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Note to the reader

I strongly recommend reading this thesis in its digital format. Due to the number of

figures containing large amount of data points, some graphs may be di!cult to interpret

in a printed copy, despite e”orts to optimise them for readability on paper. The digital

version allows for zooming in and out, providing a clearer view of the plots and data,

ensuring that the reader can fully appreciate the details presented.

As a result of the work carried out for this project, a first-author paper has been

published. The core content of this paper, including the methodology, results, and

discussion, is presented in Chapter 2 of this thesis. Additionally, excerpts from the

introduction and conclusions are incorporated into Chapters 1 and 5, respectively. The

reference for this publication and its pre-print is listed below.
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clustering is not a reliable proxy for genome-based taxonomy in Streptomyces. Microbial
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Kiepas, A. B., Hoskisson, P. A., & Pritchard, L. (2023). 16s rrna phylogeny and
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Abstract

Accurate taxonomy is central to comparative genomics, our understanding of mi-

crobial evolution, and many aspects of applied microbiology. The current taxonomy of

Streptomyces is under active revision, and resolving this could provide a foundational

framework for genome-based investigation of this important genus, the source of 60% of

clinically-approved antibiotics.

Several approaches have been proposed for taxonomic classification, such as single,

multi-gene, and whole-genome phylogenies, Multilocus-Sequence Typing (MLST) and

Average Nucleotide Identity (ANI). However, these approaches often disagree in detail,

in part due to the varying amounts of genomic data they use to define species.

Reconstructing phylogeny for 14,239 Streptomyces 16S sequences suggests three

major groups but does not place the same species consistently within the tree. Through

ANI analysis, I demonstrate that 16S zero-radius Operational Taxonomic Units (zOTUs)

are often inconsistent with ANI-based taxonomy.

Using six-gene MLST and by updating the canonical pubMLST scheme with 568

new sequence types from all Streptomyces genomes, I find that MLST subdivides

Streptomyces into 278 distinct groups. Using ANI, I establish provisional species and

genus boundaries within and between MLST subgroups, concluding that the current

MLST scheme does not align with genome-based taxonomy, with multiple potential

ix



misclassifications.

Using a core gene tree constructed from single-copy orthologues across Streptomyces

genomes, I obtain a robust phylogeny that recapitulates the three-group structure sug-

gested by 16S and propose that horizontal gene transfer may be common in Streptomyces

even for highly conserved genes. By combining this core gene tree with ANI, I propose

quantitative thresholds for subdividing Streptomyces into new taxa, identifying distinct

groups.

Taken together, my analyses support extensive reclassification of Streptomyces, and

provide a principled basis for making informed decisions about which methods to prefer

for determining Streptomyces taxonomy, and for subdividing these genomes into groups

that support comparative genomics analyses for antibiotic discovery.
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Chapter1

General Introduction

1.1 Antimicrobial Resistance Crisis

Antimicrobial compounds have revolutionised modern medicine (Ventola, 2015).

They are highly e”ective at killing bacteria, making them indispensable for treating

acute bacterial infections (Nemeth et al., 2015). However, their e”ectiveness and, in some

cases, low cost have led to their widespread and sometimes inappropriate prophylactic

use to prevent the likelihood of infections. Antimicrobials were successfully introduced

to assist complex cardiac surgeries, joint replacements and organ transplants (Najjar &

Smink, 2015); to prevent infections in patients diagnosed with HIV or diabetes, and

those that receive chemotherapy (Ventola, 2015); and to control recurrent urinary tract

infections (Marschall et al., 2013). Moreover, antimicrobial agents are now widely used

in agriculture for the treatment and prevention of infections in livestock, and to promote

growth and improve feed e!ciency (Manyi-Loh et al., 2018).

The overuse and misuse of antimicrobials in food, medicine, and agriculture have

contributed to the rise of antimicrobial resistance (AMR) (Ventola, 2015) (Figure

1.1). While antimicrobial resistance genes naturally exist in environmental bacteria,

they can be transferred to clinically relevant strains through horizontal gene transfer.

2
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Additionally, spontaneous mutations may lead to resistance mechanisms, such as target

site modifications, allowing bacteria to evade antimicrobial e”ects (Hughes & Andersson,

2017). When antibiotics are introduced into an environment, they create selective

pressure that favors bacteria carrying resistance genes (Uddin et al., 2021). Over time,

these resistant bacteria proliferate, eventually dominating the population.
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Figure 1.1: Examples of how antibiotic resistance spreads in a population. Figure
adapted from Centers for Disease Control and Prevention (CDC) et al., 2013. When
antibiotics are prescribed to treat acute infections in humans, stopping the course
of antibiotics before the cycle is over can result in the survival and proliferation
of bacteria, worsening the infection. This can result in patients needing hospital
admission for more intensive treatment. In healthcare settings, inadequate hygiene and
contaminated surfaces can facilitate the transmission of infections between patients,
potentially spreading them to the broader community (Michael et al., 2014). Moreover,
patients may occasionally share antibiotics with others as a precautionary measure,
despite medical advice against this practice, which can contribute to the emergence
of drug-resistant bacteria (Alhomoud et al., 2017). These resistant bacteria can then
propagate through human contact, posing significant public health challenges (Michael
et al., 2014).
Animals treated with antibiotics, either to cure infections or as a preventive measure, can
evolve resistant bacteria in their gut flora (Upadhayay & Vishwa, 2014). These resistant
bacteria can enter the environment through animal waste, when used as fertilisers
exposing food crops to antibiotic-resistant bacteria (Founou et al., 2016). Additionally,
resistant bacteria can persist on meat products, potentially transferring to humans
through the consumption of contaminated food or direct contact with infected livestock
(Founou et al., 2016).
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The global crisis of AMR has emerged as a major threat to public health. The number

of global direct deaths caused by antibiotic resistant pathogenic bacteria increased from

700,000 in 2014 (O’Neill, 2014) to 1.27 million in 2019 (Murray et al., 2022a). If left

unchecked, AMR-related deaths are predicted to surpass the current annual mortality

rate caused by cancer, reaching a staggering 10 million deaths per year by 2050 worldwide

(Allcock et al., 2017) (Figure 1.2). Current annual worldwide costs of AMR are estimated

to be around $300 billion and are projected to increase to $1 trillion in the next 30

years (Chokshi et al., 2019; WorldBankGroup, 2016). Infections caused by multi-drug

resistant bacteria can no longer be treated with first-line antibiotics, leading to more

expensive medicines being prescribed, prolonged duration of treatment, and hospital

stays which cause additional problems for overstretched healthcare systems (Porooshat,

2019). Urgent action is required to prevent the spread of drug-resistant microbes. The

loss of productivity caused by infections, prolonged hospital admissions, and premature

death would negatively impact Gross Domestic Product (GDP). It is projected that

this impact could lead to a decrease of 5-7% in GDP in developing countries by 2050

(Porooshat, 2019).
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Figure 1.2: Estimates of annual number of deaths from cancer, strokes, and AMR from
2014 to 2050. The black vertical dashed line represents the current year. The data was
sourced from Feigin et al., 2015; Feigin et al., 2021; Fitzmaurice et al., 2015; Murray
et al., 2022a; O’Neill, 2014; Sung et al., 2021 and Allcock et al., 2017.
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Bacteria can acquire AMR genes by horizontal transfer (Normark & Normark, 2002),

which poses an issue especially in hospitals where bacteria gain a strong advantage from

resistance as a result of being under selective pressure from multiple antibiotics (Evans et

al., 2020). In environments with persistent antibiotic selection pressure, such as hospitals,

bacteria may harbour large reservoirs of AMR genes. This creates conditions where

AMR genes can be readily acquired by pathogens when they are present, potentially

leading to treatment challenges (Kaplan, 2014; Woodford & Ellington, 2007). Among the

most concerning are the ESKAPE pathogens, a group of bacteria known for their ability

to ”escape” the killing mechanisms of antibiotics (Rice, 2008). ESKAPE pathogens

are particularly problematic in healthcare settings due to their high levels of resistance

and association with severe infections. The ESKAPE pathogens were associated with

more than 2.5 million deaths in 2019, contributing to both direct fatalities and indirect

complications that led to death (Table 1.1).
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Table 1.1: Current list of ESKAPE pathogens, their common resistances, and the number of related deaths in 2019.

Pathogen Common Resistance Estimated global
deaths (2019)

Reference

Enterococcus faecium
vancomycin
ampicillin

200,000
Coll et al., 2024

Murray et al., 2022b

Staphylococcus aureus
methicillin
clindamycin

750,000
Lee et al., 2018

Murray et al., 2022b
Drinkovic et al., 2001

Klebsiella pneumoniae
imipenem
ertapenem

650,000
Navon-Venezia et al., 2017

Murray et al., 2022b

Acinetobacter baumannii

meropenem
imipenem
amoxicillin
ticarcillin

450,000
Wu et al., 2023b

Murray et al., 2022b

Pseudomonas aeruginosa

ceftazidime
cefepime

piperacillin
gentamicin
tobramycin
amikacin

350,000
Riera et al., 2011

Murray et al., 2022b

Enterobacter spp.

ampicillin
amoxicillin
ticarcillin
cephalothin
polymyxin

180,000
Davin-Regli et al., 2019
Murray et al., 2022b
Nang et al., 2019
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Modern medicine heavily relies on e”ective antibiotic treatment both prophylactically

to prevent infections and therapeutically to combat acute infections. If we lose e”ective

antibiotics, we risk regressing to a time before their discovery. Acute infections, which

are currently manageable with antibiotics, would once again become major causes of

mortality. Additionally, without e”ective antibiotics, modern medical interventions

including transplants and complex cardiac surgeries would have high mortality rates

from infections (Najjar & Smink, 2015).

Given the current threat to the e”ectiveness of antibiotics and the declining discovery

and development of novel medications (Hutchings et al., 2019), there is an urgent need

for new methods and approaches to accelerate the discovery of antibiotics.

1.2 A brief history of natural bioactive compound discovery

1.2.1 Empirical drug discovery

Mankind’s use of natural compounds with positive e”ect on health dates back to

ancient times, and various plants and herbs have long been used for medical purposes.

The use of medicinal plants likely evolved through an informal, empirical process of trial

and error. E”ective treatments, identified through observations of their e”ects on health,

were retained and passed down through generations based on their observed properties.

This is evident in common names like ”deadly nightshade”, ”pissenlits,” and ”fever

bush,” which reflect their observed e”ects on health and have been passed down through

generations. Herbs and plants, such as Curcuma longa (turmeric) (Akaberi et al., 2021),

Cannabis sativa (marijuana) (Bridgeman & Abazia, 2017) and Papaver somniferum

(opium poppy - a source of morphine); (Brook et al., 2017) which were commonly used
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in ancient medicine, are still recognised for their potential health benefits.

Empirical exploration of medical plants and herbs was widespread through the

Middle Ages. In the 19th Century Paul Ehrlich’s discovery that certain chemical dyes

selectively stained bacterial cells led him to hypothesise that bacteria could produce

molecules capable of selectively killing other bacteria without harming other cells (Valent

et al., 2016). This hypothesis was later confirmed by accidental discovery of the antibiotic

called penicillin by Alexander Fleming in 1928 (Fleming, 1980). This event sparked the

beginning of the Golden Age of naturally occurring antibiotics that peaked in the 1950s

and extended until the late 1960s, during which many novel antibiotics were discovered

(Figure 1.3). During this Golden Age, 20 of the 38 currently known antibiotic classes

were identified (Coates et al., 2011; Hutchings et al., 2019, Table 1.2).
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Table 1.2: Antimicrobial agents and their targets. Synthetic classes are indicated by *. Adapted from Hutchings et al., 2019.

Class Example
Producing

Organism
Target Organism Molecular Target Reference

Aminoglycosides streptomycin

Streptomyces
griseus

Mycobacterium
avium

Protein synthesis:
30S ribosomal

subunit
Waksman

et al., 1946

Tetracyclines oxytetracycline

Streptomyces
rimosus

Mycoplasma
pneumoniae

Protein synthesis:
30S ribosomal

subunit
Petkovic et al.,

2006

Amphenicols chloramphenicol

Streptomyces
venezuelae

Staphylococcus
aureus

Protein synthesis:
50S ribosomal

subunit
Mosher et al.,

1995

Macrolides
erythromycin

A

Saccharopolyspora
erythraeus Brucella spp.

Protein synthesis:
50S ribosomal

subunit
Galvidis et al.,

2015

Tuberactinomycins viomycin

Streptomyces
puniceus

Mycobacterium
tuberculosis

Protein synthesis:
30S and 50S

ribosomal subunits
Finlay et al.,

1951

Continued on next page
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Table 1.2 – Continued from previous page

Class Example
Producing

Organism
Target Organism Molecular Target Reference

Glycopeptides vancomycin

Amycolatopsis
orientalis

Staphylococcus
aureus

Cell wall synthesis:
D-Ala-D-Ala

termini of lipid II Xu et al., 2014

Lincosamides lincomycin

Streptomyces
lincolnensis

Staphylococcus
aureus

Protein synthesis:
50S ribosomal

subunit Du et al., 2012

Ansamycins rifamycin

Amycolatopsis
mediterranei

Mycobacterium
tuberculosis

Nucleic acid
synthesis: RNA
polymerase

Venkateswarlu

et al., 1999

Cycloserines seromycin

Streptomyces
garyphalus

Mycobacterium
tuberculosis

Cell wall synthesis:
inhibition of

alanine racemase
Kumagai et al.,

2010

Streptogramins virginiamycin

Streptomyces
virginiae

Staphylococcus
spp.

Protein synthesis:
50S ribosomal

subunit

Mast and

Wohlleben,

2014
Continued on next page
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Table 1.2 – Continued from previous page

Class Example
Producing

Organism
Target Organism Molecular Target Reference

Phosphonates Fosfomycin

Streptomyces
fradiae

Staphylococcus
aureus

Cell wall synthesis:
MurA inhibition

Dı́ez-Aguilar

and Cantón,

2019

Carbapenems thienamycin

Streptomyces
cattleya Pseudomonas spp.

Cell-wall
biosynthesis
inhibitor

Rodŕıguez

et al., 2011

Lipopeptides daptomycin

Streptomyces
roseosporus

Streptococcus
pneumoniae

Cell wall: cell
membrane
disruption

Miao et al.,

2005

Lipiarmycins tiacumicin B

Dactylosporangium
aurantiacum

Clostridium
di”cile

Nucleic acid
synthesis: RNA
polymerase

De Simeis and

Serra, 2021

Polypeptides actinomycin D

Streptomyces
parvulus

Staphylococcus
aureus

Inhibits RNA
synthesis Lee et al.,

2016b

Bacitracin Bacitracin A
Bacillus subtilis Staphylococcus

spp.
Cell wall synthesis:

inhibition of
dephosphorylation

Johnson et al.,

1945

Continued on next page



1.2.
A

b
rief

h
istory

of
n
atu

ral
b
ioactive

com
p
ou

n
d
d
iscovery

15

Table 1.2 – Continued from previous page

Class Example
Producing

Organism
Target Organism Molecular Target Reference

Polymyxins polymyxin B
Bacillus polymyxa Klebsiella

pneumoniae
Outer cell
membrane
disruption

Zavascki et al.,

2007

Mupirocin mupirocin

Pseudomonas
fluorescens

Haemophilus
influenzae

Protein synthesis:
isoleucyl t-RNA

synthetase
Sutherland

et al., 1985

Monobactams nocardicin A

Nocardia
uniformis Pseudomons spp.

Bacterial cell wall
integrity and
synthesis

Aoki et al.,

1976

Penicillins penicillin

Penicillium
notatum Escherichia coli

Cell wall synthesis:
penicillin-binding

proteins
Toghueo and

Boyom, 2020

Fusidic acid Fusidic acid

Fusidium
coccineum

Staphylococcus
aureus

Protein synthesis:
elongation factor G

Curbete and

Salgado, 2016

Enniatins enniatin B

Fusarium
tricinctum Candida albicans

Cell wall: cell
membrane
disruption

De Felice

et al., 2023

Continued on next page
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Table 1.2 – Continued from previous page

Class Example
Producing

Organism
Target Organism Molecular Target Reference

Cephalosporins
Cephalosporin

C

Acremonium
chrysogenum

Streptococcus
pneumoniae

Cell wall synthesis:
penicillin-binding

proteins
Lin and Kück,

2022

Pleuromutilins Retapamulin

Clitopilus
scyphoides

Streptococcus
pyogenes

Protein synthesis:
50S ribosomal

subunit
Yang and

Keam, 2008

Arsphenamines* melarsoprol NA

Trypanosoma
brucei

Disruption of
Cellular

Membranes
Alibu et al.,

2006

Sulfonamides* Mafenide NA
Pseudomonas spp.

Folate synthesis:
inhibition of

dihydropteroate
synthetase

Acaban et al.,

2024

Salicylates*

Para-

aminosalicylic

acid

NA

Mycobacterium
tuberculosis

Folate synthesis:
prodrug that

inhibits
dihydrofolate
reductase

Chakraborty

et al., 2013

Continued on next page
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Table 1.2 – Continued from previous page

Class Example
Producing

Organism
Target Organism Molecular Target Reference

Sulfones* Dapsone NA

Pneumocystis
carinii

Folate synthesis:
inhibition of

dihydropteroate
synthetase Hughes, 1998

Pyridinamides* Isoniazid NA

Mycobacterium
tuberculosis

Cell wall: prodrug
that inhibits the

synthesis of
mycolic acids

Timmins and

Deretic, 2006

Nitrofurans* Nitrofurantoin NA
Escherichia coli DNA synthesis:

DNA damage
Munoz-Davila,

2014

Azoles* Metronidazole NA

Gardnerella
vaginalis

DNA synthesis:
DNA damage

Löfmark et al.,

2010

(Fluoro)quinolones* Ciprofloxacin NA

Pseudomonas
aeruginosa

DNA synthesis:
inhibition of DNA

gyrase, and
topoisomerase IV

Scully et al.,

1986

Continued on next page
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Table 1.2 – Continued from previous page

Class Example
Producing

Organism
Target Organism Molecular Target Reference

Diaminopyrimidines* Trimethoprim NA

Pneumocystis
carinii

Folate synthesis:
inhibition of
dihydrofolate
reductase Smilack, 1999

Ethambutol* Ethambutol NA

Mycobacterium
avium

Cell wall:
arabinosyl
transferase
inhibition

Kim et al.,

2019

Thioamides* Ethionamide NA

Mycobacterium
tuberculosis

Cell wall: prodrug
that inhibits the

synthesis of
mycolic acids

DeBarber

et al., 2000

Phenazines* Clofazimine NA

Mycobacterium
leprae

DNA synthesis:
binds to guanine

bases
Cholo et al.,

2012

Oxazolidinones* Linezolid NA

Enterococcus
faecium

Protein synthesis:
50S ribosomal

subunit
Hashemian

et al., 2018

Continued on next page
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Table 1.2 – Continued from previous page

Class Example
Producing

Organism
Target Organism Molecular Target Reference

Diarylquinolines* Bedaquiline NA

Mycobacterium
tuberculosis

ATP synthesis:
proton pump
inhibition Mahajan, 2013
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Production of bioactive secondary metabolites enhances the biological fitness of the

producing organisms (Williams et al., 1989). These compounds are synthesised as part

of many processes including defence mechanisms, nutrient acquisition processes, and

chemical communication strategies. They are encoded by clusters of genes known as

biosynthetic gene clusters (BGCs), which typically range in size from approximately

6.2kb (Wuisan et al., 2021) to 249.7kb (Hou et al., 2023). Genes found in BGCs

encode enzymes responsible for synthesis, assembly, resistance, regulation and transport

(Medema et al., 2015). Because molecules synthesised by these BGCs provide selective

advantage to the host, they are often spread in populations through the mechanisms

of HGT (Fischbach et al., 2008; Jenke-Kodama & Dittmann, 2009). As gene clusters

contain entire metabolic pathways or functional modules, enabling a single transfer event

to potentially move all necessary components—such as enzymes, regulatory proteins,

and transport mechanisms—required for expressing a new trait in the recipient organism.

This comprehensive transfer increases the likelihood that the new trait will be active,

with the opportunity to be both functional and advantageous. In particular, successful

genetic exchange of BGCs between organisms can allow bacteria to exploit new ecological

niches and adapt to varying environmental conditions (Fischbach et al., 2008; Ochman

et al., 2005).

There are several diverse structural classes of BGCs of which polyketide synthases

(PKS) and non-ribosomal peptide synthases (NRPS) attract the most attention due to

their significant pharmaceutical impact. They have been found to possess antimicrobial,

anticancer, antifungal, immunosuppressant, and antiparasitic properties (Baltz, 2021;
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1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010

Salvastran

Sulfonamides

Aminoglycosides

Tetracyclines

Amphenicols

Polypeptides

Bacitracin

Penicillins

Sulfones
Salicylates

Macrolides
Glycopeptides

Tuberactinomycins

Polymixins

Nitrofurans
Pyridinamides

Ansamycins

Lincosamides
Streptogramins

Cycloserine

Fusidic acid
Cephalosporins

Enniatins

Quinolones

Azoles

Phenazines
Diaminopyrimidines

Ethambutol

Thioamides

Phosphonates

Carbapenems

Mupirocin
Monobactams

Lipopeptides

Pleuromutilins

Oxazolidinones

Liparamycins

Diarylquinolines

Produced by
Actinomycete

Produced by
other bacteria

Produced by
fungi

Synthetic

1Figure 1.3: Timeline illustrating the introduction of new antibiotic classes into clinical
use. The ’Golden Age’ of antibiotics is highlighted in yellow, and the source of each
antibiotic class is shown in a di”erent colour. Figure adapted from Hutchings et al.,
2019.
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Buermans & Dunnen, 2014; Mart́ınez-Núñez & López, 2016). The retention of BGCs is

costly due to their size, and is assumed to be justified by providing a benefit of some

sort to the organism.

Although many microbes including bacteria and fungi synthesise secondary metabo-

lites, the primary source of naturally occurring bioactive compounds currently used

in clinical applications is a single group of filamentous bacteria, the Actinomycetes

(Simeis & Serra, 2021). This prolific production of secondary metabolites is attributed

to their high recombination rates and frequent HGT (Ziemert et al., 2014). Such

genetic flexibility and plasticity enables Actinomycetes to thrive in diverse environments,

including soil, aquatic systems, and extreme habitats (Chevrette et al., 2019c; Seipke

et al., 2012; Sivalingam et al., 2019; Ziemert et al., 2014). This adaptability also drives

the extensive diversification of BGCs within this phylum (Ziemert et al., 2014).

Similarly to the search for plant-derived medicines, the discovery and identification

of compounds produced by microorganisms mostly involves empirical approaches. In the

Golden Age, this exploration focused on identifying compounds exhibiting desired phar-

maceutical behavior in vitro (Singh & Barrett, 2006a; Swinney, 2020) and determining

their e!cacy, mechanism of action, physiochemical properties and spectrum of activity

(Fidock et al., 2004; Singh & Barrett, 2006b). However, identifying compounds with

in vitro activity is not su!cient for developing e”ective medicines; additional factors

such as bioavailability, biodistribution, formulation potential, and toxicity must also

be considered to ensure the compound’s suitability and safety for human consumption

(Blomme & Will, 2016).

The empirical search for candidate therapeutics is a complex, and time consuming
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process, as it relies on extensive trial-and-error laboratory work which often leads to re-

discoveries of already known antibiotics (Katz & Baltz, 2016). Rediscovery, the repeated

identification of known compounds, is problematic because it wastes valuable resources

and time without yielding new therapeutics. Traditional empirical methods screen

strains without knowing in advance whether they produce new or existing compounds.

Many strains may be screened, with many rediscoveries of known secondary metabolites,

before a new potential therapeutic is identified. Genomics based approaches o”er a

promising solution by predicting the biosynthetic potential of strains before experimental

screening, and help exclude those unlikely to produce new compounds (for more details

see section 1.2.2). Taxonomy plays a significant role in this context, as related organisms

often share similar genetic pathways that can lead to the discovery of novel bioactive

compounds. By understanding the taxonomic relationships among microorganisms,

we can more e”ectively target strains with the highest likelihood of producing novel

compounds.

Further limitations arise from our inability to cultivate some microorganisms and

synthesise bioactive compounds in typical laboratory conditions (Li & Vederas, 2009),

which makes empirical drug discovery less e”ective and more di!cult. This challenge

is particularly problematic for organisms that typically live in extreme environments,

for which their unique nutrient requirements cannot be replicated in vitro. Genomics

can help overcome these obstacles by identifying nutrient requirements for fastidious

organisms. Comparative genomics can also identify genes involved in the production of

bioactive compounds with potential novel activity. These genes can be transferred into

model organisms that are more suitable to laboratory cultivation and study, facilitating
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the production and characterisation of their bioactive products (Shi et al., 2019). Despite

its limitations, empirical drug discovery still remains widely used for discovering new

bioactive compounds today (Mo”at et al., 2017).

1.2.2 The influence of genomics on drug discovery

1.2.3 A brief history of genome sequencing

Since the inception of genomic sequencing, the field has undergone remarkable

advancements that have impacted bacterial genomics (Figure 1.4), such as bacterial

taxonomy and drug discovery. Accurate taxonomic classification often relies on genomic

sequencing to distinguish bacterial species, resolve phylogenetic relationships, and refine

microbial taxonomy (see Section 1.3.3). Beyond taxonomy, sequencing has also been

instrumental in antibiotic discovery (see Section 1.2.3). Comparative genomics enables

researchers to identify biosynthetic gene clusters (BGCs) responsible for producing

antimicrobial compounds (Chu et al., 2016).

The journey of genome sequencing began with the sequencing of the first bacterial

genome in 1995: the 1.8Mb genome of Haemophilus influenzae, achieved using the Sanger

method that took over one year to complete at a cost of approximately one million US

dollars (Fleischmann et al., 1995). Early methods like Sanger sequencing (Figure 1.5),

the first generation of sequencing technology, laid the foundation by enabling the reading

of DNA sequences with high accuracy. However, this process was labour intensive and

costly, limiting its application for large-scale genomic projects (Land et al., 2015a).

The advent of second-generation sequencing technologies (Figure 1.5), also known

as next-generation sequencing (NGS), revolutionised the field by significantly lowering

costs and increasing data output. Techniques such as Illumina sequencing allowed for



1.2. A brief history of natural bioactive compound discovery 25

the parallel sequencing of millions of DNA fragments, facilitating large-scale projects

like collection of genotyping data for the International HapMap Project and making

whole-genome sequencing more accessible (Steemers & Gunderson, 2005). According to

Illumina Inc., the cost of sequencing a human genome dropped from $150,000 in 2007

to around $200 in 2023 (data available here.). Similarly, bacterial genome sequencing

costs plummeted from about $50,000 per genome in the early 2000s to approximately

$1 per draft genome today (Land et al., 2015b).

More recently, third-generation sequencing technologies, including single-molecule

real-time (SMRT) sequencing by Pacific Biosciences (PacBio) and nanopore sequenc-

ing by Oxford Nanopore Technologies, have further made sequencing more e!cient,

a”ordable, and accessible. These technologies o”er much longer read lengths, which

are particularly beneficial for assembling complex genomes and detecting structural

variations (Deamer et al., 2016; Rhoads & Au, 2015). Additionally, they enable real-time

sequencing, providing rapid results that are invaluable in clinical and research settings.

