SNAP25s and LC/PG1, PG2, A, E, En were coexpressed in
293T cells via transient transfection. After 24 h culture, cell lysates were harvested and
subjected to immunoblot analysis. LC/PG1 cleaved fly, moth, beetle and mosquito SNAP25,
while LC/PG2 additionally cleaved shrimp SNAP25 and fly-SNAP24. (e) Strep-II tagged
LC/PG1 or 2 and His-tagged HC/PG1 or 2 were coexpressed and purified using Ni-NTA
column. Both PG1 and PG2 were copurified as LC and HC, suggesting the complex can be
maintained through purification condition. The following Strep-II tag purification enhanced
both purity and complex ratio (LC/HC) compared to His-tag purification. The experiments
were performed by the collaborators Dr. Pyung-Gang Lee and Dr. Min Dong.

4.5 Discussion

Here, we report two novel putative BoNT-like toxins from non-Clostridium lineages, PG
toxins from two P. ghonii strains and BTNT from B. toyonensis isolate CH177. These
homologs exhibit low to moderate sequence similarities with known BoNTs. Protein
alignments reveal that both PG toxins and BTNT retain residues identical or similar to the
functional motifs vital for toxicity, suggesting that these putative toxins may function as
neurotoxins. Phylogenetic analyses place PG toxins and BTNT alongside the X/En/PMP1
cluster, which further suggests these toxins form a distinct lineage with unique specificities
compared to BoNTs in Clostridium species.

In July 2022, we first discovered PG toxins in two P. ghonii strains. We designated them
PG-toxin 1 (PGT1) and PG-toxin 2 (PGT2), which share 54% protein sequence identity.
Unlike any other known BoNT homologs, PGT1 and PGT2 are composed of two separate
subunits encoded on two neighboring genes: one encoding the protease domain (light
chain, LC) with a conserved HExxH motif, and the second encoding the heavy-chain (HC)
containing the putative translocation domain and receptor-binding domain. Phylogenetic
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analysis of both the LC and HC reveal that it is a divergent member of the lineage of
BoNT that also includes BoNT/X, BoNT/En and the insecticidal PMP1. The gene clusters
harboring PGT1 and PGT2 also include a putative insecticidal delta-endotoxin, Cry8Ea1,
as well as putative endolysin and bacteriocin genes that may facilitate lytic toxin secretion,
suggesting a possibility that this gene cluster might serve an insecticidal purpose. Further
experimental validation by our collaborators provides evidence that both PG toxins are
insecticidal and are able to target a wide range of insects including fly, moth, beetle and
mosquito, with PG2 displaying higher potency than PG1.

Next, we identified another BoNT homolog in B. toyonensis isolate CH177, distinct from
earlier strains. This putative toxin shares 26-29% identity with its closest BoNT relatives,
suggesting that it is likely a novel BoNT-like toxin. It possesses key functional motifs (e.g.,
HExxH) indicative of toxin protease activity, contains the four characteristic BoNT domains,
and is located in a BoNT-like genomic neighborhood containing the upstream non-toxic
non-hemagglutinin (NTNH) gene as well as several P47-related genes. Phylogenetically, the
toxin clusters as a divergent member of the recently discovered lineage of BoNT-like toxins
that includes BoNT/X, BoNT/En, and the insecticidal PMP1. Genomic analysis of the B.
toyonensis isolate CH177 reveals additional virulence factors and toxin genes indicative of
potential pathogenicity targeting an unknown host species.

The power of genomic methodologies in toxin identification and characterization is
evident. Gene neighborhood analysis, in particular, aids in novel toxin classification
and host prediction.236 In this study, we identified two novel putative BoNT toxins
outside the Clostridium genus and successfully used gene neighborhood data for host
prediction. Although genomic context approaches provide considerable information for
toxin characterization, one limitation is that the amount of contextual information relies
on the contig length housing the gene of interest. While we acquired extensive neighboring
genes for PG toxins, the BTNT’s short contig provided limited data. In this case, additional
genomic analyses might be helpful for host prediction, such as examining biological pathways
or functions that are enriched in the bacteria, or analyzing the associated metadata including
the isolation source to obtain clues about the bacteria target host.

In summary, our findings propose PG toxins and BTNT as novel BoNT variants in
non-Clostridium species. The identification of these novel BoNT toxins, along with the other
BoNTs identified in non-Clostridium species, broadens our understanding of the evolution
and distribution of botulinum toxins, which is important to understand the evolutionary
emergence of pathogens and their specificity for different hosts. Furthermore, it is also
expected that the identification of new specificities in these new putative CNTs can be
harnessed in existing botulinum toxin therapeutics for human drugs. More importantly,
The discovery of PG toxins as potential insecticidal neurotoxins also opens new avenues
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for agricultural pest control, by creating an exciting new and highly effective formula of
biological insecticide that targets insects but is safe for humans at the same time.
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Chapter 5

Comparative genomics of a novel
Clostridium sp. X identified from
archaeological samples

Material in this chapter has been published as part of Hodgins et al. (2023).237 The
published manuscript is available here:

H. P. Hodgins, P. Chen, B. Lobb, X. Wei, B. J. M. Tremblay, M. J. Mansfield,
V. C. Y. Lee, P.-G. Lee, J. Coffin, A. T. Duggan, A. E. Dolphin, G. Renaud, M.
Dong, and A. C. Doxey. Ancient Clostridium DNA and variants of tetanus neuro-
toxins associated with human archaeological remains. Nature Communications,
14(1):5475, 2023.237 https://doi.org/10.1038/s41467-023-41174-0

In this chapter, I extend the MSc work of Harold Hodgins, who conducted a large-scale
data mining study of millions of sequencing datasets that led to the discovery of lineage
Y and clade X strains of Clostridium.237,238 Building upon this work, I further analyze
the gene content and gene neighborhoods (powered by AnnoView) of modern C. tetani
genomes as well as novel Clostridium species using comparative genomics approaches, and
place emphasis on the gene neighborhoods unique to clade X strains and those of key
virulence factors. I hypothesize that the unique genomic structures in clade X strains
provide additional support to the idea that Clostridium sp. X/Y is a unique Clostridium
species from C. tetani.
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5.1 Introduction

Clostridium tetani, the causative agent of the neuroparalytic disease tetanus, is an important
bacterial pathogen of humans and animals. The C. tetani disease life cycle is as follows:
after its spores enter wounds, it germinates, diffuses through oxygen-depleted and necrotic
tissue, and produces a highly potent neurotoxin (tetanus neurotoxin, TeNT) that paralyzes
hosts.119,239 This ultimately leads to spastic paralysis instead of the flaccid paralysis that is
caused by C. botulinum derived botulinum toxin in botulism. This may present as a local
or a systemic effect, which can result in death due to paralysis of respiratory muscles and
subsequent respiratory failure.

As a wound-associated infectious disease, tetanus is estimated to have plagued Homo
sapiens throughout history. Accounts of tetanus-like diagnostic features (“lockjaw”) date
back as far as the ancient Greeks through written descriptions by Hippocrates (c. 380
BCE)240,241 and the ancient Egyptians as seen in reports from the Edwin Smith papyrus (c.
1600 BCE).242

The first isolate of C. tetani originated in 1889243 and an early isolate of C. tetani (the
1920 Harvard E88 strain) is still used as a reference today. The genome sequence of the E88
reference strain revealed that has a single chromosome of 2.8 Mb in length and a plasmid
of 74 kb in length.244 All known strains of C. tetani maintain this genomic organization,
but different strains exhibit variation in their plasmid sizes.245–247 The plasmid is critical to
pathogenicity as it contains the key virulence genes including tent which encodes the tetanus
neurotoxin and colT which encodes a collagenase enzyme involved in tissue degradation.
Based on phylogenetic analysis of modern C. tetani genomes, C. tetani strains cluster
into two clades.246 Different strains exhibit low genetic variation with average nucleotide
identities of 96-99%. Interestingly, the tent gene is also extremely conserved with 98%
to 100% nucleotide identity across strains. Modern C. tetani genomes therefore offer a
limited perspective on the true diversity of C. tetani and its evolutionary history as a
human pathogen. Moreover, no other C. tetani related species have yet been identified that
contain a similar plasmid or tent gene, which raises questions regarding the origin of C.
tetani and its neurotoxin.

In a parallel analysis by Harold Hodgins (Doxey Lab), a large-scale data mining study
of millions of sequencing datasets was done to identify datasets containing putative C.
tetani DNA.237,238 This work led to the unexpected discovery of C. tetani in 38 ancient
DNA samples associated with human archaeological remains including teeth, bone, and
tissue samples. Using taxonomic binning, C. tetani contigs from each sample were pooled
together to form draft genomes or ”bins”. Contigs were then aligned with existing modern
C. tetani genomes to build a phylogenetic tree as shown in Figure 5.1a below.
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Figure 5.1: Previous work identified two putative C. tetani related species (Clostridium
sp. X and Y) from ancient DNA associated with human archaeological remains. (a)
Phylogenetic tree of C. tetani related genome bins from ancient samples and modern C.
tetani genomes. Novel branches are labeled “X” and “Y”, which are phylogenetically
distinct. (b-c) Geographical location of clade 1H and clade X associated archaeological
samples. (d) Average nucleotide identities (ANIs) between clade X bins and a range of
Clostridium species.

As shown in the phylogenetic tree, the C. tetani related genome ”bins” from ancient
samples cluster quite broadly within and outside of the C. tetani tree. Some of the bins
clustered within clade 1 with the largest expansion seen in clade 1H. Interestingly, these bins
tend to come from ancient DNA samples derived from the Americas including several from
ancient South American archaeological samples (Figure 5.1b). In addition, nine genome
bins clustered with clade 2 C. tetani strains.

However, potentially the most intriguing finding from this phylogenetic analysis is the
identification of several genome bins that cluster outside of the entire C. tetani tree. One of
these clustered as a single lineage (”Y”) while eight bins clustered as a monophyletic group
(clade ”X”). The lineage Y strain was assembled from an aDNA sample (GranCanaria-
008-Tooth) taken from an archeological specimen dated to 936CE. The clade X associated
samples show a non-random geographic distribution as they occur predominantly in Europe
(Figure 5.1c). But are these clade X strains a new lineage of C. tetani, or something else
entirely?

Interestingly, based on ANI analysis, the clade X strains appear to be distinct from C.
tetani strains possessing only 86-87% sequence identity, which is below the threshold used
to group strains within the same species. Clade X strains also exhibit a similarly low ANI
to C. cochlearium, which is the closest known species to C. tetani. Ultimately, this finding
suggests that these newly identified genome bins from archaeological samples represent a
potentially new species of Clostridium. BLAST searches of the contigs from these bins
confirmed that they are distinct from any organisms that are currently represented in the
NCBI database as well.

Although the MSc work of Hodgins et al.238 led to the discovery of lineage Y and clade
X strains of Clostridium, little to nothing is known about these organisms, their genomic
content, and their functional and virulence potential (e.g., whether clade X strains may
be neurotoxigenic clostridia). The goal of this chapter is therefore to perform a deeper
comparative genomic analysis of these putatively novel Clostridium spp. The research
questions of this study are as follows: (1) Do Clostridium sp. X/Y possess a tetanus
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neurotoxin? (2) Are Clostridium sp. X/Y pathogens? (3) Are there unique genes and
gene neighborhood structures that differentiate Clostridium sp. X and Y from C. tetani?
To answer these questions, I analyzed the gene neighborhoods (powered by AnnoView) of
modern C. tetani genomes as well as novel Clostridium species. Based on this analysis, I
propose that Clostridium sp. X/Y has low or no neurotoxicity. Two Clostridium sp. X
genomes possess a fragmented tent gene due to potential gene pseudogenization. Clostridium
sp. X/Y, their plasmids retain plasmid marker genes and critical virulence factors including
repA, colT and tent despite genomic rearrangement activities being observed, suggesting
that these two putative novel strains could also be pathogenic but with unique biological
characteristics.

5.2 Methods

Annotation and comparative genomics of acBins with modern C.
tetani strains

I annotated all contigs from the 38 acBins strains using prodigal v2.6.2.125 Anonymous
annotation mode was used as it is intended for metagenomes and low-quality draft genomes.
Sequences encoding rRNA, tRNA and tmRNAs were also annotated as described above.
These annotations resulted in predicted proteomes for all 38 acBins, which were then
compared with the existing proteomes from the 41 modern C. tetani genomes. To cluster
identified protein coding sequences into groups of orthologous sequence clusters, Orthofinder
v2.5.4 was used40 with default settings. Orthofinder was applied to modern Clostridium
tetani proteomes and prodigal-predicted acBin proteomes, resulting in a set of 4,334 total
orthogroups. Any orthogroup that was made up of only partial coding sequences (as
predicted by prodigal) was removed to limit orthogroups resulting from gene fragments
or pseudogenes. Orthogroups without any coding sequences found on C. tetani BLAST-
validated contigs were also removed as a filter for any potential bin contamination. Any
contigs with a C. tetani top hit screened via BLASTN search were considered C. tetani to be
BLAST-validated. We then performed a gene set comparison between acBins and modern
strains by comparing the presence/absence of all identified orthogroups. This resulted
in the identification of common orthogroups shared between modern and acBin strains
as well as orthogroups unique to acBins, which were investigated further through gene
neighborhood analysis. The orthology inference was done in collaboration with Dr. Briallen
Lobb, from Doxey lab. In particular, I focused on orthogroups unique to Clostridium sp. X
and investigated their gene neighborhoods and their conservation with modern reference
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C. tetani genomes. For gene neighborhood visualization and alignment, I used AnnoView
(https://annoview.uwaterloo.ca). The contigs with the tent gene in Augsburg-Tooth
and in strain 12124569 were compared using BLASTN, and mapped regions were visualized
using Artemis ACT.56

Measurement and visualization of genome coverage and alignments

Genome coverage for the recovered acBins was further assessed and visualized in two ways.
First, Bowtie2 v2.4.2248 was used to map reads from individual runs to the E88 chromosome
(accession NC 004557.1) and plasmid (accession NC 004565.1). Bowtie2 was run with the
following parameters (–local -D 20 -R 3 -N 1 -L 20 -i S,1,0.50 -bSF4). Using samtools v1.12,
the resultant BAM files were then sorted, indexed, and merged based on their BioSample
ID. Total (average # of reads per base) and percent (number of bases with 1 or more reads
divided by total number of bases) coverage was calculated for the entire chromosome and
plasmid as well as the tent, colT, and repA regions. Coverage was visualized using Python
v3.8.5 and matplotlib v3.3.2. Coverage plots (Figure 5.7a ) were created by loading BAM
files into R v4.1.0 with the Rsamtools library v2.8.0 and plotted as area plots using ggplot2
v3.3.5. Coverage of the plasmid sequences was calculated by averaging the number of reads
per base in 100bp bins.

As a second approach, we also visualized the multiple genome alignment generated by
snippy (described below) using ggplot2 v3.3.5 after loading it into R v4.1.0 using Biostrings
2.62.0. This work was done in collaboration with Benjamin Tremblay.

5.3 Results

Comparison of clade X gene content to C. tetani

I first carried out a comprehensive comparison of genome content and structure between
the acBins and modern C. tetani strains. I clustered protein-coding sequences from all
modern genomes and acBins into a set of 3,729 orthologous groups, and compared their
presence/absence across all strains (see Methods 5.2). Based on this analysis, I observed
considerable overlap in gene content between the acBins versus the modern reference
genomes, with the greatest overlap observed between acBins from C. tetani lineages (1 and
2) and the smallest overlap observed for Clostridium sp. X (Figure 5.2). Since there is only
one species in Clostridium sp. Y, it is hard to estimate the confidence of Clostridium sp. Y
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specific genes being conserved in this species. Therefore, only Clostridium sp. X specific
genes were considered for this analysis.