These continuous improvements and reductions in costs have made sequencing

bacterial genomes obligatory for almost any research team. It has also led to an unprece-

dented growth of sequence data (Figure 1.6), profoundly impacting modern microbiology,

particularly bacterial genomics (Buermans & Den Dunnen, 2014). The combination

of advancements in sequencing technology and bioinformatics-driven analyses has fa-

cilitated the discovery of antibiotics through comparative genomics (see section 1.2.3),

enabled the development of a more robust and accurate taxonomic framework (see

Section 1.3.3 for detailed information), and enhanced our understanding of bacterial

evolution and interactions.

https://www.illumina.com/company/news-center/press-releases/press-release-details.html?newsid=e0c8adef-8251-49be-a649-d29e249d9953
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Figure 1.4: Timeline of key developments in bacterial genome sequencing. Figure
reproduced from Loman and Pallen, 2015.
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Figure 1.5: Steps in DNA sequencing across three generations. First-generation sequenc-
ing begins with DNA isolation and fragmentation, followed by cloning the fragments
into vectors for amplification. The Sanger method is then used for sequencing, involving
extension and termination of DNA fragments, which are separated by gel electrophoresis
and read to assemble contigs and create a genome map. In second-generation sequencing,
after DNA isolation and fragmentation, adaptors are ligated to the fragments. These
fragments form clusters through amplification on a solid surface. High-throughput
sequencing produces millions of short reads, which are aligned to a reference genome
or assembled de novo to form contigs and a detailed genome map. Third-generation
sequencing also starts with DNA isolation, fragmentation, and adaptor ligation, but it
uses single-molecule technologies like nanopore or SMRT sequencing. These methods
produce long reads directly from single DNA molecules without amplification, allowing
for immediate alignment and the creation of a highly accurate genome map, revealing
complex structural variations and providing deep genomic insights. Figure reproduced
from Srivastav and Suneja, 2019.
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Figure 1.6: Annual submissions of archaeal and bacterial genomes to NCBI. Data
sourced from NCBI genome reports downloaded on the 28th of July 2024.

https://ftp.ncbi.nlm.nih.gov/genomes/GENOME_REPORTS/prokaryotes.txt
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Genome mining of biosynthetic gene clusters

Advances in sequencing technology and the increase in available genomic sequences

enable more powerful approaches for drug discovery, potentially without the need

to cultivate microorganisms or isolate compounds in laboratory settings (Buermans

& Dunnen, 2014). These approaches involve identifying biosynthetic gene clusters

(BGC) responsible for the synthesis of antibiotics in genomic sequences. A number

of bioinformatic tools for genome mining such as antiSMASH (Medema et al., 2011),

SMURF (Khaldi et al., 2010), GECCO (Carroll et al., 2021), and PRISM (Skinnider

et al., 2017) have been developed. These tools, together with increased number of

publicly-available genomes, are expected to accelerate discovery of novel antibiotics and

avoid rediscovery of already-known secondary metabolites (Baltz, 2021). An example of

successful genome mining is the identification of humamycins using antiSMASH (Figure

1.7), which were found to be active against methicillin-resistant Staphylococcus aureus

in vitro (Chu et al., 2016).
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Figure 1.7: Chemical structure of humimycin A. Figure taken from Chu et al., 2016.
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1.2.4 Drug discovery through pangenomic analyses

Pangenome analysis is emerging as a powerful tool for drug discovery and develop-

ment, as well as for studying bacterial populations and microbial ecology. The concept

of the bacterial pangenome was first introduced in 2005 in a paper detailing the complete

gene composition of closely related isolates of Streptococcus agalactiae (Tettelin et al.,

2005).

The pangenome of a group of organisms contains the complete set of genes present

across those organisms (Figure 1.8). The concept divides genes into core and accessory

categories. Core genes are those found in all (or nearly all) individuals within a group,

while accessory genes are present in only a subset of organisms (Chung et al., 2018).

The bacterial core genome is crucial for understanding relatedness among isolates, and

even defining membership of an organism group, by identifying conserved and common

genes (Chung et al., 2018). Accessory genes, on the other hand, can reveal unique

characteristics of individual organisms or subgroups of organisms, as they provide the

genetic flexibility essential for environmental adaptation and the regulation of specific

metabolic pathways (Costa et al., 2020b). However, others argue that the traditional

core-accessory classification of the pangenome oversimplifies its complexity by not

accounting for population structure and biased genome sampling (Horesh et al., 2021).

Genes may have vastly di”erent evolutionary and ecological significance depending on

lineage representation, which traditional methods fail to capture. To address this, a

population structure-aware approach has been proposed to refine gene classification,

providing a more accurate understanding of pan-genome evolution and its underlying
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selective forces (Horesh et al., 2021).
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Figure 1.8: The pangenome concept. A pangenome is the entire gene composition of all strains within a phylogenetic clade. A
pangenome consists of core genes that are present in all (or nearly all) strains, and accessory genes, that are present only in one
genome, or a subgroup of genomes. A pangenome is described as open if the core genome is small and accessory genomes are
large, and as closed if it consists of a large core genome and small accessory genomes. Figure adapted from McInerney et al., 2017

.
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To fully comprehend core and accessory genes, it is important to understand how

genes with varying sequences across di”erent organisms can be considered related. The

term ”homologous” is central to this understanding. Pangenomes are predicted or

calculated based on the assumption that clustered sequences are homologous, meaning

they are derived from a common ancestor (Costa et al., 2020a). Therefore, identifying

homology among selected sequences is essential for generating meaningful pangenomes.

To explore this further, I will focus on two types of homologous genes: paralogs

and orthologs. The distinction between orthologs and paralogs is illustrated in Figure

1.9. Orthologs are genes present in di”erent species that evolved from a common

ancestral gene through speciation (Ridley, 2004). In contrast, paralogs are genes

that arise from the duplication of an ancestral gene within a lineage, independent of

speciation events (Fitch, 1970). As paralogs evolve from a common ancestral gene

through duplication, they diverge and acquire di”erent functions over time (Koonin,

2005). Consequently, orthologous genes are considered more reliable for capturing

evolutionary histories. They are often assumed to maintain similar functions throughout

evolution, and patterns of genetic divergence can aid in studying relationships among

organisms (Koonin, 2005). Paralogous genes introduce complexities when attempting

to calculate meaningful phylogenies or to distinguish between closely related organisms

and species. Distinguishing between paralogous and orthologous genes can be important

for robust and meaningful analyses.
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Figure 1.9: Types of homologous genes. Orthologs correspond to two genes in two di”erent lineages that diverged through a
speciation event. Paralogs are homologous genes present in two di”erent lineages that separated by gene duplication. Figure
adapted from Ridley, 2004.
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The emergence of new genes from functional paralogs of central metabolic pathways

could potentially reveal previously unknown and unexplored chemical compounds, often

referred to as ’chemical dark matter’ (Chevrette et al., 2019a). These new genes,

which are derived through duplication events, might be capable of producing novel

and diverse natural products. For example, Streptomyces species possess redundant

copies of many glycolytic enzymes, such as the pyruvate kinase genes (pyk1 and pyk2).

Although these paralogs perform similar biochemical functions, they have been found

to distinctly modulate secondary metabolite production and fitness in Streptomyces

coelicolor (Schniete et al., 2018a). This demonstrates how the functional diversity of

paralogs can lead to variations in metabolic outputs, including the synthesis of new

natural products (Chevrette et al., 2019a). By studying these paralogs, we can uncover

novel biosynthetic pathways and discover previously unknown compounds.

An important consideration is that distinguishing between paralogs and orthologs

can be challenging due to gene loss events during evolution, which may lead to mistakenly

identifying paralogs as orthologs (Ridley, 2004). For instance, when a duplication event

leads to the formation of orthologs and paralogs, subsequent gene loss in di”erent

lineages may leave only the descendants of the duplicated genes (paralogs) (see Figure

1.10). This can pose challenges, especially when studying microbial diversity through

core-gene phylogenies.
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Figure 1.10: Descendants of copies of the duplicated genes can be lost in di”erent lineages posing a challenge to orthology
identification. Figure adapted from Ridley, 2004.
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Pangenome analyses hold significant potential for accelerating the discovery of novel

antimicrobial candidates and mitigating the e”ects of antimicrobial resistance (AMR).

By conducting pangenome analyses, researchers can compare the complete gene sets

of various organisms. This comparison can reveal unique or less common biosynthetic

gene clusters (BGCs), gene families not found in commonly studied strains, and BGCs

shared in a group of organisms with a common phenotype. Such BGCs may encode

novel antibiotics or other bioactive compounds with potential therapeutic applications

(Livingstone et al., 2018).

The significance of accessory genes can vary. A gene unique to a single organism

might: (i) not provide a substantial advantage, thus o”ering limited insights into biolog-

ical phenomena (Domingo-Sananes & McInerney, 2021); (ii) be an artifact of genome

contamination, especially with poor-quality genomes, potentially misleading biological

interpretations (Tonkin-Hill et al., 2023); (iii) be a recent evolutionary acquisition still

in the process of fixation, o”ering insights into adaptive processes and evolutionary

dynamics (Chevrette et al., 2019a); (iv) result from horizontal gene transfer (Tonkin-Hill

et al., 2023); or (v) be involved in specific ecological interactions or niche adaptations,

enhancing our understanding of the organism’s unique lifestyle and environmental

relationships (Domingo-Sananes & McInerney, 2021).

Closed pangenomes are characterised by a large core genome with relatively small

accessory genomes, suggesting that adding more genomes is unlikely to uncover novel

gene families or bioactive compounds (Figure 1.8). In contrast, open pangenomes feature

a small core genome and a large accessory genome, indicating that new genome additions
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could introduce new genes, potentially including those with antimicrobial activity (Costa

et al., 2020b; Mohite et al., 2022; Rouli et al., 2015). Our understanding of a pangenome

can be influenced by the number of genomes sequenced (sampling bias) or the specific

genomes included in the analysis, leading to observations that may di”er from the

true diversity present in nature. For instance, if sequencing e”orts are concentrated

on a particular subset of the species or genus (e.g., only Streptomyces coelicolor), the

resulting pangenome may not reflect the full variability of gene content across the entire

genus of Streptomyces. Additionally, a pangenome that appears closed with a small set

of genomes might actually reveal more openness and diversity when additional genomes

are sequenced (Domingo-Sananes & McInerney, 2021). Furthermore, there are also

consequences of misclassification of the input dataset. In this hypothetical example,

we can consider pangenome analyses involving isolates from two di”erent genera that

were unintentionally assigned to the same genus, such as Streptomyces griseus and

Micromonospora aurantiaca. These genera are distinct, with separate evolutionary

histories, leading to divergent sets of core and accessory genes. If we were to compare

pangenomes between these two genera, we might observe a greater apparent openness

due to the large number of genes unique to each genus that are not shared. This

apparent openness could mislead us into thinking that each genus’s pangenome is more

expansive than it truly is, when in fact, the observed diversity may primarily reflect the

evolutionary distance and di”erences in gene content between the genera. This can also

lead to redundancy or misleading results if the evolutionary divergence is not adequately

considered (Tonkin-Hill et al., 2023). For a more accurate assessment of pangenome

openness and to avoid biases, it’s crucial to select genomes with similar evolutionary
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backgrounds for comparison or to understand how evolutionary distance influences the

observed pangenome structure (Mohite et al., 2022).

1.3 Taxonomy Across Time: Past, Present, Future

1.3.1 Origins of Taxonomic Classification in Biology

Taxonomic classification has a long history, tracing back to ancient times when

Aristotle first classified animals into three distinct groups based on their locomotion

capabilities: walking, flying and swimming (Bouteau et al., 2021). However, as ducks

can walk, fly, and swim, a more comprehensive system is clearly needed.

The modern classification system and the nomenclature of organisms that we use

today have their roots in the 1700s when Carl Linnaeus introduced the hierarchical

classification system and binomial nomenclature (Linnaeus, 1759). The binomial nomen-

clature introduced by Linnaeus involved assigning latinised two part names, which

consist of the generic name (genus) and the specific name (species). The aim of this

standardised naming system was to eliminate confusion and ambiguity, providing scien-

tists with a common language to communicate precisely about di”erent living organisms.

However, Linnaeus could only assign names to what he knew about, mostly macroscopic

organisms. The diversity of bacteria would not become evident until the 19th century,

when Ferdinand Cohn first implemented Linnaeus’s taxonomic classification in bacteria

in 1872 (Cohn, 1872).

The hierarchical classification system arranged organisms into categories, from more

general (e.g. kingdom) to more specific (e.g. species), allowing for a structured and

comprehensive understanding of the diversity of life (Kämpfer, 2012). The arrangement
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of various life forms into this hierarchical systems is based on shared characteristics.

Since the proposal of the Linnaean system, it has been under continuous debate which

characteristics should be used for assigning taxonomy. For instance, grouping bacteria

by shape alone can yield di”erent results compared to grouping by cell wall composition,

such as Gram-positive and Gram-negative bacteria. Considering a hypothetical scenario,

Bacillus subtilis and Escherichia coli would be placed in the same category if classified

solely by their rod shape. However, when classified by cell wall composition, B. subtilis,

a Gram-positive bacterium, would be separated from E. coli, a Gram-negative bacterium.

This highlights the complexity and ongoing debates in microbial taxonomy, underscoring

the role of human judgment in deciding which characteristics are most informative and

practical for classification. This is inevitable, as the classification of organisms evolves in

response to the available data, progress of our understanding of biology and continuous

advances in technology (Schleifer, 2009).

1.3.2 Brief history of bacterial taxonomic classification

Bacterial taxonomy began in the late 19th century as scientists wished to describe

pathogenic bacteria (Drews, 2000). This interest was mainly driven by an improved

understanding of medical science and public health concerns after an increased awareness

of the involvement of microorganisms in causing diseases. During this time, many

pathogenic bacteria known today, including Bacillus (Ehrenberg, 1834), Vibrio cholerae

(Lippi & Gotuzzo, 2014), and E. coli (Escherich, 1885), were described. Ferdinand

Cohn was the first person to implement Linnaeus’s taxonomic classification in bacteria,

classifying six genera primarily based on morphology (sphericals, short rods, threads,

and spirals) in 1872 (Cohn, 1872). In the context of bacteria, the assignment of names
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historically aimed to reflect specific characteristics, such as pathogenicity, nutritional

preferences, susceptibility to antibiotics, and antibiotic production capabilities. In

modern practice, assigned names are often interpreted as implying those characteristics

(Prinzi & Moore, 2023).

As our knowledge has expanded and more biological data have become available due

to advances in technology and chemistry, taxonomists have developed many new tech-

niques for distinguishing between di”erent bacterial organisms (Schleifer, 2009). This

includes chemotaxonomy, a classification method based on the chemical composition of

bacterial species, particularly the analysis of biochemical and metabolic characteristics.

For example, the development of advanced chromatography and mass spectrometry

has enabled detailed analysis of cell wall components such as peptidoglycan, revealing

variations in its structure and composition (Schleifer & Kandler, 1972). Additionally,

modern gas chromatography and fatty acid methyl ester (FAME) analysis have pro-

vided insights into variations in membrane fatty acids among di”erent bacterial genera

(Cacciapuoti et al., 1991).

The DNA era has had a significant impact on studying evolutionary relationships

by enabling more e!cient and reliable classification of microbes. Ben Hall and Sol

Spiegelman were the first to use DNA in taxonomic classification by developing the

DNA-DNA hybridisation (DDH) technique (Hall & Spiegelman, 1961). This technique

involves several steps. Initially, DNA samples from di”erent isolates are fragmented into

smaller pieces, usually 1200bp. These fragmented DNA samples are then denatured

and allowed to re-anneal, forming hybrid double helices. The hybridisation occurs

both between DNA fragments from the same sample (self-self) and between fragments
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from di”erent samples (self-other). The degree of similarity between the two sequences

is measured based on the di”erence in melting temperature needed to separate the

strands between self-self and self-other. A higher temperature needed to separate

the strands indicates more hydrogen bonds being formed, suggesting a much closer

complementarity between the two sequences, whereas a lower temperature needed to

separate the strands indicates fewer hydrogen bonds, suggesting that the two isolates

are more distantly related. This approach provides a quantitative measure, enabling a

more precise determination of the genetic relationships of microbial taxa. DDH values

above 70% are considered indicative of species-level relatedness (Goris et al., 2007).

Classification of organisms based on shared characteristics (polyphasic classifica-

tion), including visible phenotypes, developmental processes, behavior, and biochemical

properties, as well as DNA-DNA hybridisation and 16S rRNA gene diveristy, relies on

extensive laboratory work. These approaches are often costly and time-consuming, and

can be limited in its ability to resolve di”erences between closely related organisms.

However, recent advances in sequencing technology have allowed for more e!cient and

reliable classification of microbes based on heritable genomic material (Rosselló-Móra &

Amann, 2015). Several classification methods have been proposed to infer likely taxon-

omy by comparing genomic or protein sequences (Thompson et al., 2013). Currently

used taxonomic classification methods compare organisms based on a range of di”erent

characteristics and exploit di”erent amounts of biological information to infer taxonomic

groups (eg. from a single gene to an entire genome) (Chevrette et al., 2019b).
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1.3.3 Taxonomic classification in the genomic era

Single gene taxonomy

In 1977, Woese and Fox were the first to use the sequence of the 16S rRNA gene to

generate a microbial phylogeny (Kapustina et al., 2021; López-Aladid et al., 2023; Woese

& Fox, 1977). 16S rRNA was recognised as a good candidate for studying microbial

diversity and community due to its ubiquitous distribution across all bacterial species,

functional conservation, presence of conserved regions used as sites for PCR priming, and

presence of nine variable regions (V1-V9) that could be used for delineating taxonomic

boundaries (Clarridge, 2004). Additionally, at the time, it was widely assumed that

16S rRNA genes were not subject to HGT, further reassuring its suitability as reliable

phylogenetic marker.

The preferred choice of variable 16S region for phylogenetic reconstruction has

changed over time, evolving alongside advancements in our understanding of microbial

diversity, the availability of new data, and improvements in sequencing technology.

Initially, single variable regions like V4 were used for taxonomic identification due to

their practicality in PCR amplification. Being approximately 250bp long, they allowed

for easier and more cost-e”ective sequencing compared to longer regions. However,

the V4 region was found to be poor in practice as it led to low taxonomic resolution

(Edgar, 2018b). As sequencing technology evolved, it allowed for longer , combined

variable regions such as V3-V4 and V4-V5 to be sequenced, o”ering improved taxonomic

resolution (Bukin et al., 2019). This led to debates over the choice of variable regions for

taxonomic classification, often resulting in di”erent regions being more acceptable for
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di”erent genera. For instance, previous studies showed that the V2 region, but not the

V3 region, is able to distinguish between Mycobacteria and Nocardia at the genus level

(Chakravorty et al., 2007). V6-V9 sub-regions were found to be e”ective in classifying

sequences belonging to the genera Clostridium and Staphylococcus, whereas V3-V5

sub-regions provided better resolution for sequences belonging to Klebsiella (Johnson

et al., 2019).

Phylogenetic tree reconstruction based on 16S rRNA sub-regions was associated

with many discrepancies when compared to polyphasic taxonomies (Edgar, 2018a).

Hence, taxonomists have suggested that hypervariable regions of 16S rRNA provide

enough genetic information for phylogenetic classification to be only carried out at

genus-level and not species-level (Johnson et al., 2019). It was later proposed that

discrepancies in phylogenetic classification can be resolved by investigation of full-length

16S rRNA sequences (Terefework et al., 1998). However, taxonomic classification based

on full-length 16S rRNA sequences can still fail to provide high-resolution phylogenetic

analysis. This approach often produces conflicting branch orders and lacks su!cient

variation in the sequence to accurately assign taxa at the species level, for example,

within Pseudomonas and Actinobacteria (Bosshard et al., 2006).

Outside their traditional use in taxonomic studies, 16S rRNA gene sequences are

extensively used in metabarcoding, a technique for characterising and quantifying micro-

bial communities in environmental samples and studying microbiome diversity (Jiang

et al., 2023; Jovel et al., 2018; Santos et al., 2020). Metabarcoding is an approach used

to unravel the complexities of biological communities by providing detailed insights into

species diversity and ecosystem dynamics. For instance, metabarcoding of environmen-



1.3. Taxonomy Across Time: Past, Present, Future 46

tal samples, such as soil, can reveal changes in the rhizosphere microbial community

in response to disease (Jiang et al., 2023). Similarly, metabarcoding of the human

gut microbiome has uncovered associations between microbial diversity and various

diseases (Jovel et al., 2018), including potential links between gut bacterial dysbiosis

and neurodegenerative diseases (Singh et al., 2022). This application fundamentally

relies on the taxonomic frameworks developed from traditional studies. Essentially, we

have a pre-existing taxonomy of microorganisms, and metabarcoding involves matching

the 16S sequences we obtain from samples to this established taxonomy to identify and

classify the microbes present.

However, the accuracy of assigning taxonomy using 16S rRNA sequences in both

taxonomic classification and metabarcoding studies faces additional challenges. One of

which is the lack of a precise threshold to use that corresponds to a particular taxonomic

circumscription level. Clustering of 16S rRNA sequences at a specified threshold is a

common approach for grouping similar sequences together (Rognes et al., 2016). 16S

rRNA sequence clustering thresholds were established at 95% identity for defining the

same genus and 97% for the same species (Stackebrant & Goebel, 1994), with the species

threshold later revised to 98.7% (Stackebrandt, 2006). These thresholds were proposed,

when only a small fraction of the currently-known 16S rRNA sequences were available

(Stackebrandt, 2006; Stackebrant & Goebel, 1994). It was later proposed to treat each

unique 16S rRNA sequence as a distinct taxonomic unit (zero Operational Taxonomic

Unit; zOTU) (Edgar, 2018c). However, with the recent increase in available 16S rRNA

sequences, it is now known that:

1. Distinct species can share identical 16S rRNA sequences, such as Bacillus glo-
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bisporus and Bacillus psychrophilus (Fox et al., 1992), potentially leading to

misidentification of taxa.

2. Some species possess multiple diverse copies of the 16S rRNA gene (Eren et al.,

2013), which can result in overestimation of abundance in bacterial populations.

This discrepancy arises because the number of 16S gene copies in a genome does

not always reflect the true abundance of a bacterial taxon in the sample.

3. Strain-level isolates of the same species, such as E. coli K12 (Eren et al., 2013),

may have di”erent 16S sequences, which can lead to an overestimation of bacterial

diversity.

Multi-gene taxonomic studies

Studying evolutionary relationships and classifiying bacteria using multiple gene

markers is expected to improve taxonomic resolution as using multiple genes provides

a greater number of informative nucleotide sites compared to study of a single gene

(Schleifer, 2009). Both approaches often utilise the use of housekeeping genes, which

are involved in the maintenance of fundamental biological processes and considered

essential for bacterial survival. These housekeeping genes are often highly conserved

across bacterial species within the same group (e.g., genus, species), making them good

candidates for studying bacterial diversity. However to be e”ective for bacterial typing

purposes, genes must be present in many taxa while also being su!ciently variable in

sequence to provide useful phylogenetic information. Examples of bacterial housekeeping

genes might include those encoding enzymes involved in:

1. DNA replication, such as those involved in the repair of DNA damage (gyrB) or
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initiation of DNA replication (dnaA) (Miyoshi-Akiyama et al., 2013).

2. transcription, like those encoding for the subunits of RNA polymerase needed for

the elongation of DNA (rpoB) (Jacobson et al., 2008).

3. translation, genes encoding a GTPase involved in translation elongation (elpA)

(Godoy et al., 2003).

4. metabolism, like atpD, which encodes for a crucial component of the ATP synthase

enzyme complex (Baldwin et al., 2009).

5. components of the bacterial ribosome (16S and 23S) (Inoue et al., 2011; Rimbara

et al., 2012)

The multilocus sequence typing (MLST) approach was first introduced in 1998 and

applied to characterise an exemplar organism Neisseria meningitidis (Maiden et al.,

1998a). This choice of organism was due to the di!culties previous methods faced

with N. meningitidis because of its frequent recombinational exchanges among lineages.

MLST enables discrimination of bacterial diversity based on the comparison of internal

sequence fragments of usually 5-7 gene markers (Figure 1.11). In MLST, each marker

variant is screened for identity against a database of already known marker sequences.

Each variant sequence is considered to be a distinct allele and is assigned a unique allele

number. For each isolate, the allele numbers are combined to produce a profile, and

each unique profile is assigned a unique sequence type (ST) (Aanensen & Spratt, 2005).

Bacterial isolates sharing the same ST are considered to be closely related, and it is

usually assumed that MLST provides resolution at a taxonomic level below species (Pilo

et al., 2021).
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MLST has been popular as it can:

1. Provide fast, scalable and reproducible typing (Urwin & Maiden, 2003).

2. Be used to study bacterial relatedness and to infer population structure (Spilker

et al., 2012).

3. Trace the origin and spread of AMR (Wang et al., 2021).

However, MLST has been criticised on the basis of:

1. Lack of a universal set of marker sequences suitable to study all bacterial strains,

as organisms di”er in composition of their core genomes, making it impossible

to use the same set of markers between, and sometimes within, di”erent genera

(Jolley & Maiden, 2014; Jolley et al., 2018; Larsen et al., 2012; Thomas et al.,

2006).

2. Some sets of markers might not reflect evolutionary relationships inferred from

whole-genome sequences (Tsang et al., 2017).

3. Isolates can only be compared if one variation of each marker gene is present (i.e.

markers must be present in single copies, and this is not always true).

4. There are no clear criteria for selection of appropriate marker genes and, there is

a lack of systematic exploration of alternative markers (Schleifer, 2009).

MLSA is similar to MLST in that it studies bacterial diversity based on a set of

several genes. The term MLSA was initially proposed by Gevers et al., 2005 and

described as a genotypic approach for investigating wider taxonomic groups such as
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genera, using sequences derived from multiple protein-coding genes. The main di”erence

between MLST and MLSA is that MLST is a clustering-based method that relies on STs

(allelic profiles) to describe the relationship between isolates, while MLSA uses genomic

sequences to construct phylogenetic trees (Gevers et al., 2005; Glaeser & Kämpfer, 2015),

providing enhanced resolution and the ability to resolve discrepancies in phylogenetic

studies based on single-gene phylogeny (e.g., 16S rRNA) (Rong & Huang, 2010a).

MLSA was proposed as a potential replacement for DNA-DNA hybridization in species

delineation, and has been used to help delineate novel species (Vandamme & Peeters,

2014). However, both MLSA and MLST have also been associated with discrepancies

in taxonomic classification (Jin et al., 2020). This led to the proposal of core-genome

MLST (cgMLST) which expands on the principles of MLST by examining the core set

of genes shared across all strains within a set of organisms (often within a species),

rather than relying on a smaller set of housekeeping genes. This approach allows for a

finer resolution of bacterial diversity and can provide insights into relationships at a

more granular level than traditional MLST (De Been et al., 2015).
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ATCG TTGC TCC GGCC TACT ATTA Sequence Type 1:
1,1,1,1,1,1

16S atpD rpoB trpB gyrB recA

Variant 1 Variant 1 Variant 1 Variant 1 Variant 1 Variant 1

Known isolate

Unknown isolate A

ATCG TTGC TCC GGCC TACT ATTA Sequence Type 1:
1,1,1,1,1,1

Variant 1 Variant 1 Variant 1 Variant 1 Variant 1 Variant 1

Unknown isolate B

AATG TTGC TCT GGCC TACG ATTA Sequence Type 2:
2,1,2,1,2,2

Variant 2 Variant 1 Variant 2 Variant 1 Variant 2 Variant 2

1
Figure 1.11: Illustration of multilocus sequence typing (MLST). Each genome contains seven housekeeping genes, each indicated
by a di”erent colour. MLST involves screening each input allele sequence (unknown isolate A and unknown isolate B) against a
database of previously known allele sequences, each of which has been assigned an allele number. When a locus sequence does not
match any sequence in the database, a new allele number is assigned (indicated here by a darker fill colour). The assigned allele
numbers are combined into allelic profiles that are used to characterise strains. Each allelic profile is assigned a unique sequence
type identifier
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Whole genome taxonomy

An organism’s whole genome encompasses its entire set of genes and provides a

comprehensive blueprint that contributes to its function and survival, as well as highly

detailed information about the organism’s evolutionary history (Goldman & Landweber,

2016). The genome comprises coding regions that encode proteins and non-coding

regions responsible for regulating gene expression and other biological processes whose

functions may still be unknown or unclear. The genomic data provided by whole genomes

serves as a valuable resource for taxonomic classification, containing all the information

needed to understand complex relationships across microbial taxa (Whitman, 2015).