Modern strains

Other acBins

2431

182

130

81
847

58
Clade X

Figure 5.2: Venn diagram indicating overlap of predicted orthogroups between acBins, clade
X, and modern C. tetani genomes.

Consistent with the idea that clade X represents a distinct species from C. tetani, I
identified fourteen genes that are unique to four or more clade X members and absent
from all other C. tetani genomes. As shown in Figure 5.3, most clade X specific genes
were detected in two clade X genomes. Only a small subset of genes were detected in half
or more than half of clade X genomes (Table 5.1). The potential functions of selected
strongly conserved genes in clade X are mentioned in Figure 5.4. It is also important to
note that since these bins are assembled from aDNA shotgun datasets (i.e., essentially
metagenomes), they may ”lack” genes due to absence of data. Thus, levels of gene detection
do not necessarily reflect their true levels of conservation.
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Figure 5.3: The number of clade X specific genes shared by one or more Clade X genomes.
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Table 5.1: Unique orthologous groups that occur in more than half of the clade X genomes.
Frequency indicates the number of Clade X genomes that contain the corresponding
orthologous group.

Frequency Orthologous
group

Closest BLAST match

7 OG0003136 sodium-dependent transporter
5 OG0003208 radical SAM protein
5 OG0003320 MYG1 family protein
5 OG0003322 EFR1 family ferrodoxin
5 OG0003323 SWIM zinc finger family protein
5 OG0003325 YjfB family protein
5 OG0003343 no detected homologs
4 OG0003340 unnamed protein product
4 OG0003513 methylglyoxal synthase
4 OG0003514 hypothetical protein
4 OG0003519 hydrogenase expression/formation

protein HypE
4 OG0003520 hypothetical protein
4 OG0003555 hypothetical protein

Analysis of gene neighborhoods surrounding unique genes found
in clade X and Y

Given the high similarity in gene content between Clostridium sp. X and C. tetani, it
is therefore important to also compare the genomic organization. I then examined the
gene neighborhoods surrounding the cladeX/Y-specific genes (labeled by orthogroup). It
was hypothesized that these unique genes may be evolutionary gains of genes in clade
X/Y relative to C. tetani, or that C. tetani may have lost these genes during evolution.
By visualizing the gene neighborhoods of these unique genes in clade X/Y, I expected to
observe conservation in neighborhood content/structure between C. tetani and clade X/Y,
but with an absence of the X/Y-unique gene in C. tetani.

In order to compare the gene neighborhoods between clade X/Y and C. tetani species,
I chose four genes that occur in more than half of the clade X genomes, as they are most
likely to be genuine gain or loss of genes rather than binning, sequencing or prediction
errors (See Table 5.1 for additional unique genes that occur frequently in clade X genomes).
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The genomic context of four of these genes (labeled by orthogroup) is shown in Figure 5.4.
As hypothesized, although these genes are unique to clade X, at least one side of their
surrounding genomic neighborhood structures are conserved in other C. tetani genomes,
implying that genome rearrangements may have resulted in these genes being either gained
in Clostridium sp. X or lost in C. tetani.

C. tetani

X

Y

C. tetani

Y

X

C. tetani

Y

X

C. tetani

Y

X

OG0003320

OG0003322

OG0003343
OG0003323

Closest BLAST matches:

OG0003320 - MYG1 family protein in Lutibacter sp. B2 (MBF8984673.1), 79.8 % identity 
OG0003322 - EFR1 family ferrodoxin in Desulforamulus reducens (WP_011878543.1), 79.8 % identity
OG0003323 - SWIM zinc finger family protein in Anaerophilus nitritogenes (WP_129596215.1), 83.6 %ID
OG0003343 - No detected homologs

Figure 5.4: Unique gene neighborhood structures in clade X and Y acBins compared to
modern reference C. tetani strains. Orthology-based clustering of all protein sequences
from our dataset identified fourteen orthogroups (genes) unique to four or more clade X
members and absent among all C. tetani genomes. The genomic context of four of these
genes (labeled by their orthogroup ID) is shown above. The highlighted genes in red are
unique to clade X. The genes surrounding these X-specific genes are conserved in other C.
tetani genomes.
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Genomic context comparison of plasmid associated genes

Next, I focused on the plasmid as it contains the critical virulence factors (colT, and TeNT )
of C. tetani and provides C. tetani with its unique biological characteristics. The plasmid
marker genes repA and colT are also of interest. It is hypothesized that if species from
clade X/Y are divergent enough from modern C. tetani, the gene neighborhood of the
plasmid marker genes and virulence factors (repA, colT and tent) is likely to be different in
clade X/Y than in C. tetani, therefore suggesting genomic rearrangement activities may
have happened in Clostridium sp. X/Y or C. tetani.

To examine differences in plasmid gene content and structure directly, I then compared
the gene neighborhoods surrounding the plasmid marker genes repA (Figure 5.5) and colT
(Figure 5.6). In several acBins from C. tetani lineages 1 or 2, the gene neighborhoods
surrounding these genes are similar to that in modern strains. However, particularly in
Clostridium sp. X and Y, I identified unique gene clusters distinct from those in modern
strains. For example, in two Clostridium sp. X genomes and the Clostridium sp. Y genome,
I identified a conserved toxin/antitoxin pair and a phage integrase flanking the repA gene
(Figure 5.5). I also observed a unique gene arrangement surrounding colT that is conserved
in two clade X genomes (Figure 5.6). Additional differences were identified in a few lineage
2 acBins; for example, Tenerife-004-Tooth contains unique genes neighboring repA, and
the Tenerife-013-Tooth acBin uniquely encodes the repA gene adjacent to its tent and tetR
gene (Figure 5.5).
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Figure 5.5: Gene neighborhoods surrounding the repA genes in select acBins and reference
C. tetani genomes. Only assembled gene clusters with one or more genes surrounding the
center gene were selected for display.
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Identification of a putative tent pseudogene fragment resulting
from a deletion event

I then performed a detailed comparison of the plasmid-encoded neurotoxin gene, tent, and
its gene neighborhood (where possible) across the strains. As shown in Figure 5.7, based
on mapped read coverage to these regions, the tent gene was detected at a relatively high
depth of coverage in acBins from C. tetani lineages 1 and 2 as expected. The tent gene
neighborhood structure from lineage 1 or 2 acBin strains is also similar or identical to that
in modern strains, with the exception of Tenerife-013-Tooth (as it encodes the repA gene
nearby) (Figure 5.8).
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Figure 5.7: Mapped read coverage to the reference C. tetani E88 plasmid and tent genes.
(a) Visualization of mapped read coverage to the C. tetani E88 plasmid. The genes (tent,
colT, and repA) are coloured red, blue and purple, respectively. The plot reveals a relative
lack of coverage in clade X acBins across the tent gene. Coverage values were capped to
the 80th percentile to prevent high coverage regions from obscuring other regions. Genes
were plotted as black bars using RefSeq annotations. On the right of the plot, the boxes
indicate the acBins for which tent sequences were assembled with high coverage (black) or
partially (gray) using SNP profiling as described in the Methods. (b) The coverage was
calculated as the average depth of coverage based on mapped reads to each gene. The
boxplots depict the lower quartile, median, and upper quartile of the data, with whiskers
extending to 1.5 times the interquartile range (IQR) above the third quartile or below the
first quartile. This figure was constructed in collaboration with Benjamin Tremblay, who
wrote R code for plotting.
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However, in the acBins from lineage X and Y, the tent gene was either missing or was
fragmented, suggesting a possible gene loss or pseudogenization event (Figure 5.7B). This
pattern can be seen clearly in read coverage plots (Figure 5.7A) and when normalizing tent
depth of coverage to that of the plasmid-marker gene, repA (Figure 5.7B). The tent locus
in the two Clostridium sp. X genomes for which assembly data is available over this region,
seems to have undergone a deletion event resulting in the deletion of over 90% of the tent
sequence as well as 3-4 neighboring genes (Figure 5.8 and Figure 5.9). This analysis further
supports the idea that the tent fragment may be a non-functional pseudogene in these clade
X strains. Other hypotheses of the formation of fragmented tent in Clostridium sp. X were
mentioned in discussion.

Ultimately, our comparative genomic analysis of gene content and neighborhood structure
demonstrates that the plasmids in several of our ancient samples (particularly those of
Clostridium sp. X) are distinct from modern C. tetani plasmids, while the plasmids of
acBins from lineages 1 and 2 are similar to those of existing C. tetani strains. The critical
virulence factor, tent, was either missing or fragmented in clade X/Y acBins, while colT
was identified in clade X/Y acBins, suggesting that Clostridium sp. X/Y might still be
pathogenic but with a weakened toxicity compared to modern C. tetani. Further gene
neighborhood analysis of the clade X specific genes shows that neighboring gene content
and orders are conserved in modern C. tetani, implying that the unique genes were lost in
C. tetani or gained in novel Clostridium species. Together, these analysis suggest that clade
X and branch Y represent new Clostridium species that are closely related to C. tetani but
reduced in their neurotoxicity and virulence capabilities.
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Supplementary Figure 18. Identification of a putative deletion event resulting in a possible tent pseudogene in 
clade X acBins. Two clade X acBins possess an assembled contig containing a tent fragment as shown in Figure 3b. 
A BLASTN comparison of this contig from Augsburg-Tooth against a representative tent locus from strain 
12124569 reveals two regions of homology that flank the tent gene in strain 12124569. This indicates a possible 
rearrangement or deletion that has resulted in the removal of the tent gene and some adjacent sequence in Augsburg-
Tooth. 
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Figure 5.9: Identification of a putative deletion event resulting in a possible tent pseudogene
in clade X acBins. Two clade X acBins possess an assembled contig containing a tent
fragment as shown in Figure 5.8. A BLASTN comparison of this contig from Augsburg-Tooth
against a representative tent locus from strain 12124569 reveals two regions of homology
that flank the tent gene in strain 12124569. This indicates a possible rearrangement or
deletion that has resulted in the removal of the tent gene and some adjacent sequence in
Augsburg-Tooth.

5.4 Discussion

In this study, I analyzed gene content and genomic organization of putative, new Clostridium
species found in ancient human samples. Genomic context analysis of the plasmid marker
genes and virulence factors shows that gene neighborhoods in C. tetani and Clostridium sp.
X/Y are distinct. A fragmented tent gene was identified in contigs from Clostridium sp. X.
This may represent the first identification of a tetanus toxin-like gene (even if it is just a
pseudogene) in a species outside of C. tetani, and it further supports the close relationship
between Clostridium sp. X/Y and C. tetani. In addition, Clostridium sp. X/Y shares
most genes with C. tetani, but with unique genes and genomic organizations identified,
which provides another piece of evidence supporting the idea that Clostridium sp. X/Y
is a unique Clostridium species from C. tetani. This reinforces other evidence including
phylogenetic analysis and marker genes phylogenetics.238 However, as this identification
relies on metagenomic predictions, there is still some uncertainty, since the possibility

108



of assembly errors or strain contamination by C. tetani cannot be completely ruled out
that may have produced artifactual results. Further whole-genome sequencing or genomic
discovery and analysis of clade X species in other environments may be needed to reinforce
these findings.

To explain the fragmented tent in clade X genomes, three hypotheses are proposed: (1)
There was a gene loss in tent sequence due to pseudogenization (Figure 5.10A). The pseu-
dogenization event is caused by the accumulation of mutation events including premature
stop codons in the tent gene, the gene decays, and becomes different from the ancestral
gene. However, the gene loss of tent leads to another question: why would this important
toxin gene be lost in clade X? One idea is that it is possible that an ancestral clade X
species carrying a plasmid with tent may have experienced a drastic environmental change,
and that there was no selective advantage to maintain the toxin gene that requires highly
metabolic cost. This is a plausible scenario because clade X strains were identified in human
archaeological samples, but it is possible that the ancestral toxin (and clade X species)
has a different host specificity or that its toxin loses its fitness advantage in later stages
of tissue colonization. It could also be that there is a fitness advantage for non-toxigenic
strains to develop throughout the course of tissue decomposition, since strains with lower
metabolic cost may have a growth advantage. (2) Modern C. tetani acquired the tent gene
via HGT. Since clade X retained a fragmented tent gene, it is less likely that the DNA
happen to insert near the stop codon of the fragmented tent and form a new extended tent
gene (Figure 5.10B). (3) The contigs may be contamination from non-toxigenic C. tetani
genomes that haven’t been sequenced before. While previously reported non-toxigenic C.
tetani strains either have the whole plasmid missing, or their tent gene was deleted, thus
rendering the strains non-toxigenic.247 There have been no reports of a fragmented tent
gene.

Although there appears to be some partial conservation of a C. tetani like plasmid in
Clostridium sp. X and Y with genes such as repA and colT consistently detected, the tent
gene was either not detected or was fragmented indicative of a pseudogenization event.
These findings support the delineation of the species boundary between these groups, and
highlight tent as a key gene separating C. tetani from closely related species. However, even
if they are only pseudogenes, the detection of partial tent fragments in the X acBins raises
the intriguing possibility that some members of Clostridium sp. X may have at one point
encoded a full-length tent gene, and that tent-carrying plasmids may have been circulating
in the past outside of C. tetani in other closely related Clostridium species. This is in line
with recent genomic studies that have demonstrated the potential for species outside of
the Clostridium genus to carry neurotoxin genes.120,122,204 Future efforts to sequence the
microbiomes associated with archaeological samples, as well as environmental Clostridium
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isolates, may shed further light on these questions.

Ancestor
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Figure 5.10: Evolutionary models of tent gene in Clostridium sp. X and C. tetani. (a)
The tent gene have undergone a gene loss event due to pseudogenization or recombination
events. (b) The tent gene have undergone a gene gain event due to an insertion of DNA
fragment via HGT.

These analysis shows that in Clostridium sp. X/Y, the tetanus toxin genes were either
found to be fragmented or missing, suggesting tent is partially deleted compared to normal
tetanus toxin genes according to the genomic context analysis. Genomic context analysis of
unique orthologous groups revealed additional genomic neighborhood differences between
Clostridium sp. X/Y and C. tetani, reinforcing our earlier analysis indicating that clade X
and branch Y represent a new Clostridium sp. that is closely related to but distinct from
C. tetani.
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Chapter 6

Discussion

Although context methods usually provide only rather general predictions,
they represent a new and important development in genomics that
explicitly takes advantage of the rapidly growing collection of sequenced
genomes.

Sequence - Evolution - Function: Computational Approaches in
Comparative Genomics.

Koonin, E., & Galperin, M. Y.249

Gene neighborhood approaches have been widely used in genomics studies in the past
decades. With the advancement in sequencing techniques, gene neighborhood information
can be easily accessed from genomic data. However, exploring gene neighborhoods for
custom genes and species of interest can be challenging, highlighting a need for a tool that
enables gene neighborhood data retrieval, visualization, comparison, and customization.
The wealth of neighboring gene information offers valuable insights into functional linkages
between characterized and uncharacterized genes, as well as insights into the evolutionary
history of gene clusters. Investigating gene neighborhoods in pathogen genomes helps
investigate the gain or loss of virulence genes, explore the genetic background of virulence
factors, infer potential evolutionary events related to pathogenicity traits, characterize
genes and gene clusters involved in pathogenesis, and even predict potential host targets
based on gene cluster functionalities. In this chapter, I review the contributions presented
in this thesis, discuss current limitations in gene neighborhood analysis, and conclude with
a perspective for this field.
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6.1 Summary of findings

6.1.1 Identification of IPT gene clusters

Analyzing gene neighborhoods yields valuable insight into gene functional associations,
facilitating the characterization of genes and gene clusters. As seen in Chapter 3, several
different types of clusters of IPT genes were identified across different bacterial lineages
by genomic context analysis. Cytokinin is generally considered beneficial to plant growth.
However, some bacteria can overstimulate plant growth and can sometimes be detrimental
due to CK overexpression. The distribution of adenylate IPT genes is highly limited
to a few bacterial lineages, which includes both PGPB and pathogens. In Chapter 3, I
investigated the CK biosynthesis pathway in further detail by examining IPT gene clusters
across different lineages, along with other comparative studies including phylogenetic
analysis, promoter analysis, and codon usage analysis. The protein phylogeny showed that
this protein family is divided into two different clades. One clade is abundant with plant-
pathogenic bacteria, and the other clade contains bacteria with mixed types of bacteria-plant
interactions, including plant growth promoting bacteria, plant pathogens, and several species
with unknown lifestyles. This clade was largely considered to be PGPB-associated. It is
important to mention a key limitation of this study: IPT -containing bacteria were binary
classified as beneficial or pathogenic. This classification overlooks the complexity of bacterial
behavior and interactions, particularly in cases where bacteria do not fit neatly into either
category, such as pathobionts, or other opportunistic or context-dependent pathogens.

Pathogen-associated IPT s were found to be frequently coupled with predicted virulence
loci. Thirty-two (65%) of the IPT gene neighborhoods from the pathogen-associated clade
were found to contain pathogen-associated genes, while only 3 PGPB and 3 unknown (14%)
IPT gene clusters satisfy this criterion. The pathogen-associated IPT gene clusters were
then studied in greater depth. Agrobacterium rubi was found to contain two IPT genes
in different regions of the genome; one is located on the T-DNA region and surrounded
by iaaH and iaaM genes that are involved in auxin biosynthesis; the other IPT gene is
located in a virulence region and surrounded by other virulence genes, such as virA, virB
and virK. The iaaH and iaaM genes were also detected in the IPT neighborhoods of some
other genomes, such as Agrobacterium rhizogenes and Dickeya chrysanthemi. Some other
neighboring genes with high PathFams scores were detected in the pathogenic strains. For
example, in Ralstonia solanacearum, the NEL protein encoding gene that is usually found
at the C-terminus of bacterial virulence factors is located upstream the IPT coding gene.183

In Xanthomonas albilineans, a lipoprotein coding gene, upstream IPT, was involved in
the translocation of virulence factors. It should be noted that the observed pattern of
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IPT genes clustering with predicted virulence genes might also be influenced by a general
tendency of pathogens to contain an increased frequency of virulence genes. One method
to potentially address this issue is to compare the observed pathogen-association scores
for IPT neighborhoods in pathogens with those derived from other regions of the genome.
This analysis could help determine if the proximity of IPT to virulence genes is a distinct
feature or simply a result of its presence in pathogenic genomes.

On the other hand, PGPB-associated IPT s are in close proximity with genes related
to cytokinin regulation. The product of these genes includes possible lysine decarboxylase
domain (PF03641) that encodes the LOG enzyme for CK activation, “cytokinin dehydroge-
nase 1, FAD and cytokinin binding” domain (PF09265) that encodes CKX enzymes for CK
degradation, RolB/RolC glucosidase family domain (PF02027) that encodes RolB/RolC
protein that can release CK from glucoside conjugates. Forty-two and twenty-four out of
98 of the IPT gene clusters contain the LOG and CKX genes, respectively. The LOG
gene was found in only 10 members (19%) of pathogen associated clade, but was found
in a larger number (32 members, 71%) of PGPB associated clade. The CKX gene was
found exclusively in Streptomyces spp. and Rhodococcus spp. in the PGPB-associated
clade (24 members, 45%). The gene co-occurrence data shows that CKX was identified
in several additional genomes in clade B (11 total members) and three Streptomyces in
clade A. Co-occurrence of all three genes (IPT, LOG, and CKX ) in the neighborhood
occurred exclusively in 19 (36%) members of PGPB associated clade. Co-occurrence with
the rolB/rolC gene was exclusive to a subclade of pathogen associated clade including
Agrobacterium species. It is suggested that these CK regulation related genes may play a
role in transform the synthesized CK into active forms, and then degrade CK when there is
an excessive amount.

A putative novel operon structure is also identified in the IPT gene neighborhood from
the non-pathogenic clade. A gene cluster that contains IPT, CKX and sometimes LOG
genes is conserved in multiple Streptomyces strains. This known operon structure is very
similar to part of the fas operon structure, which is found in S. tugidiscabies and several
other Rhodococcus strains.250 The fas operon is known to regulate the fascination of the
bacteria, and helps invade the plant cells.

6.1.2 Identification of two novel clostridial neurotoxins

An additional application of genomic context analysis is to provide novel functional insights
for unknown genes/proteins by applying guilt-by-association (GBA) approaches. As seen
in Chapter 4, the putative BoNT-like toxin genes in two Paeniclostridium ghonii strains
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(PG toxins) were predicted to target insect hosts. The BoNT family of toxins is the most
potent toxin known to humankind, and traditionally is associated with Clostridium lineages.
In recent years, several new BoNT-like toxins or homologs have been identified within or
outside the Clostridium species. In Chapter 4, two putative bont-like gene clusters were
identified in Paeniclostridium ghonii. This BoNT-like gene cluster contains two genes that
shares sequence similarity with BoNT. The neighboring genes were annotated and compared
to investigate the function and target host of putative novel neurotoxins.

In both P. ghonii genomes, the PG-toxin-LC gene encoding the predicted zinc metallo-
protease is immediately upstream of the PG-toxin-HC gene encoding the translocase and
binding domain. The PG-toxin1 locus from strain NCTR 3900 is similar but non-identical
from that of the PG-toxin2 locus from strain DSM 15049. A notable unique feature of
the PG-toxin locus is the presence of a nearby gene encoding an insecticidal Cry delta
endotoxin (accession # WP 250673405.1). In both P. ghonii genomes, this Cry toxin gene
is encoded in the opposite direction to the PGT-LC genes, which suggests that it may be
regulated differently.

In addition, The PG-toxin locus also encodes several genes shared with those found in
other BoNT gene clusters. These include amiD (n-acetylmuramoyl-l-alanine amidase gene)
and parA genes which are also present in the BoNT/En locus of E. faecium; and abc (ABC
transporter ATP-binding protein) and fic (filamentation induced by cAMP protein) genes
that are also found in the tent locus of C. tetani. Three nearby genes are also shared with
the PMP1 locus of P. bifermentans : an mpp gene encoding a putative metallophosphatase
family protein, an abc-permease (ABC transporter ATP-binding protein/permease) and a
radsam gene encoding a radical SAM domain containing protein. Interestingly, the orfx, ha
and ntnh genes present in other BoNT gene clusters are absent. Downstream of the mpp
gene in both P. ghonii genomes is a cluster of genes encoding a BhlA/UviB family holin-like
peptide and two genes encoding aureocin-like type II bacteriocins (Figure 4.1c). Other
toxins are known to be exported via holin-dependent mechanisms.220 The bacteriocins and
putative endolysins that may facilitate lytic toxin secretionin, together with insecticidal
Cry8Ea1, suggesting a possibility that this gene cluster might serve an insecticidal purpose.

In general, PG toxins and their neighboring genes form a gene cluster that is divergent
from the BoNT gene clusters in terms of neighboring gene composition, which suggests
that the PG toxins may be functionally divergent genes from other BoNT subtypes. This
result is consistent with the protein phylogeny. As expected, the PG-toxin genes from
both P. ghonii strains clustered as neighbors indicating a common origin in an ancestral P.
ghonii strain. The phylogenetic placement of the PG-toxin-LC and PG-toxin-HC sequences
was similar. Both LC and HC of the PG toxins cluster with X/En/PMP1 lineage, form a
distant subclade from other BoNT subtypes.

114



The PG toxin loci may reside on a plasmid. Within the scaffold from DSM 15049
containing the PG-toxin2 genes, we identified genes encoding plasmid replication initiation
proteins. BLAST analysis of these proteins confirmed a close relationship to orthologous
genes from P. bifermentans, suggesting a link to the toxin-encoding megaplasmids of
Paraclostridium.121 The contigs carrying the BoNT-like gene sequences for P. ghonii
DSM15049 and NCTR 3900 were predicted as plasmids with 73.28% and 74.66% percent of
the vote, in excess of the 40-60% threshold where incorrect classifications typically fall.219

BTNT from Bacillus toyonensis has a gene neighborhood structure that is characteristic
of other BoNT genes with the bt-ntnh gene located immediately upstream as expected,
as well as three P47/ORFX-like genes (Figure 4.6). BLAST analysis revealed that the
P47/ORFX containing proteins putatively match the proteins ORFX3, P47, and ORFX2 in
P. bifermentans, E. faecium, and C. botulinum. This general gene arrangement is conserved
among other members of the X/En/PMP1 clade of BoNT-like toxins, and also some other
BoNT genes (e.g., BoNT/A4). It is noticeable that p47 is located within the orfX locus in
the genomic neighborhood of BNTN, whereas it is usually located upstream or downstream
of the orfX locus in the genomic neighborhood of other BoNT toxins.

6.1.3 Identification of genomic traits unique to Clostridium sp.
X

Gene neighborhood comparison can also be applied to infer genomic rearrangement events
that might have occurred in specific strains. As seen in Chapter 5, two putative new
Clostridium species (Clostridium sp. X and Y) that are closely related to C. tetani from
ancient DNA samples were identified by Hodgins et al.237 In Chapter 5, the proteomes
of Clostridium sp. X and Y and reference genomes are annotated by orthology inference
methods. Then Clostridium sp. X and Y were compared against to modern Clostridium
reference genomes by comparative genomic analysis including gene content and genomic
context comparison.

There is a considerable overlap in gene content between the acBins versus the modern
reference genomes, with the greatest overlap observed between acBins from C. tetani
lineages (1 and 2) and the smallest overlap observed for Clostridium sp. X. In terms of
differences, fourteen genes present in four or more clade X members and absent from all
other C. tetani genomes. Although these genes are unique to clade X, their surrounding
genes are conserved in other C. tetani genomes, implying that genome rearrangements may
have resulted in these genes being either gained in Clostridium sp. X or lost in C. tetani.

The genomic context surrounding the plasmid marker genes repA and colT are different
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between Clotridium sp. X and Y and modern Clostridium genomes. In Clostridium sp. X
and Y, unique gene clusters distinct from those in modern strains. For example, in two
Clostridium sp. X genomes and the Clostridium sp. Y genome, I identified a conserved
toxin/antitoxin pair and a phage integrase flanking the repA gene. I also observed a unique
gene arrangement surrounding colT that is conserved in two clade X genomes.

The plasmid-encoded neurotoxin gene, tent, is either missing or was fragmented, suggest-
ing a possible gene loss or pseudogenization event. This pattern can be seen clearly in read
coverage plots and when normalizing tent depth of coverage to that of the plasmid-marker
gene, repA, provided by the collaborators. The tent locus in the two Clostridium sp. X
genomes for which assembly data is available over this region, appears to have undergone
a deletion event resulting in the deletion of over 90% of the tent sequence as well as 3
neighboring genes. This analysis further supports the idea that the tent fragment may be a
non-functional pseudogene in these clade X strains.

6.2 Limitations

Genomic data quality

Careful data selection is required when preparing gene neighborhood datasets for compara-
tive analysis. Highly divergent species may have significant differences in genome content
and structure, making them less comparable due to limited or even no shared genetic
features. Conversely, closely related species may exhibit no detectable differences in gene
order, since they haven’t had sufficient time to accumulate significant evolutionary changes.
Thus, when comparing the genomic context of a protein/gene family, it is imperative
to choose species with an appropriate evolutionary distance. In addition, one should be
cautious about the potential skewing effect posed by closely related species. There are
some strategies to mitigate the overrepresentation of similar gene sequences. For example,
one could select a representative gene neighborhood for each taxa, or apply a sequence
similarity cutoff to reduce sequence redundancies before extracting gene neighborhood, or
weight the functional association score by sequence similarity. Gene cluster grouping tools
might also be beneficial for generating representative gene neighborhood and facilitating
comparisons across distant clades.84

The selection of species also depends on the research question and the sequencing data
available. Closely related species provide insight into more recent evolutionary changes,
whereas more distantly related species offer a broader perspective on the evolutionary history
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of the whole protein family. To ensure high-quality genomic data, many studies opt for
reference genomes and sequences from specialized, hand-curated databases. These databases
leverages experts insights into specific research areas, such as the Pseudomonas genome
database,251 and bont database (at https://bontbase.org) for clostridial neurotoxins.
In the absence of such specialized databases, it is common practice to opt for reference
genomes from widely recognized public databases or genomic data that were often used by
the research community. For example, reference genomic data might be sourced from Refseq,
or from GTDB, where genomes are selected based on their representativeness of species
clusters, as determined by GTDB taxonomic classification system.85 Reference genome
databases not only minimize genome redundancies in the database that are mainly caused
by human attention and the popularity of the organism, but also covers as many organisms
as possible while still being representative of current prokaryotic genomic data. However,
one pitfall of using such reference genomes is the potential loss of intra-species variation.
In Chapter 3, reference genomes from GTDB were selected to examine the evolutionary
history of the adenlyate IPT gene family. Although nopaline type strain of A. tumefaciens
is known for having two ipt copies, it was not included in GTDB, leading to its absence in
the gene copies analysis.186,187

The reference genomic databases also ensure that high-quality genome assemblies are
used for genomic context analysis. High quality assemblies contain fewer and longer
scaffolds compared to low quality assemblies, facilitating a comprehensive understanding of
neighboring genes for almost any genes of interests. Many genomic context tools, such as
microbesonline,64 Gecoviz,69 fast.genomics,76 and including AnnoView, leverage reference
genomes to guarantee consistent annotations and minimal contamination in high-quality
genomes. The AnnoView precomputed database includes representative species from GTDB
species clusters, which are required to pass an integrated quality score. These quality check
measures includes criteria such as checkm score, whether the genome is from a type species or
strain, the number of contigs, etc.85 Similarly, proGenomes is another prokaryotic reference
genome database that is often used for comparative studies.252 It also implements several
metrics for genomic data quality control and serves as a data source for the comparative
genomic context tool Gecoviz.