Rapid advances in technology have enabled faster and more a”ordable sequencing,

making genome sequences more accessible for studying bacterial diversity (Land et al.,

2015b). As of April 15th, 2024, a total of 3,333,621,823 whole genome sequences have

been submitted to the National Centre for Biotechnology Information (NCBI) (Sayers

et al., 2021) (Figure 1.12).
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Figure 1.12: Summary Statistics of GenBank and WGS (Whole Genome Shotgun)
sequence submissions in NCBI. Figure sourced from NCBI GenBank and WGS Statistics
Page accessed on the 7th of August 2024.

https://www.ncbi.nlm.nih.gov/genbank/statistics/
https://www.ncbi.nlm.nih.gov/genbank/statistics/
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Studying evolutionary relationships using whole genomes has gained widespread

uptake for the following reasons:

• It includes more genomic variation, o”ering higher phylogenetic resolution and

a deeper understanding of evolutionary relationships (Brumfield et al., 2020;

Chevrette et al., 2019b).

• It can be used to detect misidentified and misclassified strains (Figueras et al.,

2014).

• It can identify cryptic species, which are morphologically indistinguishable but

genetically distinct (Jin et al., 2020).

However, there are also challenges associated with whole genome taxonomy. For

instance, it can require large amounts of storage and computational resources for analy-

sis, as analysing large genomic datasets can be time-consuming and computationally

expensive (Servedio et al., 2015). Additionally, low-quality genomes (e.g., contaminated

and incomplete genomes) can introduce errors and lead to biased observations (Li &

Yin, 2022). For example, low-quality genomes arising from contamination or incomplete

sequencing may lead to inaccurate phylogenetic trees or misinterpretations of evolution-

ary relationships (Lemmon et al., 2009; Schloss et al., 2011). Contamination can be

detected using tools like CheckM, which helps identify and exclude problematic contigs

(Parks et al., 2015). Incomplete genomes can similarly be flagged by comparing the

genome size to expected values or using CheckM to assess completeness.

Several whole-genome-based classification methods have been developed. For in-
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stance, inferring phylogenies from the concatenated set of genes shared between organ-

isms that have remained in a single copy (single-copy orthologs; SCOGs) since the last

common ancestor. SCOGs are useful for studying bacterial diversity as they are often

involved in biological processes essential for the organism’s survival and growth, rather

than genes involved in niche-specific adaptations (Ciccarelli et al., 2006). Since they are

present in one copy per genome, they allow for a 1-to-1 mapping, ensuring consistency

and robustness in comparative analyses. Although they reflect more than one potential

gene history, phylogenies inferred from SCOGs are considered to provide more reliable

taxonomic classification compared to single-gene or multi-gene phylogenies, often re-

vealing discrepancies in current taxonomic classifications. Additionally, this method

has led to the proposal of novel genera such as Denitrificimonas, Parapseudomonas,

and Neopseudomonas, which were previously classified as Pseudomonas, which were

previously indistinguishable with single or multi-gene approaches, (Saati-Santamaŕıa

et al., 2021).

Whole-genome sequence classifications can also be based around distance methods

such as Average Nucleotide Identity (ANI). ANI was initially proposed to mimic the DDH

method for defining species boundaries. ANI quantifies the genetic distance between two

genomes by aligning similar regions, allowing for insertion, deletions and substitutions.

An ANI identity value is then calculated to represent the nucleotide identity over these

aligned regions (Goris et al., 2007). A typical threshold for species boundary is 95%,

which has been found to be consistent with the traditional DDH threshold of 70% (Ondov

et al., 2016; Richter & Rosselló-Móra, 2009). While ANI provides a robust framework for

species delineation, according to the International Code of Nomenclature of Prokaryotes
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(ICNP), formal guidelines for genus description remain undefined (Parker et al., 2015).

Additionally, there is no universally accepted rule for defining genus boundaries in

whole-genome comparisons. Some researchers use percentage of conserved proteins

(POCP) and Average Amino Acid (AAI) values to classify genera (Barco et al., 2020;

Qin et al., 2014), but these are not standardised criteria, nor are they required for genus

designation. This lack of standardised criteria suggests that further investigation into

appropriate thresholds for genus-level classification is necessary. A critical consideration

in this context is determining the threshold at which two genomes should no longer

be regarded as part of the same genus. Closely related genera tend to share a higher

proportion of their genetic material (Goris et al., 2007), so more closely related organisms

are expected to exhibit greater alignment length. One theoretical approach suggests

that a 50% genome coverage threshold could serve as a useful starting point for genus

classification (Pritchard et al., 2015). The rationale is that if two genomes (A and B)

share less than 50% of their genetic material by alignment length, a significant portion of

one genome (e.g., genome A) may instead be more closely related to a di”erent genome

(e.g., genome C), which has no homology with genome B. For example, if genome A and

genome B share only 20% of their sequence, while genome A shares 80% of its sequence

with genome C—but genome B and C have no detectable homology—then classifying A

and B within the same genus may not be justifiable. This suggests that below a 50%

threshold, genomic continuity between two organisms weakens to the point where they

may be more appropriately placed in separate genera. While the 50% genome coverage

threshold is not a diagnostic measure, it provides a practical starting point for genus

delineation. It o”ers a preliminary framework for assessing taxonomic relationships,
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guiding further investigation before more sophisticated classification methods or refined

thresholds can be proposed and applied.

Several bioinformatics tools for measuring ANI, such as pyANI (Pritchard et al.,

2015), OrthoANI (Lee et al., 2016a), FastANI (Jain et al., 2017), Mash (Ondov et

al., 2016), sourmash (Brown & Irber, 2016) and JSpecies (Richter et al., 2016), have

been developed. These tools, along with the increasing number of genomic sequences,

allow for more robust taxonomic classification of organisms. They have been identified

discrepancies between whole-genome methods and single-gene taxonomy (Chevrette

et al., 2019b), while being scalable for large datasets (Varghese et al., 2015) and

identification of mislabeled genomes (Figueras et al., 2014).

ANI typically involves searching for and aligning genome sequences, followed by

calculation of identity (Goris et al., 2007). Over time, many algorithms have been

proposed in response to increased availability of genomic data and advances in technology.

In the original concept of ANI proposed by Goris (Goris et al., 2007), fragmented query

sequences of 1020bp are aligned against intact subject sequences using BLAST (Altschul

et al., 1990): the ANIb algorithm. Later, in 2009, Richter and Rosselló-Móra developed

the ANIm algorithm that uses MUMmer software (Kurtz et al., 2004) to align entire

genome sequences identifying maximal unique matches, which are then used to calculate

the final ANI value (Richter et al., 2016).

Alternative approaches and methods have been recently developed such as fastANI,

Mash, sourmash and OrthoANI (Brown & Irber, 2016; Jain et al., 2017; Lee et al., 2016a;

Ondov et al., 2016). FastANI, Mash, and sourmash are alignment-free methods that

use MinHash sketching, a technique that approximates genome similarity by comparing
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representative subsets of k-mers instead of performing full alignments. These methods

calculate a Jaccard index based on shared k-mers between genome sketches, which is then

converted into a Mash distance and used to estimate ANI. By avoiding computationally

expensive alignments, MinHash-based approaches enable rapid, large-scale genome

comparisons while maintaining high accuracy for closely related sequences. On the

other hand, OrthoANI calculates the ANI value by fragmenting both genomes (query

and subject) into 1020bp long fragments, identifying pairs of fragments with reciprocal

best hits, and reporting values for all reciprocal best hits with the exclusion of matches

with less than 1020 bp. Since ANI was first introduced in 2007, several bioinformatics

tools have been developed to estimate ANI values using di”erent algorithms, which are

summarised in Table 1.3.
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Table 1.3: A summary description of software that calculate ANI and algorithms they
use.

software MUMmer BLAST k-mer/fastANI reference
pyANI ↭ ↭ ↭ (Pritchard et al., 2015)
orthoANI ↭ (Lee et al., 2016a)
dnadi” ↭ (Kurtz et al., 2004)
JSpecies ↭ ↭ (Richter et al., 2016)
FastANI ↭ (Jain et al., 2017)
Mash ↭ (Ondov et al., 2016)
sourmash ↭ (Brown & Irber, 2016)
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The reported ANI value can vary depending on the algorithm used, as each method

handles sequence alignment and similarity calculation di”erently. This leaves us with

choices regarding which algorithm to use. Since ANI values are approximations rather

than definitive truths, there is no single ”correct” method for ANI calculation, and

the choice often comes down to preference. Comparisons of ANI methods have been

previously done, and they are almost always benchmarked against ANIb (Ndovie et al.,

2025; Yoon et al., 2017). This is likely because ANIb was the first proposed method and

directly mimics DNA-DNA hybridization by fragmenting the query genome sequence

and aligning it to the intact genome. However, the reliability of ANIb itself might

rise questions. Although it was originally validated against DNA-DNA hybridization

data (Goris et al., 2007), the true ANI value for a given comparison remains unknown,

making it unclear whether ANIb is truly the best reference standard. Previous studies

have shown that ANIm runs faster than ANIb while providing similar results (Yoon

et al., 2017). Meanwhile, fastANI operates at a speed three orders of magnitude faster

than ANIb, producing results comparable to both ANIb and ANIm for relatively highly

identical sequences (Yoon et al., 2017). However, its accuracy for more distantly related

genomes has shown to be less reliable (Ndovie et al., 2025). Other have argued that

discrepancies in reported values are likely to be more apparent when comparing more

divergent genomes, which is likely the result of di”erent sensitivities provided by the two

methods (Goris et al., 2007). A more rigorous assessment of ANI methods was recently

presented by Dr. Leighton Pritchard at a genomeRXIV meeting, where preliminary

data compared ANI methods using synthetic sequences with known true values (Figure
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1.13). These findings suggest that while ANIm and ANIb yield similar results, ANIm is

consistently closer to the true values. In contrast, fastANI produced the least reliable

results. While ANIb is often the default choice, these findings indicate that ANIm may

be the more accurate method for calculating ANI values.
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Figure 1.13: Preliminary data comparing ANI methods using synthetic sequences with
known true identities, as presented by Dr. Leighton Pritchard at the genomeRxiv
meeting. The results indicate that ANIm provides ANI values closest to the true
identity, followed by ANIb, sourmash, and fastANI, with fastANI showing the greatest
deviation.
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1.4 Phylogenetic trees: best-e!ort attempt to reconstruct

evolutionary history

1.4.1 Overview of phylogenetic trees

Phylogenetic trees provide a framework for organising and classifying organisms

based on shared characteristics or genetic information, such as single genes or collections

of genes, which are believed to reflect evolutionary relationships. Phylogenetic trees

consist of various elements: leaves, branches, nodes and roots. Leaves represent data

points or entities, such as taxa, while branches denote their evolutionary histories and

relationships (Figure 1.14). Nodes indicate common ancestors where branches bifurcate,

and the root - when its placement is known - represents the most recent common

ancestor of all entities depicted in the tree. Interpreting a phylogenetic tree involves

analysing branch lengths, which can reflect the amount of genetic change or evolutionary

time, as well as the branching order (topology) - the arrangement of these branches and

nodes (Gregory, 2008; Kapli et al., 2020).

Phylogenetic trees can be represented as either rooted or unrooted (Ridley, 2004).

Rooted trees include a root node, which represents the most recent common ancestor of

all the entities (taxa) in the tree. This root establishes a direction of evolution from the

ancestor to the present. In contrast, unrooted trees lack a designated root and do not

show a specific overall direction of evolutionary change (Figure 1.14). However, it can

be assumed that the direction of change generally proceeds towards the leaves.
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Figure 1.14: Structure of evolutionary (a) rooted and (b) unrooted trees. Terminal nodes/leaves represent a taxon, which could
be species, genes, or groups of organisms. Branch ordering represents the relationships among the sequences, captured by the
branching order (topology). The amount of evolutionary changes between the nodes are captured and represented as the branch
lengths; the longer the branch, the more evolutionary change has occurred between the compared sequences.
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Initially, phylogenetic reconstructions relied on morphological observations. Ernst

Haeckel’s famous ’Tree of Life’ (Figure 1.15), for example, was primarily based on

characteristics such as body shape, bone structure, and developmental stages (Haeckel,

1866). However, with advancements in sequencing technology, phylogenetic inference

has increasingly relied on genomic data (Lemmon & Lemmon, 2013). This shift has

provided more precise and comprehensive insights into evolutionary relationships, and

more sophisticated methods for inferring phylogenies. Beyond their traditional role in

taxonomic studies, phylogenetic trees have extended into molecular evolution. They help

us understand genetic change rates in protein and DNA sequences, crucial for molecular

processes, and reveal mechanisms driving genetic diversity (Lewis-Rogers et al., 2009).

In epidemiology, phylogenetic trees are useful in tracking pathogen evolution, identifying

resistance gene origins, and monitoring their transmission through populations (Hadfield

et al., 2018; Veyrier et al., 2009). They also play a critical role in identifying horizontal

gene transfer (HGT) events among bacteria and archaea. By analysing evolutionary

relationships, scientists can trace how genes move between bacterial species, contributing

to resistance spread and adaptation to new conditions (Nickrent et al., 2004).
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Correspondence
‘Tree of life’ took 
root 150 years ago
As thousands of scientists and 
policymakers gather in Mexico 
this month for the COP13 
summit on biodiversity (see www.
cbd.int/cop2016), we should take 
a moment to celebrate the earliest 
‘tree of life’ model of biodiversity.

Charles Darwin published 
the idea of a tree of life in On the 
Origin of Species in 1859. Seven 
years later, German zoologist 
Ernst Haeckel painstakingly drew 
up a much more comprehensive 
tree (pictured). This represented 
Earth’s wealth of species in the 
context of evolution — a concept 
he dubbed phylogeny (General 
Morphology of Organisms; 1866).

The root of the tree symbolizes 
a common primordial ancestor 
from which all other forms 
emerged. Haeckel developed 
his tree over almost 1,000 pages, 
basing it on palaeontological, 
embryological and systemic 
data — a precursor to modern 
biology’s phylogenetic trees.

He also coined the term 
ecology (‘oecologie’), describing 
it as “the whole science of the 
relations of the organism to the 
environment including, in the 
broad sense, all the ‘conditions of 
existence’”.

Haeckel’s ideas were harbingers 
for discoveries such as that by 
ecologist Santiago Soliveres and 
colleagues, who demonstrated 
that ecosystem multifunctionality 
depends on high species richness 
(Nature 536, 456–459; 2016).
Uwe Hossfeld, Georgy S. Levit 
Friedrich Schiller University, Jena, 
Germany; and ITMO University, 
St Petersburg, Russia. 
 gslevit@corp.ifmo.ru
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Conservation: smart 
advocacy needs data
We agree that data alone will 
not save species (A. M. Ellison 
Nature 538, 141; 2016). However, 
using data in combination with 
smart advocacy can make a 
difference.

For example, ecologists 

Conservation: big 
data boost in China 
I disagree with Aaron Ellison’s 
contention that biodiversity data 
only rarely drive conservation 
decisions (Nature 538, 141; 2016). 

In China, better data are guiding 
changes in conservation policies 
and on-the-ground actions.

For instance, huge long-term 
data sets on species, ecosystems 
and human activities have 
enabled China to identify many 
priority conservation areas 
for protecting biodiversity 
and maintaining ecological 
security (R. Wu et al. PLoS ONE 
9, e103783; 2014). Intensive 
development is prohibited in 
these areas.

Furthermore, a huge amount of 
data from hundreds of scientists 
are used by China’s Ministry of 
Environmental Protection to 
compile biodiversity ‘red lists’ 
(R. Wu Science 353, 657; 2016). 
And the systematic collection 
of more and better data is 
crucial to implementation of 
the government’s nationwide 
‘Red Lines’, which demarcate 
ecological conservation regions 
(see W. Sang and J. C. Axmacher 
Nature 531, 305; 2016).
Ruidong Wu Yunnan University, 
Kunming, Yunnan, China.
rdwu@ynu.edu.cn

specializing in seabirds, fishes 
and coral reefs shared their data 
to show that protection of an 
area in the northwest Hawaiian 
Islands was scientifically justified. 
This evidence was required in 
order to use the US Antiquities 
Act to conserve the region. As 
a result, this became the world’s 
largest no-take protected area 
earlier this year.

Contrary to Aaron Ellison’s 
implication, some ecologists have 
been inspirational advocates 
for biodiversity. For example, 
biologist E. O. Wilson campaigns 
to protect half the planet (Half-
Earth; Norton, 2016) and ecologist 
Daniel Janzen helped to save huge 
tracts of dry forest in Costa Rica 
(W. Allen Green Phoenix; Oxford 
Univ. Press, 2003).

Conservation: thrive 
on slings and arrows
Aaron Ellison rightly calls for 
conservation scientists to engage 
more actively in the political 
process (Nature 538, 141; 2016). 
Unfortunately, those doing so 
can become targets for physical 
and verbal threats, personal 
abuse, bullying and trolling on 
social media.

As a conservation scientist, 
I have experienced many such 
reactions at first hand. I have 
been embroiled for more than 
30 years in the politics of native 
forest logging, tree-plantation 
expansion and culling of over-
abundant native and exotic 
animals. Resilience against such 
attacks is underpinned by a drive 
to conduct and communicate 
high-quality science that 
contributes to the conservation 
and management of natural 
environments and biodiversity. 

Communicating good data 

More scientists need to be 
engaged with society and make 
the case for conservation — 
with good, compelling data in 
hand. None of us wants our 
publications to serve as pages in 
a wildlife obituary.
Douglas J. McCauley, Francis 
H. Joyce University of California, 
Santa Barbara, USA. 
Jane Lubchenco Oregon State 
University, Corvallis, Oregon, USA.
dmccauley@ucsb.edu
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Figure 1.15: Ernst Haeckel Tree of Life. Figure reproduced from Haeckel, 1866.
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1.4.2 Types of clades: monophyletic, paraphyletic and polyphyletic

Cladistics is an approach which catgorises taxa based on shared characteristics. The

basic concept of cladistics is that taxa sharing a greater number common features are

assumed to share more recent common evolutionary history and so are grouped more

closely together (Ridley, 2004). In cladistics, organisms are understood to form groups

(specifically, clades) that are hypothesised based on sharing a most recent common

ancestor (Hennig, 1965). There are three types of clades: monophyletic, paraphyletic

and polyphyletic (Figure 1.16).

Suppose there is a set of organisms in the tree which are supposed to belong to

the same species. If these organisms form a monophyletic group, it means they share

a common ancestor and include all of its descendants (Figure 1.16; green). This

classification indicates that the organisms not only share a common evolutionary history

but are also more closely related to each other than to any organisms outside this group.

Monophyletic groups are highly valued in biological classification because they are

believed to accurately capture evolutionary history and shared ancestry, representing

a natural and cohesive group (Velasco, 2009). They provide a comprehensive view of

species adaptation and evolution over time (Ridley, 2004).

In contrast, if the organisms form a paraphyletic group, this means they share a

common ancestor, but not all of its descendants are included in the group (Figure 1.16;

purple). From a biological perspective, paraphyletic groups are often problematic because

they may fail to accurately capture evolutionary history, presenting an incomplete

representation of evolution. The acceptability of paraphyletic clades is often under
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debate. Some argue that it is a natural phenomenon in nature (Hörandl & Stuessy,

2010), while others consider them to be unreliable taxonomy (Ebach et al., 2006). Those

that believe that paraphyletic clades naturally occur in nature argue that these clades

can form as a result of diversification. This occurs because evolving lineages might

accumulate enough genetic di”erences leading to their exclusion of the main group, yet

they might not have accumulate enough di”erences to be placed in a separate clade

(Hörandl & Stuessy, 2010). In contrast, others believe that paraphyletic clades are

formed as a result of: (i) faulty algorithms and techniques used to infer phylogenies; (ii)

genes used in the phylogenetic analyses are not adequate for inferring reliable taxonomies

as they do not contain su!cient or reliable phylogenetic signal (Ebach et al., 2006).

Finally, if the organisms are part of a polyphyletic group, they do not share a

common ancestor, indicating multiple evolutionary origins (Ridley, 2004). Polyphyletic

groups are controversial and typically not accepted as a valid classifications in modern

taxonomy because they undermine fundamental goals and principles of classification

(Ojha et al., 2022). The most fundamental basis of modern taxonomy assumes that

single taxa must share a single evolutionary lineage. However, polyphyly violates this

principle by grouping taxa that do not share a common ancestor. It is also argued

that polyphyly represents inaccurate evolutionary history as it disrupts biologically

“true” clades by grouping evolutionarily distinct organisms. However, it’s not always the

case that these clades are rejected outright, as some explain them through convergent

evolution (Hernández-González et al., 2018). This phenomenon suggests that similar

traits evolved independently in di”erent lineages due to similar environmental pressures

or functional constraints (Ridley, 2004).
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Figure 1.16: Types of taxonomic clades. A clade is considered monophyletic if it contains all descendants of the common ancestor,
at the root of the clade, while paraphyletic clades include only a subset of descendants of the root common ancestor. Polyphyletic
clades group together lineages that do not share a common ancestor.
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1.4.3 Bifurcation versus multifurcation

The primary goal of phylogenetic reconstruction is to capture the evolutionary

patterns and to understand the mechanism of cladogenesis - the process by which a

single ancestral species diverges into two or more distinct daughter species. A common

assumption in phylogenetic studies is that cladogenesis happens through a series of

dichotomous branching events, where a lineage splits into exactly two distinct groups

(Rokas & Carroll, 2006). This assumption is generally supported in evolutionary theory,

which supports that speciation generally occurs in a stepwise fashion, with a single

ancestral lineage diverging into two separate lineages over time (DeSalle & Riley, 2020).

This type of branching events are represented using bifurcation trees (Figure 1.17; left),

where each internal node represents a point of divergence, and each branch indicates

the lineage leading to the descendant species.

Polytomous branching events can also occur, and these are depicted using multi-

furcation trees (Lin et al., 2011). In such events, a single node gives rise to three or

more descendant branches simultaneously, resulting in a tree structure where multiple

lineages emerge from a single point (Figure 1.17; right). Polytomous branching often

reflects uncertainty or incomplete resolution in the evolutionary relationships among

taxa. This can occur due to insu!cient data, or when shared characteristics are inade-

quately analysed, leaving bifurcating relationships unresolved (Coyne et al., 2004; Lin

et al., 2011). For this reason, multifurcating trees are often interpreted as representing

unresolved evolutionary relationships, indicating that the avaliable data may not provide

su!cient resolution to determine the exact order of species divergence. However, some
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biologists acknowledge that polytomous branching events can indeed occur (very rearly),

when multiple new lineages arise from a single population nearly simultaneously as seen

with cichlid fish. Polytomies in cichlid fish occur due to rapid speciation events, often

triggered by adaptive radiation in environments like African rift lakes, where multiple

species diverge from a common ancestor in a short time (Takahashi et al., 2001).
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Figure 1.17: Bifurcating versus multifurcation tree. A bifurcation tree (left) with each internal node splitting into exactly
two branches, representing a dichotomous evolutionary split. A multifurcation tree (right) where internal nodes can split into
more than two branches. Multifurcations often arise due to poor resolution in the data, indicating uncertainty about the exact
relationships among the taxa (soft polytomy), or represent a polytomy where multiple lineages diverge simultaneously (hard
polytomy).
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1.4.4 The impact of horizontal gene transfer on phylogenetic inference

and the bifurcation model

Initially, bacteria were believed to reproduce solely through clonal cell division,

where new bacterial cells inherit all genetic material directly from their parent cells,

leading to clear evolutionary pathways of divergence from common ancestors (Smith

et al., 1993). This understanding supported the bifurcation model, which suggest

that evolutionary history can be mapped as a tree where each branch represents a

point of divergence. However, in 1928, Gri!th observed that pneumococcus bacteria

could acquire pathogenic traits after contact with pathogenic strains, marking the first

documented case of horizontal gene transfer (HGT). Initially thought to be a rare

phenomenon, advancements in sequencing technology have revealed that HGT occurs

far more frequently than previously believed (Daubin & Szöllősi, 2016). Additionally,

although less common, HGT was also detected to occur distantly related lineages

(Beiko et al., 2005; McDonald & Currie, 2017a). This discovery has lead to realisation

that bifurcating model of evolution might be illogical, as genetic material is no longer

transferred solely from parent to o”spring but also between unrelated lineages (Bapteste

et al., 2013). As a result, HGT introduces complexities to phylogenetic reconstructions,

as genes una”ected by HGT may depict di”erent evolutionary paths compared to those

influenced by HGT, leading to inconsistencies in inferred phylogenies. Lan and Reeves

(1996) had a significant impact on our understanding of how HGT a”ects phylogeny

and our concept of bacterial species with their core genome hypothesis (CGH). The

CGH suggests that a core subset of genes, present in nearly all individuals of a species,
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defines its essential characteristics and is largely una”ected by HGT. These core genes

are thought to be under purifying selection, preserving their functions and supporting

the evolution and therefore bifurcation model. This viewpoint has again reshaped how

taxonomists understand the nature of bacterial species (Riley & Lizotte-Waniewski,

2009). Some argued that reconstructing phylogenies using core gene trees could help

avoid the ”noise” introduced by HGT, providing a clearer and more stable framework for

understanding evolutionary relationships among bacteria (Lerat et al., 2003). Although

HGT has been found to a”ect core genes, its impact has generally been reported on a

smaller scale and is unlikely to significantly alter the overall topology of core-gene trees

(Saunders et al., 2005; Shi & Falkowski, 2008).

1.5 Using graph theory to analyse bacterial classifications

Graph theory, the study of graphs (also known as networks), is used to model and

analyse relationships between objects. In simple terms, graphs are networks consisting

of objects called nodes, or vertices (V, usually represented a shape, such as a circle) that

may be connected by edges (E; Figure 1.18) - often represented as lines. Mathematically,

graphs are defined as a pair of sets (V, E), where each edge E describes the vertices it

connects (e.g. an edge connecting vertex V1 to vertex V2 is the edge (V1, V2)) (Diestel,

2000).

Graph theory has proven useful across various disciplines, aiding in our understanding

of real-world phenomena. Graphs serve as tools to capture and represent relationships

between entities that might otherwise remain hidden. Within many aspects of microbi-

ology, graphs have been successfully applied to study protein-protein interactions (Gao
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et al., 2023), gene expression (Fofana et al., 2021), evolution and population studies

(Harling-Lee et al., 2022) and many other aspects of applied microbiology (Pavlopoulos

et al., 2011).

Within evolutionary and microbial populations, graphs are valuable tools for repre-

senting the relationships between biological entities, such as isolates or genomes, and

their structures can provide critical insights into evolutionary patterns and processes.

These graphical representations can help shed light on how evolution shapes population

structures. In evolutionary networks, nodes represent individual entities (organisms

or isolates), while edges symbolise relationships like genetic similarity, or connections

based on phenotypes, or shared traits such as 16S, or allelic sequences used in molecular

typing, or whole-genome distance measures. The structure of the graph—how the nodes

and edges are arranged—can reveal meaningful information about these relationships.