Functional dark matter

One of the major weakness of genomic neighborhood analysis is the prevalence of functional
dark matter (FDM) in prokaryotic genomes. The amount of FDM greatly influences the
information content derived from genomic context analysis. FDM includes genes without
annotation, hypothetical proteins, and those encoding proteins that match ambiguous
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protein signatures, such as the domain of unknown function (DUF). FDM makes up
a significant portion of prokaryotic proteomics.253 For example, GTDB r86 proteomics
contains 21% FDM that cannot be annotated by protein or domain-based homology search
approaches.253 Up to 2020, the NCBI protein database has greater than 30% FDM in
archaea and nearly 20% FDM in bacteria.254 A great proportion of FDM is also seen in
Chapter 3, where only 55.21% of coding sequences can be annotated by Pfam domains,
leaving the rest of genes unannotated. Nonetheless, many genes with undefined functions
demonstrate conservation across various species, suggesting their potential role in cellular
functionality. Therefore, despite their ambiguous nature, FDM can still be informative to
comparative functional analyses when annotated using orthology inference. This method
postulates that proteins within the same orthologous group typically perform similar
functions, and can be seen as the same gene. Consequently, unknown proteins can be
categorized into respective orthologous groups, assisting in the identification of conserved
protein families and determining protein functional associations without prior functional
understanding. As observed in Chapter 5, the proteomes of C. tetani genomes benefited
from orthology inference. However, this strategy does not guarantee that every protein
sequence will find an orthologous sequence in the database, leaving some proteins without
functional annotations or assigned orthologous groups. The proportion of such proteins in
the prokaryotic protenomes is not a trivial amount. In a reference prokaryotic database
(proGenomes2), it is reported that 18.8% of the proteome does not match any orthologous
groups.69

The proportion of FDM in metagenomes derived from environmental samples is even
higher since metagenome-assembled genomes (MAGs) are generally harder to annotate.
Considering the rapid advancement and accumulation of genomic and metagenomic data,
we can anticipate a corresponding rise in the identification of FDM. In particular, some
efforts have been made in recent years for FDM annotation, incorporating methods ranging
from data mining to the application of deep learning techniques.254–256 It is expected that
these new technologies help boost our understanding and annotation of FDM. Interestingly,
genomic context approaches emerges as a valuable strategy to assign functions to FDM
based on protein association within genomic loci. As FDM is better annotated through
these various approaches, the granularity and depth of data from neighboring gene studies
are expected to see significant improvements.

GBA is Error-prone

As one of the GBA approaches, genomic context approach inherently carries a higher risk of
errors due to its reliance on indirect connections and associations rather than direct causation.
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One example of the false negatives can be seen in gene clusters that exhibit diverse functions.
For example, FAD synthase is in close proximity to the protein translation-related genes
across different bacterial lineages, and RNA modification/degradation genes cluster with
the central metabolic enzyme enolase in euryarchaeota and a subset of proteobacteria.257,258

In Chapter 4, the PG toxin clusters are in close proximity to amiD (N-acetylmuramoyl-L-
alanine amidase), despite that amiD does not have functional similarity to neurotoxins or
any toxin-related properties. In some cases, proteins with diverse functions falling under
the same general functional theme are clustered together in the genome, e.g., carbohydrate
metabolism-related genes and carbohydrate transport genes, DNA topological change-
related genes and cellular response to DNA damage stimulus-related genes.257 Employing
GBA in such cases may offer insights into functional categories, but further analysis is
necessary to infer strong and more detailed functional association between the target gene
and the neighboring genes.

Another benefit of combining genomic context analysis with multiple approaches is to
mitigate the false negatives and draw more accurate conclusions for function prediction.
Genomic context can be integrated with other approaches that can reveal functional
association evidence, such as phylogenetic co-occurrence profiles,259 gene co-expression
profiles,260 and protein interactions.17,260 In Chapter 3, genomic context combined with
phylogenetic co-occurrence to infer the functional association between IPT and other
cytokinin regulation-related genes. Moreover, multiple lines of evidence derived from
integrated results help provide a broader functional perspective, aiding in the recognition
of protein multifunctionality.261

Gene-centric analysis

Another major drawback of gene neighborhood analysis is that it is not able to reveal
most of the genetic differences that exist within genes, such as key substitutions, insertions,
and deletions. Therefore, apart from analysis that focus on gene functional association,
gene neighborhood analysis is occasionally coupled with gene centric analysis. Although
orthologs or proteins from the same family are generally considered to share the same
functionality, a few key mutations can significantly alter protein structure and function.262

Gene centric analysis such as protein alignment or domain analysis can provide more
information about a protein’s biochemical role. In Chapter 4, the protein alignment analysis
of neurotoxins provides further insights on the functional differences between PG toxins
and other neurotoxins by examining residues that were known to partake in important
functions.
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Nevertheless, certain intra-genetic variations can be detected by genomic context analysis.
For example, gene deletion events leading to significant length reduction can be identified
by visualizing the genomic context. As seen in Chapter 5, genomic context analysis of tent
gene reveals a deletion event resulting in the deletion of over 90% of the tent sequence
in two Clostridium sp. X strains. Another instance is that when neighboring genes are
annotated by protein functional domains such as Pfam. In such cases, genomic context
analysis may identify genetic variations results from domain gain and loss events. Still, it
might overlook variations result from domain shuffling and segment duplication/deletion,
as these alterations would not change the domain composition, but may change the protein
function significantly.

Annotation heterogeneity

Annotation heterogeneity refers to the scenario where the same gene from different species
receives different annotations.263 Such inconsistency could obscure functional conservation
from genomic context analysis. Annotation heterogeneity often appears in public databases
such as NCBI Genbank, where different annotation methods and pipelines have been
applied to different genomes and species, depending on the choices and preference of the
uploader. A potential solution to this issue is to apply a consistent annotation method
to all genomes. However, even in databases adopting a homogeneous annotation strategy,
such annotation heterogeneity can emerge. This is typically the results of using arbitrary
bioinformatics thresholds to determine whether a gene/protein sequence qualifies for a
specific functional annotation or category. For example, a gene might just barely pass the
threshold in one genome but almost approach the threshold in another genome and hence
gets no annotation. Such discrepancies, often termed ”homology detection failures”, are
frequently observed in research and can mistakenly classify some highly divergent orthologs
as lineage-specific genes.263–265 To improve the accuracy of gene annotation in comparative
studies, incorporating remote homology detection into annotation pipelines can be beneficial,
such as HHpred and HHblits, which utilize profile hidden Markov models and structure
comparisons.266 Recent data mining initiatives within the Alphafold protein structure
database are set to further boost remote homology detection capabilities.267,268 While
beyond the abilities of current technologies to detect remote homologies, it is generally
safe to assume that genes sharing the same genomic context are orthologs. Nevertheless,
one should be cautious of occasional false negatives where non-homologous genes exhibit
synteny, such as the emergence of novel genes within the synteny region, translocation of
non-homologous genes therein, or gene losses followed by neighboring gene duplications.264
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6.3 Final remarks

Gene neighborhood analysis has emerged as a powerful tool, allowing researchers to uncover
functional associations and evolutionary history of genes based on the visualization and
annotation of genomic loci. In general, the implications of genomic neighborhood analysis
extend far beyond basic genomic research. In microbial genomics, it aids in predicting
potential operon structures. In evolutionary biology, understanding the genomic context
offers insights into the evolutionary trajectories of genomes, revealing conserved blocks and
adaptive modifications. In synthetic biology, the identification of biosynthetic gene clusters
helps to elucidate metabolic pathways and provide insights into metabolic engineering.

With advances in genomic sequencing and functional genomics, genomic context analysis
is anticipated to draw more accurate and insightful results. However, integration of multiple
gene-centric approaches remains essential to offer a more comprehensive perspective on the
functional and evolutionary aspects of a gene/protein family. In addition, the overprediction
of functional association based on gene proximity should raise awareness, and combining
with other approaches that offer supporting evidence will yield a better prediction. Moreover,
improved methods for annotating and categorizing gene families such as orthology inference
and protein family assignment provide a holistic view of the functional conservation among
diverse species. Finally, the development of tools for fast genomic context visualization and
analysis needs to be adjusted and updated frequently based on different research community
to better assist a broad range of researchers.
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[192] David Kopečný, Radka Končit́ıková, Hana Popelka, Pierre Briozzo, Armelle Vigouroux,
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[285] Inmaculada Sampedro, Daniel Pérez-Mendoza, Laura Toral, Esther Palacios, César
Arriagada, and Inmaculada Llamas. Effects of halophyte root exudates and their
components on chemotaxis, biofilm formation and colonization of the halophilic
bacterium Halomonas Anticariensis FP35T. Microorganisms, 8(4):575, 2020.

[286] Hiroyasu Onaka, Shin-ichi Taniguchi, Yasuhiro Igarashi, and Tamotsu Furumai.
Characterization of the biosynthetic gene cluster of rebeccamycin from Lechevalieria
aerocolonigenes ATCC 39243. Bioscience, Biotechnology, and Biochemistry, 67(1):127–
138, 2003.

[287] Chinyere K. Okoro, Alan T. Bull, Ankur Mutreja, Xiaoying Rong, Ying Huang, and
Michael Goodfellow. Lechevalieria atacamensis sp. nov., Lechevalieria deserti sp. nov.
and Lechevalieria roselyniae sp. nov., isolated from hyperarid soils. International
Journal of Systematic and Evolutionary Microbiology, 60(Pt 2):296–300, 2010.

[288] Ekaterina Gavrish, Clarissa S. Sit, Shugeng Cao, Olga Kandror, Amy Spoering,
Aaron Peoples, Losee Ling, Ashley Fetterman, Dallas Hughes, Anthony Bissell,
Heather Torrey, Tatos Akopian, Andreas Mueller, Slava Epstein, Alfred Goldberg,
Jon Clardy, and Kim Lewis. Lassomycin, a ribosomally synthesized cyclic peptide, kills
Mycobacterium tuberculosis by targeting the ATP-dependent protease ClpC1P1P2.
Chemistry and Biology, 21(4):509–518, 2014.

153



[289] Dongmei Li, Hao Jiang, Liyuan Han, Yuanyuan Li, Junwei Zhao, Shanwen Jiang,
Xiangjing Wang, and Wensheng Xiang. Lentzea terrae sp. nov., isolated from soil
and an emended description of Lentzea soli. International Journal of Systematic and
Evolutionary Microbiology, 68(11):3528–3533, 2018.

[290] Yong Li, Han Xue, Li-min Guo, András Koltay, Ana Palacio-Bielsa, Jupu Chang,
Shoujiang Xie, and Xuqi Yang. Elevation of three subspecies of Lonsdalea quercina to
species level: Lonsdalea britannica sp. nov., Lonsdalea iberica sp. nov. and Lonsdalea
populi sp. nov. International Journal of Systematic and Evolutionary Microbiology,
67(11):4680–4684, 2017.
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Cathrin Spröer, Boyke Bunk, Jörg Overmann, and Kornelia Smalla. A novel group
of Rhizobium tumorigenes -like Agrobacteria associated with crown gall disease of
rhododendron and blueberry. Phytopathology, 109(11):1840–1848, 2019.

[304] Koen Goethals, Danny Vereecke, Mondher Jaziri, Marc Van Montagu, and Mar-
celle Holsters. Leafy gall formation by Rhodococcus fascians. Annual Review of
Phytopathology, 39(1):27–52, 2001.

[305] Jucimara Anunciação de Jesus Sousa and Fabio Lopes Olivares. Plant growth
promotion by streptomycetes: ecophysiology, mechanisms and applications. Chemical
and Biological Technologies in Agriculture, 3(1):24, 2016.

[306] Kaiqin Li, Yihui Guo, Junzhen Wang, Zhiyong Wang, Jiarong Zhao, and Jian Gao.
Streptomyces aquilus sp. nov., a novel actinomycete isolated from a Chinese medicinal
plant. International Journal of Systematic and Evolutionary Microbiology, 70(3):1912–
1917, 2020.

155



[307] Anja Greule, Marija Marolt, Denise Deubel, Iris Peintner, Songya Zhang, Claudia
Jessen-Trefzer, Christian De Ford, Sabrina Burschel, Shu-Ming Li, Thorsten Friedrich,
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Supplementary Tables

Supplementary Table 1

Table 1: AnnoTree results of searching PF01745 in the GTDB database with E-value <1e-5.