For example, nodes with a higher number of connections may represent entities that

share many characteristics or interactions with others, suggesting that they play a key

role in the evolutionary landscape. Additionally, certain substructures within the graph,

such as tightly connected clusters, can indicate groups of closely related isolates or

evolutionary lineages. By analysing both the overall structure and specific properties

of the nodes, researchers can uncover patterns that provide deeper insights into the

biological characteristics, evolutionary history, and relationships of the isolates under

study (Pavlopoulos et al., 2011). In the following sections, I will focus on introducing

the fundamental concepts of graph theory relevant to studies carried out in this thesis

by providing an empirical rather than mathematical description, focusing specifically

on bacterial relationships.
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node

edge

1

Figure 1.18: Basic graph concepts. Graphs are networks made up of objects known as
nodes or vertices (V), which are often represented by shapes like circles. These nodes
can be linked by connections called edges.
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1.5.1 Weighted graphs

Weighted graphs are valuable tools for identifying relationships between nodes, such

as genomes, where the edges are assigned weights that reflect something about their

shared relationship. These weights might correspond, for example, to the number of

shared genes or phenotypes between two genomes, allowing for the quantification of

genetic relatedness. For instance, weights can represent variations in allele counts from

an MLST profile or metrics such as pairwise genome identity. Weighted graphs are

extensively used in the study of bacterial populations; for example, they have been used

to analyse co-occurrence patterns within soil microbial communities (Barberán et al.,

2012) and in epidemiological studies to aid in di”erentiating between epidemiologically

related and unrelated isolates of Enterococcus faecium (De Been et al., 2015).

Complete (clique) and non-complete (non-clique) graph

A complete (undirected) graph is one in which every node is directly connected to

every other node by a unique edge, forming what is known as a clique (Figure 1.19A). In

contrast, a non-complete graph has at least one pair of nodes that is not connected by

an edge, meaning it forms a non-clique (Figure 1.19B), indicating that they do not share

the same relationship as the other nodes. For example, imagine you have sequenced

four isolates and are trying to determine if they belong to the same species. You run

an ANI analysis, adopting the widely used 95% genome identity cut-o” point. In this

case, if each genome shares →95% genome identity with every other genome, this would

be represented as a complete graph, where every node (genome) is connected by an

edge. This type of graph reflects a coherent group of nodes that may be interpreted as
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a clade—a group defined by common characteristics shared by all members, much like a

clade is defined by sharing a single common ancestor.

Later, after isolating another four genomes, you perform the same ANI analysis.

This time, not all genomes share the 95% identity threshold: for example, genome G4

and G2 share only 92% identity, while the rest of the genomes meet the 95% threshold.

This situation would be represented as a non-complete graph, where certain nodes lack

connections. This incomplete structure suggests inconsistencies or ambiguities in the

relationships, indicating that while some isolates share certain characteristics, these

are not universal across the entire group, hinting at genetic divergence or di”erent

evolutionary histories within the population.
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Figure 1.19: Visual comparison between a complete (a) and non-complete (b) graph. Each node represents a genome, and edges
indicate genome identity, with a threshold cut-o” of 95%. In the complete graph (a), every genome shares at least 95% identity
with all other genomes, resulting in edges connecting every pair of nodes. In the non-complete graph (b), only genomes that meet
or exceed the 95% identity threshold are connected by edges, while others are left unconnected. The red dashed line indicates a
genome pair that falls below the threshold and is shown for demonstration purposes only.
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1.5.2 Disconnected graph

A diconnected graph is a graph where there is not a path between every pair of

nodes (Figure 1.20). This structure could suggests the presence of distinct groups within

the population, potentially characterised by di”erent variants of a particular trait (e.g.,

genetic sequences).

Consider a hypothetical scenario where we have four bacterial genomes isolated

from a soil sample. We again used ANI comparisons with a 95% threshold, a standard

for species delineation (Figure 1.20). In this example, one genome (G2), was found

to share less than 95% genome identity with the other three genomes (G1, G3, G4).

Conversely, the remaining three genomes each shared 95% or more genome identity with

one another.

As a result, when these genomes are represented in a graph based on their ANI

relationships, the graph will split into two distinct subgraphs. One subgraph will include

G2, indicating that it is less similar to the other genomes. The other subgraph will

cluster the three genomes that are highly similar to each other. This division illustrates

that G2 is quite di”erent from the other three genomes, which form a closely related

group among themselves.
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Figure 1.20: Visual representation of a disconnected graph. Each node corresponds to a
genome, and edges between nodes reflect genome identity values. Only genomes with
genome identity values above a 95% cut-o” are connected by edges, demonstrating high
genetic similarity. The graph is consequently disconnected, as some genomes fall below
this similarity threshold. The red dashed lines are included for illustration purposes
only and do not represent an edge.
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1.5.3 Minimum Spanning Tree

Minimum Spannite Trees (MST) are a type of acyclic graph that minimises the total

edge weight required to connect all the vertices (Figure 1.21). This means that the

MST connects all the nodes in the graph while ensuring the smallest possible total edge

weight. The resulting tree can be interpreted as representing the relationships with the

minimum evolutionary distance necessary to explain them.
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Figure 1.21: Example of a minimum spanning tree.
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There are several algorithms that exist for finding MSTs. However, I will focus

on Kruskal’s algorithm and Prim’s algorithm (Figure 1.22). Both of these algorithms

are known as greedy algorithms, meaning they add one edge at a time and choose the

cheapest available edge at each stage, without considering future consequences. However,

they di”er in how they find a minimum spanning tree and the order in which edges are

added to the graph.

As shown in Figure 1.22, Kruskal’s algorithm identifies the edge with the lowest

weight and adds it to the graph until all nodes are connected without forming a cycle

(Kruskal, 1956). Conversely, Prim’s algorithm begins at any node in the graph, evaluates

all neighboring edges, and selects the one with the lowest weight (Prim, 1957). The

process by which these algorithms construct MSTs and in which sequence edges are

added is illustrated in Figure 1.22. An important point to note here is that both

algorithms may find more than one MST - these may di”er in topology but have the

same minimal total weight. However, this will only occur if some edges share the same

weight, implying that multiple solutions are available. If, however, only one MST exists,

the algorithms will yield identical MST topologies.
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Figure 1.22: Visual representation of algorithms used in finding MSTs.
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We can identify the most parsimonious network for example by establishing the

shortest distance between genomes, i.e., establishing relationships between genomes

sharing the fewest genomic di”erences. In section 1.3.3, I introduced MLST as a

molecular typing method (Section 1.3.3) for studying bacterial diversity. MLST profiles

can be visually represented and analysed using graph theory-based approaches like MST

(Ribeiro-Gonçalves et al., 2016). In the context of MLST and MST, genomes that share

the fewest di”erences in their alleles—i.e., those with the smallest number of distinct

alleles—are positioned closer together on the MST. This reflects their closer genetic or

evolutionary relationship compared to genomes that are not directly connected on the

tree.

1.5.4 Hamming distance

The Hamming distance is a measure of the di”erence between two sequences of

equal length. It quantifies the number of positions at which the corresponding symbols

in each sequence di”er (Pinheiro et al., 2012). In the context of MLST, Hamming

distance frequently serves as a measure of genetic distance between allelic profiles. This

metric calculates dissimilarity by determining the number of allele variants that di”er

between two isolates (Figure 1.23). A smaller Hamming distance indicates a greater

number of shared markers between isolates, suggesting closer relationships, while a

larger Hamming distance implies fewer shared markers, indicating that the isolates

might be more distantly related.

When calculating a MST for MLST data, the Hamming distance between two

organisms is commonly assigned to the corresponding edge as a weight, representing the
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number of allele di”erences between the allelic profiles. This approach is incorporated

into software tools developed for analysing MLST schemes using MSTs, such as Phyloviz

(Ribeiro-Gonçalves et al., 2016), eBURST (Feil et al., 2004) and EnteroBase (The

EnteroBase user’s guide, with case studies on Salmonella transmissions, Yersinia pestis

phylogeny, and Escherichia core genomic diversity), which enhance the understanding

of microbial population structures and evolutionary dynamics.
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Figure 1.23: How Hamming distance is used to compare MLST profiles. Each gene’s allele number in two profiles is compared: a
score of 0 is given for matching alleles and 1 for mismatches. The Hamming distance is the sum of these scores, reflecting the
number of di”erences between the two profiles.
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1.6 The Genus Streptomyces: A Promising Source of Novel

Antibiotics

The Streptomyces genus of Actinomycete bacteria was first proposed in 1943 by

Waksman and Henrici, who described them as spore-forming microbes (Waksman &

Henrici, 1943). Streptomyces is the largest genus of Actinomycetota, widely ubiquitous

in nature, and distributed across diverse terrestrial and aquatic environments. These

bacteria have also evolved to inhabit extreme environments, including the deep sea and

deserts, and are known to engage in symbiotic relationships with animals and fungi

(Risdian et al., 2021; Sivakala et al., 2021). For instance, Candidatus Streptomyces

philanthi associates with the European beewolf (Philanthus triangulum), protecting

its larvae from fungal infestation (Kaltenpoth et al., 2005; Kaltenpoth et al., 2006),

while Streptomyces sp. AcH 505 has been shown to promote the mycelial growth of

Amanita muscaria (commonly known as fly agaric) through the synthesis of auxofuran

(Riedlinger et al., 2006).

Streptomyces are generally non-pathogenic, saprophytic soil microbes, with a few

exceptions, such as Streptomyces scabiei, Streptomyces acidiscabies, and Streptomyces

turgidiscabies, which are known to cause common scab disease in potatoes (Lambert &

Loria, 1989; Loria et al., 2006). One of the main characteristics of streptomycetes is

their complex life cycle that comprises of three developmental stages; vegetative hyphae,

aerial hyphae and spore (Figure 1.24). Streptomyces species belong to the Gram-positive

bacteria and have an average GC content of 72-75% (Subramaniam et al., 2020). The
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Streptomyces genus is distinguished by its large linear chromosome, typically ranging

from 6 to 15 Mb, with an average size around 8 Mb (Bury-Moné et al., 2023; Vol” &

Altenbuchner, 1998). This chromosome features a centrally located origin of replication

(oriC) within a conserved region comprising the dnaA-dnaN-gyrB genes, from which

replication proceeds bidirectionally (Bentley et al., 2002; Bury-Moné et al., 2023). On

average Streptomyces have approximately 7,000 protein coding genes (Lee et al., 2020).

The number of core genes (conserved across the genus) are estimated to range between

600 and 1,018 genes, and are in the central region of the chromosome, while the terminal

regions are more variable, often containing genes responsible for secondary metabolite

production (Bury-Moné et al., 2023). The Streptomyces chromosome is known for

its instability, frequently undergoing recombination, which contributes to its genetic

diversity and these organisms’ adaptability in various conditions (Bury-Moné et al.,

2023; Lioy et al., 2021).
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Spore release1

2 Spore germination

3 Vegetative phase

4 Formation of 
aerial hyphae

5 Sporulation 

Streptomyces 
life cycle

Vegetative mycelium
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Secondary metabolite 
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Figure 1.24: The Streptomyces life cycle. begins with the release of a free spores dispersed
in the environment, serving as the starting point for new colonies. When conditions
become favourable, such as the presence of nutrients and suitable environmental factors,
the spores undergo germination, leading to development of a germ tube. Following
germination, the spores gives rise to vegetative hyphae, forming a network of mycelia that
colonise the substrate (eg. soil) and further utilise various nutrients in the environment.
As mycelia grow, they di”erentiate into aerial hyphae, rising above the substrate and
forming a visible layer called aerial mycelium. It is during this transition phase from
vegetative mycelia to aerial mycelia when Streptomyces synthesise secondary metabolites
(red arrow). The synthesis and excretion of these natural products into the surrounding
environment by microorganisms (in this case Streptomyces) serves as a natural defense
mechanism against nearby competitors, and may also protect from other environmental
stresses such as changes in temperature, light, pH, moisture or phage infection (Koskella
& Brockhurst, 2014; Tyc et al., 2017). In the final stage, aerial mycelia undergoes
further di”erentiation, leading to the formation of chains of spores which, once mature,
are released to the environment to continue the life cycle.Adapted from Barka et al.,
2016.
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Considerable interest in the members of Streptomyces genus was sparked by discovery

of the anticancer medication actinomycin and the antimicrobial agent streptomycin

(Schatz et al., 1944; Waksman & Woodru”, 1941). Over 650 taxa have so far been

identified in the genus Streptomyces (Labeda et al., 2012). Bioactive compounds

produced by Streptomyces have been found to have antimicrobial, anticancer, antifungal

and antiparasitic activity (Bolourian & Mojtahedi, 2018; Kamarudheen & Rao, 2018;

Procópio et al., 2012; Schatz et al., 1944). Clinically important species within this

genus include Streptomyces griseus (producer of streptomycin), Streptomyces lydicus

(producer of natamycin, lydimycin, and streptolydigin), and Streptomyces clavuligerus

(producer of clavulanic acid and cephamycin C), as well as Streptomyces coelicolor A3(2)

(producer of actinorhodin and non-ribosomal peptide Calcium-Dependent Antibiotic

(CDA)), a representative organism of the genus (Bentley et al., 2002).

The impact of Streptomyces on antibiotic use in both humans and animals is sig-

nificant, as this genus is responsible for producing approximately 80% of all clinically

approved antibiotics (Procópio et al., 2012). A timeline of the most important ther-

apeutics produced by the members of Streptomyces genus is shown in Figure 1.25.

Streptomyces-derived antibiotics, including clavulanic acid and various tetracyclines, are

among the most widely used (Figure 1.26 and Figure 1.27). Clavulanic acid, produced

by Streptomyces clavuligerus, is a ω-lactamase inhibitor that enhances the e!cacy of

penicillins by inhibiting ω-lactamases, enzymes produced by pathogenic bacteria such

as Staphylococcus that would otherwise reduce the e”ectiveness of the penicillin (Beytur

et al., 2015). Additionally, many tetracycline antibiotics are derived from various Strep-
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tomyces species - such as chlortetracycline (produced by Streptomyces aureofaciens),

oxytetracycline (produced by Streptomyces rimosus), and tetracycline (produced by

Streptomyces aureofaciens) (Bi! et al., 1954; Darken et al., 1960; Petkovic et al., 2006).

In November 2023, the UK government published the Third UK One Health Report,

which indicates that penicillins, including Amoxicillin+Clavulanic acid, are the most

widely consumed antibiotics in humans, accounting for approximately 66% of all antibi-

otic sales, followed by tetracyclines, which represent 9% of human antibiotic use (Figure

1.26 and Figure 1.27). Furthermore, the UK Veterinary Antibiotic Resistance and Sales

Surveillance Report for 2022 indicated that tetracyclines—including chlortetracycline,

doxycycline, oxytetracycline, and tetracycline—were the most sold antibiotics for animal

use from 2014 to 2022 (Figure 1.27).
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Figure 1.25: Key discoveries of secondary metabolites produced by members of the genus Streptomyces. Antimicrobials are shown
in black, antifungals in green, antiparasitic agents in orange, anticancer in blue, and agricultural treatments in red. Figure adapted
from Procópio et al., 2012.
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Figure 1.26: Most consumed antimicrobial classes by humans and food-
producing animals (mg/kg), 2019. Figure adapted from the UK Veteri-
nary Antibiotic Resistance and Sales Surveillance Report for 2022 (avail-
able at https://assets.publishing.service.gov.uk/media/663373da1834d96a0aa6cfd5/
2779033-v1-VARSS 2022 April 2024 Update .pdf).

https://assets.publishing.service.gov.uk/media/663373da1834d96a0aa6cfd5/2779033-v1-VARSS_2022__April_2024_Update_.pdf
https://assets.publishing.service.gov.uk/media/663373da1834d96a0aa6cfd5/2779033-v1-VARSS_2022__April_2024_Update_.pdf
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Figure 1.27: Most consumed antimicrobial classes by humans and food-producing animals (mg/kg), 2019. Figure adapted
from the Third UK One Health Report (available at https://assets.publishing.service.gov.uk/media/656488f11524e60011a100f8/
2681096-v1-Third UK One Health Report.PDF).

https://assets.publishing.service.gov.uk/media/656488f11524e60011a100f8/_2681096-v1-Third_UK_One_Health_Report.PDF
https://assets.publishing.service.gov.uk/media/656488f11524e60011a100f8/_2681096-v1-Third_UK_One_Health_Report.PDF
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Furthermore, Streptomyces are well-regarded for their agricultural benefits, as

they predominantly act as commensals in the rhizosphere and produce a range of

secondary metabolites e”ective against plant pathogens (see Figure 1.28). For example,

Streptomyces lydicus has been approved as a biopesticide for against fungal pathogen

Rhizoctonia solani (Yuan & Crawford, 1995).

Recent discoveries of novel candidate antimicrobials produced by Streptomyces

include picolinamycin (Maiti et al., 2020), formacamycins (Qin et al., 2017) (which are

believed to represent novel antibiotic classes), and peptide 5812-A/C (Vasilchenko et al.,

2020). All three exhibit activity against a wide spectrum of multi-drug-resistant bacterial

pathogens, including Staphylococcus aureus and Enterococcus faecium. Furthermore,

the most comprehensive study of genome mining, conducted on 1,100 publicly available

Streptomyces genomes, revealed a predicted ability to synthesize 34 major classes

of biosynthetic gene clusters (BGCs), detecting over 1,062 non-ribosomal peptide

synthetase (NRPS) and 981 type I polyketide synthase (PKS) BGCs (Komaki et al.,

2018). Moreover, recent research has demonstrated that Streptomyces isolates, even

those classified as the same species, can exhibit significant variation in the BGCs they

harbor. Pangenomic analysis has further revealed that Streptomyces species possess

an open pangenome, reflecting their remarkable genetic diversity and adaptability to

various environments (Otani et al., 2022). Streptomycetes’ ability to synthesise a wide

variety of secondary metabolites and continuing discoveries of new natural products by

this genus suggests their great potential as novel drugs reservoirs that can assist with

control of AMR.
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Streptomyces scabiei
common potato pathogen

Secretion of  
bioactive compounds

Streptomycin (S. griseus) treats:
- fire blight from Erwinia amylovora
- Soft rot by Pectobacterium spp.

Mycoparasitism Competition for 
nutrients and space

Rhizoctonia solani

S. lydicus

Figure 1.28: Diverse roles of Streptomyces species in agriculture. Streptomyces scabiei, a plant pathogen, is known for causing
common potato scab, which can significantly reduce both the yield and quality of potatoes (left). Streptomyces griseus has been
recognised for its production of streptomycin, an antibiotic that is vital in controlling fire blight caused by Erwinia amylovora and
soft rot caused by Pectobacterium spp. (Le et al., 2022). Meanwhile, Streptomyces lydicus exhibits notable biocontrol activity
against Rhizoctonia solani by colonizing the root tips of plants. It parasitises R. solani through mycoparasitism, competing with
the pathogen for nutrients and space, thereby aiding in the suppression of soil-borne diseases. (Yuan & Crawford, 1995)
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1.7 Taxonomic incongruence in the genus Streptomyces

Although Streptomyces is arguably the most extensively studied genera within the

Actinomycetota phylum due to its pharmaceutical significance, its taxonomy remains

contested, with significant species-level misclassifications (Mispelaere et al., 2024).

The consequent risk of including too distantly-related genomes in the analysis poses

a substantial limitation for e”ective pangenomic analyses aimed at identifying novel

secondary metabolites with potential clinical and agricultural applications.

The taxonomic classification of Streptomyces has undergone significant changes over

the years. Initially, members of this genus were believed to be eukaryotes due to their

distinctive life cycle, which bears similarities to those of filamentous fungi (Procópio

et al., 2012). When Streptomyces was first proposed as a bacterial genus by Waksman

and Henrici, its classification was based primarily on morphological characteristics and

cell wall chemotypes, such as spore color and spore chain morphology (Waksman &

Henrici, 1943). This led to the genus being placed in the family Streptomycetaceae.

With advancements in sequencing technology, Streptomyces species have since been

extensively studied based on di”erences in their 16S rRNA sequences (Labeda et al.,

2012).

Studying Streptomyces diversity through 16S rRNA sequences has resulted in nu-

merous reclassifications both within and between genera. One of the most notable

reclassifications is the frequent inclusion and exclusion of the sister genus Kitasatospora

(Anderson & Wellington, 2001). Kitasatospora was first described as a distinct genus

by Omura et al. in 1982. This was based on specific morphological and biochemical
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characteristics that di”erentiated it from Streptomyces. Despite these morphological

di”erences, Kitasatospora was included within the Streptomyces genus due to the high

similarity of their 16S rRNA sequences (Wellington et al., 1992b). However, only five

years later, Kitasatospora was reclassified as a distinct genus after it was demonstrated

that members of Kitasatospora consistently formed a stable monophyletic clade separate

from Streptomyces when the entire 16S rRNA gene sequences were analysed (Zhang

et al., 1997a).

The most comprehensive study of the Streptomyces genus, conducted in 2012,

estimated the presence of 650 taxa based on 16S rRNA sequence di”erences (Labeda et

al., 2012). However, distinct Streptomyces species often share highly similar phenotypes

and 16S rRNA sequences, leading to taxonomic inconsistencies. For instance, other

studies found that 16S rRNA was found unable to distinguish between members of order

Streptomycetales from those in Frankiales, Catenulisporiales and Streptosporangiales

or from Micrococcales, Streptosporangiales and Catenulisporales (Verma et al., 2013).

However, whole genome-based taxonomic classification of genus Streptomyces provided

cleaner separation of suborders Streptomycineae and Frankineae and for the species

within the Mycobacteraceae family that could not be resolved with genomic data

contained only within the 16S rRNA gene (Alam et al., 2010). The examination of

evolutionary relationships among Streptomyces species using the 16S rRNA gene and

whole genome distance measures also exhibited incongruences, suggesting that current

taxonomic classification of these organisms is uncertain (Chevrette et al., 2019b).

Furthermore, it is known that distinct species can share identical or highly identical

16S rRNA sequences (Table 1.4). This similarity poses a significant challenge for species-
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level identification, as relying solely on 16S rRNA gene di”erences may lead to numerous

misclassifications. If distinct species share the same or highly similar 16S sequences,

distinguishing between them based on this gene alone becomes impossible.

It is also not unusual for Streptomyces species to contain multiple non-identical

copies of the 16S rRNA gene. The presence of these divergent copies within a single

species complicates taxonomic classification, as it raises the question of which, if any,

sequence should be prioritised for accurate classification and identifications of bacteria.

This intragenomic variability can result in discrepancies when assigning species within

the Streptomyces genus, potentially leading to conflicting phylogenetic signals. For

example, Streptomyces caelicus possesses five distinct 16S rRNA gene copies, each

varying in its degree of similarity to other Streptomyces species. Consequently, these

copies are placed in di”erent clades on the phylogenetic tree (Figure 1.29).
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Table 1.4: Example of Streptomyces species sharing identical or highly similar 16S
sequences. Figure adapted from Komaki, 2021.

Similarity (%) Di”erent species
100 S. coelescens ↑= S. violaceoruber
100 S. chattanoogensis ↑= S. lydicus
100 S. chrestomyceticus ↑= S. paromomycinus
100 S. variabilis ↑= S. labedae
100 S. fulvissimus ↑= S. fulvorobeus
100 S. phaeogriseichromatogenes ↑= S. graminearus
99.97 S. angustmycinicus ↑= S. lydicamycinicus
99.97 S. caniferus ↑= S. hygroscopicus subsp. glebosus
99.97 S. caniferus ↑= S. libani subsp. rufus
99.97 S. nigrescens ↑= S. tubercidicus
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Figure 1.29: Maximum-likelihood tree of 16S rRNA sequences showing the placement
of Streptomyces caelicus (red box) based on five di”erent copies from the same isolate.
Figure taken from Wink et al., 2017.
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There have been attempts to resolve conflicts within the genus through the MLSA

approach. The most commonly used genes for MLSA characterisation of species within

the Streptomyces genus are atpD, gyrB, recA, rpoB, and trpB (Guo et al., 2008; Rong &

Huang, 2010b). Through phylogenetic analysis focusing on variation within these genes,

previously unresolved taxonomic di”erences between species were revealed, overcoming

some limitations of 16S rRNA gene sequencing (Labeda, 2011). However, while MLSA

analysis has enhanced the phylogenetic resolution for certain species like S. griseus,

it has not completely resolved conflicts within the genus (Guo et al., 2008; Labeda,

2011). Additionally, the current canonical Streptomyces MLST scheme available from

the pubMLST comprises six marker genes (16S rRNA, atpD, gyrB, recA, trpB, rpoB)

and 237 STs. Despite recent increase in available genomic sequences (as mentioned

in section 1.3.3; Figure 1.12), only two new STs were reported since 2016, and the

resolution of the MLST Streptomyces scheme remains unknown (Jolley et al., 2018).

In recent years, the increasing use of whole-genome taxonomy has influenced the

taxonomic classification of various bacterial lineages, including those belonging to the

Streptomyces genus. In 2023, Nikolaidis et al. conducted the most comprehensive

phylogenetic study of the Streptomyces genus to date, analysing 318 core protein

orthologous groups shared across 218 Streptomyces species. This study significantly

improved the topological stability of the phylogenetic tree and provided clearer insights

into the placement of key strains, including pharmaceutically significant species such as

S. clavuligerus, S. lydicus, S. griseus, S. coelicolor, and the plant pathogen S. scabiei

(Figure 1.30). However, many Streptomyces genomes remain unexplored; as of July 8,
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2021, the NCBI database listed 2,276 genomes belonging to the genus Streptomyces

(Schoch et al., 2020). The classification of these genomes could be critical for further

meaningful analyses and may yield novel insights into the diversity of Streptomyces

genus.

The application of whole-genome taxonomic approaches has led to numerous re-

classifications within the Streptomyces genus and even provided the foundation for

the establishment of new genera. In 2022, Madhaiyan et al., 2022 reclassified several

Streptomyces species into six newly proposed genera—Actinacidiphila, Mangrovacti-

nospora, Streptantibioticus, Wenjunlia, Peterkaempfera, and Phaeacidiphilus—based

on whole-genome analyses and phenotypic comparisons. This reclassification, which

included 12 species from the Streptomyces genus and three from the Streptacidiphilus

genus, expanded the family Streptomycetaceae to encompass 12 genera. The use of

high-resolution whole-genome sequencing has allowed for a more precise subdivision of

the complex Streptomyces genus. However, a crucial question remains: how many other

genera within this group still require reclassification?

There is also a notable gap in our understanding regarding the congruence between

whole-genome distance methods and whole-genome phylogenies. Better understanding

of the discriminatory power of these approaches might prove useful for achieving a

more robust and accurate classification system within the Streptomyces genus. Better

understating of evolutionary relationships within the genus Streptomyces is necessary to

avoid miscalculation of pangenomes between unrelated genomic sequences.
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Figure 1.30: A core-genome phylogeny of 218 Streptomyces species, based on 318 core
protein orthologous groups, highlights the placement of key pharmaceutical species - S.
griseus (blue), S. clavuligerus (green), S. coelicolor (purple), S. lydicus (orange) and
the plant pathogen S. scabiei (yellow). Figure adapted from Nikolaidis et al., 2023.



1.8. Thesis outline 107

1.8 Thesis outline

In this thesis, I investigate the taxonomic relationships among all publicly available

Streptomyces genomic sequences using several classification approaches to establish a

reliable taxonomy of Streptomyces to improve classification of Streptomyces genomic

sequences for pangenomic analyses. In the process, I aim also to answer the following

questions:

1. What discriminatory power do these approaches o”er?

2. Do these methods agree with each other, and with current taxonomic opinion?

3. What useful information about the taxonomic structure of Streptomyces do they

reveal?

In chapter 2, I perform comprehensive classification of Streptomyces using 16S and

whole-genome distance methods, to delineate the genomic landscape of this group of

organisms, and to identify and interpret incongruences between the two approaches.

In this study, I use all 48,981 publicly available full-length 16S rRNA Streptomyces

sequences obtained between October 26, 2020, and November 10, 2020, as well as 2,276

Streptomyces genomes available as of July 8, 2021. Using 14,239 distinct full-length

Streptomyces 16S rRNA sequences, I reconstruct the most comprehensive 16S phylogeny

of Streptomyces known at the time of writing. I investigate the e”ect of clustering

these 16S rRNA sequences into OTUs across a range of threshold identities, including

previously recommended 97% and zOTU identity thresholds, to determine the theoretical

taxonomic resolving power of 16S sequences. I also examine the distribution of individual
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16S rRNA sequences across Streptomyces genomes to determine whether a mapping

exists between 16S rRNA sequences and whole genome-derived species boundaries,

with a specific goal to understand whether zOTUs are congruent with genome-based

classifications.

In chapter 3, I survey all available Streptomyces genomes to update the canonical

pubMLST Streptomyces scheme, incorporating 568 novel STs. Using this updated

scheme, I investigate taxonomic relationships among all Streptomyces genomic sequences

using MLST and whole-genome based methods, to delineate the extent of genomic

diversity and investigate congruence between these two methods. Using graph-based

analyses I examine the divisions within the genus based on shared common alleles

and determine congruencies between MLSA, MLST and whole genome taxonomy. My

findings support claims from other taxonomists that current Streptomyces classifications

require further resolution.

In chapter 4, I focus on a comprehensive classification of Streptomyces using core-

genome phylogeny (SCOGs) and a whole-genome distance method (ANI). I use whole

genome approaches to achieve a highly resolved and robust taxonomy to improve input

sets for pangenomic analyses, and resolve the taxonomic conflicts identified in previous

chapters. I present a phylogeny reconstructed from all single-copy orthologs shared

across complete publicly-available genomes currently assigned to Streptomyces. I discuss

the integration of various taxonomic classification methods, including ANI analysis and

SCOGs phylogeny, along with statistical approaches and graph algorithms, to delineate

candidate genus boundaries within Streptomyces. This approach was designed to better

understand the taxonomic structure of the genus and investigate the congruence between
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SCOGs and ANI whole-genome methods.

In chapter 4 I will also expand on the investigation of SCOGs shared across Strepto-

myces to identify and investigate evidence of potential horizontal gene transfer and its

e”ects on the taxonomic classification of this group.

In the final chapter (chapter 5), I summarise my findings from the previous chapters,

and discuss future research directions.



Chapter2

16S rRNA phylogeny and clustering is not a reliable proxy

for genome-based taxonomy in Streptomyces

2.1 Introduction

2.1.1 Motivation

As previously discussed in Chapter 1 section 1.1, the current range of available

antibiotics are becoming increasingly less e”ective owing to the rapid emergence of

AMR, which needs urgent attention (Murray et al., 2022a). Although Streptomyces

produce over 80% of all clinically approved antibiotics and are a promising source of

novel natural products, drug discovery using pangenomic and comparative genomic

analyses could lead to false interpretations due to their contested taxonomy (Chevrette

et al., 2019b) (general introduction section 1.2.4). The uncertainty in the classification

of microorganisms can make drug discovery e”orts based on genomics misleading. For

example, if a new antibiotic-producing strain is misclassified or placed in the wrong

group, researchers may fail to recognise its full potential for producing valuable drugs,

overlook promising strains, or misdirect research e”orts, all of which could hinder the

discovery and development of new bioactive compounds.

110
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The previous most comprehensive 16S phylogenetic study of the genus Streptomyces

was carried out in 2012, although this gene is still routinely used for identification

of Streptomyces isolates and for metabarcoding studies (Labeda et al., 2012). Hence,

reconstruction of the 16S phylogeny for Streptomyces to consider all available sequences

is overdue to better understand the suitability of this gene for assignment of taxonomy

in Streptomyces.

2.1.2 Public 16S databases

Recent advances in sequencing technology have had a revolutionary impact on a data

availability (Buermans & Dunnen, 2014), and enabled the production of large public

sequence datasets for 16S sequences. The most widely used 16S rRNA databases are

SILVA (https://www.arb-silva.de) (Yilmaz et al., 2014), Greengenes (https://greengenes.

secondgenome.com) (DeSantis et al., 2006) and the Ribosomal Database Project (RDP)

(https://rdp.cme.msu.edu) (Cole et al., 2014). Each of these databases acquires their

16S rRNA sequences from repositories of record such as Genbank and EMBL/DDBJ.

Unfortunately, these databases are not frequently maintained. SILVA is the only 16S

database updated since 2020. Greengenes was last updated in 2013, and RDP in 2016.

Despite this, each remains in frequent use (Babis et al., 2024; McDonald et al., 2024).

These databases collect sequences from similar sources, but assign taxonomic anno-

tations using di”erent approaches. For instance, taxonomy annotation in SILVA and

Greengenes is based on automated de novo phylogeny construction and by implementa-

tion of database-specific prediction approaches (McDonald et al., 2012; Yilmaz et al.,

2014). In contrast, RDP uses a Näıve Bayesian Classifier (NBC) to assign taxonomy

trained on Bergey’s taxonomy (Wang et al., 2007). The annotation error rate is a poten-

https://www.arb-silva.de
https://greengenes.secondgenome.com
https://greengenes.secondgenome.com
https://rdp.cme.msu.edu
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tial concern for these databases, as approximately 17% of annotations were incorrectly

mapped in SILVA and Greengenes, and 10% in RDP. Annotation errors are known to

include conflicting annotations up to phylum rank, despite 100% sequence similarity

(Edgar, 2018a). Additionally, all databases implement sequence quality checks, but only

Greengenes checks for and removes chimeric sequences (DeSantis et al., 2006).

2.1.3 Considerations for construction of a 16S phylogenetic tree

Acquiring sequences

The first step in constructing any phylogenetic tree is the acquisition of relevant

sequences. A phylogenetic tree can be inferred from any set of sequences, but what

sequences are included in the phylogeny determine whether the phylogeny is biologically

meaningful (Kapli et al., 2020). Thus, careful consideration is essential to avoid

calculation of meaningless phylogenies or challenges for interpretation, or both.

Most phylogenetic methods, such as those implemented in RAxML (Kozlov et

al., 2019), produce a bifurcating tree (section 1.4.3). This structure implies a single,

recognisable common ancestor for all sequences, which is important for ensuring a

meaningful evolutionary interpretation. If the input sequence set fails to meet these

criteria—for example, includes sequences from chicken collagen, bacterial beta-lactamase,

and archaeal DNA polymerase—the fundamental assumption of building a phylogenetic

tree is not met. Sequences that share a recognisable, recent common ancestor are

termed homologous, and ensuring homology among selected sequences is essential for

calculating meaningful phylogenies (Kapli et al., 2020).

Identifying homologous sequences isn’t a one-size-fits-all approach; it depends on

the question at hand. Once suitable criteria are established, the selection of appropriate
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sequences can be carefully determined, including sourcing them from relevant databases

(section 2.1.2) or experimental data.

As discussed in section 1.3.3, microbial diversity can be studied using varying

amounts of biological information, ranging from a single gene to an entire genome.

When investigating the evolutionary relationships of a collection of isolates and inferring

a phylogenetic tree, we can identify shared sequences, such as the 16S rRNA gene, a

subset of housekeeping genes commonly used in MLSA and MLST, or core sequences.

However, relying on a single marker gene may not capture the necessary level of variation

needed to accurately di”erentiate organisms of interest. In such cases, selecting multiple

sequences can be more e”ective. These sequences are chosen from the organisms

being studied to ensure that the observed variation is suitable for reconstructing their

evolutionary history. By using a concatenated set of aligned sequences instead of a

single gene, the resulting phylogenetic tree provides a more reliable representation

of evolutionary relationships, reducing biases that could arise from the variability of

individual genes, if these genes are not a”ected by horizontal gene transfer (HGT) or

recombination.

When inferring phylogenies from sequences obtained from database(s), there are

several crucial aspects to consider:

1. Legal considerations, as sequences may be protected by intellectual property.

2. Database maintenance to ensure that errors are corrected and that the database

remains comprehensive and up-to-date with current knowledge, minimising bias

in observations.
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3. Quality checks to understand potential limitations and data quality issues (eg.

contamination, misannotation, chimeras).

Quality control and sequence clustering

Using sequences from a public database without quality checks or implementing

data curation processes should be avoided. Several factors can impact the accuracy of

phylogenetic analyses:

1. Redundant sequences: These sequences, if included in phylogenetic analyses, not

only consume computational resources unnecessarily but also do not bring new

biological information (Zou et al., 2018). However, in the context of epidemiology,

removing such samples may not always be appropriate, as they could still provide

important information for outbreak tracking.

2. Chimeric sequences: These are artifacts formed due to PCR errors, where at least

two biological sequences are incorrectly joined together (Gonzalez et al., 2005).

Inclusion of chimeric sequences in phylogenetic analyses can result in misleading

evolutionary estimates (Schloss et al., 2011). For instance, chimeric sequences

can a”ect the positioning of other, genuine sequences, ultimately producing an

incorrect overall topology.

3. Contaminated sequences with ambiguous nucleotides: Ambiguity bases represent

uncertainty in base-calling. The presence of such bases can introduce inaccuracies

and distortions in phylogenetic analysis by influencing branch length estimates, the

choice of evolutionary model, and topology (Lemmon et al., 2009). Determining

the appropriate threshold for discarding ambiguity data depends on the dataset
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being used.

4. Partial or sequences of di”erent lengths: Depending on the analysis being con-

ducted, it may be necessary to exclude sequences with partial or missing infor-

mation. For instance, as mentioned in section 1.3.3, some taxonomic studies rely

on individual or combined variable regions for classification, while others utilize

whole 16S sequences. If the goal is to perform taxonomic classification using whole

16S sequences, including partial sequences that lack certain variable regions may

not be appropriate.

As nodes in section 1.3.3, sequence clustering is a common approach for studying

evolutionary history through 16S sequences. By clustering sequences at a specific identity

threshold allows to represent biologically relevant groups (Edgar, 2018c), such as species,

allowing for the use of a single representative sequence from each group. This method

reduces redundancy, removing sequences that would otherwise consume computational

resources without contributing new biological insights, making phylogenetic analyses

more e!cient (Zou et al., 2020).

Some bioinformatics tools for sequence clustering implement greedy algorithms that

process input sequences in user specified order, or in order according to abundance

or length (Edgar, 2010; Rognes et al., 2016). Since the order in which sequences are

processed can influence the clustering outcome, di”erent processing orders can a”ect

the clustering outcome (eg. cluster composition or selection of representative sequence).

These di”erences, in turn, might a”ect the resulting phylogenetic tree, potentially

inferring di”erent topologies and branch lengths.
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Software tools commonly used for 16S analysis that implement de novo clustering

with greedy algorithms include VSEARCH (Rognes et al., 2016), USEARCH (Edgar,

2010) and CD-HIT (Li et al., 2012) (Table 2.1). Both VSEARCH and CD-HIT are open

source software, while USEARCH became open-source starting from version 12. All

three tools o”er chimera filtering, dereplication, and clustering of sequences. However, a

key di”erence is that USEARCH and CD-HIT also support amino acid sequence analysis,

a feature not available not available in VSEARCH. The key di”erence between these

tools is the sorting algorithm for the input sequences. CD-HIT sorts input sequences

by length, where USEARCH sorts the sequences by abundance. In contrast to this,

VSEARCH enables the user to pre-sort sequences by length, abundance or user specified

order.
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Feature usearch vsearch CD-HIT
chimera filtering ↭ ↭ ↭

clustering ↭ ↭ ↭
dereplication ↭ ↭ ↭

nucleotide sequences ↭ ↭ ↭
protein sequences ↭ ✁ ↭

open source ✁ ↭ ↭

Table 2.1: Commonly used sequence quality control tools.
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Multiple sequence alignment

The next step in building evolutionary trees is the alignment of the cleaned (and

potentially clustered) sequences to produce a multiple sequence alignment (MSA) (Figure

2.1). Aligned sequences form a discrete character matrix, where each row and column

are the representation of sequences and nucleotide derived from the same position in

a common ancestral sequence (homologous nucleotide), respectively (Chatzou et al.,

2015). Although, the input sequences are not required to be of the same length, the

output alignment matrix must consist of equal length sequences. Each alignment matrix

consists of matches, mismatches and deletions. A mismatch in the alignment represents

a possible substitution of the nucleotide and an indel, represented as a gap, is a possible

insertion or deletion (Higgins et al., 2005). A match is a position in which the compared

sequences have identical nucleotide or amino acid.
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CATT--ATATTCTAAA (Sequence 1)
|||||||||||||x||
CATTAGATA--CTTAA (Sequence 2)
||x|||||||||||||
CAATAGATA--CTTAA (Sequence 3)

1

Figure 2.1: Illustrative representation of multiple sequence alignment. Sequences are
represented as rows, and homologous nucleotides are represented as columns. MSA can
consist of matches (black vertical lines), mismatches (red cross) and deletions (green
horizontal lines).



2.1. Introduction 120

One of the first and most fundamental algorithms for comparing nucleotide and

protein sequences are the Needleman-Wunsch and Smith-Waterman algorithms (Chao et

al., 2022). The Needleman-Wunsch algorithm performs a global alignment, meaning that

it aligns all bases of both sequences from end to end (Needleman & Wunsch, 1970). This

method is particularly useful when the sequences being compared are of similar length

and share a significant degree of similarity. In contrast, the Smith-Waterman algorithm

is designed for local alignment, focusing on identifying regions of high similarity within

two sequences (Smith, Waterman, et al., 1981). Rather than aligning the entire sequence,

it finds the most similar regions, making it more suitable for cases where the sequences

may vary in length or contain only partial similarities. Both algorithms rely on dynamic

programming, but requires significant time and memory resources. The challenge grows

even more when trying to calculate pairwise alignments for thousands of sequences.

Modern sequence aligners use heuristic methods to reduce the time and computational

costs associated with dynamic programming. One such example is MAFFT (Multiple

Alignment using Fast Fourier Transform), which has become widely used for aligning

large number of sequences (Katoh & Standley, 2013). MAFFT achieves computational

e!ciency by first calculating a distance matrix, which is based on the number of shared

6-tuples (substrings of length six) between sequences, without the need to calculate

pairwise alignments. Using the distance matrix, MAFFT constructs a guide tree that

captures the relationships between the sequences. The sequences are then progressively

aligned, beginning with the most closely related pairs, followed by the inclusion of more

distantly related sequences. After the initial alignment, the guide tree is re-estimated
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based on the current alignment, enabling further refinement of the relationships between

sequences. Finally, MAFFT performs a realignment using the updated guide tree, which

improves the overall alignment accuracy and optimises the alignment score. In addition

to MAFFT, other progressive alignment tools that adopt heuristic approaches include

Clustal (Sievers & Higgins, 2018) and MUSCLE (Edgar, 2004).

Progressive alignment methods are widely used due to their advantages in speed and

ability to produce optimal alignments. However, progressive alignments can sometimes

introduce artefactual gaps, particularly in large datasets, as it may be challenging to

achieve fully accurate alignment across all sequences (Golubchik et al., 2007). An

excessive number of gaps can lead to unreliable and biologically meaningless alignments.

Reference-based approaches can help avoid inappropriate gap insertion. Tools like

Nextalign are reference-based aligners that calculate pairwise distances by comparing

input sequences against a reference sequence, with only sites present in the reference

included in the alignment (Hadfield et al., 2017). However, reference-based alignments

may be less suitable for distantly related sequences, as they depend on the availability

of a highly similar reference sequence for accurate comparisons.

Many available alignment algorithms align nucleotide sequences in a codon-unaware

manner (Hadfield et al., 2017). This can pose challenges when using nucleotide sequences

for coding regions because the function of a protein is primarily determined by its amino

acid sequence, rather than by the underlying nucleotide sequence. Since interactions

among di”erent amino acids determine the structure and folding into complex 3D

structures that carry out specific tasks, inappropriate placement of gaps and disrupt-

ing codons can shift the reading frame, leading to the loss of functional information
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and sequence homology (Hall, 2005). In a MSA, each column represents a positional

relationship among the sequences, but the algorithm behind the alignment is blind

to biological context and only aims to maximise or minimise a scoring function. By

enforcing codon awareness, biological relevance is imposed on the alignment process,

ensuring that disruptions, such as frameshifts, are minimised, thereby preserving func-

tional and evolutionary insights. Without this biological consideration, downstream

analyses can be compromised, leading to incorrect bases being compared or a”ecting

the choice of evolutionary models, which in turn may result in misleading phylogenies.

Aligning protein sequences allows for construction of codon-aware alignments, preserv-

ing functional information and avoiding biases from codon-unaware alignments. In

scenarios where nucleotide alignment is necessary for estimating phylogeny or other

downstream analyses, the common practice is to convert protein alignments back into a

DNA alignment by threading the nucleotide sequences onto a protein alignment.

In some cases, phylogenetic reconstruction involves the use of multiple genes. The

common practice is to align the individual genes separately, back-translate and trim (see

below) the alignment appropriately, and then concatenate the alignments (Kapli et al.,

2020). The reason for aligning the sequences separately is to maximise or minimise

the alignment score for each gene. Additionally, by calculating separate alignments, all

information is preserved, ensuring accurate representation of each gene’s evolutionary

history and maintaining the sequence homology (Horton & Taylor, 2023; Long et al.,

2014).
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Alignment trimming

Filtering and trimming of a constructed MSA is required to remove unreliable or

uninformative columns before phylogenetic tree estimation. Positions mostly represented

by gaps within a MSA can introduce uncertainty into the reconstruction of phylogenetic

trees, as they can accommodate various explanatory topologies. The phylogenetic tree

serves as a model that explains the sequence data, and any factors that complicate this

explanation—such as misalignment, chimeric sequences, gaps, and ambiguous bases—can

reduce the confidence in the resulting phylogeny. Therefore, removing positions that are

largely represented by gaps, along with poor-quality sequences (e.g., chimeric sequences

and those with excessive ambiguity bases), can increase the accuracy and precision of

phylogenetic reconstruction by increasing the evolutionary signal (Castresana, 2000;

Talavera & Castresana, 2007).

Two commonly used bioinformatics tools that have been developed for alignment

filtering and trimming are Gblocks (Talavera & Castresana, 2007) and trimAl (Capella-

Gutiérrez et al., 2009). Both tools are conceptually similar and were designed to remove

columns according to a user specified threshold for both gap score and similarity score

component. However, trimAl di”ers from Gblocks in that it o”ers automated selection

of those thresholds by a number of built-in heuristic approaches.

Evolutionary model estimations

During phylogenetic tree reconstruction, assumptions about how sequences evolve

over time are made. It cannot be assumed that each nucleotide or amino acid have equal

chances of change (Hall, 2018). Some regions may be more conserved due to functional
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constraints, while others may vary more freely. Evolutionary models inform us about

the likelihood of nucleotide replacement within a sequence, allowing for more accurate

representations of evolutionary relationships.

In phylogenetic trees, branch lengths indicate the amount of genetic change between

sequences in an alignment (Gregory, 2008). While it may seem intuitive to measure

branch lengths by calculating the percentage of observed changes between an ancestor

and its descendants, this method assumes that there are no additional unobserved

changes. However, there could be changes that occurred in the past and are no longer

apparent. Two scenarios might be overlooked with the calculation of observed changes:

1. Multiple changes occur at a site but only one is observed, for example, from G to

A and then from A to C.

2. No changes are observed as the site mutated from G to A and then back to G.

Evolutionary models operate under the assumption that there may be more changes

at a site than the ones observed (Hall, 2018). Various evolutionary models exist, and

one of the biggest challenges we face is determining which model is most appropriate

for a given dataset. However, several bioinformatics tools for estimating evolutionary

models have been developed, such as ModelTest-NG (Darriba et al., 2019), DT-ModSel

(Minin et al., 2003), and JModelTest (Darriba et al., 2012), which enable more robust

and accurate estimation of the models.

The choice of evolutionary models is crucial, as it has been found to a”ect inferred

phylogenies (Kuhner & Felsenstein, 1994; Lemmon & Moriarty, 2004). It can be

influenced by factors such as the inclusion of contaminants like poor-quality sequences
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and chimeras, missing information in the alignment (e.g., over representation of gaps),

or the inclusion of unrelated sequences (Lemmon et al., 2009). This further highlights

the importance of cleaning and filtration steps in the phylogenetic analysis process.

Estimation of phylogenetic trees

There are four main approaches for phylogenetic tree estimation: distance, parsi-

mony, bayesian and likelihood (Hall, 2018). The most widely used distance method is

neighbour joining (NJ) (Saitou & Nei, 1987). The principle of this method is to find the

distance between each pair of sequences and group the most similar sequences together.

The NJ method is particularly useful on large datasets due to its computational speed

(Elias & Lagergren, 2009). However, NJ fails to account for the complexities of evolu-

tionary dynamics—such as varying mutation rates—potentially leading to less accurate

representations of true evolutionary relationships among sequences (Hall, 2018) as more

sophisticated methods, like Maximum Likelihood or Bayesian inference, do. Given the

advancements in computational e!ciency, there is little justification for continuing to

use NJ; ML methods have become su!ciently fast and robust to serve as the default

choice in phylogenetic analysis.

Maximum parsimony (MP) seeks to find phylogenetic tree by minimising the total

number of estimated evolutionary steps required to explain the sequence data. In

MP, the assumption is that the simplest (i.e. most parsimonious) explanation that

can explain the data is more preferred over more complex explanations (Fitch, 1971).

The biggest benefit of using MP is the speed required to process large amount of data

especially for sequences with low divergence (Takahashi & Nei, 2000). However, this

method is associated with a high rate of inconsistencies, especially for data with a
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constant rate of nucleotide substitution (Takezaki & Nei, 1994).

Perhaps the most commonly used modern method applied to estimate evolutionary

events is Maximum likelihood (ML), which was introduced by Felsenstein in 1981

(Felsenstein, 1981). The ML method assumes that the evolution of each nucleotide site

occurs independently according to a substitution model. The topology of the resulting

phylogenetic network is obtained by finding the tree which maximises the probability

of observing the data, for a given evolutionary model (Harrison & Langdale, 2006).

This is achieved by estimating a number of trees, starting from a number of di”erent

initial topologies and modifying the trees until they converge on a topology that is

most consistent with the input data. Although ML was considered to be slow and

computationally expensive, this method is superior to NJ and MP and the power of

modern personal computers makes it a good default choice under many circumstances.

One of the most commonly used tools for estimation of ML phylogenetic trees is

RAxML-NG (Kozlov et al., 2019). RAxML-NG was developed by incorporating concepts

of other widely used bioinformatic tools for the estimation of ML evolutionary trees like

RAxML and ExaML. The e!ciency of RAxML-NG was demonstrated to be increased

by 10-60% and o”ers improved accuracy. RAxML-NG also predicts the most suitable

evolutionary model for the given dataset and enables post-hoc analysis of phylogenetic

trees including bootstrapping.

Another widely used method for estimating phylogenies is Bayesian Inference (BI)

that uses Bayes’ Theorem to compute the posterior probability of each possible tree

(Didelot et al., 2018). Unlike ML that seeks a single most likely tree, BI it uses prior

assumptions about evolutionary processes, and updates these assumptions by analysing
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the data. In practice, the process begins with an initial tree, for which the probability

is calculated (Hall, 2018). This tree is then subject to slight modifications, which may

involve adjusting its topology or altering branch lengths. After these modifications,

the likelihood score of the revised tree is recalculated. If the likelihood of the new

configuration surpasses that of the previous tree, the revised tree is accepted as the new

current state.

BI di”ers from the ML approach in its ability to consider the same tree multiple

times during the search process, which can prove advantageous (Hall, 2018). To illustrate

this, we consider a metaphorical landscape in which we seek the best tree, represented

by the highest point on a hill. In the ML search, the algorithm may become trapped

on a hill that, while tall, is not the highest peak available; therefore, it may overlook

a much higher hill, representing a better tree. In contrast, BI’s approach allows it to

explore various options more freely, potentially leading to the identification of superior

phylogenetic trees that might otherwise remain undiscovered. This capacity to revisit

and refine trees enables BI to escape local maxima, consequently enhancing the likelihood

of converging on a more accurate phylogenetic estimation.

Bootstrapping

Central to our confidence in any phylogenetic reconstruction is statistical analysis to

evaluate the robustness of the estimated tree topology. The reliability of phylogenetic

tree topology is often estimated by bootstrapping (Hall, 2018), a concept introduced

to phylogenetics by Felsenstein in 1985 (Felsenstein, 1985). The basic idea behind

(Felsenstein) bootstrapping is to measure sensitivity of the tree topology to resampling of

columns from the initial alignment. This form of bootstrapping involves the generation of
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many (typically 100-1000) alignments of the same size as the original input by resampling

(with replacement) random columns from the original alignment, and inferring a new

phylogeny. These phylogenetic trees are then subdivided into subsets at specific nodes

(bipartitions) and compared to the original tree. If a bipartition in the new tree matches

that of the original, it is considered a match and typically assigned a score of 1. The

resulting bootstrap values - the sum of scores on each bipartition in the original tree -

indicate how frequently a particular bipartition was observed out of the total number

of replications. Higher bootstrap values suggest greater support for the corresponding

bipartition in the phylogenetic tree, indicating the sensitivity of that bipartition to

changes in the input dataset (Hall, 2018).

Felsenstein’s bootstrap is arguably one of the most widely used methods for assessing

the robustness of phylogenetic inferences. However, in the era of big data, its ability to

accurately reflect statistical support for evolutionary relationships has been questioned

(Lemoine et al., 2018). Studies on microbial diversity, especially with large datasets, have

shown that Felsenstein’s bootstrap tends to produce lower support values, particularly

for deeper branches (Soltis & Soltis, 2003). This occurs because, as the number of

sequences increases, so does the number of possible tree topologies (tree space). With

more sequences, the bootstrapping process samples this tree space more broadly, leading

to greater variation and potentially di”erent topologies. Since Felsenstein’s method only

considers exact matches between tree bipartitions, this can result in less precise statistical

support. An alternative approach, Transfer Bootstrap Expectation (TBE), o”ers a

better estimation of phylogenetic support (Lemoine et al., 2018). Unlike Felsenstein’s

bootstrap, TBE takes into account not only exact matches but also similar topologies,
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measured by transfer distance. This adjustment improves the accuracy of support values

for evolutionary inferences, making it a more robust tool for large-scale phylogenetic

analyses.

2.1.4 Best practices

The methodology of the analysis should be documented in such way that each step of

the analysis can be replicated, and the results can be reproduced. It has been estimated

that approximately only 40% of published phylogenetic trees are reproducible (Magee

et al., 2014). Failure to reproduce results in analysis can prevent other scientists from

verifying the findings of the study, identifying errors or biases, and may raise concerns

regarding result accuracy and reliability.

Numerous recommendations are available to ensure the reproducibility of bioinfor-

matics analyses, applicable not only to phylogenetic reconstruction but to all analyses

(Sandve et al., 2013). These recommendations include clear reporting of:

1. Software used for specific analyses and tasks. When solving a problem, there

might be multiple options to explore, each potentially yielding di”erent results

due to variations in algorithms.

2. Software versions. Algorithms to solve specific tasks might evolve in response to

the available data, and the progress of understanding of the problem at hand.

This evolution may lead to di”erent algorithms being implemented across software

versions or alterations to algorithms due to bug fixes within the code base.

3. Parameters, which can significantly a”ect data handling and processing. In

phylogenetic reconstruction, it has been demonstrated that parameter selection
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can impact final outcomes, particularly concerning evolutionary models or seed

parameters (Shen et al., 2020).

4. Databases and sequence accessions. Many databases, including NCBI, are dynamic

and their content may vary over time. The di”erence in the available data can

lead to discrepancies in results and observations.

5. Computing resources, including processor types and CPU cores. Previous investi-

gations have indicated that computational resources may influence the resulting

phylogenies observed (Shen et al., 2020).

6. Sequence alignments and tree files. Providing these as a minimum standard is

crucial for ensuring transparency and reproducibility in phylogenetic analyses.

These files allow others to evaluate the robustness of the results, validate the

methods used, and contribute to the principles of open science.