Bitscore E-value Gene ID GTDB ID Pfam ID
28 1.10E-07 MFJD01000001.1 308 GB GCA 001779095.1 PF01745
24.3 7.50E-07 MFZT01000032.1 1 GB GCA 001789515.1 PF01745
150.8 1.60E-44 NZ BDBM01000003.1 180 RS GCF 001612985.1 PF01745
225.3 2.60E-67 NZ AUFE01000129.1 6 RS GCF 000426345.1 PF01745
26.8 2.30E-07 MHCL01000021.1 15 GB GCA 001816915.1 PF01745
178.8 5.80E-53 NZ FNHV01000013.1 22 RS GCF 900103585.1 PF01745
22.8 0.000007 PCXB01000052.1 37 GB GCA 002787535.1 PF01745
49.1 4.20E-14 HF999519.1 7 GB GCA 000434015.1 PF01745
27.9 1.30E-07 MNER01000063.1 20 GB GCA 001917775.1 PF01745
305.7 4.60E-92 NZ CP031697.1 3319 RS GCF 004136375.1 PF01745
26.5 6.00E-07 PLHC01000080.1 9 GB GCA 003138795.1 PF01745
63.8 6.50E-18 NZ CP026304.1 91 RS GCF 003054555.1 PF01745
27.7 1.30E-07 PBWA01000046.1 29 GB GCA 002728855.1 PF01745
33.8 1.50E-09 QBYD01000033.1 1 GB GCA 003282975.1 PF01745
26.4 2.30E-07 MGKQ01000023.1 6 GB GCA 001795735.1 PF01745
22.6 0.0000031 MFZQ01000027.1 4 GB GCA 001789445.1 PF01745
190.8 1.30E-56 NZ NCSM01000005.1 275 RS GCF 002224125.1 PF01745
28.8 6.00E-08 LCEX01000007.1 20 GB GCA 000995415.1 PF01745
58.6 1.30E-16 DINJ01000136.1 11 GB GCA 002423665.1 PF01745
28.3 8.70E-08 PFSC01000160.1 7 GB GCA 002788865.1 PF01745
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Bitscore E-value Gene ID GTDB ID Pfam ID
173.7 1.80E-51 NZ CP012159.1 1556 RS GCF 001189295.1 PF01745
44.7 1.50E-12 DCSU01000079.1 1 GB GCA 002325785.1 PF01745
191.2 1.00E-56 NZ MUNE01000113.1 6 RS GCF 002154605.1 PF01745
362.9 1.90E-109 NZ CP030831.1 171 RS GCF 003597675.1 PF01745
239.9 7.60E-72 NZ CP030831.1 15 RS GCF 003597675.1 PF01745
30.6 1.10E-08 QCNX01000019.1 8 GB GCA 003210015.1 PF01745
355 5.10E-107 NZ CP039893.1 154 RS GCF 005221325.1 PF01745
33.2 4.50E-09 DEEW01000136.1 4 GB GCA 002350465.1 PF01745
171.4 9.50E-51 NZ PJME01000030.1 62 RS GCF 002954775.1 PF01745
28.3 5.90E-08 LBVN01000008.1 2 GB GCA 000993115.1 PF01745
30 1.50E-08 MFFV01000045.1 23 GB GCA 001777995.1 PF01745
28.1 1.10E-07 LUZH01000204.1 12 GB GCA 001602885.1 PF01745
239.9 6.40E-72 NZ BBJU01000024.1 64 RS GCF 000739935.1 PF01745
362.9 1.60E-109 NZ BBJU01000024.1 106 RS GCF 000739935.1 PF01745
179.7 2.90E-53 NZ LGUR01000002.1 359 RS GCF 001270495.1 PF01745
53.3 6.40E-15 PLXD01000248.1 3 GB GCA 003151295.1 PF01745
306.7 2.00E-92 NZ FLTX01000115.1 8 RS GCF 900092025.1 PF01745
29.4 2.80E-08 MHCP01000030.1 150 GB GCA 001816655.1 PF01745
169.1 5.60E-50 NZ LLZG01000411.1 109 RS GCF 001509475.1 PF01745
237.6 3.40E-71 NZ MBEV01000035.1 135 RS GCF 001758275.1 PF01745
316.3 2.90E-95 NZ LMVL02000015.1 19 RS GCF 001541345.2 PF01745
240.3 4.80E-72 NZ LMVL02000017.1 3 RS GCF 001541345.2 PF01745
32.8 2.60E-09 MFBZ01000004.1 4 GB GCA 001776545.1 PF01745
33.9 4.50E-09 NZ CP013862.1 672 RS GCF 001307805.1 PF01745
28.5 5.20E-08 MGDU01000020.1 67 GB GCA 001790815.1 PF01745
172.2 5.60E-51 NZ LJCV01000022.1 18 RS GCF 001298575.1 PF01745
27.7 6.80E-08 MNZO01000050.1 11 GB GCA 001873665.1 PF01745
188.9 3.30E-56 NZ LJGW01000377.1 72 RS GCF 001751255.1 PF01745
189.2 2.80E-56 NZ LJGW01000252.1 26 RS GCF 001751255.1 PF01745
26.7 1.90E-07 MFCV01000002.1 18 GB GCA 001777015.1 PF01745
23.5 0.0000025 MFGN01000011.1 48 GB GCA 001780285.1 PF01745
23.6 0.0000073 PMJE01000152.1 16 GB GCA 003157315.1 PF01745
37.1 3.10E-10 NZ BAJX01000002.1 31 RS GCF 000613925.1 PF01745
24.3 8.60E-07 LCFM01000006.1 43 GB GCA 000999025.1 PF01745
180.4 1.80E-53 NZ KQ948422.1 1234 RS GCF 001514065.1 PF01745
299.1 4.30E-90 NZ CAPJ01000301.1 7 RS GCF 000331775.1 PF01745
169.7 3.00E-50 NZ LGDW01000086.1 5 RS GCF 001280005.1 PF01745
27.4 1.70E-07 MFJM01000060.1 12 GB GCA 001779205.1 PF01745
164.5 1.20E-48 NZ JOAP01000046.1 42 RS GCF 000720475.1 PF01745
23.1 0.0000026 PEUF01000033.1 18 GB GCA 002780795.1 PF01745
33.8 2.30E-09 ONXS01000055.1 13 GB GCA 900321855.1 PF01745
22.9 0.0000061 NC 014657.1 1319 RS GCF 000166335.1 PF01745
22.9 0.0000063 NC 014392.1 1056 RS GCF 000145215.1 PF01745
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38.3 5.80E-11 PADT01000025.1 1 GB GCA 002700465.1 PF01745
22.4 0.0000044 LMZU01000017.1 16 GB GCA 001567245.1 PF01745
31.3 9.30E-09 QOAL01000082.1 1 GB GCA 003978135.1 PF01745
23.4 0.0000046 QBLP01000075.1 6 GB GCA 003070825.1 PF01745
26 2.90E-07 MFEO01000030.1 1 GB GCA 001777585.1 PF01745
28.4 1.10E-07 NZ NEEY01000020.1 27 RS GCF 002252085.1 PF01745
24.6 5.20E-07 MNZH01000050.1 2 GB GCA 001873515.1 PF01745
28.2 6.10E-08 MGAO01000001.1 15 GB GCA 001788215.1 PF01745
184 1.40E-54 NZ JXTE01000013.1 17 RS GCF 000972385.1 PF01745
41.8 3.00E-11 BAXV01000013.1 61 GB GCA 001310715.1 PF01745
27 7.70E-07 NZ BAWC01000039.1 38 RS GCF 000576365.1 PF01745
28.1 4.80E-08 MFRV01000025.1 2 GB GCA 001784695.1 PF01745
27.1 1.70E-07 DJJA01000003.1 430 GB GCA 002433895.1 PF01745
30.2 5.80E-08 MKRS01000806.1 4 GB GCA 001897035.1 PF01745
34.6 2.60E-09 MKRS01000546.1 1 GB GCA 001897035.1 PF01745
23.2 0.0000048 LYMA02000076.1 33 GB GCA 001654785.2 PF01745
23.4 0.0000019 MEXE01000052.1 7 GB GCA 001775555.1 PF01745
27.5 1.00E-07 LCLX01000001.1 205 GB GCA 001002285.1 PF01745
28.9 3.70E-08 DBDS01000004.1 105 GB GCA 002293685.1 PF01745
22.4 0.0000097 APCU01000014.1 14 GB GCA 000347575.1 PF01745
36.8 1.40E-10 PCWD01000009.1 2 GB GCA 002787255.1 PF01745
27.4 4.90E-07 VBKW01000259.1 3 GB GCA 005879405.1 PF01745
27.2 1.20E-07 PFAT01000050.1 26 GB GCA 002773575.1 PF01745
183.7 1.40E-54 NZ SMKI01000157.1 4 RS GCF 004348415.1 PF01745
171.4 7.90E-51 NZ SMKI01000289.1 14 RS GCF 004348415.1 PF01745
241.1 3.10E-72 NZ PCDQ01000093.1 36 RS GCF 003240565.1 PF01745
332.6 3.20E-100 NZ PCDQ01000085.1 1 RS GCF 003240565.1 PF01745
23.5 0.0000085 BBZO01000015.1 38 GB GCA 001304875.1 PF01745
33.8 1.80E-09 URMC01000104.1 1 GB GCA 900548735.1 PF01745
31.5 6.90E-09 LBTJ01000007.1 24 GB GCA 000990445.1 PF01745
192.8 1.90E-57 NC 003272.1 223 RS GCF 000009705.1 PF01745
41.6 1.50E-11 DGYJ01000115.1 70 GB GCA 002396665.1 PF01745
21.7 0.0000088 MFJA01000054.1 14 GB GCA 001779055.1 PF01745
224.6 3.00E-67 NZ CP018758.1 2073 RS GCF 001913135.1 PF01745
269.5 4.60E-81 NZ CM001974.1 3701 RS GCF 000406105.1 PF01745
325.6 4.40E-98 NZ CP022482.1 1232 RS GCF 003999715.1 PF01745
31.3 7.20E-09 LBWY01000023.1 5 GB GCA 000995135.1 PF01745
282.5 5.10E-85 NZ JQHM01000003.1 363 RS GCF 000749845.1 PF01745
46.2 3.80E-13 SFPH01000036.1 9 GB GCA 004552115.1 PF01745
22.3 0.0000045 PMJF01000037.1 6 GB GCA 003157295.1 PF01745
33.2 1.50E-08 NZ KV757701.1 22 RS GCF 001712795.1 PF01745
25.8 4.50E-07 ONQV01000040.1 6 GB GCA 900320065.1 PF01745
183.4 2.40E-54 NZ MJAH01000006.1 593 RS GCF 001746295.1 PF01745
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24.9 0.0000029 MHBF01000189.1 4 GB GCA 001803225.1 PF01745
28.5 5.70E-08 MHDE01000035.1 2 GB GCA 001803465.1 PF01745
330.2 1.60E-99 NZ CP014703.1 1080 RS GCF 001586135.1 PF01745
28.7 2.40E-08 PFNV01000017.1 1 GB GCA 002792165.1 PF01745
21.8 0.0000067 LLEV01000006.1 201 GB GCA 001567515.1 PF01745
21.3 0.0000091 LCNZ01000006.1 248 GB GCA 001002325.1 PF01745
26.8 1.60E-07 DDWQ01000005.1 17 GB GCA 002345745.1 PF01745
271.7 8.00E-82 NZ JIBO01000010.1 28 RS GCF 000688655.1 PF01745
182.1 5.60E-54 NZ LRTR01000929.1 5 RS GCF 001550375.1 PF01745
25.6 3.00E-07 MFSF01000032.1 11 GB GCA 001784815.1 PF01745
22.6 0.00001 NZ SNWX01000029.1 7 RS GCF 004362045.1 PF01745
23.5 0.0000042 DFGF01000011.1 3 GB GCA 002371715.1 PF01745
286.9 3.20E-86 NZ PNXZ01000006.1 136 RS GCF 002879875.1 PF01745
196.4 1.50E-58 NC 007413.1 2780 RS GCF 000204075.1 PF01745
25.5 2.10E-07 PEZH01000042.1 13 GB GCA 002774085.1 PF01745
25.6 3.10E-07 PFCG01000016.1 19 GB GCA 002773095.1 PF01745
30.8 2.00E-08 QCGG01000007.1 1 GB GCA 003280055.1 PF01745
27.7 1.40E-07 MFJU01000022.1 62 GB GCA 001779315.1 PF01745
55.3 9.40E-16 DENY01000199.1 6 GB GCA 002359825.1 PF01745
21.3 0.0000076 MGFD01000024.1 6 GB GCA 001791715.1 PF01745
297.4 1.80E-89 NZ BCWW01000017.1 35 RS GCF 001894785.1 PF01745
257.9 2.90E-77 NZ KB903063.1 1 RS GCF 000379565.1 PF01745
22.4 0.0000038 MHCC01000008.1 2 GB GCA 001816475.1 PF01745
315.2 5.30E-95 NZ JFAQ01000171.1 2 RS GCF 001304695.1 PF01745
24.1 0.0000022 PLXF01000187.1 5 GB GCA 003151315.1 PF01745
30.5 1.10E-08 MFFY01000006.1 4 GB GCA 001778055.1 PF01745
156.9 2.90E-46 NZ JYJG01000301.1 7 RS GCF 000955955.1 PF01745
21.9 0.0000043 PEVT01000013.1 14 GB GCA 002780175.1 PF01745
33.2 1.70E-09 MGFX01000001.1 347 GB GCA 001792115.1 PF01745
25.4 4.40E-07 MEWB01000001.1 754 GB GCA 001773215.1 PF01745
27.6 1.10E-07 MHJU01000009.1 39 GB GCA 001818155.1 PF01745
321.3 5.20E-97 NZ JZHZ01000007.1 2404 RS GCF 000963005.1 PF01745
25.9 2.80E-07 QIIF01000082.1 4 GB GCA 003231075.1 PF01745
23.1 0.0000049 DFDV01000068.1 2 GB GCA 002369025.1 PF01745
312.3 4.20E-94 NZ MIGX01000097.1 15 RS GCF 002940605.1 PF01745
180.4 1.20E-53 NZ LMDI01000045.1 268 RS GCF 001425785.1 PF01745
44.2 1.80E-12 URHG01000034.1 27 GB GCA 900547555.1 PF01745
28 8.00E-08 MFDZ01000010.1 8 GB GCA 001777455.1 PF01745
240.8 3.60E-72 NZ LMVK01000049.1 146 RS GCF 001541315.1 PF01745
26.1 2.60E-07 MFCX01000005.1 24 GB GCA 001777055.1 PF01745
272.3 5.40E-82 NZ LUTP01000007.1 26 RS GCF 002111585.1 PF01745
22.8 0.0000034 MFZK01000003.1 89 GB GCA 001789395.1 PF01745
39.3 7.90E-11 MVQR01000432.1 1 GB GCA 002067815.1 PF01745
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28.2 7.30E-08 PFSB01000021.1 58 GB GCA 002788855.1 PF01745
26.8 3.70E-07 DHVG01000027.1 1 GB GCA 002412545.1 PF01745
332.3 4.10E-100 NZ SCFK01000035.1 2 RS GCF 007000325.1 PF01745
173.4 2.90E-51 NZ MUMC01000754.1 2 RS GCF 002155885.1 PF01745
24.8 0.0000016 NC 014654.1 1137 RS GCF 000166415.1 PF01745
333.3 2.40E-100 NZ BAYX01000012.1 47 RS GCF 000696095.1 PF01745
24.7 0.000001 MNYD01000113.1 1 GB GCA 001872925.1 PF01745
197.5 1.00E-58 NZ FZOF01000021.1 96 RS GCF 900188405.1 PF01745
22.4 0.0000027 MNWF01000023.1 25 GB GCA 001872305.1 PF01745
27.2 9.40E-08 NZ CP025989.1 386 RS GCF 003072485.1 PF01745
24.8 7.70E-07 DBQG01000016.1 15 GB GCA 002305125.1 PF01745
174.8 9.10E-52 NZ KQ948929.1 499 RS GCF 001514235.1 PF01745
25.5 5.50E-07 MFXK01000022.1 19 GB GCA 001788835.1 PF01745
323 1.60E-97 NZ MDCB01000005.1 57 RS GCF 002939705.1 PF01745
26.9 1.40E-07 PFAR01000046.1 10 GB GCA 002773655.1 PF01745
21.2 0.0000073 MHLB01000042.1 9 GB GCA 001818895.1 PF01745
274.5 1.40E-82 NZ CM001841.1 350 RS GCF 000365305.1 PF01745
24 0.0000065 NZ QQAV01000001.1 23 RS GCF 003350475.1 PF01745
240.6 4.30E-72 NZ CP026926.1 67 RS GCF 002943835.1 PF01745
33.9 8.90E-10 LCJU01000006.1 8 GB GCA 000994815.1 PF01745
26.4 2.80E-07 MGHC01000007.1 26 GB GCA 001793015.1 PF01745
23.8 0.0000017 LBYD01000004.1 102 GB GCA 000995965.1 PF01745
179.6 3.20E-53 NZ CP034463.1 8229 RS GCF 003955715.1 PF01745
362.9 1.90E-109 NZ JWIT01000027.1 10 RS GCF 000949895.1 PF01745
26.7 1.90E-07 MNYS01000003.1 159 GB GCA 001873215.1 PF01745
36.3 5.10E-10 DCIP01000100.1 5 GB GCA 002317115.1 PF01745
23.3 0.0000022 MHNR01000009.1 23 GB GCA 001819875.1 PF01745
23.6 0.0000011 PFEE01000069.1 13 GB GCA 002793745.1 PF01745
23.4 0.0000055 NZ FTNC01000014.1 4 RS GCF 900156285.1 PF01745
29.4 3.80E-08 DCTD01000042.1 16 GB GCA 002335355.1 PF01745
182.1 6.10E-54 NZ JOEY01000020.1 101 RS GCF 000718165.1 PF01745
24.6 0.0000013 MGAG01000026.1 33 GB GCA 001789645.1 PF01745
33.2 9.50E-09 NZ AKKF01000096.1 8 RS GCF 000281955.1 PF01745
28.8 3.50E-08 MFAI01000029.1 6 GB GCA 001774555.1 PF01745
22.8 0.0000024 MFGA01000018.1 22 GB GCA 001778095.1 PF01745
22.6 0.0000042 DGGY01000039.1 26 GB GCA 002392405.1 PF01745
24.9 0.0000017 NZ NIQC01000002.1 126 RS GCF 002216005.1 PF01745
170.5 1.30E-50 NZ SMKN01000120.1 6 RS GCF 004348675.1 PF01745
22.2 0.000005 PETS01000130.1 9 GB GCA 002781265.1 PF01745
25.7 4.70E-07 PFMK01000042.1 15 GB GCA 002785215.1 PF01745
288 8.80E-87 NZ LUTM01000008.1 74 RS GCF 002111555.1 PF01745
22.6 0.0000026 DFKW01000005.1 8 GB GCA 002373935.1 PF01745
28.6 3.30E-08 PFHP01000007.1 6 GB GCA 002782365.1 PF01745
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335.6 3.60E-101 NZ CP019703.3 158 RS GCF 002005205.3 PF01745
206.8 1.40E-61 NZ LIQQ01000089.1 10 RS GCF 001418565.1 PF01745
27.2 1.30E-07 LBYG01000008.1 45 GB GCA 000996085.1 PF01745
274.8 9.00E-83 NZ JIBQ01000010.1 223 RS GCF 000688695.1 PF01745
151.5 1.20E-44 NZ QLTT01000008.1 239 RS GCF 003269295.1 PF01745
28.1 7.20E-08 QIFI01000056.1 1 GB GCA 003229735.1 PF01745
27.6 9.40E-08 DBQA01000007.1 274 GB GCA 002305675.1 PF01745
25.2 0.0000013 APKF01000086.1 3 GB GCA 000353875.1 PF01745
32.2 6.30E-09 SFWW01000093.1 9 GB GCA 004559845.1 PF01745
30 3.80E-08 DGGQ01000045.1 10 GB GCA 002392275.1 PF01745
32.4 9.10E-09 SLIE01000430.1 6 GB GCA 007135795.1 PF01745
205.9 3.10E-61 NZ AEJB01000361.1 396 RS GCF 000331005.1 PF01745
169.4 4.40E-50 NZ AEJB01000023.1 14 RS GCF 000331005.1 PF01745
35.8 8.40E-10 ONSV01000192.1 5 GB GCA 900320585.1 PF01745
24.5 0.0000018 NZ FUXC01000001.1 33 RS GCF 900167025.1 PF01745
32.5 1.70E-08 NZ CP013209.1 1 RS GCF 001447315.1 PF01745
191.2 7.10E-57 NZ SMKC01000179.1 7 RS GCF 004348315.1 PF01745
363.2 1.40E-109 NZ NXEJ01000013.1 168 RS GCF 002915175.1 PF01745
245.4 1.30E-73 NZ NXEJ01000013.1 37 RS GCF 002915175.1 PF01745
28.9 1.70E-07 PMZC01000126.1 1 GB GCA 003170555.1 PF01745
307.5 1.40E-92 NZ CP039694.1 185 RS GCF 005145045.1 PF01745
34 1.30E-09 MFCA01000025.1 137 GB GCA 001775095.1 PF01745
29.4 2.70E-08 MFSE01000021.1 46 GB GCA 001784805.1 PF01745
26.1 3.10E-07 LBWP01000004.1 13 GB GCA 000993685.1 PF01745
23.6 0.0000019 DJCU01000035.1 70 GB GCA 002430725.1 PF01745
297.4 1.80E-89 NZ NOYD01000054.1 35 RS GCF 002258315.1 PF01745
297.5 1.70E-89 NZ JMEX01000009.1 76 RS GCF 000760735.1 PF01745
30.6 9.70E-09 QZIU01000035.1 34 GB GCA 003599625.1 PF01745
260.1 3.30E-78 NZ CM001975.1 345 RS GCF 000406125.1 PF01745
25.4 5.30E-07 MFJZ01000012.1 1 GB GCA 001781025.1 PF01745
27 1.90E-07 BDTH01000029.1 21 GB GCA 002923195.1 PF01745
33.1 6.00E-09 QHNB01000166.1 8 GB GCA 003217965.1 PF01745
147.8 1.70E-43 NZ BAGN01000129.1 63 RS GCF 000308835.1 PF01745
222.8 1.70E-66 NZ LPWA01000123.1 30 RS GCF 001510895.1 PF01745
362.9 1.70E-109 NC 003065.3 163 RS GCF 000092025.1 PF01745
25 0.0000011 DLLE01000065.1 2 GB GCA 002477955.1 PF01745
156.4 4.30E-46 NZ QFWW01000001.1 517 RS GCF 003265345.1 PF01745
186.7 2.20E-55 NZ AEJC01000522.1 3 RS GCF 000317595.1 PF01745
22.3 0.000004 MNWN01000039.1 32 GB GCA 001872545.1 PF01745
26.6 6.10E-07 PLDZ01000136.1 10 GB GCA 003136295.1 PF01745
27.5 1.10E-07 PFWU01000049.1 79 GB GCA 002791295.1 PF01745
28.4 4.70E-08 PFVO01000018.1 41 GB GCA 002790655.1 PF01745
24.1 0.0000014 MHCJ01000003.1 768 GB GCA 001816585.1 PF01745

165



Bitscore E-value Gene ID GTDB ID Pfam ID
36.4 5.10E-10 NZ BAJY01000030.1 16 RS GCF 000613945.1 PF01745
22.8 0.0000035 PFOB01000002.1 8 GB GCA 002792315.1 PF01745
177.6 1.20E-52 NZ JOFS01000067.1 23 RS GCF 000719285.1 PF01745
148.9 7.00E-44 NZ BDCC01000100.1 7 RS GCF 001613305.1 PF01745
169.7 3.10E-50 NZ ASRX01000048.1 50 RS GCF 000601485.1 PF01745
27 1.30E-07 PCRW01000003.1 13 GB GCA 002772115.1 PF01745
27.4 8.30E-08 MGLG01000057.1 4 GB GCA 001795975.1 PF01745
23.9 0.0000017 MFJN01000016.1 11 GB GCA 001779235.1 PF01745
27.2 8.50E-08 DCTW01000004.1 33 GB GCA 002329465.1 PF01745
43.2 4.20E-12 ONHS01000051.1 1 GB GCA 900317715.1 PF01745
335.6 3.80E-101 NZ SGNY01000016.1 16 RS GCF 007002745.1 PF01745
206.3 8.80E-62 NZ LUTN01000009.1 131 RS GCF 002111595.1 PF01745
24.3 9.10E-07 MGFG01000023.1 28 GB GCA 001791745.1 PF01745
22.7 0.0000026 MHWW01000009.1 5 GB GCA 001824275.1 PF01745
23.1 0.000002 DIVO01000011.1 15 GB GCA 002428285.1 PF01745
28.7 5.50E-08 LBQR01000026.1 4 GB GCA 000990945.1 PF01745
29.2 2.30E-07 AP019514.1 2491 GB GCA 007182875.1 PF01745
24.1 0.0000015 PFTH01000089.1 5 GB GCA 002789465.1 PF01745
28.4 1.90E-07 NZ BBAB01000019.1 69 RS GCF 001311035.1 PF01745
179.6 2.80E-53 NZ FOUV01000016.1 167 RS GCF 900114955.1 PF01745
31.9 1.50E-08 NATG01000284.1 6 GB GCA 002085215.1 PF01745
22.5 0.0000027 MZGJ01000006.1 69 GB GCA 002084955.1 PF01745
177.3 7.20E-53 NZ KB235926.1 464 RS GCF 000332255.1 PF01745
30 3.70E-08 SKUN01000002.1 19 GB GCA 007129945.1 PF01745
184.9 3.90E-55 NZ KE332392.1 123 RS GCF 000409775.1 PF01745
24.6 5.10E-07 PGYQ01000001.1 39 GB GCA 002839745.1 PF01745
352.7 2.40E-106 NC 011982.1 225 RS GCF 000016285.1 PF01745
24.3 7.90E-07 LCKU01000008.1 28 GB GCA 001001625.1 PF01745
24 0.0000031 NZ CAUI01000005.1 574 RS GCF 000350165.1 PF01745
34.4 2.80E-09 NZ BBMK01000006.1 65 RS GCF 000755285.1 PF01745
28.4 2.10E-07 PKCP01000513.1 3 GB GCA 002862225.1 PF01745
44.8 7.90E-13 DBBY01000047.1 7 GB GCA 002292855.1 PF01745
297.4 1.80E-89 NZ NPFX01000024.1 78 RS GCF 002259335.1 PF01745
29.9 3.40E-08 NC 022582.1 604 RS GCF 000479315.1 PF01745
35.2 6.70E-10 DBRA01000056.1 17 GB GCA 002305445.1 PF01745
167.8 1.30E-49 NZ MUYM01000084.1 43 RS GCF 002150765.1 PF01745
22.3 0.0000083 NZ MWOX01000012.1 12 RS GCF 002026005.1 PF01745
25.7 9.30E-07 ONDP01000002.1 3 GB GCA 900316645.1 PF01745
32.2 2.80E-08 NZ RZQL01000345.1 7 RS GCF 003997935.1 PF01745
24.6 0.0000013 PLYC01000007.1 126 GB GCA 003151625.1 PF01745
324.6 1.10E-97 NZ AZNX01000014.1 105 RS GCF 000510685.1 PF01745
32.8 5.60E-09 NCKC01000041.1 30 GB GCA 002282715.1 PF01745
24.9 5.90E-07 MGGH01000036.1 51 GB GCA 001792305.1 PF01745
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23.5 0.0000012 DIAR01000023.1 16 GB GCA 002415845.1 PF01745
25.5 3.80E-07 PFLE01000019.1 49 GB GCA 002784465.1 PF01745
23.4 0.0000054 NZ QAXS01000002.1 40 RS GCF 003053565.1 PF01745
22.3 0.0000035 LCOA01000017.1 7 GB GCA 001002405.1 PF01745
22.8 0.000003 MGGC01000041.1 15 GB GCA 001792215.1 PF01745
153.9 2.50E-45 NZ BBOJ01000028.1 77 RS GCF 000974445.1 PF01745
29.8 2.40E-08 LBVU01000003.1 39 GB GCA 000993205.1 PF01745
219.8 1.10E-65 NZ QMBQ01000009.1 130 RS GCF 003289965.1 PF01745
181.4 8.50E-54 NZ RQJW01000016.1 154 RS GCF 004028635.1 PF01745
26.1 3.00E-07 MHII01000006.1 25 GB GCA 001817425.1 PF01745
32.5 2.80E-09 MHIE01000015.1 4 GB GCA 001817345.1 PF01745
28.1 9.60E-08 MFNJ01000029.1 27 GB GCA 001782015.1 PF01745
32.1 2.10E-08 BBCA01000035.1 12 GB GCA 001311805.1 PF01745
30 1.60E-08 MGJU01000012.1 7 GB GCA 001794435.1 PF01745
23.4 0.0000011 PFEM01000034.1 2 GB GCA 002793635.1 PF01745
26.8 1.50E-07 MFEL01000001.1 37 GB GCA 001777575.1 PF01745
256.2 1.30E-76 NZ JAFD01000245.1 2 RS GCF 000519245.1 PF01745
25.6 5.50E-07 SOIK01000221.1 4 GB GCA 004377245.1 PF01745
28.3 1.90E-07 QKGJ01000346.1 4 GB GCA 003251275.1 PF01745
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Supplementary Table 2

Table 2: 98 IPT protein sequences after removing 199 matches belonging to other domain
families (e.g., IPPT).

Genome accession
(GTDB ID)

NCBI species name Gene ID Phylum Clade

RS GCF 001298575.1 Actinobacteria bac-
terium OK074

NZ LJCV01000022.1 18 actinobacteria B

RS GCF 000949895.1 Agrobacterium arseni-
jevicii

NZ JWIT01000027.1 10 proteobacteria A

RS GCF 000092025.1 Agrobacterium fabrum
str. C58

NC 003065.3 163 proteobacteria A

RS GCF 005145045.1 Agrobacterium larry-
moorei

NZ CP039694.1 185 proteobacteria A

RS GCF 002005205.3 Agrobacterium rhizo-
genes

NZ CP019703.3 158 proteobacteria A

RS GCF 007002745.1 Agrobacterium rhizo-
genes

NZ SGNY01000016.1 16 proteobacteria A

RS GCF 000696095.1 Agrobacterium rhizo-
genes NBRC 13257

NZ BAYX01000012.1 47 proteobacteria A

RS GCF 002915175.1 Agrobacterium rosae NZ NXEJ01000013.1 168 proteobacteria A
RS GCF 002915175.1 Agrobacterium rosae NZ NXEJ01000013.1 37 proteobacteria A
RS GCF 000739935.1 Agrobacterium rubi

TR3 = NBRC 13261
NZ BBJU01000024.1 64 proteobacteria A

RS GCF 000739935.1 Agrobacterium rubi
TR3 = NBRC 13261

NZ BBJU01000024.1 106 proteobacteria A

RS GCF 002943835.1 Agrobacterium tumefa-
ciens

NZ CP026926.1 67 proteobacteria A

RS GCF 005221325.1 Agrobacterium tumefa-
ciens

NZ CP039893.1 154 proteobacteria A

RS GCF 001541315.1 Agrobacterium tumefa-
ciens str. B6

NZ LMVK01000049.1 146 proteobacteria A

RS GCF 001541345.2 Agrobacterium vitis NZ LMVL02000015.1 19 proteobacteria A
RS GCF 001541345.2 Agrobacterium vitis NZ LMVL02000017.1 3 proteobacteria A
RS GCF 001758275.1 Agrobacterium vitis NZ MBEV01000035.1 135 proteobacteria A
RS GCF 000016285.1 Agrobacterium vitis S4 NC 011982.1 225 proteobacteria A
RS GCF 000519245.1 Burkholderia sp.

UYPR1.413
NZ JAFD01000245.1 2 proteobacteria A

RS GCF 000601485.1 Chondromyces apicula-
tus DSM 436

NZ ASRX01000048.1 50 myxococcota B

RS GCF 001189295.1 Chondromyces croca-
tus

NZ CP012159.1 1556 myxococcota B

RS GCF 000426345.1 Cupriavidus sp. amp6 NZ AUFE01000129.1 6 proteobacteria A
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RS GCF 000379565.1 Cupriavidus sp.
UYPR2.512

NZ KB903063.1 1 proteobacteria A

RS GCF 000332255.1 Cyanobacterium PCC
7702

NZ KB235926.1 464 cyanobacteria B

RS GCF 000406105.1 Dickeya chrysanthemi
NCPPB 402

NZ CM001974.1 3701 proteobacteria A

RS GCF 000365305.1 Dickeya dianthicola
NCPPB 453

NZ CM001841.1 350 proteobacteria A

RS GCF 000406125.1 Dickeya poaceiphila NZ CM001975.1 345 proteobacteria A
RS GCF 000510685.1 Ensifer aridi NZ AZNX01000014.1 105 proteobacteria A
RS GCF 000409775.1 Halomonas anticarien-

sis FP35 = DSM 16096
NZ KE332392.1 123 proteobacteria B

RS GCF 000955955.1 Lechevalieria aero-
colonigenes

NZ JYJG01000301.1 7 actinobacteria B

RS GCF 000974445.1 Lechevalieria aero-
colonigenes

NZ BBOJ01000028.1 77 actinobacteria B

RS GCF 003269295.1 Lechevalieria ataca-
mensis

NZ QLTT01000008.1 239 actinobacteria B

RS GCF 002150765.1 Lentzea kentuckyensis NZ MUYM01000084.1 43 actinobacteria B
RS GCF 003265345.1 Lentzea terrae NZ QFWW01000001.1 517 actinobacteria B
RS GCF 002111595.1 Lonsdalea britannica NZ LUTN01000009.1 131 proteobacteria A
RS GCF 002111585.1 Lonsdalea iberica NZ LUTP01000007.1 26 proteobacteria A
RS GCF 002111555.1 Lonsdalea populi NZ LUTM01000008.1 74 proteobacteria A
RS GCF 000688655.1 Lonsdalea quercina

subsp. quercina
NZ JIBO01000010.1 28 proteobacteria A

RS GCF 000688695.1 Lonsdalea quercina
subsp. quercina

NZ JIBQ01000010.1 223 proteobacteria A

RS GCF 001510895.1 Mesorhizobium loti NZ LPWA01000123.1 30 proteobacteria A
RS GCF 003289965.1 Mesorhizobium sp.