2.1.5 Aims and objectives

The overall aim of this chapter is to estimate Streptomyces diversity and assess the

agreement between 16S and whole-genome distance methods, using all publicly available

46,981 full-length 16S rRNA sequences and the 2,276 Streptomyces genomic sequences

available at the time of writing.

Specific objectives of this chapter are:

1. Given the significant increase in available genomic sequence data (Figure 1.6) and

the development of advanced phylogenetic methods since 2012, when the most

extensive 16S phylogeny for Streptomyces was constructed (Labeda et al., 2012),
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I will reconstruct a more complete and updated phylogeny for this genus using

sequences from SILVA, Greengenes, RDP and NCBI.

2. Approximately 17% of annotations in SILVA and Greengenes, and 10% in the RDP

database, have been found to be incorrect (Edgar, 2018a). Moreover, the lack of

active maintenance for Greengenes and RDP, along with inconsistencies in quality

control procedures across these databases, highlights the need for validation

(section 2.1.2). Therefore, I will assess the quality of genomic Streptomyces

sequences and validate the taxonomic nomenclature assigned in the 16S databases

used.

3. Since the threshold for 16S sequence clustering is currently under debate (section

1.3.3), I will investigate the accuracy and impact of sequence clustering across

a spectrum of threshold identities ranging from 98% to 100%. (zero-radius

Operational Taxonomic Units).

4. I will explore intragenomic heterogeneity of 16S rRNA sequences across Strepto-

myces genomes and investigate the underlying biology and whether it supports

mapping between 16S and whole-genome taxonomy, using a combination of graph

theory and distance methods.

The findings of this study will benefit taxonomists and researchers interested in

studies that heavily rely on accurate taxonomy and, in particular, 16S-based classification

methods. By conducting large-scale comparisons of 16S and whole-genome distance

methods in Streptomyces, this work will provide greater clarity on the e”ectiveness

of single-gene taxonomy classification, and will lead to better understanding of the
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taxonomic structure of this pharmaceutically important genus.

2.2 Methodology

2.2.1 Data summary and availability

All analyses in this and other chapters were carried out on a MacBook Pro

with 2 GHz Quad-Core Intel Core i5 and 32GB RAM, Python v3.9, RStudio

v2023.06.1+524 with R v4.3.2 and default parameters, unless stated otherwise.

All code, raw and supporting data used in this chapter are publicly available

from GitHub (https://github.com/sipbs-compbiol/Kiepas et al 2024 16S) and Zen-

odo (https://zenodo.org/records/10991761). The 16S sequence data used in this

study are also available from Greengenes v13.5 (https://gg-sg-web.s3-us-west-2.

amazonaws.com/downloads/greengenes database/gg 13 5/gg 13 5.fasta.gz), SILVA

v138.1 (https://www.arb-silva.de/fileadmin/silva databases/release 138 1/Exports/

SILVA 138.1 SSURef tax silva.fasta.gz),RDP v11.5 (http://rdp.cme.msu.edu/download/

current Bacteria unaligned.fa.gz), and NCBI under BioProject PRJNA33175. Addi-

tionally, the accessions for all 16S sequences used in this manuscript, as well as for

Streptomyces genome accessions, are available in the Supplementary File 2, as content

of the source databases may vary over time.

2.2.2 Acquisition of 16S rRNA Streptomyces sequences from major 16S

rRNA databases

The flowchart provided in Figure 2.2 provides an overview of analysis steps and

serves as a guide for which Supplementary Files were generated during reconstruction

of the 16S phylogeny. 16S rRNA sequences were manually downloaded from SILVA

https://github.com/sipbs-compbiol/Kiepas_et_al_2024_16S
https://zenodo.org/records/10991761
https://gg-sg-web.s3-us-west-2.amazonaws.com/downloads/greengenes_database/gg_13_5/gg_13_5.fasta.gz
https://gg-sg-web.s3-us-west-2.amazonaws.com/downloads/greengenes_database/gg_13_5/gg_13_5.fasta.gz
https://www.arb-silva.de/fileadmin/silva_databases/release_138_1/Exports/SILVA_138.1_SSURef_tax_silva.fasta.gz
https://www.arb-silva.de/fileadmin/silva_databases/release_138_1/Exports/SILVA_138.1_SSURef_tax_silva.fasta.gz
http://rdp.cme.msu.edu/download/current_Bacteria_unaligned.fa.gz
http://rdp.cme.msu.edu/download/current_Bacteria_unaligned.fa.gz
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v138.1 (Yilmaz et al., 2014), RDP v11.5 (Cole et al., 2014), NCBI (New ribosomal

RNA BLAST) PRJNA33175 (Sayers et al., 2021) and Greengenes v13.5 (DeSantis et al.,

2006) as indicated in Table 2.2. Sequence accessions for the downloaded 16S databases

are provided in Supplementary file 2.

Greengenes is the only one of these databases that stores sequence and tax-

onomy information in separate files. The taxonomy file (gg 13 5 taxonomy.txt,

Supplementary File 2) was accessed on the 26th of October 2020 from https://

greengenes.secondgenome.com/?prefix=downloads/greengenes database/gg 13 5/. This

taxonomic information was mapped to sequence by matching the sequence identifier

(gg map taxonomy.py; Supplementary File 2).

https://greengenes.secondgenome.com/?prefix=downloads/greengenes_database/gg_13_5/
https://greengenes.secondgenome.com/?prefix=downloads/greengenes_database/gg_13_5/
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Table 2.2: Summary description of 16S rRNA databases used in the study.

Database Version Acquisition
date

No. of sequences

SILVA 138.1 26th Oct 2020 2 224 740
GreenGenes 13.5 26th Oct 2020 1 262 982
RDP 11.5 10th Nov 2020 3 196 041
NCBI PRJNA33317 10th Nov 2020 20 801

TOTAL: 6 704 552
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supplementary file 4 )
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(non chimeras.fasta,

supplementary file 4 )

14,239
(length c100.fasta*,

supplementary file 5 )

14,249
(zOTUs with outgroups.fasta,

supplementary file 9 )

14,235
(zOTUs MSA.fasta,

supplementary file 9 )

14,235
(strep final nextalign MSA.fasta,

supplementary file 9 )

9,049
(strep final nextalign MSA reduced.phy,

supplementary file 9 )

phylogenetic tree with 9,049 nodes
(04 TBE.raxml.support,

supplementary file 10 )

phylogenetic tree with 5199 nodes
(collapsed tree.nw,

supplementary file 11 )

merging datasets

extraction of

Streptomyces sequence

extraction of

Streptomyces sequence

extraction of

Streptomyces sequence

extraction of

Streptomyces sequence

extraction of

sequence >=1200bp

extraction of

sequence >=1200bp
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sequence >=1200bp
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sequence >=1200bp

base code standardisation

(Uracil to Thymine)

dereplication

(remove redundancy.sh, supplementary file 4 )

removal of squences with >= 153 ambiguity symbols

(remove ambiguity.py, supplementary file 4 )

removal of chimeric sequences

(remove chimeras.sh, supplementary file 4 )

sequence clustering (zOTUs)

(cluster sequences.sh, supplementary file 5 )
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(add outgroups.sh, supplementary file 9 )

reconstruction of MSA

(align seq nextalign.sh, supplementary file 9 )

trimming of MSA ends

(trim seq nextalign.sh, supplementary file 9 )

dereplication

(alignment dereplication.sh, supplementary file 9 )

ML tree estimation with 100 TBE

(raxml bootstraps.sh, supplementary file 10 )

Collapsing branches

(collapse branches.ipynb, supplementary file 11 )

Figure 2.2: Schematic workflow for construction of the full-length 16S rRNA Streptomyces
phylogeny. Each arrow represents a process and is annotated with the name of the
script used and corresponding supplementary file. Output/data files, and the number
of remaining sequences after each step, are indicated by rectangles. The green shading
represents a single processing step of collecting and collating 16S database sequences.
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2.2.3 Selection of full-length Streptomyces 16S rRNA sequences

As the downloaded databases consist of 16S rRNA sequences covering many genera, I

filtered the downloaded databases to retain only sequences with the keyword Streptomyces

in the taxonomy filed. To obtain only full-length 16S sequence candidates, I further

filtered the sequences by removing sequences shorter than 1200bp. The average length

of a complete 16S gene is approximately 1550bp, and a 1200bp lower threshold on

sequence length was chosen to capture all hypervariable regions, maximising information

about sequence variation, and to filter out database sequences targeting only a subset

of hypervariable regions. I refer to this >1200bp filtered set as “full-length” sequences.

The resulting 48,981 sequences were combined to create a local 16S database,

and base coding was standardised to replace uracil with thymine (U ↓ T;

get complete strep seq.py, Supplementary File 3).

2.2.4 LPSN Nomenclature Validation

Standardised nomenclature data was downloaded from the List of Prokaryotic

Names with Standing in Nomenclature (Parte, 2018) (LPSN; LPSN taxonomy.csv,

Supplementary File 6) on 16th February 2023. Species-level nomenclature previously

assigned to the 48,981 full-length 16S rRNA Streptomyces sequences in the source

database(s) was validated against this list (get NCBI taxID and LPSN status.py;

Supplementary File 6).
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2.2.5 Elimination of nomenclature disagreements at higher taxonomic

ranks

In some cases, the stated taxonomy at higher ranks of a sequence was a lin-

eage not recognised to be ancestral to Streptomyces spp. The nomenclature at

ranks up to Kingdom assigned to extracted full-length 16S rRNA Streptomyces se-

quences in the source database(s) was validated (check nomenclature hierarchy.py,

Supplementary File 3) to identify and note, but not correct, this and similar cases of

nomenclature hierarchy disagreement.

2.2.6 Removing redundant and ambiguous sequences

As the 16S rRNA databases used in this study might inherit sequences

from similar major international sequence databases and may contain identical

sequences without bringing the new biological information, I identified and re-

moved 24,132 strictly identical redundant sequences identified using vsearch v2.15.1

(Rognes et al., 2016) (--derep fullnegth, --sizeout; remove redundancy.sh,

Supplementary File 4).

To avoid the accuracy of the analysis being a”ected by poor quality sequences with

a high ambiguity bases count, the number of ambiguity bases present in each sequence

were counted. Sequences with no ambiguity bases were treated as high-quality by

default.

To identify an appropriate statistical threshold to identify outliers, the distribution

of ambiguity bases present in each sequence was investigated (remove ambiguity in

Supplementary File 4). As shown in Figure 2.3, the number of ambiguity count per
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sequence follows skewed distribution, and the variance (498.3) is larger than the mean

(5.5), also known as overdispersion. Thus, a negative binomial statistical model was

chosen to identify a threshold at which outlying sequences containing an unusually large

number of ambiguity bases could be removed.
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Figure 2.3: The number of ambiguity bases per sequence follows a negative binomial
distribution, with observed variance (498.3) much larger than the mean (5.5). Outliers
identified at the 95th quantile (p-value of 0.05), 99th quantile (p-value of 0.01), and
99.9th quantile (p-value of 0.001) based on this negative binomial distribution are
highlighted in red, blue, and green, respectively.
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A threshold value was calculated for Negative Binomial Distribution in R using

qnbinom(), where µ was the mean count of ambiguity per sequences, and n was the

run of positive outcomes treated as dispersion parameter, calculated with the following

formulae:

µ =
total count of ambiguity bases

total number of sequences

n =
µp

1↔ p

where p is the probability calculated as follow:

p =
total count of ambiguity bases

total count of all bases in all sequences

The qnbinom() function also requires an additional argument specifying the quantile

for which we want to determine the threshold. In statistical analysis, a p-value quantifies

how extreme an observed result is relative to a distribution of values. For instance,

a p-value of 0.01 corresponds to the 99th quantile, indicating that any sequence with

ambiguity counts exceeding this threshold falls within the top 1% of values. Such

sequences are considered outliers, suggesting they are significantly di”erent from the

majority of the data.

The analysis showed that sequences with more than 14, more than 153, or more

than 536 ambiguous bases could be outliers at the p-values of 0.05, 0.01 and 0.001,

respectively. The minimum length of 16S rRNA sequences in this database is 1200bp.
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Thus, retaining sequences with as many as 536 ambiguity bases would mean that these

sequences lack almost half of the expected biological information compared to sequences

with no ambiguity bases. This could negatively a”ect phylogenetic analysis and lead to

inaccurate tree topology estimation. Therefore, excluding sequences at P <0.001 was

not considered.

Retaining sequences with as many as 153 ambiguity bases is comparable to losing

one conserved region from the 16S sequence. Taking into consideration that this study is

based on whole 16S rRNA sequences, I considered there would still be enough biological

information to distinguish between di”erent species if 153 bases were removed. However,

only 100 sequences contained more than 14 and less than 153 ambiguity bases, and

I considered that discarding this set of sequences would not substantially reduce the

number of sequences in the analysis. Hence, all sequences with more than 153 ambiguity

bases were discarded (at P <0.01), which reduced the number of total 16S rRNA

sequences to 24,838.

All databases used in this in silico study perform their own sequence quality checks.

However, not all actively check for and remove chimeric sequences. Therefore, to

reduce the negative e”ect chimeras could have on the phylogenetic analysis of 16S

rRNA Streptomyces sequences, 2,158 chimeric sequences were identified and discarded

using vsearch v2.15.1 (Rognes et al., 2016) (--uchime denovo; remove chimeras.sh,

Supplementary File 4). These operations reduced the ↗49,000 full-length 16S

rRNA Streptomyces database to a total of 22,680 sequences (non chimeras.fasta;

Supplementary File 4).
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2.2.7 Clustering of complete 16S rRNA Streptomyces sequences

The 22,680 retained full-length Streptomyces sequences were clustered us-

ing vsearch 2.15.1 (Rognes et al., 2016) at pairwise percentage sequence iden-

tity thresholds ranging from 98% to 100% in steps of 0.1% (--cluster fasta,

--centroids;cluster sequences.sh, Supplementary File 5). The number of dis-

tinct taxonomic assignments in a cluster for each clustering threshold was determined

using the NCBI reference taxonomy(Schoch et al., 2020) (downloaded on the 31st

January 2023 from https://ftp.ncbi.nih.gov/pub/taxonomy/taxdmp.zip; names.dmp,

Supplementary File 6). Each sequence was assigned NCBI taxID corresponding to

the LPSN-validated nomenclature assigned to it in the source database(s). This process

generated 14,239 zOTUs with 100% pairwise sequence identity according to the clus-

tering threshold, although the input sequence set was non-redundant. Nomenclature

and corresponding taxIDs for redundant sequences removed in methodology section

2.2.6 were assigned to the retained representative sequence for this analysis, as mul-

tiple di”erent taxonomic classifications were identified for many redundant sequences

(cluster composition analysis.py, Supplementary File 6).

2.2.8 Phylogenetic reconsuction

Representative sequences from all 14,239 16S rRNA zOTUs, and a further ten 16S

rRNA outgroup sequences belonging to isolates from Kitasatsopora, Streptoalloteichus

and Clavibacter genera (outgroup.fasta, Supplementary File 9) were aligned using

nextalign v0.1.4 (Hadfield et al., 2017) against the GCF 008931305.1 16S rRNA refer-

ence sequence (S coelicolor A32.fasta, Supplementary File 9) from Streptomyces

https://ftp.ncbi.nih.gov/pub/taxonomy/taxdmp.zip
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coelicolor A3(2).

Alignments were trimmed using trimAl v1.4 (Capella-Gutiérrez et al., 2009)

(trim alignments.sh, Supplementary File 9) and subsequently dereplicated using RaxML

(alignment dereplication.sh, Supplementary File 9). A Maximum-Likelihood

tree was estimated using RaxML-NG v1.0.2 with 100 Transfer Bootstrap Ex-

pectation (TBE) replicates (--model GTR+F0; --seed 24875;raxml bootstraps.sh;

raxml tbe.sh, Supplementary File 10) on the ARCHIE-West computing cluster

with Intel XI(R) Silver 4216 CPU 2.10Hz, 32 cores and 187 GB RAM.

2.2.9 Assessment of unique 16S rRNA sequences from Streptomyces

genomes

All 2,276 publicly available Streptomyces genome sequences

(streptomyces genomes.txt, Supplementary File 17) were downloaded from

NCBI (Sayers et al., 2021) on July 8th, 2021 with ncbi-genome-download

v0.3.3 (https://github.com/kblin/ncbi-genome-download; download genomes.sh,

Supplementary File 17). The flowchart in Figure 2.4 outlines the workflow processes

and supplementary materials used for analysis of 16S rRNA sequences from Streptomyces

genomes.

The assembly status of each genome was checked against the NCBI assembly report

downloaded on 30th January 2023 from https://ftp.ncbi.nlm.nih.gov/genomes/refseq/

assembly summary refseq historical.txt (assembly summary refseq historical.txt,

check genome status.py, Supplementary File 17). I discarded 120 suppressed

genomes from the analysis. Updated versions of five replaced genomes

(streptomyces replaced genomes.txt, Supplementary File 17) were manually

https://github.com/kblin/ncbi-genome-download
https://ftp.ncbi.nlm.nih.gov/genomes/refseq/assembly_summary_refseq_historical.txt
https://ftp.ncbi.nlm.nih.gov/genomes/refseq/assembly_summary_refseq_historical.txt
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downloaded from NCBI (Sayers et al., 2021) on 30th January 2023. A total of 6,692

16S rRNA sequences were extracted from the 2,156 Streptomyces genomes by matching

the key word ‘16S’ in the

gene qualifiers GenBank field (extract 16S.py, Supplementary File 18). I fil-

tered the extracted sequences to a total of 4,227 by retaining only those from the 1,369

genomes (retained genomes.txt, Supplementary File 18) that exclusively contain

only full-length and ambiguity bases-free 16S rRNA sequences (filter 16S seq.py,

filtered 16S seq from strep genomes.fasta, Supplementary File 18). All 4,227

such sequences extracted from Streptomyces genomes were aligned using nextalign v0.1.4

(Hadfield et al., 2017) against the same GCF 008931305.1 16S rRNA reference sequence as

used previously (S coelicolor A32.fasta, Supplementary File 9). The alignment

was trimmed using trimAl v1.4 (Capella-Gutiérrez et al., 2009) (trim alignment.sh,

Supplementary File 19), and genomes sharing identical 16S rRNA sequences were

clustered (get input genomes for pyani.py, Supplementary File 19) and used as

input sequences to determine their taxonomic boundaries with ANI using pyANI v0.3

(Pritchard et al., 2015) (pyani analysis.sh, Supplementary File 19). As men-

tioned in section 1.3.3, a proposed ANI threshold suggests that isolates with →95%

genome identity likely belong to the same species. However, genus boundaries remain

debated, with some arguing that genomes sharing <50% of their genetic material may

be more similar to unrelated lineages, warranting separate classification (Pritchard et al.,

2015). Based on these considerations, I adopted the 95% identity and 50% coverage

thresholds to estimate species and genus boundaries, respectively.
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Figure 2.4: Schematic representation of the pipeline used to filter publicly available
Streptomyces genomes.
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2.2.10 Network analysis of genomes based on shared 16S rRNA se-

quences

I constructed a network representing individual genomes as nodes and assigning

edges between genomes with weights corresponding to the number of shared identical

16S sequences, to represent the 1,369 Streptomyces genomes that contain only full-

length and ambiguity bases-free 16S rRNA sequences. Edges corresponding to pairs of

genomes with no 16S sequence in common were removed so that an edge in the graph

implied at least one identical 16S sequence in common. The graph was constructed

and processed using using NetworkX (Hagberg et al., 2008), and visualised interac-

tively with plotly v5.6.0 (https://plotly.com/python/; genome 16S NetworkX.ipynb;

Supplementary File 20). Node layout was calculated using Cytoscape v3.9.0 (Shan-

non et al., 2003) with Prefuse Forced Directed layout. ANIm analysis was performed

using pyANI v0.3 (Pritchard et al., 2015) to determine taxonomic boundaries for all

genomes found in the same subgraph, as above (pyani analysis.sh, Supplementary

File 20).

2.3 Results and Discussion

2.3.1 Public 16S Streptomyces sequence databases include records with

low-quality or redundant sequence, or that have issues with taxonomic

nomenclature

High-quality sequences are crucial for ensuring the accuracy and reliability of research

and analysis, particularly in the fields of genomics, taxonomic classification, and applied

microbiology. Public sequence databases provide remarkable opportunities for large

https://plotly.com/python/
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and comprehensive studies of evolutionary relationships and hold exceptional value that

has shaped modern systematics. Using unintentionally inaccurate database records can

potentially lead to false interpretations and flawed research outcomes.

To examine the robustness of phylogenetic relationships of the genus of Streptomyces

based on 16S rRNA diversity, all available 16S rRNA sequences were downloaded

from SILVA, GreenGenes, RDP and NCBI databases (Methodology Section 2.2.2).

Knowing that these databases acquire sequences from similar authoritative database(s)

it was possible that these contained redundant sequences. Inclusion of redundant

sequences in phylogenetic analyses can waste computational resources and slow down

analyses without providing additional biologically meaningful information and make

it di!cult to distinguish between noise and phylogenetic signal. Therefore, it was

necessary to identify and exclude redundant sequences for phylogenetic reconstruction.

Among these databases, there were 62,482 16S rRNA sequences belonging to the genus

Streptomyces, of which only 48,981 (78.4%) were determined to be full-length sequences

(methodology section 2.2.2). In total, I identified 24,849 non-redundant full-length 16S

rRNA Streptomyces sequences (50.7% of all full-length Streptomyces sequences; 39.8%

of all database Streptomyces sequences).

Prokaryotic taxonomic nomenclature is a pivotal mechanism for unambiguous com-

munication about an organism’s identity. Correct nomenclature helps avoid undesirable

clinical, ecological, agricultural, and pharmaceutical consequences (Boykin, 2014; Janda,

2020). In medical diagnostics, misclassification of a bacterium under an incorrect genus

or species name can result in the prescription of inappropriate antibiotics, or failure to

give suitable treatment. For example, the recent reclassification of Ochrobactrum spp. as
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Brucella spp. illustrates this issue (Hördt et al., 2020). Ochrobactrum, an opportunistic

pathogen with low virulence, typically causes less severe infections that require minimal

treatment. In contrast, Brucella is highly pathogenic and requires at least eight weeks

of antibiotic therapy for both infected patients and those who have been in close contact

(Moreno et al., 2023). This renaming has been the cause of misidentification of these

pathogens preventing patients from receiving appropriate medical care (Park et al.,

2024). In pangenomic and comparative genomics, assuming that taxonomic assignments

are accurate can lead to significant issues. For instance, if two genomes are both labeled

as Streptomyces, but one genome has been incorrectly classified and actually belongs

to a closely related but distinct genus, this mislabeling can obscure the pangenomic

analysis (as disussed in 1.2.4). Specifically, if the misclassified genome is a member of a

di”erent genus that is less closely related to Streptomyces than originally thought, the

analysis may inaccurately identify a smaller number of core genes shared between the

two genomes and a larger number of accessory genes. This misinterpretation can result

in an overestimation of the pangenome’s openness and obscure e”ective drug discovery

(general introduction section 1.2.4).

The databases considered in this work rely on a variety of taxonomic authorities:

RDP uses Bergey’s Manual (Bergey, 2001; Kämpfer, 2020), SILVA uses LPSN and

Bergey’s Manual (Parte, 2018); and NCBI combines nomenclature provided by the

submitter with that in Greengenes, basing its nomenclature on that in the NCBI

taxonomy (DeSantis et al., 2006; Schoch, n.d.). All of these schemes are good-faith

e”orts to follow the International Code of Nomenclature of Prokaryotes (ICNP) (Parker

et al., 2015), but I found that records are in some cases inaccurate. LPSN is an
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online database that catalogues the validly published names of prokaryotes in accor-

dance with the Rules of ICNP (Parte, 2018). I validated taxonomic nomenclature

assigned to each of the full-length sequences in the source database(s) against LPSN

(Methodology Section 2.2.4) and find that only 14,859 (30.3%) of the 48,981 species

names assigned to extracted full-length Streptomyces sequences were found within

LPSN (eg. EU570732.1.1437 assigned Streptomyces clavuligerus species name). A

further 1,400 (2.9%) were synonyms of valid names (eg. FJ486381.1.1443 assigned

Streptomyces variabilis name, synonym of Streptomyces griseoincarnatus), but 28,333

(57.8%) sequences were labelled as unclassified Streptomyces (eg. KY921882.1.1268),

17 (0.03%) were misspelled (eg. AJ781349.1.1478 assigned Streptomyces morookaense

species name instead of Streptomyces morookaensis), and no record in LSPN was found

for 4,372 (8.9%) sequences (eg. EU273531.1.1483 assigned Streptomyces verne species

name). The LSPN status of all 48,981 sequences used in this Chapter is provided in

full length strep records info.csv (Supplementary File 6).

In the originating databases, sequences may be annotated with synonyms of taxon

names at various ranks, and it is reasonable to expect that these taxon names should

be consistent within the same lineage. For instance, a sequence assigned the species

name Streptomyces clavuligerus should be assigned to Bacteria kingdom, Actinomyce-

tota phylum, Actinomycetes class, Streptomycetales order, Streptomycetaceae family,

Streptomyces genus taxonomic hierarchy. It would be incorrect for this sequence to be

classified under a di”erent taxonomic hierarchy such as Bacteria kingdom, Firmicutes

phylum, Bacilli class, Bacillales order, Bacillaceae family, Bacillus genus. Investiga-

tion of nomenclature within the source databases at ranks from Kingdom to Genus
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(Methodology Section 2.2.5) identifies sequences having the Streptomyces keyword in

the taxonomy field that are assigned: (i) correctly to all ranks above Streptomyces, eg.

AWQW01000120.100.1367 belongs to Bacteria kingdom, Actinobacteriota phylum, Acti-

nobacteria class, Streptomycetales order, Streptomycetaceae family, Streptomyces genus

and Streptomyces niveus species (note that nomenclature is fluid and, for example, at

phylum level Actinobacteriota has been superseded by Actinomycetota (Oren & Garrity,

2021), but choose to reflect the assigned nomenclature in the database); (ii) to higher

ranks not expected to contain the Streptomyces genus (eg. KY753270.1.1450 belongs

to Bacteria kingdom, Firmicutes phylum, Bacilli class, Bacillales order, Bacillaceae

family, Bacillus genus, and Streptomyces pseudovenezuelae species); (iii) to higher ranks

that correctly include Streptomyces from kingdom to genus, but where the annotated

nomenclature nevertheless disagrees on the parent genus name (eg. JN987181.1.1444

belongs to Bacteria kingdom, Actinobacteriota phylum, Actinobacteria class, Streptomyc-

etales order, Streptomycetaceae family, Streptomyces genus and Lactobacillus apodemi

species); and (iv) to ambiguous hierarchies where there is a complete lack of information

about higher ranks (eg. NR 042095.1). This is consistent with previous observations of

taxon names assigned to conflicting nomenclature at higher ranks in Greengenes and

SILVA (Edgar, 2018a). All identified nomenclature at ranks from kingdom to genus are

summarised in Figure 2.5.
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Figure 2.5: Sankey plot showing counts of taxonomic names in source databases, assigned at ranks from phylum to genus, to
sequences identified with a key word ‘Streptomyces’ in the taxonomy field. Note that Actinobacteria and Actinobacteriota
are synonyms in LPSN for the correct Phylum name Actinomycetota, but that Actinomycetales and Streptomycetales are
not taxonomic synonyms for each other. Streptomycetales is synonymous in LPSN with the correct name Kitasatosporales;
Actinomycetales is a distinct taxonomic Order. The parent order of the Family Streptomycetaceae in LPSN is Kitasatosporales.
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Chimeric sequences, and sequences with a high proportion of ambiguity bases, can be

disruptive in phylogenetic analyses, leading to model misspecification, incorrect branch

length and topology estimation (Lemmon et al., 2009). Eleven sequences with more

than 153 nucleotide ambiguity bases were discarded from the dataset prior to analysis;

some sequences contained more than 600 ambiguity bases. As the average length of

a 16S rRNA gene sequence is 1500bp long, these sequences were deemed to be of low

quality.

During the data cleaning process, a further 2,158 potential chimeric sequences were

also identified and removed from the dataset. Following the filtration and cleaning

process, 22,680 full-length non-redundant high-quality sequences (46% of the initial

dataset) were taken forward for further analyses and phylogenetic tree reconstruction.

Despite significant and diligent long-term e”orts by curators to remove poor quality

sequences from the databases used in this analysis (DeSantis et al., 2006), identification

and exclusion of poor quality reads was still required to avoid introducing identifiable

sources of potential inaccuracy to the analysis (Methodology Section 2.2.6).

2.3.2 16S percentage sequence identity thresholds do not reliably delin-

eate existing Streptomyces species assignments

The long-standing 16S rRNA clustering threshold for species separation of 97%

sequence identity has been robustly questioned (Edgar, 2018c), and current best practice

is to use zOTUs, or Amplicon Sequence Variants (ASVs) for taxonomic classification and

clustering of 16S and other marker genes. To identify whether any clustering threshold

adequately circumscribes Streptomyces taxa, I applied a range of threshold identities to
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over 22,000 full-length Streptomyces 16S rRNA sequences, then determined the agreement

between taxonomic species and cluster membership (Methodology Section 2.2.7). If

zOTUs were assumed to be an accurate proxy for species, then with 14,239 known zOTUs

one might conclude that there are the same number of candidate Streptomyces species.

Currently at least 650 species are recognised within Streptomyces, and so many observed

zOTUs might suggest either a high degree of cryptic species diversity, or that 20 or more

distinct 16S rRNA sequences may be characteristic of the same Streptomyces species.

Initial examination of the pharmaceutically important strains Streptomyces griseus

(streptomycin producer), Streptomyces lydicus (natamycin, lydimycin and streptolydigin

producer), S. clavuligerus (clavulanic acid and cephamycin C producer; Procópio et al.,

2012) and the phytopathogen Streptomyces scabiei (Kers et al., 2005) shows that 16S

rRNA sequences assigned these species names are split across multiple zOTUs.

Specifically, S. clavuligeus is split across 8 zOTUs, S. griseus is found in 145 zOTUs,

S. lydicus in 16, and S. scabiei in 62. These observations were not unexpected, as

bacteria have multiple 16S rRNA copies and each potentially varying in sequence

(Větrovský & Baldrian, 2013), including members of the genus Streptomyces (Coenye

& Vandamme, 2003). Additionally, these findings align with previous observations,

such as those detailed in chapter 1 section 1.7, where it was noted that S. caeulicus

contains five distinct copies of 16S rRNA sequences (Figure 1.29; Wink et al., 2017).

The existence of multiple distinct 16S rRNA sequences corresponding to a single species

implies that näıve 16S metabarcoding of communities assuming that zOTU diversity

reflects species diversity may overestimate the number of species per sample, as well as

result in conflicting branching orders.
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As I raise the 16S sequence identity clustering threshold from 98% to 100%, clusters

increase in number and tend to have fewer 16S sequence members (Figure 2.6). The

number of unique taxa per cluster also tends to fall as the identity threshold approaches

100% (Figure 2.7). I identified 10,548 zOTUs containing two or more sequences. Of

these, 8,326 (78.9%) included at least one sequence currently named as Streptomyces sp.

whose classification is ambiguous, and 4,820 (45.7% of zOTUs) consisted only of such

unclassified sequences. These sequences introduce ambiguity and disrupt estimation of

the true taxonomic accuracy of 16S marker sequences.
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Figure 2.6: Cluster sizes. Empirical cumulative frequency plot showing cluster sizes
generated for each clustering threshold.
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taxIDs present at each clustering threshold.
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Nevertheless, if 16S rRNA sequences do provide su!cient sequence diversity to

distinguish between Streptomyces species, and zOTUs are a reliable proxy for taxonomic

assignment at or below species-level in Streptomyces, then each zOTU cluster should

contain only a single unambiguous species name. However, the analysis shows that

3,747 (26%) of zOTUs contain 16S sequences currently assigned to at least two distinct

Streptomyces species (Figure 2.7). One zOTU notably includes sequences annotated as

twelve distinct species (S. coelicolor, S. albidoflavus, S. somaliensis, S. rutgersensis, S.

paulus, S. limosus, S. griseochromogenes, S. sampsonii, S. resistommycificus, S. felleus,

S. violascens and S. sp.). I therefore find that a substantial fraction of full-length

16S zOTUs do not map exactly to a single Streptomyces species assignments, and in

particular single 16S sequences frequently map to multiple distinct species.

2.3.3 A comprehensive Streptomyces 16S phylogeny

Despite numerous taxonomic inconsistencies when clustering analysis of sequences

at 100% identity, zOTUs provide the best possible opportunity for reconstructing a 16S

gene-based phylogeny. To estimate the evolutionary relationship amongst Streptomyces

all 14,239 zOTU sequences were used to produce a multiple sequence alignment (MSA;

Methodology Section 2.2.8). Ten outgroup sequences from related non-Streptomyces

genera were added to the analysis to aid in root placement. The MSA was trimmed

to 1,086 nucleotides and 9,049 sequences after redundant sequences were removed

(no positions in the alignment were absolutely conserved), and a maximum-likelihood

tree was calculated (Methodology Section 2.2.8). Clades containing a single species

taxonomic assignment were collapsed to single leaf nodes to facilitate visualisation of
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the phylogenetic tree for all 5,064 nodes shown in Figure 2.8 (full tree provided in

newick format in Supplementary File 10; 04 TBE.raxml.support; collapsed newick

file version provided in Supplementary File 11; collapsed strep tbe.new).

To my knowledge this is the largest, most comprehensive 16S rRNA phylogenetic

reconstruction attempted for Streptomyces to date. No clade received TBE support

greater than 60%, and only 18 clades have a TBE support above 50%; hence I do not

consider the topology of this tree to be robust as presented. Figure 2.9 describes a

phylogenetic tree where clades having TBE value of 50% or higher are marked.
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Clade 1
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Figure 2.8: Clades containing a single assigned species-level taxon were collapsed to
single leaf nodes. Three major clades are highlighted in distinct colours. Squares
indicate distributions of 16S sequences assigned the same species names in the source
database(s); S. griseus sequences are shown in blue, S. clavuligerus in red, S. lydicus in
green, and S. scabei in purple. Sequences with these species assignments tend not to be
monophyletic, indicating incongruence between taxonomy and the 16S gene tree.
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Figure 2.9: Maximum-likelihood tree of the genus Streptomyces showing branches with
transfer bootstrap expectation support of → 50%.
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A notable feature of the ML tree is the presence of three clearly distinguishable

major clades (Figure 2.8). If 16S sequence databases were simply consistent with the

true Streptomyces species tree, we might expect to find that 16S sequences taxonom-

ically assigned to the same species are broadly monophyletic (allowing for ancestral

duplications, given that a large proportion of Streptomyces species contain multiple 16S

loci). If the 16S tree departs from this distribution of taxonomic assignment, it might

reflect an unreliability in classification of taxa using the existing database assignments.

To examine this, I mapped pharmaceutically and agriculturally important isolates to the

comprehensive 16S ML phylogeny in Figure 2.8. I find that some species annotations

are consistently found within a single clade (S. lydicus, S. albulus and S. venezuelae,

Figure 2.10), and some exhibit dispersion within major clades consistent with limited

misannotation (S. scabei, S. lavendulae and S. rimosus (Figure 2.11). However, I find

some taxon representatives to be distributed widely across the tree, in two or more major

clades (S. griseus, S. albus : Figure 2.12). Other species assignments are represented by

an insu!cient number of sequences to clearly demonstrate a pattern (S. clavuligerus or

S. coelicolor : 2.13).
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Species
albulus
lydicus
venezuelae

Figure 2.10: Maximum-likelihood tree of the genus Streptomyces showing distribution
of Streptomyces albulus (red), Streptomyces lydicus (blue) and Streptomyces venezuelae
(green).
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Species
lavendulae
rimosus
scabiei

Figure 2.11: Maximum-likelihood tree of the genus Streptomyces showing distribution
of Streptomyces lavendulae (red), Streptomyces rimosus (blue) and Streptomyces scabiei
(green).
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Species
albus
griseus

Figure 2.12: Maximum-likelihood tree of the genus Streptomyces showing distribution
of Streptomyces albus (red) and Streptomyces griseus (blue).
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Species
clavuligerus
coelicolor

Figure 2.13: Maximum-likelihood tree of the genus Streptomyces showing distribution
of Streptomyces clavuligerus (red) and Streptomyces coelicolor (blue).
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Additionally, recent reclassifications within the Streptomycetaceae family led to

the proposal of six novel genera (Madhaiyan et al., 2022). To determine whether the

proposed novel genera resolve in my analysis, I checked their distribution across the 16S

ML phylogeny. I find that members of Wenjunlia (Figure 2.14) are consistently placed on

the comprehensive 16S ML phylogeny, whereas members of Actinacidiphila are scattered

across the tree (Figure 2.15). Additionally, my analysis did not include any representative

from Peterkaempfera genus, and the available sequences for Mangrovactinospora (Figure

2.16), Phaeacidiphilus (Figure 2.17) and Streptantibioticus (Figure 2.18) were insu!cient

to establish a clear pattern in their distribution. Overall I find evidence of taxonomic

misassignment across the full scope of 16S sequences, consistent with observations of

sequence mis-annotation previously estimated for SILVA and GreenGenes to be around

17% at ranks up to phylum, and a similar mis-annotation rate of 10% in RDP (Edgar,

2018a). It is possible that, in some cases, the apparent dispersion of a single taxon

across the tree could the result of limited sequence variation within the 16S rRNA and

failure to obtain a robust phylogeny, given that most internal nodes have a TBE support

value of lower than 50% (Figure 2.9). However, the three major clades do appear to

be relatively robustly distinguished in the phylogeny, and where the same taxon has

representatives in two or more of these clades I consider that this calls into question the

corresponding assignment.
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tyrosinilyticus

vitaminophilus

Figure 2.14: Distribution of members of the novel Wenjunlia genus on the ML tree.
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Figure 2.15: Distribution of members of the novel Actinacidiphila genus on the ML tree.
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Species
gilvigriseus

Figure 2.16: Distribution of members of the novel Mangrovactinospora genus on the
ML tree.
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Species
oryzae

Figure 2.17: Distribution of members of the novel Phaeacidiphilus genus on the ML
tree.
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Species
cattleya

Figure 2.18: Distribution of members of the novel Streptantibioticus genus on the ML
tree.
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2.3.4 Whole-genome sequence classification indicates that distinct Strep-

tomyces species can share identical full-length 16S sequences

No strain information linking to sequenced genomes could be recovered for 16S

rRNA sequences from SILVA, Greengenes, RDP or NCBI new ribosomal RNA BLAST

databases. Therefore, to map the 16S sequence landscape to the whole-genome classifi-

cation landscape, I extracted 6,692 16S rRNA full-length sequences from 2,156 publicly

available Streptomyces genomes (Methodology Section 2.2.9). Eighty-seven of the pub-

lished assemblies lacked identifiable 16S rRNA sequences, and 700 genomes contained at

least one 16S rRNA sequences with ambiguity bases or partial sequences that could lead

to biased observations and overestimation of the intragenomic diversity of 16S rRNA

sequences. For sequences with ambiguity bases, it is unclear whether these sequences

match the remaining copies in the genome or represent distinct sequences, due to the

uncertainty about ambiguous bases. Similarly, for partial sequences, even if the known

portion aligns with existing full sequences, the missing segments could either match or

di”er from other sequences in the genome. Therefore, these genomes were excluded

from the analysis, yielding a dataset comprising 4,227 16S rRNA sequences from 1,369

genomes containing only full-length, ambiguity base-free 16S rRNA sequences.

Streptomyces genomes most commonly contain six copies of 16S rRNA operons

(Wezel et al., 1991). Across the 1,369 assemblies analysed I find that 16S rRNA sequence

copy number varies from one to twelve copies per genome (Figure 2.19). It was found

that 359 (26.2%) of the assemblies contained six copies, 144 (10.5%) had more than six

copies, and 865 (63.1%) contained fewer than six copies of 16S rRNA. The genomes
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of 375 (27.4%) assemblies were found to contain multiple non-identical 16S rRNA

sequences. A single assembly (GCF 900199205.1) was found to contain eight distinct

16S rRNA sequences but the majority, 993 genomes (72.5%), possessed only a single 16S

rRNA sequence variant, of which 811 contained only one detectable copy of 16S rRNA.

Inconsistency in the number of 16S rRNA operons and their intragenomic heterogeneity

could be due to a range of causes, but, in addition to the underlying biological variation,

is likely due to inclusion of Streptomyces genomes assembled to di”erent levels of

completeness and quality (eg. contig, sca”old, complete and chromosome). Assemblies

could also have been a”ected by the presence of duplication artifacts or collapsed 16S

rRNA sequences resulting from sequencing errors, such as overassembly of short reads

from distinct 16S rRNA loci into a single artifactual 16S sequence. It may be assumed

that NCBI complete and chromosomal Streptomyces assemblies reflect the true genomic

heterogeneity of 16S rRNA sequences. In this context, complete assemblies include

both complete chromosome and plasmids, whereas chromosomal assemblies contain the

entire chromosome but exclude plasmids. Given this, it would be expected that 69% of

Streptomyces isolates would contain multiple distinct 16S rRNA sequences (Figure 2.20).

This proportion is consistent with previous observations that Streptomyces strains may

contain multiple distinct 16S copies, but twice that observed across all Streptomyces

genome assemblies in NCBI (Khadayat et al., 2020).
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Figure 2.19: Intragenomic 16S rRNA heterogeneity within 1,369 Streptomyces genomes
which exclusively contain only full-length and ambiguity base-free 16S rRNA sequences.
A total of 811 genomes containing single 16S rRNA sequences are not shown.
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Figure 2.20: Distribution of 16S copies per genome with a distinction between unique
and total copies for genomes at assembly level complete and chromosome.
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To further investigate the potential for inaccurate Streptomyces taxonomic assign-

ment when using 16S rRNA sequences, I examined the relationship between distinct

genomic 16S sequences and the species assignments of their corresponding genomes.

I examined the distribution of 16S sequences by the number of genomes they occur

in, and the number of uniquely assigned species names in NCBI associated with those

genomes (Figure 2.21). I find that a single 16S sequence variant may be represented in

as many as 33 genomes, and be associated with a group of genomes assigned as many

as six species names.

Previous whole-genome analyses of Streptomyces also observed that identical 16S

rRNA sequences are present in strains assigned to di”erent species (Komaki & Tamura,

2021). Some of the discrepancy may arise from di”ering approaches to, and knowledge

of, taxonomic assignment over time that leads to, for example, the same strain being

assigned to a di”erent species depending on when the analysis was done. However,

some of these observations may genuinely reflect common 16S sequence shared across

sequence boundaries, as 16S substitution rates may be slow in relation to speciation

events.

For some Streptomyces species multiple distinct 16S rRNA sequences can be found

within the same genome (Figure 2.20), implying that there is a one-to-many mapping

between Streptomyces species and 16S rRNA sequence. It follows that it is not always

possible to cluster Streptomyces 16S sequence data without splitting a single organism

into multiple zOTUs. Simple counts of Streptomyces zOTUs when metabarcoding

with 16S may thus overestimate species numbers. It also follows that comprehensive
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16S rRNA gene trees reflect gene histories, and may not directly recapitulate the

corresponding accurate species trees (results and discussion section 2.3.3).
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Figure 2.21: Genomes sharing identical 16S rRNA sequences are assigned di”erent
names in NCBI. A total of 1,030 singleton clusters are not shown.
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I constructed network graphs from genome-derived 16S sequences to visually represent

connections between Streptomyces genomes based on their common 16S sequences,

and thereby interpret the relationship of this network to whole-genome similarity

based species classifications (Methodology Section 2.2.9). I represented each of 1,369

Streptomyces genomes as a node in the graph, connecting two genomes with an edge

if they shared an identical full-length 16S rRNA sequence. The network analysis

resolved the 1,369 Streptomyces genomes into 709 connected components (Figure 2.22).

The largest connected component united 47 genomes, but 527 (74.3%) genomes were

singletons, sharing no 16S sequence with any other Streptomyces assembly.

If there was a direct mapping between 16S rRNA sequences and species, then

connected components would be expected to form cliques (k-complete graphs) where

each genome within a single connected component would be linked to every other genome

in the same component by at least one edge. However, 22 connected components formed

non-cliques (Figure 2.22), indicating that some genomes within a single connected

component may not share any identical 16S sequence with some of the other genomes

in the same component. If all members of a component belong to the same taxon,

this would imply that two members of the same taxon might share no 16S sequence in

common. Alternatively, some genomes from distinct taxa may share identical 16S rRNA

sequences, perhaps resulting in multiple species being found within a single connected

group of genomes. This might arise for a number of reasons, including inter-species

recombination (Doroghazi & Buckley, 2010; Tidjani et al., 2019) or selective pressures

from natural products that act upon the ribosome (Hansen et al., 2003).
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Figure 2.22: Network graph with 1369 genomes and 709 connected components. Each node represents a distinct genome assembly,
each edge corresponds to at least one identical 16S sequence being shared between that pair of genomes. Blue connected
components form cliques, in which every genome shares at least one identical 16S sequence with all other genomes in the same
connected component. Green connected components do not have this property.Assigned connected component IDs are displayed
in red. No IDs are shown for components consisting of a single node/genomes improve visualisation.
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I performed ANI analysis on the genomes comprising each connected component to

establish whether the subgraph corresponded to a single grouping of genomes at genus

or species level. I defined genomes as belonging to the same candidate genus if they

shared at least 50% genome coverage, and belonging to the same species if they shared

at least 95% ANI (methodology section 2.2.9). These boundaries are approximations,

but correspond to commonly-used heuristics (Richter & Rosselló-Móra, 2009).
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(a)

(d)(c)

(b)

(e) (f )

Figure 2.23: Heatmaps of ANIm coverage (left), and ANIm identity (right) for three
example connected components from Figure 2.22. Heatmaps in the same row correspond
to comparisons for the same connected component. The left column represents percentage
genome coverage, the right column %ANI. Red cells in coverage plots correspond to
genome coverage of 50% or above, interpreted as common membership of the same
genus; blue cells correspond to coverage below 50% and imply distinct genus assignments.
In ANI plots, red cells correspond to genome identity of 95% or above, interpreted as
membership of the same species; blue cells represent imply distinct species. In some
cases ANIm species classifications map onto components containing genomes from a
single genus and species (a-b; connected component 4), to distinct species in the same
genus (c-d; connected component 24), or to distinct genera (e-f; connected component
1).
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Table 2.3: Summary statistics for taxonomic composition of subgraphs uniting at least two genome assemblies.

Category Interpretation Count Percentage
→50% coverage; →95% identity same species 154 84.62%
→50% coverage; ↘95% identity same genus, di”rent species 25 13.74%
<50% coverage; 95% identity di”erent genera 3 1.65%
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By mapping ANIm coverage to visually represent the distribution of unique candidate

genera within each connected component, I find that 174 (98.35%) non-singleton

subgraphs unite isolates that share at least 50% genome coverage, indicating likely

membership of the same genus (Figure 2.24). However, three connected components

(component 1, 32 and 23; Figure 2.24) appear to comprise assemblies from distinct

candidate genera. Using our whole-genome comparison threshold to define genus, and

although the prevalence of such groups is low, I find that full-length 16S sequences

are not always su!cient to resolve Streptomyces at genus level. I find, with a similar

analysis using %ANIm identity (Figure 2.25), that the majority (84%) of connected

components likely represent a single species. However, 28 connected components (Figure

2.25) contain assemblies representing multiple species.
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Figure 2.24: Network graph of genomes sharing common full-length 16S sequences showing number of unique genera within each
connected component. Each candidate genus is represented as a single node colour within a connected component. Connected
components 1, 23 and 32 connect assemblies from distinct candidate genus.
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Figure 2.25: Network graph of genomes sharing common full-length 16S rRNA sequences showing number of unique species within
each connected component. Each candidate species is represented as a single node colour within a connected component.
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This data are consistent with previous observations made by Chevrette et al., 2019b,

that distinct Streptomyces species confirmed by ANI may share identical 16S rRNA

sequences. Similar observations have also been reported in other bacterial genera,

suggesting that 16S rRNA sequence identity alone may not be su!cient for species

delineation (Bartoš et al., 2024). Moreover, my results also indicate that some networks

of genomes which would be assigned as the same species using ANI do not form cliques

linked by identical 16S sequences, and so it is possible that genomes assigned to the

same Streptomyces species by whole-genome methods may not share any identical 16S

sequences. Thus, in Streptomyces, there is a one-to-many mapping from Streptomyces

species to 16S sequence, and a one-to-many mapping from 16S sequence to species.

Taken together, these results demonstrate that use of 16S rRNA sequences in isolation

for taxonomic classification of Streptomyces (as is often the case in 16S metabarcoding)

can lead to misclassifications not just at the species level, as might be expected, but

also at genus level.

To further delineate the relationship between 16S sequence variation and whole

genome taxonomy, I measured relatedness within each 16S zOTU using ANIm (Method-

ology Section 2.2.9). I define a single zOTU genome cluster as a group of at least two

genomes sharing an identical, full length and ambiguity base-free 16S rRNA sequence

(Figure 2.22). I classified pairs of genomes as belonging to the same genus if they share

at least 50% ANIm coverage, and belonging to the same species if they share at least

95% ANIm identity, as before. I show the pairwise comparison results as 1D scatter

plots of pairwise genome coverage (Figure 2.26) and pairwise genome identity for each
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zOTU (Figure 2.27). In the figure I subdivide zOTUs into groups corresponding to the

number of distinct species currently assigned to the Streptomyces genomes containing

that OTU (zOTUs used in this analysis contain between one and six distinct assigned

Streptomyces species). I further overlay whole-genome comparison information by

colouring comparisons di”erently if the participants correspond to distinct genera or

species by our ANIm thresholds.

I find four (1.4%) clusters containing assemblies that share less than 50% genome

coverage, some with as little as 32% coverage (Cluster 2, assigned six unique taxon

names; Figure 2.26 – Red Box). I find that it is rare, but possible, for genomes from

di”erent candidate Streptomyces genera to share an identical 16S rRNA sequence. I

also find that 36 (13%) of clusters include assemblies sharing less than 95% ANI (as

low as 86% ANI in Cluster 2 with six unique taxon names; Figure 2.27 - red box).

This observation is especially evident in, but not restricted to, clusters whose genomes

have already been assigned distinct species names in NCBI. These results again show

a one-to-many mapping between 16S sequence and Streptomyces genera and species

as determined by whole-genome comparison, and that assignment of taxonomy based

only on 16S rRNA sequences may be misleading. However frequent the potential for

misclassification, our data confirm that 98.6% of clusters comprise only representatives

of a single genus, and 86% representatives of a single species, as determined by whole-

genome comparison. Our Streptomyces genome sample is large but not exhaustive, so

this may truly reflect that 16S rRNA sequences are often unique to a single species or

genus. However, it remains possible that some of these 16S sequences may also be found

in as yet unsequenced (or unreleased) assemblies with a di”erent taxonomic classification.
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I note that some Streptomyces appear to be classified with more precision, potentially

due to their industrial or medical importance: members of cluster 139, representing

27 genomes currently assigned to Streptomyces clavuligerus, share 96% coverage, and

100% identity. S. clavuligerus is an industrially important organism due to its ability to

produce clavulanic acid (Liras & Mart́ın, 2021). By contrast, individual members of 125

(45%) clusters seem to have been assigned incorrectly to distinct species, as all members

of the cluster share at least 50% genome coverage and 95% identity. Overall, our data

show that, while many 16S rRNA sequences do resolve to single species level, there is not

a one-to-one mapping between 16S and whole-genome taxonomy and, in general, 16S

does not provide su!cient resolution to discriminate between species. I also conclude,

on the basis of these observations, that extensive revision of the genus Streptomyces is

required, in line with recent work based on a smaller dataset of 456 strains, suggesting

that there are at least six validly-describable genera within the current single genus

Streptomyces (Madhaiyan et al., 2022).
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Figure 2.26: Scatterplots showing genome coverage for pairwise ANI comparisons for genomes sharing identical full-length and
ambiguity base-free 16S sequences. The number of unique species names assigned per cluster is displayed at the top of each
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Chapter3

Updated Multilocus Sequence Typing (MLST) scheme for

Streptomyces reveals a complex taxonomic structure

3.1 Introduction

3.1.1 Motivation

In Chapter 2, I estimated the most comprehensive 16S phylogeny to date for members

of the genus Streptomyces and compared intragenomic heterogeneity of 16S sequences

from Streptomyces genomes using ANI. This comparison revealed that a single-gene

tree based on 16S sequences is unlikely to provide a robust phylogeny and that there is

not a one-to-one mapping between 16S sequences and species.

In this chapter, I consider MLST analysis in the context of publicly available

Streptomyces genomes. MLST, as discussed in Chapter 1, remains actively used for

exploring evolutionary relationships between taxa. The current canonical Streptomyces

MLST scheme provided by pubMLST comprises six markers and 237 sequence types

(STs) (Jolley et al., 2018). However, only three new STs have been reported since

2016, and the exact relationship between MLST and whole-genome-based taxonomy

remains unexplored. Therefore, the central aim of this chapter is to update the canonical

192
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Streptomyces scheme using all publicly available genomes and investigate taxonomic

relationships among all Streptomyces genomic sequences using both MLST and whole-

genome distance methods.

3.1.2 Aims and Objectives

The objectives of this chapter are as follows:

1. Since 2016 only three new STs have been added to the pubMLST Streptomyces

database (Jolley et al., 2018), despite a substantial increase in the number of

publicly available genomes in NCBI (Figure 1.12). Given this limited expansion,

I will update the canonical pubMLST Streptomyces scheme by incorporating all

publicly available Streptomyces genomic sequences at the time of this study.

2. Previous analyses based on 16S sequences suggest that the MLST scheme might

produce a disjoint overall graph of ST profiles (Figure 3.20), potentially indicating

useful categorisations for Streptomyces. To investigate this further, I will recon-

struct a minimum spanning tree (MST) to investigate the relationships between

ST profiles and their corresponding genomes, and then assess the taxonomic

composition of the connected subgraphs using ANIm methods.

3. After identifying the composition of the subgraphs in the MST, I will examine the

distribution of currently assigned species names in NCBI to see how they align

with existing or proposed taxonomic categories. Additionally, I will conduct ANIm

analysis on all genomes assigned the same name in NCBI to assess the accuracy

of their classifications and identify any potential misclassification in Streptomyces

genomes.
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4. To explore whether sequencing additional Streptomyces genomes in the future

might connect all STs, I will investigate whether the observed divisions in the

MLST within the MST are due to insu!cient sampling.

5. Since MLST profiles are categorical and do not explicitly consider phylogenetic

information there may be a lack of congruence between these methods. Therefore,

I will reconstruct a comprehensive MLSA phylogeny for members of the genus

Streptomyces to investigate whether the MLST divisions form monophyletic clades

on the MLSA tree.

6. Given that the allele choices for MLST were made historically, before routine

availability of whole-genome sequences, their suitability for accurately representing

Streptomyces evolutionary relationships may be in question. To address this, I

will assess how the exclusion of each marker gene a”ects the representation of STs

by evaluating changes in ST assignments for each genome assembly.

7. Since genera like Kitasatospora have been reclassified outwith Streptomyces genus

multiple times (see section 1.7), I will investigate the representation of Streptomyces

STs in sister genera to better understand their taxonomic relationships and

potential overlaps.