CNPSo 3140
NZ QMBQ01000009.1 130 proteobacteria A

RS GCF 004348675.1 Micromonospora sp.
KC606

NZ SMKN01000120.1 6 actinobacteria B

RS GCF 003597675.1 Neorhizobium sp.
NCHU2750

NZ CP030831.1 171 proteobacteria A

RS GCF 003597675.1 Neorhizobium sp.
NCHU2750

NZ CP030831.1 15 proteobacteria A

RS GCF 001612985.1 Nocardia gamkensis
NBRC 108242

NZ BDBM01000003.1 180 actinobacteria B

RS GCF 001613305.1 Nocardia vaccinii
NBRC 15922

NZ BDCC01000100.1 7 actinobacteria B

RS GCF 000308835.1 Nocardia vinacea
NBRC 16497

NZ BAGN01000129.1 63 actinobacteria B
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NCBI species name Gene ID Phylum Clade

RS GCF 000009705.1 Nostoc sp. PCC 7120
= FACHB-418

NC 003272.1 223 cyanobacteria B

RS GCF 000749845.1 Pectobacterium be-
tavasculorum

NZ JQHM01000003.1 363 proteobacteria A

RS GCF 001913135.1 Pseudomonas psychro-
tolerans

NZ CP018758.1 2073 proteobacteria A

RS GCF 001586135.1 Ralstonia
solanacearum

NZ CP014703.1 1080 proteobacteria A

RS GCF 003999715.1 Ralstonia
solanacearum

NZ CP022482.1 1232 proteobacteria A

RS GCF 001425785.1 Rhizobacter sp.
Root1221

NZ LMDI01000045.1 268 proteobacteria B

RS GCF 007000325.1 Rhizobium sp. rho-6.2 NZ SCFK01000035.1 2 proteobacteria A
RS GCF 003240565.1 Rhizobium tumori-

genes
NZ PCDQ01000093.1 36 proteobacteria A

RS GCF 003240565.1 Rhizobium tumori-
genes

NZ PCDQ01000085.1 1 proteobacteria A

RS GCF 000760735.1 Rhodococcus fascians
A44A

NZ JMEX01000009.1 76 actinobacteria B

RS GCF 001894785.1 Rhodococcus fascians
NBRC 12155 = LMG
3623

NZ BCWW01000017.1 35 actinobacteria B

RS GCF 002258315.1 Rhodococcus sp. 06-
462-5

NZ NOYD01000054.1 35 actinobacteria B

RS GCF 002259335.1 Rhodococcus sp. 14-
2483-1-1

NZ NPFX01000024.1 78 actinobacteria B

RS GCF 001514065.1 Streptomyces antibioti-
cus

NZ KQ948422.1 1234 actinobacteria B

RS GCF 003955715.1 Streptomyces aquilus NZ CP034463.1 8229 actinobacteria B
RS GCF 000720475.1 Streptomyces aureocir-

culatus
NZ JOAP01000046.1 42 actinobacteria A

RS GCF 000719285.1 Streptomyces bicolor NZ JOFS01000067.1 23 actinobacteria B
RS GCF 001514235.1 Streptomyces caerulea-

tus
NZ KQ948929.1 499 actinobacteria B

RS GCF 004028635.1 Streptomyces cyaneus NZ RQJW01000016.1 154 actinobacteria B
RS GCF 001550375.1 Streptomyces eu-

ropaeiscabiei
NZ LRTR01000929.1 5 actinobacteria B

RS GCF 000718165.1 Streptomyces fulvovio-
laceus

NZ JOEY01000020.1 101 actinobacteria B

RS GCF 002954775.1 Streptomyces geranii NZ PJME01000030.1 62 actinobacteria B
RS GCF 900188405.1 Streptomyces

glauciniger
NZ FZOF01000021.1 96 actinobacteria A
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(GTDB ID)

NCBI species name Gene ID Phylum Clade

RS GCF 001418565.1 Streptomyces gramini-
latus

NZ LIQQ01000089.1 10 actinobacteria B

RS GCF 004348415.1 Streptomyces haina-
nensis

NZ SMKI01000157.1 4 actinobacteria B

RS GCF 004348415.1 Streptomyces haina-
nensis

NZ SMKI01000289.1 14 actinobacteria B

RS GCF 000317595.1 Streptomyces ipo-
moeae

NZ AEJC01000522.1 3 actinobacteria B

RS GCF 002154605.1 Streptomyces milbe-
mycinicus

NZ MUNE01000113.1 6 actinobacteria B

RS GCF 001751255.1 Streptomyces nanshen-
sis

NZ LJGW01000377.1 72 actinobacteria A

RS GCF 001751255.1 Streptomyces nanshen-
sis

NZ LJGW01000252.1 26 actinobacteria A

RS GCF 001509475.1 Streptomyces regalis NZ LLZG01000411.1 109 actinobacteria B
RS GCF 002155885.1 Streptomyces rhi-

zosphaericus
NZ MUMC01000754.1 2 actinobacteria A

RS GCF 004348315.1 Streptomyces sp.
8K308

NZ SMKC01000179.1 7 actinobacteria B

RS GCF 900114955.1 Streptomyces sp. cf124 NZ FOUV01000016.1 167 actinobacteria B
RS GCF 900103585.1 Streptomyces sp. cf386 NZ FNHV01000013.1 22 actinobacteria B
RS GCF 001746295.1 Streptomyces sp.

LUP47B
NZ MJAH01000006.1 593 actinobacteria B

RS GCF 002224125.1 Streptomyces sp. NBS
14/10

NZ NCSM01000005.1 275 actinobacteria B

RS GCF 001280005.1 Streptomyces sp.
NRRL WC-3618

NZ LGDW01000086.1 5 actinobacteria B

RS GCF 000972385.1 Streptomyces sp.
WM6386

NZ JXTE01000013.1 17 actinobacteria B

RS GCF 000331005.1 Streptomyces turgidis-
cabies Car8

NZ AEJB01000361.1 396 actinobacteria B

RS GCF 000331005.1 Streptomyces turgidis-
cabies Car8

NZ AEJB01000023.1 14 actinobacteria B

RS GCF 001270495.1 Streptomyces viri-
dochromogenes

NZ LGUR01000002.1 359 actinobacteria B

RS GCF 000204075.1 Trichormus variabilis NC 007413.1 2780 cyanobacteria B
RS GCF 002879875.1 Trinickia caryophylli NZ PNXZ01000006.1 136 proteobacteria A
RS GCF 002939705.1 Xanthomonas albilin-

eans
NZ MDCB01000005.1 57 proteobacteria A

RS GCF 001304695.1 Xanthomonas ax-
onopodis

NZ JFAQ01000171.1 2 proteobacteria A

RS GCF 900092025.1 Xanthomonas bromi NZ FLTX01000115.1 8 proteobacteria A
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RS GCF 004136375.1 Xanthomonas oryzae
pv. oryzae

NZ CP031697.1 3319 proteobacteria A

RS GCF 000963005.1 Xanthomonas sp. GPE
39

NZ JZHZ01000007.1 2404 proteobacteria A

RS GCF 002940605.1 Xanthomonas theicola NZ MIGX01000097.1 15 proteobacteria A
RS GCF 000331775.1 Xanthomonas translu-

cens pv. translucens
DSM 18974

NZ CAPJ01000301.1 7 proteobacteria A
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Supplementary Table 3

Table 3: Metadata table of IPT-containing bacteria, including isolation source, evidence of
PGPB or pathogens, and their associated literature source.

NCBI species name Gene ID Isolation
source

Evidence
of pgpb or
pathogen

Justification

Actinobacteria bacterium
OK074

NZ LJCV01000022.1 18 endosphere
of plant
Populus
trichocarpa

unknown -

Agrobacterium arsenijevicii NZ JWIT01000027.1 10 - pathogen cause crown gall tumors on
raspberry and cherry plum269

Agrobacterium fabrum str.
C58

NC 003065.3 163 - pathogen has Ti plasmid that induce tu-
mor formation270

Agrobacterium larrymoorei NZ CP039694.1 185 - pathogen isolated from tumors on Ficus
benjamina271

Agrobacterium rhizogenes NZ CP019703.3 158 - pathogen induce hairy roots272

Agrobacterium rhizogenes NZ SGNY01000016.1 16 - pathogen induce hairy roots272

Agrobacterium rhizogenes
NBRC 13257

NZ BAYX01000012.1 47 - pathogen induce hairy roots272

Agrobacterium rosae NZ NXEJ01000013.1 168 - pathogen isolated from galls273

Agrobacterium rosae NZ NXEJ01000013.1 37 - pathogen isolated from galls273

Agrobacterium rubi TR3 =
NBRC 13261

NZ BBJU01000024.1 64 - pathogen cause crown and root gall274

Agrobacterium rubi TR3 =
NBRC 13261

NZ BBJU01000024.1 106 - pathogen cause crown and root gall274

Agrobacterium tumefaciens NZ CP026926.1 67 - pathogen cause crown gall disease275

Agrobacterium tumefaciens NZ CP039893.1 154 - pathogen cause crown gall disease275

Agrobacterium tumefaciens
str. B6

NZ LMVK01000049.1 146 apple
seedling
crown gall

pathogen cause crown gall disease275

Agrobacterium vitis NZ LMVL02000015.1 19 - pathogen induce galls and necrosis in
grapevines276

Agrobacterium vitis NZ LMVL02000017.1 3 - pathogen induce galls and necrosis in
grapevines276

Agrobacterium vitis NZ MBEV01000035.1 135 crown gall
tumor

pathogen induce galls and necrosis in
grapevines276

Agrobacterium vitis S4 NC 011982.1 225 - pathogen induce galls and necrosis in
grapevines276

Burkholderia sp.
UYPR1.413

NZ JAFD01000245.1 2 - PGPB isolated from a root nodule
of Parapiptadenia rigida, its a
highly efficient nitrogen fixing
symbioint with host P.rigida277

Chondromyces apiculatus
DSM 436

NZ ASRX01000048.1 50 - unknown myxobacteria, form fruiting
bodies278

Chondromyces crocatus NZ CP012159.1 1556 soil PGPB produce antibacterial com-
pounds165

Cupriavidus sp. amp6 NZ AUFE01000129.1 6 - PGPB isolated from root nodule of Mi-
mosa asperata, develop nitro-
gen fixing symbiosis with Mi-
mosa species279
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NCBI species name Gene ID Isolation
source

Evidence
of pgpb or
pathogen

Justification

Cupriavidus sp.
UYPR2.512

NZ KB903063.1 1 native for-
est; Artigas;
Uruguay

PGPB isolated from a root nodule of
Parapiptadenia rigida, nodu-
late and promote the growth
of P. rigida, as well as Mimosa
pudica plants277

Cyanobacterium PCC 7702 NZ KB235926.1 464 - unknown isolated from alkaline siliceous
hot springs, nitrogen fixing bac-
teria280

Dickeya chrysanthemi
NCPPB 402

NZ CM001974.1 3701 - pathogen cause soft rot and wilting dis-
ease281

Dickeya dianthicola
NCPPB 453

NZ CM001841.1 350 - pathogen cause blackleg infection282

Dickeya poaceiphila NZ CM001975.1 345 - pathogen isolated from diseased sugar
cane283

Ensifer aridi NZ AZNX01000014.1 105 - PGPB a nitrogen fixing bacteria, can
develop a beneficial symbiotic
interaction284

Halomonas anticariensis
FP35 = DSM 16096

NZ KE332392.1 123 - PGPB enhance growth of Salicornia.
Halophilic bacteria, produce
EPSs, isolated from saline wet-
land soil285

Lechevalieria aerocoloni-
genes

NZ JYJG01000301.1 7 - PGPB produce antitumor compournd
rebeccamycin286

Lechevalieria aerocoloni-
genes

NZ BBOJ01000028.1 77 - PGPB produce antitumor compournd
rebeccamycin286

Lechevalieria atacamensis NZ QLTT01000008.1 239 - unknown isolated from hyperarid soils287

Lentzea kentuckyensis NZ MUYM01000084.1 43 - PGPB isolated from an equine pla-
centa, produce bactericidal
compound lassomycin288

Lentzea terrae NZ QFWW01000001.1 517 - unknown isolated from soil289

Lonsdalea britannica NZ LUTN01000009.1 131 - pathogen associated with acute oak de-
cline in Great Britain and bark
canker of species of Quercus in
Spain290

Lonsdalea iberica NZ LUTP01000007.1 26 - pathogen associated with acute oak de-
cline in Great Britain and bark
canker of species of Quercus in
Spain290

Lonsdalea populi NZ LUTM01000008.1 74 - pathogen causal agent of bark canker291

Lonsdalea quercina subsp.
quercina

NZ JIBO01000010.1 28 forest pathogen cause bleeding cankers in the
oak bark290

Lonsdalea quercina subsp.
quercina

NZ JIBQ01000010.1 223 forest pathogen cause bleeding cankers in the
oak bark290

Mesorhizobium loti NZ LPWA01000123.1 30 soil from
zinc mining
area

PGPB nitrogen-fixing symbiotic bac-
terium292

Mesorhizobium sp. CNPSo
3140

NZ QMBQ01000009.1 130 - PGPB isolated from nitrogen fixing
nodule of Phaseolus vulgaris293

Micromonospora sp.
KC606

NZ SMKN01000120.1 6 - unknown -

Neorhizobium sp.
NCHU2750

NZ CP030831.1 171 - pathogen a gall forming pathogen294

Neorhizobium sp.
NCHU2750

NZ CP030831.1 15 - pathogen a gall forming pathogen294
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Evidence
of pgpb or
pathogen

Justification

Nocardia gamkensis NBRC
108242

NZ BDBM01000003.1 180 - PGPB exhibited moderate antibiotic
activity against Mycobac-
terium295

Nocardia vaccinii NBRC
15922

NZ BDCC01000100.1 7 - pathogen cause galls on blueberry296

Nocardia vinacea NBRC
16497

NZ BAGN01000129.1 63 - unknown cause nocardiosis in human297

Nostoc sp. PCC 7120 =
FACHB-418

NC 003272.1 223 - PGPB nitrogen fixing bacteria298

Pectobacterium betavascu-
lorum

NZ JQHM01000003.1 363 - pathogen responsible for vascular necrosis
of sugar beet299

Pseudomonas psychrotoler-
ans

NZ CP018758.1 2073 - PGPB produce turnerbactin that con-
tributes to nitrogen fixation300

Ralstonia solanacearum NZ CP014703.1 1080 - pathogen cause bacterial wilt disease301

Ralstonia solanacearum NZ CP022482.1 1232 - pathogen cause bacterial wilt disease301

Rhizobacter sp. Root1221 NZ LMDI01000045.1 268 root PGPB plant symbiotic bacteria302

Rhizobium sp. rho-6.2 NZ SCFK01000035.1 2 - pathogen a causative agent of crown gall
on rhododendron303

Rhizobium tumorigenes NZ PCDQ01000093.1 36 - pathogen isolated from cane gall tumors
on thornless blackberry273

Rhizobium tumorigenes NZ PCDQ01000085.1 1 - pathogen isolated from cane gall tumors
on thornless blackberry273

Rhodococcus fascians
A44A

NZ JMEX01000009.1 76 - pathogen initiate the le304

Rhodococcus fascians
NBRC 12155 = LMG 3623

NZ BCWW01000017.1 35 - pathogen initiate the leafy gall forma-
tion304

Rhodococcus sp. 06-462-5 NZ NOYD01000054.1 35 - pathogen pathogenic isolates166

Rhodococcus sp. 14-2483-
1-1

NZ NPFX01000024.1 78 - pathogen pathogenic isolates166

Streptomyces antibioticus NZ KQ948422.1 1234 soil PGPB produce antibiotics305

Streptomyces aquilus NZ CP034463.1 8229 - unknown isolated from a chinese medical
plant306

Streptomyces aureocircula-
tus

NZ JOAP01000046.1 42 soil unknown -

Streptomyces bicolor NZ JOFS01000067.1 23 soil PGPB Streptomyces bicolor contains
a fox gene cluster that encodes
foxicin, a molecule that act as
siderophore and has moderate
antibiotic activity307

Streptomyces caeruleatus NZ KQ948929.1 499 tomato
rhizosphere
soil sample

PGPB antifungal activities, reduced
the root rot disease of tomato
seedlings caused by phy-
topathogenic Fusarium species
significantly308

Streptomyces cyaneus NZ RQJW01000016.1 154 - PGPB Streptomyces cyaneus CGMCC
4.1671 has antibiotic-encoding
gene clusters308

Streptomyces europaeisca-
biei

NZ LRTR01000929.1 5 - pathogen isolated from common scab le-
sions309

Streptomyces fulvovio-
laceus

NZ JOEY01000020.1 101 - PGPB it is against Fusarium oxys-
porum, which are soil-born
pathogens of plants310

Streptomyces geranii NZ PJME01000030.1 62 - unknown endophytic actinobacterium311
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of pgpb or
pathogen
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Streptomyces glauciniger NZ FZOF01000021.1 96 - PGPB mesophilic bacterium species;
isolated from soil; WICC-A03
is a potential chitinase pro-
ducer for biocontrol of plant
pathogens; chitinase can de-
grade the chitin polymer in
the cell wall of the fungal
pathogen312

Streptomyces graminilatus NZ LIQQ01000089.1 10 Bamboo
forest

unknown isolated from bamboo litter313

Streptomyces hainanensis NZ SMKI01000157.1 4 - unknown isolated from soil in the island
Hainan in China314

Streptomyces hainanensis NZ SMKI01000289.1 14 - unknown isolated from soil in the island
Hainan in China314

Streptomyces ipomoeae NZ AEJC01000522.1 3 - pathogen cause soil rot disease of sweet
potato315

Streptomyces milbemycini-
cus

NZ MUNE01000113.1 6 - PGPB produces milbemycin used
as insecticide and an an-
thelmintic316

Streptomyces nanshensis NZ LJGW01000377.1 72 - unknown -
Streptomyces nanshensis NZ LJGW01000252.1 26 - unknown -
Streptomyces regalis NZ LLZG01000411.1 109 - PGPB Streptomyces regalis NRRL

3151 contains a fox gene cluster
that encodes foxicin, a molecule
that act as siderophore and has
moderate antibiotic activity307

Streptomyces rhizosphaeri-
cus

NZ MUMC01000754.1 2 - unknown -

Streptomyces sp. 8K308 NZ SMKC01000179.1 7 - unknown -
Streptomyces sp. cf124 NZ FOUV01000016.1 167 - unknown isolated from the Populus root

microbiome63

Streptomyces sp. cf386 NZ FNHV01000013.1 22 - PGPB has a ifq gene cluster encodes
for Isofuranonaphthoquinones.
IFQ reported to have antibac-
terial activities317

Streptomyces sp. LUP47B NZ MJAH01000006.1 593 - PGPB promote the growth of the rhi-
zobial partner in vitro and sig-
nificantly increased nodulation
and nitrogen fixation in lucerne
plants318

Streptomyces sp. NBS
14/10

NZ NCSM01000005.1 275 - unknown isolated from sediment river319

Streptomyces sp. NRRL
WC-3618

NZ LGDW01000086.1 5 soil unknown -

Streptomyces sp. WM6386 NZ JXTE01000013.1 17 soil unknown -
Streptomyces turgidisca-
bies Car8

NZ AEJB01000361.1 396 - pathogen produce thaxtomins that cause
potato scab320

Streptomyces turgidisca-
bies Car8

NZ AEJB01000023.1 14 - pathogen produce thaxtomins that cause
potato scab320

Streptomyces viridochro-
mogenes

NZ LGUR01000002.1 359 - PGPB produces the antibiotic strepta-
zolin321

Trichormus variabilis NC 007413.1 2780 - PGPB nitrogen fixing bacteria322

Trinickia caryophylli NZ PNXZ01000006.1 136 - pathogen cause bacterial wilt of carna-
tion323
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Xanthomonas albilineans NZ MDCB01000005.1 57 - pathogen cause leaf scald in sugarcane324

Xanthomonas axonopodis NZ JFAQ01000171.1 2 - pathogen cause cirtrus canker325

Xanthomonas bromi NZ FLTX01000115.1 8 Bromus car-
inatus

pathogen pathogen of bromegrasses326

Xanthomonas oryzae pv.
oryzae

NZ CP031697.1 3319 - pathogen rice bacterial blight
pathogen327

Xanthomonas sp. GPE 39 NZ JZHZ01000007.1 2404 water
droplets on
sugarcane
leaves

unknown close to sugarcan pathogen X.
albilineans324

Xanthomonas theicola NZ MIGX01000097.1 15 - pathogen causal agent of bacterial canker
on tea plants328

Xanthomonas translucens
pv. translucens DSM 18974

NZ CAPJ01000301.1 7 - pathogen cause disease in cereal crops
and forage grasses329
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Supplementary Table 4

Table 4: GTDB species name and NCBI species name of the IPT-containing genomes found
in the GTDB database.

Genome accession (GTDB ID) GTDB species name NCBI species name
RS GCF 000009705.1 Trichormus sp000009705 Nostoc sp. PCC 7120
RS GCF 000016285.1 Allorhizobium vitis A Agrobacterium vitis
RS GCF 000092025.1 Agrobacterium fabrum Agrobacterium fabrum
RS GCF 000204075.1 Trichormus variabilis A Trichormus variabilis
RS GCF 000308835.1 Nocardia vinacea Nocardia vinacea
RS GCF 000317595.1 Streptomyces ipomoeae Streptomyces ipomoeae
RS GCF 000331005.1 Streptomyces turgidiscabies Streptomyces turgidiscabies Car8
RS GCF 000331775.1 Xanthomonas translucens Xanthomonas translucens
RS GCF 000332255.1 Chlorogloeopsis sp000332255 Cyanobacterium PCC 7702
RS GCF 000365305.1 Dickeya dianthicola Dickeya dianthicola
RS GCF 000379565.1 Cupriavidus sp000379565 Cupriavidus sp. UYPR2.512
RS GCF 000406105.1 Dickeya chrysanthemi Dickeya chrysanthemi
RS GCF 000406125.1 Dickeya sp000406125 Dickeya sp. NCPPB 569
RS GCF 000409775.1 Halomonas A anticariensis Halomonas anticariensis
RS GCF 000426345.1 Cupriavidus sp000426345 Cupriavidus sp. amp6
RS GCF 000510685.1 Sinorhizobium aridi Ensifer aridi
RS GCF 000519245.1 Paraburkholderia sp000519245 Burkholderia sp. UYPR1.413
RS GCF 000601485.1 Chondromyces apiculatus Chondromyces apiculatus
RS GCF 000688655.1 Lonsdalea quercina Lonsdalea quercina
RS GCF 000688695.1 Lonsdalea quercina D Lonsdalea quercina
RS GCF 000696095.1 Rhizobium rhizogenes Agrobacterium rhizogenes
RS GCF 000718165.1 Streptomyces fulvoviolaceus Streptomyces fulvoviolaceus
RS GCF 000719285.1 Streptomyces bicolor Streptomyces bicolor
RS GCF 000720475.1 Streptomyces aureocirculatus Streptomyces aureocirculatus
RS GCF 000739935.1 Agrobacterium rubi Agrobacterium rubi
RS GCF 000749845.1 Pectobacterium betavasculorum Pectobacterium betavasculorum
RS GCF 000760735.1 Rhodococcus fascians E Rhodococcus fascians
RS GCF 000949895.1 Agrobacterium arsenijevicii Agrobacterium arsenijevicii
RS GCF 000955955.1 Lentzea aerocolonigenes A Lechevalieria aerocolonigenes
RS GCF 000963005.1 Xanthomonas sp000963005 Xanthomonas sp. GPE 39
RS GCF 000972385.1 Streptomyces sp000972385 Streptomyces sp. WM6386
RS GCF 000974445.1 Lentzea aerocolonigenes Lechevalieria aerocolonigenes
RS GCF 001189295.1 Chondromyces crocatus Chondromyces crocatus
RS GCF 001270495.1 Streptomyces viridochromogenes A Streptomyces viridochromogenes
RS GCF 001280005.1 Streptomyces sp001280005 Streptomyces sp. NRRL WC-3618
RS GCF 001298575.1 Streptomyces sp001298575 Actinobacteria bacterium OK074
RS GCF 001304695.1 Xanthomonas axonopodis Xanthomonas axonopodis
RS GCF 001418565.1 Streptomyces graminilatus Streptomyces graminilatus
RS GCF 001425785.1 Rhizobacter sp001425785 Rhizobacter sp. Root1221
RS GCF 001509475.1 Streptomyces regalis Streptomyces regalis
RS GCF 001510895.1 Mesorhizobium loti A Mesorhizobium loti
RS GCF 001514065.1 Streptomyces antibioticus Streptomyces antibioticus
RS GCF 001514235.1 Streptomyces caeruleatus Streptomyces caeruleatus
RS GCF 001541315.1 Agrobacterium tumefaciens Agrobacterium tumefaciens
RS GCF 001541345.2 Allorhizobium vitis Agrobacterium vitis
RS GCF 001550375.1 Streptomyces europaeiscabiei Streptomyces europaeiscabiei
RS GCF 001586135.1 Ralstonia solanacearum A Ralstonia solanacearum
RS GCF 001612985.1 Nocardia gamkensis Nocardia gamkensis
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RS GCF 001613305.1 Nocardia vaccinii Nocardia vaccinii
RS GCF 001746295.1 Streptomyces sp001746295 Streptomyces sp. LUP47B
RS GCF 001751255.1 Streptomyces nanshensis A Streptomyces nanshensis
RS GCF 001758275.1 Allorhizobium vitis B Agrobacterium vitis
RS GCF 001894785.1 Rhodococcus fascians Rhodococcus fascians
RS GCF 001913135.1 Pseudomonas B psychrotolerans A Pseudomonas psychrotolerans
RS GCF 002005205.3 Agrobacterium rhizogenes A Agrobacterium rhizogenes
RS GCF 002111555.1 Lonsdalea populi Lonsdalea populi
RS GCF 002111585.1 Lonsdalea iberica Lonsdalea iberica
RS GCF 002111595.1 Lonsdalea britannica Lonsdalea britannica
RS GCF 002150765.1 Lentzea kentuckyensis Lentzea kentuckyensis
RS GCF 002154605.1 Streptomyces milbemycinicus Streptomyces milbemycinicus
RS GCF 002155885.1 Streptomyces rhizosphaericus Streptomyces rhizosphaericus
RS GCF 002224125.1 Streptomyces sp002224125 Streptomyces sp. NBS 14/10
RS GCF 002258315.1 Rhodococcus sp002258315 Rhodococcus sp. 06-462-5
RS GCF 002259335.1 Rhodococcus sp002259335 Rhodococcus sp. 14-2483-1-1
RS GCF 002879875.1 Trinickia caryophylli Paraburkholderia caryophylli
RS GCF 002915175.1 Agrobacterium rosae Agrobacterium rosae
RS GCF 002939705.1 Xanthomonas albilineans Xanthomonas albilineans
RS GCF 002940605.1 Xanthomonas theicola Xanthomonas theicola
RS GCF 002943835.1 Agrobacterium deltaense Agrobacterium tumefaciens
RS GCF 002954775.1 Streptomyces geranii Streptomyces sp. A301
RS GCF 003240565.1 Rhizobium tumorigenes Rhizobium tumorigenes
RS GCF 003265345.1 Lentzea terrae Lentzea terrae
RS GCF 003269295.1 Lentzea atacamensis Lechevalieria atacamensis
RS GCF 003289965.1 Mesorhizobium sp003289965 Mesorhizobium sp. CNPSo 3140
RS GCF 003597675.1 Neorhizobium sp003597675 Neorhizobium sp. NCHU2750
RS GCF 003955715.1 Streptomyces sp900206255 Streptomyces sp. GGCR-6
RS GCF 003999715.1 Ralstonia pseudosolanacearum Ralstonia solanacearum
RS GCF 004028635.1 Streptomyces cyaneus Streptomyces cyaneus
RS GCF 004136375.1 Xanthomonas oryzae Xanthomonas oryzae
RS GCF 004348315.1 Streptomyces sp004348315 Streptomyces sp. 8K308
RS GCF 004348415.1 Streptomyces hainanensis Streptomyces hainanensis
RS GCF 004348675.1 Micromonospora sp004348675 Micromonospora sp. KC606
RS GCF 005145045.1 Agrobacterium larrymoorei Agrobacterium larrymoorei
RS GCF 005221325.1 Agrobacterium sp900012625 Agrobacterium tumefaciens
RS GCF 007000325.1 Rhizobium sp007000325 Rhizobium sp. rho-6.2
RS GCF 007002745.1 Agrobacterium rhizogenes B Agrobacterium rhizogenes
RS GCF 900092025.1 Xanthomonas bromi Xanthomonas bromi
RS GCF 900103585.1 Streptomyces sp900103585 Streptomyces sp. cf386
RS GCF 900114955.1 Streptomyces sp900114955 Streptomyces sp. cf124
RS GCF 900188405.1 Streptomyces B glauciniger Streptomyces glauciniger
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Supplementary Table 5

Table 5: Pfam annotations detected five or more than five times in the IPT gene neighbor-
hoods.

Pfam IDs Frequency
PF01745 90-99
PF00005 50-59
PF03641; PF02027 40-49
PF00106; PF01565; PF00753; PF00581; PF09265; PF00528; PF13540; PF08352 20-29
PF00664; PF08240; PF00067; PF01425; PF01032; PF00440; PF00107; PF07690; PF02317;
PF01593; PF01548; PF00698; PF00293; PF02583; PF02371; PF13847; PF11127; PF07992;
PF01527; PF01210

10-19

PF04324; PF02779; PF02518; PF01925; PF00392; PF00155; PF13561; PF12680; PF03734;
PF01497; PF00512; PF00496; PF00415; PF00296; PF13788; PF13556; PF12833; PF12697;
PF03009; PF00227; PF13535; PF13459; PF12911; PF11575; PF04055; PF03050; PF02729;
PF00456; PF00185; PF00072; PF13817; PF13419; PF13385; PF12802; PF12682; PF12681;
PF08305; PF07729; PF06903; PF05957; PF05717; PF05237; PF03466; PF03454; PF03453;
PF03358; PF02983; PF02929; PF02837; PF02836; PF02310; PF01679; PF01483; PF01406;
PF01266; PF01145; PF01019; PF00994; PF00899; PF00881; PF00781; PF00703; PF00672;
PF00665; PF00656; PF00501; PF00126; PF00082; PF00070

5-9
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