3.2 Methodology

3.2.1 Data retrieval and availability

This chapter’s code, all raw and supporting data can be accessed by the public

through GitHub (https://github.com/kiepczi/Kiepas et al 2023 MLST).

https://github.com/kiepczi/Kiepas_et_al_2023_MLST
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The canonical Streptomyces MLST scheme (streptomyces pubMLST.txt;

Supplementary File 3) with 237 STs, together with 155 16S rRNA, 187 atpD, 182

gyrB, 188 recA, 187 rpoB and 204 trpB allele sequences (*.tfa files; Supplementary

File 3) was manually downloaded from pubMLST (Jolley et al., 2018; https://pubmlst.

org/bigsdb?db=pubmlst streptomyces seqdef; accessed 24th August 2023).

All 2,276 publicly available Streptomyces genome sequences were downloaded from

NCBI (Sayers et al., 2021) on July 8th, 2021 (as described in section 2.2.9). The

flowchart in Figure 3.1 outlines the sequence of steps involved in updating and filtering

of the MLST Streptomyces scheme.

3.2.2 Filtration of Streptomyces genomes

Genomes were included in the analysis if they possessed a known ST, or all six

marker sequences were present. To identify genomes with known STs, I ran MLST

v2.22.0 https://github.com/tseemann/mlst on all 2,276 Streptomyces genomes using the

canonical Streptomyces scheme (streptomyces pubMLST.txt; Supplementary File

4) and --mincov 80 parameter using the 01 run MLST.sh bash script provided in

Supplementary File 4.

For the remaining genomes, I used BLAST to identify genomes that met the criteria

of having at least 80% identity and 80% coverage to a known allele for all six marker

sequences; using blastn v2.6.0+ for 16S rRNA sequences and tblastn (Camacho et al.,

2009) v2.6.0+ for the 5 remaining alleles (03 blastn and tblastn.sh; Supplementary

File 5). The canonical pubMLST scheme characterises Streptomyces species based on

full length 16S rRNA sequences, and internal fragments of the remaining marker genes.

Therefore, to filter genomes, I used 16S rRNA variant 1 from the pubMLST database

https://pubmlst.org/bigsdb?db=pubmlst_streptomyces_seqdef
https://pubmlst.org/bigsdb?db=pubmlst_streptomyces_seqdef
https://github.com/tseemann/mlst
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(16S.fasta; Supplementary File 5) as a query for blastn analysis, and I extracted

the remaining full length five marker sequences from GCF 00718245.1 (identified to

belong to ST2; atpD.fasta, gyrB.fasta, recA.fasta, rpoB.fasta, trpB.fasta;

Supplementary File 5) using 02 get marker seq for blast.py (Supplemenetary

File 5), and used these as the tblastn query sequences for the other five mark-

ers. For the subject sequences, I created local BLAST databases comprising

genomes that were not assigned a ST profile in the MLST analysis above, using the

01 get genomes for blast.py Python script (Supplemenetary File 5). This reduced

the total number of Streptomyces genomes under consideration to 1,938.

3.2.3 Identification of novel allele sequences and ST assignment

I used the 1,938 Streptomyces genomes (all genomes for mlst extention;

Supplementary File 5) to identify novel alleles and update the canonical Strepto-

myces scheme as follows:

1. The canonical pubMLST scheme was taken as the initial (current) Streptomyces

MLST scheme.

2. I used MLST v2.22.0 (https://github.com/tseemann/mlst) and the current

Streptomyces scheme to predict new allele sequences in the currently unassigned

(initially 1,938 genomes) genome set, using the same script and parameters as

described in section 3.2.2.

3. All reported novel sequences were checked for the presence of ambiguous bases

or partial marker sequences. I discarded novel sequences that contained any

ambiguity bases, and I also checked all reported novel sequences against the
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sequences already present in the scheme, and against all other novel reported

sequences (01 novel seq filtration.py; Supplementary File 6). No novel

sequences were found to be partial sequences of known or other novel marker

sequences,.

4. I assigned unique allele numbers to all novel sequences

(01 novel seq filtration.py; Supplemenetary File 6) and added these to

the current scheme.

5. Steps 2-4 were repeated until no further novel allele sequences

were found (six rounds were required). The MLST tool results

and novel sequences identified after each run are provided in

supplementary file 4/output/extension scheme round *, while the subse-

quent updated schemes are provided in supplementary file 6/output/schemes.

6. I combined the allele numbers into profiles, and updated the current canonical

pubMLST scheme by assigning a unique ST to each profile (02 ST assignment.py;

Supplementary File 6), which were submitted to the PubMLST database if:

(a) the profile had not been previously reported in the pubMLST database

(b) the genome did not contain multiple distinct copies of any marker genes

3.2.4 Scheme refinement

I checked the assembly status of all 2,276 downloaded genomes

against the assembly report (downloaded on the 6th September 2023;

assembly summary refseq historical.txt; Supplementary File 7) from
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https://ftp.ncbi.nlm.nih.gov/genomes/refseq/assembly summary refseq historical.txt

(01 check assembly status.py; Supplementary File 7). I removed sup-

pressed and replaced genomes from the MLST scheme. Replacement genomes

(streptomyces replaced genomes; Supplementary File 2) were downloaded manu-

ally from NCBI on the 1st of May 2023, and analysed as described in Methodology

Section 3.2.3.

3.2.5 Visualisation of MLST scheme: Minimum Spanning Tree

I calculated a minimum spanning tree (MST; using Kruskal’s algorithm) for the

final ST profile set (methodology section 3.2.4) using NetworkX v2.6.3 (Hagberg

et al., 2008) and a pairwise Hamming distance calculated as the count of di”er-

ing allele numbers between two profiles (02 calculate and investigate MST.ipynb;

Supplementary File 16). Edges with a Hamming distance of six correspond to pairs

of STs with no allele in common, and such edges were removed from the tree. I

fixed the positioning of the nodes in each tree using Cytoscape (Shannon et al.,

2003) v3.9.0 with Prefused Force-Directed layout, and visualised the MSTs using

plotly v5.6.0 (https://plotly.com/python/; 01 visualise MST with NetworkX.ipynb

provided in Supplementary File 20).

3.2.6 Genome Quality Assessment

All 874 genomes with an identified ST were assessed for completeness and

contamination using checkM v1.2.2 (Parks et al., 2015) to identify any poor-

quality genomes that may have been included and could have influenced the results

(01 genome supplementary data.py provided in Supplementary File 34.).

https://ftp.ncbi.nlm.nih.gov/genomes/refseq/assembly_summary_refseq_historical.txt
https://plotly.com/python/
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3.2.7 Influence of genome sampling on the connectivity of MST

If every naturally-occurring Streptomyces isolate had been sequenced, the MST

would provide an accurate representation of the relationships among their genomes.

However, if the currently sequenced Streptomyces genomes represent only a small fraction

of the Streptomyces total genomic diversity, the MST might show many disconnected

subgraphs. These subgraphs would not reflect true evolutionary separations but rather

gaps in sequencing data (e.g., sampling bias), where sequencing more Streptomyces

genomes in the future could potentially bridge these divides. To assess whether sampling

depth is impacting the current MST, I analyse the e”ect of removing a subset of the

sequenced genomes. If the graph becomes more disconnected after the removal, it would

suggest that the current sequencing e”ort is insu!cient to fully capture the genomic

relationships within Streptomyces. Conversely, if the graph’s structure remains largely

unchanged, we might assume that the structure is a fair representation of the structure

that would be obtained if it was possible to sequence all naturally-occurring Streptomyces

spp. and tentatively infer that the existing MST is a reasonable approximation of the

true genomic relationships, even as additional genomes are sequenced.

To assess the e”ect of sampling representation of currently sequenced Streptomyces

isolates on the connectivity of the MST, I repeated the MST construction with random

subsamples of the sequenced genomes. The sampled proportions ran from 10% to 90%

of the available genomes (each repeated 100 times) progressing in 10% intervals. In each

case, I calculated and normalised the distribution of sizes of connected components to

the number of genomes being considered (02 calculate and investigate MST.ipynb;
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Supplementary File 16), to determine whether alternative sub-samplings of the same

data result in a di”erent set of MST topologies.

Separately, to investigate the possibility that observed changes in MST topologies

can theoretically arise though sampling bias, I generated an artificial MLST scheme

consisting of 5000 STs and six markers. This scheme was generated through a random

process, where each unique sequence type was assigned an allelic profile composed

of six marker genes. Each marker gene was randomly assigned a number between

1 and 2000. To ensure some level of connectivity between the profiles, the scheme

was designed so that each allelic profile shared at least one marker in common with

at least 100 other profiles. This approach prevented the creation of a completely

disconnected set of 5000 STs, thereby introducing a degree of relatedness among

them (02 calculate and investigate MST.ipynb; Supplementary File 16). Sub-

sequently, I analysed the changes in MST topologies by calculating the number of

disjoint components and distribution of component sizes though random subsampling

of the artificial scheme, following the same methodology as described above, to act as

a form of control analysis under the assumption of a random distribution of sequence

types.

3.2.8 Empirical non-parametric network test

The distribution of node degrees (i.e., the number of connections each node has in

the network) was compared across 237 pubMLST STs, 568 novel STs, 150 non-GenBank-

represented pubMLST STs, and 87 GenBank-represented pubMLST STs using an

empirical non-parametric test (03 empirical network test.ipynb; Supplementary

File 16). I randomly resampled nodes (STs) from the original MST graph one million
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times, where the selected nodes had the same degree of connections as in the original

graph. For the pubMLST analysis, I sampled 237 nodes/STs, and for the GenBank

analysis, I sampled 150 nodes/STs in each iteration. I then calculated how often I

observed the same number or more high-degree nodes (→7 for pubMLST, and →6 for

GenBank-represented STs). This provides an estimate of the probability of having

a network with a similar or more extreme distribution of highly-connected nodes by

chance alone.

3.2.9 ANI analysis

Three separate Average Nucleotide Identity (ANI) analyses using pyANI v0.3

(Pritchard et al., 2015) were performed to determine taxonomic boundaries for genomes:

(i) assigned the same species name in the NCBI taxonomy, (ii) sharing identical STs, and

(iii) within the same connected subgraph of STs in MST (Supplementary File 17).

Similar to the boundaries adopted in chapter 2.2.9, I applied the 95% identity threshold

to define species boundaries and the 50% genome coverage threshold to estimate genus

boundaries. As discussed in Section 1.3.3, a proposed ANI threshold suggests that

isolates with →95% genome identity likely belong to the same species. However, genus

boundaries remain debated, with some researchers arguing that genomes sharing <50%

of their genetic material may be more similar to unrelated lineages and should be

classified separately (Pritchard et al., 2015). While these thresholds are approximations,

they align with commonly used heuristics in microbial classification (Pritchard et al.,

2015; Richter & Rosselló-Móra, 2009).

For these analyses, a 50% coverage threshold was applied to estimate genus bound-

aries, and a 95% identity threshold was used to estimate species boundaries.
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In cases where genome boundaries were ambiguous—such as when genome A shared

50% coverage with genomes B and C, but genomes B and C only shared 49% of

their genome by alignment length (as discussed in Chapter 2, Section 1.5.4)—I used

NetworkX v2.6.3 (Hagberg et al., 2008) to resolve these issues. I approached this by

modeling genomes as nodes and representing pairwise comparisons as edges, with the

lowest genome coverage used for genus assignment and the average genome identity

used for species assignment. Edges with the lowest genome coverage (for genus assign-

ment) or genome identity (for species assignment) were iteratively removed until the

cliques were clearly defined (08 assign genus species from pyANI analysis.ipynb;

supplementary File 17).

3.2.10 MLSA Phylogenetic reconstruction from MLST markers

A phylogenetic reconstruction was made using the concatenated full-length sequences

of all 6 marker sequences for each genome. To extract full-length sequences, I carried out

tblastn v2.6.0+ (Camacho et al., 2009) analysis (Supplementary File 18) using reported

alleles as query sequences and their corresponding genomes as subjects to determine

their location on the genome. For each genome, I obtained 16S nucleotide sequences from

the revised MLST scheme (01 get 16S seq.py; Supplementary File 10) and for the

remaining five marker genes the protein and nucleotide sequences were extracted from

GenBank files using the determined location on the genome (02 get prot and nt.py;

Supplementary File 19). I found that 19 markers (four gyrB, six recA, four rpoB,

and seven trpB) were labeled as pseudogenes in GenBank, meaning nucleotide se-

quences were available, but no corresponding protein sequences existed. There-

fore, I aligned the protein sequences for alleles reported from non-pseudogenes using
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MAFFT v7.520 (Katoh & Standley, 2013) (03 align seq mafft no pseudo genes.sh;

Supplementary File 19) and the nucleotide sequences were back-threaded onto these

alignments using T-co”ee v12.00.7fb08c2 (Notredame et al., 2000) (04 backthread.sh;

Supplementary File 19). I then aligned the nucleotide sequences reported from

pseudogenes with the existing backthreaded alignments using MAFFT v7.520

(05 add nucleotide seq for pseudo genes.sh). The alignments were then con-

catenated (06 concatenate aligments.py; Supplementary File 19), trimmed us-

ing trimal v1.4.rev15 (Capella-Gutiérrez et al., 2009) with -automated1 parameter

(07 trim aigment.sh; Supplementary File 19) and the best evolutionary models

for each partition were determined using ModelTest-NG v0.1.7 (Darriba et al., 2019)

(09 evolutionary model test.sh; Supplementary File 19). Maximum Likelihood

(ML) phylogeny with 100 Transfer Bootstrap Expectation (TBE) values and --seed

1655486274 parameter were reconstructed with RAxML-NG v1.1 (Kozlov et al., 2019)

(10 build tree.sh; Supplementary File 19) on the ARCHIE-West computing clus-

ter with Intel XI(R) Silver 4216 CPU 2.10Hz, 32 cores and 187 GB RAM. Finally, the con-

gruence between the inferred phylogenetic tree and MST was checked using ete3 (Huerta-

Cepas et al., 2016) python module (11 check congruence.ipynb; Supplementary

File 19), and visualized in R (12 tree vizualisation.R; Supplementary File 19).

3.2.11 Sensitivity test

To evaluate the contribution of each marker gene to the classification of genomes into

distinct STs, I excluded each marker singly in turn and assessed how its absence a”ected

the classification. To evaluate the contribution of each marker gene to the classification

of genomes into distinct STs, I excluded each marker singly in turn and assessed how
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its absence a”ected the classification. For example, if two genomes share the same five

markers—16S, atpD, rpoB, gyrB, and recA—but di”er only by the trpB marker, removing

trpB would result in both genomes being classified under the same ST. I examined how

the removal of each marker gene impacted genome groupings, by identifying how often

two genomes are classified di”erently under a six-marker scheme but as the same under

a five-marker scheme (01 sensitivity test.py; Supplementary File 9).

3.2.12 Representation of Streptomyces in sister genera

To determine whether any pubMLST STs applied to any genomes from

outwith the Streptomyces genus, I downloaded all publicly available 66 Ki-

tasatospora, 2 Streptoalloteichus and 15 Streptacidiphilus genomes from NCBI on

September 7th, 2023 and ran MLST v2.22.0 using the revised updated scheme

(methodology section 3.2.4; revised scheme provided in Supplementary File 8)

using the same methodology and parameters as used above. The genome ac-

cessions for Kitasatospora, Streptoalloteichus and Streptacidiphilus genomes are

provided in kitasatospora genomes.txt, streptoalloteichus genomes.txt and

streptacidiphilus genomes.txt (Supplementary File 2), respectively.

3.3 Results

3.3.1 Updated scheme

I updated the current canonical pubMLST scheme using a set of 2,276 available

Streptomyces genomes (methodology sections 3.2.2-3.2.4). I began by identifying a

subset of 1,938 genomes containing all six marker sequences required for the analysis

(methodology section 3.2.2). I then excluded 156 genomes from the 1,938 that had
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been suppressed in NCBI, leaving a total of 1,782 genomes for analysis to update the

scheme (methodology section 3.2.4). From these 1,782 genomes, 873 contained all marker

sequences in a single variant copy, making it possible to assign 568 novel STs. The

resulting updated MLST scheme for Streptomyces consists of 805 STs, and uses 787 (632

novel) 16S rRNA, 938 (751 novel) atpD, 716 (534 novel) gyrB, 1019 (831 novel) recA,

999 (812 novel) rpoB and 936 (732 novel) trpB distinct allele sequences. The novel STs

and allele sequences were submitted to PubMLST on October 25th, 2023 (Figure 3.2),

and are now publicly accessible through PubMLST https://pubmlst.org/organisms/

streptomyces-spp and in the supplementary data (revised scheme; Supplementary

File 8). The examples of novel STs and genomes that corresponded to the extension of

the canonical Streptomyces scheme are shown in Table 3.1, while the overall distribution

of NCBI assigned species with novel and existing, or combination of STs is shown in

Figure 3.3.

https://pubmlst.org/organisms/streptomyces-spp
https://pubmlst.org/organisms/streptomyces-spp
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Figure 3.2: History of submission of STs for Streptomyces scheme in pubMLST. Spike
in submissions on the 25th of October corresponds to the contribution made by the
work presented in this chapter. Figure taken from https://pubmlst.org/bigsdb?db=
pubmlst streptomyces seqdef&page=schemeInfo&scheme id=1.

https://pubmlst.org/bigsdb?db=pubmlst_streptomyces_seqdef&page=schemeInfo&scheme_id=1
https://pubmlst.org/bigsdb?db=pubmlst_streptomyces_seqdef&page=schemeInfo&scheme_id=1
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Table 3.1: Examples of novel STs with corresponding genome accessions and assigned
NCBI names.

NCBI name Accession ST 16S atpD gyrB recA rpoB trpB
S. griseus GCF 000716515.1 269 46 58 496 214 689 605
S. rimosus GCF 000718755.1 287 243 298 250 312 304 285
S. scabiei GCF 001550245.1 327 248 165 161 317 309 290

S. lincolensis GCF 003344445.1 402 291 357 286 378 370 806
S. lydicus GCF 004125265.1 554 42 805 573 867 821 710
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Figure 3.3: Distribution of NCBI-assigned species across STs. The top panel represents the total count of STs per species,
including both novel and existing STs. The middle panel shows the distribution for existing STs, while the bottom panel highlights
the distribution for novel STs. The graph is split into two parts to enhance visibility and clarity.
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It might seem counterintuitive that there are more allele sequences than STs.

However, the extension of the scheme was repeated six times, during which any new

allele sequences that were identified were added to the scheme, even if the genomes did

not have all six marker alleles present. This iterative process resulted in the identification

of more novel alleles than sequence types. While 925 genomes had complete sets of all six

alleles, others with missing alleles were still included in the analysis (as detailed in Table

3.2). Additionally, some genomes contained multiple non-identical copies of marker

genes, contributing to the overall count; specifically, 77 genomes had more than one 16S

sequence variant, and one genome (GCF 001550235.1) had two non-identical copies of

recA. Examples of novel STs and genomes that corresponded to the extension of the

canonical Streptomyces scheme are shown in Table 3.1, while the overall distribution of

NCBI-assigned species with novel and existing STs, or combination of STs is shown in

Figure 3.3.
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Table 3.2: An overview of the distribution of missing allele copies across the 1,782
analysed Streptomyces genomes.

Number of missing markers Number of genomes
0 925
1 366
2 230
3 73
4 72
5 86
6 30



3.3. Results 212

I updated the current canonical scheme using publicly available genomes that had

been assembled to di”erent levels of quality (i.e. contig, sca”old, complete and chro-

mosome). Of the 873 genomes identified with either novel or existing STs, 466 were

assembled to contig level, 251 to sca”old level, 141 to complete level and 15 to chromo-

some level. A total of 462 genomes collectively assembled to sca”old and contig level

were crucial in the assignment of novel STs, and no genomes assembled to chromosomal

or complete level contained novel STs. Using incomplete assemblies to update the

scheme has limitations. For example, assemblies at the sca”old or contig level may

miss alleles, giving the false impression that an allele is absent, which prevents ST

assignment and fails to capture the full diversity of Streptomyces sequences. Addition-

ally, incomplete assemblies may overlook multiple non-identical allele copies, leading

to inaccurate ST assignments that do not exist in nature. The Genome ST info.csv

(Supplementary File 8) file provides extended information about each genome’s as-

sembly status level. Additionally, out of the 873 genomes identified with either novel or

existing STs, 204 belonged to type strains. Among these, 86 type strain assemblies were

associated with existing STs, while 118 contributed to the assignment of novel STs. A

complete list detailing which genomes are type strains and which are not can be found

in Genome ST info.csv (Supplementary File 8.).

During allele identification (methodology section 3.2.3), six novel alleles were iden-

tified that contained ambiguity bases. These would prevent determination of the

true sequence variation, and the assignment of a unique allele number. As a result,

these sequences were not included in the amended scheme. Additionally, one genome
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(GCF 001550235.1) had multiple non-identical copies of recA and 16S rRNA, and 76

other genomes were found to have multiple non-identical copies of 16S rRNA sequences.

Among the genomes with existing or novel STs, 259 genomes had multiple identical

copies of at least one marker gene, this being most common for the 16S rRNA marker,

in 255 genomes. The count of allele copies per genome are summarised in Table 3.3,

while the extended information about each genomes total number of all and unique

marker copies is provided in Genomes allele count.csv (Supplementary File 8).
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Table 3.3: The count of genomes with single and multiple identical copies for each
marker.

Marker Number of Genomes
with Multiple Identical
Copies

Number of genomes
with a single copy

16S 255 618
rpoB 3 870
atpD 1 872
gyrB 1 872
recA 1 872
trpB 1 872
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3.3.2 Graph based analysis of STs

I represented the updated scheme as a minimum spanning tree, where nodes represent

STs and edges indicate transitions between STs that share at least one common allele.

The minimum spanning tree resolved the 805 STs into 278 connected components (Figure

3.4; methodology section 3.2.5). The largest component comprises 80 STs (9.94% of all

STs; Figure 3.4 connected connected component 1), and 178 STs are singletons (63.03%

of all disjoint graphs).

STs connect with varying numbers of other STs, with node degree from zero to 13

(Figure 3.6 and Figure 3.7). The number of STs with higher degree/levels of connectivity

is relatively low. Nodes (STs) with high degree in a network are known as ”hubs” and

may be important members of the network. These hubs may play a critical role in

maintaining the structural integrity of the network by linking otherwise unrelated STs.

For example, if ST 1 shares a common allele with six other STs, but these six STs

do not share any alleles among themselves, ST 1 e”ectively acts as a bridge, creating

connections between otherwise disconnected STs. Additionally, nodes with high degree

may also exhibit high betweenness centrality, meaning they frequently lie on the shortest

paths between other STs. The distribution of connected components sizes is shown

in Figure 3.5, while the distribution of connections (degrees) among STs is shown in

Figure 3.6.
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Figure 3.4: MST with 805 STs and 282 connected components describing all sequences Streptomyces genomes, and all STs from
the pubMLST database. Each node represents a unique ST, and each edge corresponds to that pair of STs sharing at least one
allele in common. The distribution of novel STs (blue) and pubMLST STs (green) on the MST. Assigned connected component
IDs are displayed in red. No IDs are shown for components consisting of two or fewer STs to improve visualisation. Connected
component 1 is the largest component, uniting 80 STs, while the largest connected component consisting only of pubMLST STs is
connected component 12, and the largest connected component consisting only of novel STs is connected component 14.
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Figure 3.5: Distribution of connected component sizes showing that smaller connected
components are more frequent, while larger connected components are less common.
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Figure 3.6: Distribution of connections (degrees) of STs in the MST representation of
MLST scheme for Streptomyces.
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Figure 3.7: MST of the updated pubMLST Streptomyces scheme showing number of ST connections (node degree). Nodes are
colored based on their degree of connectivity, with fewer connections in blue and more connections in yellow.
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There are 120 connected components containing at least one pubMLST ST, 63 of

which are not singletons. There are 69 components exclusively consisting of pubMLST

STs, and only six of which are not singletons; the largest such subgraph unites 10 STs

(Figure 3.4 connected component 12). A total of 209 connected components contain

at least one novel ST, and 115 of these components are not singletons. There are

158 connected components exclusively consisting of novel STs, of which 43 are not

singletons and the largest unites a total of 8 STs (Figure 3.4 connected component 14).

These findings suggest three key patterns: (i) the 69 pubMLST-only subgraphs remain

isolated, with no new connections formed; (ii) 51 mixed pubMLST/novel subgraphs have

expanded out from known STs, where genomic data bridge gaps between established

STs and new sequence variations; and (iii) 158 subgraphs, composed entirely of novel

STs, represent distinct ”islands” of new sequence variation, detached from the existing

pubMLST framework.

150 of the 237 canonical pubMLST STs are not present among the sequenced genomes

in NCBI; such STs account for 63.29% of all pubMLST STs and 18.63% of all STs in

the updated Streptomyces scheme. The 150 STs not found in Genbank are distributed

across a total of 71 connected components, of which 36 are not singletons (Figure

3.8). Additionally, there are 40 components exclusively consisting of non-GenBank

represented STs, with four of them being non-singletons, and the largest one uniting 10

STs (Figure 3.8 connected component 12). Where there is a GenBank sequence for an

ST, that provides genome-level confirmation of the ST. However, in the absence of a

GenBank entry, there is no such confirmation, leaving open the possibility that these
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STs may represent co-cultures, sequencing artifacts, or other uncertainties.
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3.3.3 Connectivity of MST

The MST for Streptomyces comprises 278 components that are not connected to each

other by a shared allele sequence. This might reflect the true distribution of connectivity

for all naturally-occurring Streptomyces - a result of their divergence into several groups

that cannot, or do not get the opportunity to, recombine. Alternatively, if we were to

sequence all Streptomyces genomes and repeat the analysis, we might find that they are

all in fact connected into a single component, and that the graph in Figure 3.7 is an

artefact of sampling. To determine whether the sampling of Streptomyces genomes is

responsible for the distribution of component sizes in the MST, I investigated changes

in MST topology as a result of repeated MST construction using random subsamples of

known STs ranging from 10% to 90% of the available genomes (Methodology section

3.2.7). I found that the number of disjoint components increases exponentially with

the number of sampled genomes (Figure 3.9), i.e. addition of new genomes brings more

diversity to the group, rather than connecting existing components. Additionally, the

distribution of the relative sizes of connected components (as a proportion of the total

number of genomes in the analysis), was observed to be the same at each sampling

depth (Figure 3.10). Taken together these results suggest that additional sequencing of

the natural variation of Streptomyces spp. will uncover further variation, but that the

sampled distribution of related sequences is representative and extensive sequencing

will not ”fill in gaps” in the tree.
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Figure 3.9: Scatter plot showing the relationship between the number of randomly
subsampled genomes (10-90% of the original dataset) and number of disjoint graphs.
Addition of genomes generates more disjoint components, rather than uniting existing
subgraphs.
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Figure 3.10: The distribution of relative connected component sizes as the number
of randomly sampled genomes varies from 10-90% of the original dataset size. The
distribution of (relative) subgraph sizes is essentially independent of subsampling depth.
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As the genome data provided by the six genome markers do not fully capture

the extent of diversity present in natural Streptomyces population, and the results

obtained from current sequencing e”orts may be an artefact of sampling bias, I repeated

my analysis on a simulated dataset. I investigated the e”ect of subsampling on the

distribution of component sizes using an artificial scheme consisting of 5000 STs and six

marker genes. In this scheme, when constructing a MST using all 5000 artificial STs and

allowing changes of up to five alleles, the result is a single disjoint graph. With complete

sampling, all genomes are be connected into a single component. This represents a

simulated biological reality corresponding to one possible outcome of very extensive

sequencing: all ”gaps” in the current MST are gradually filled in to form one connected

tree of organisms.

Repeating the subsampling analysis that was applied to the observed ST data above,

I found that the number of subgraphs decreased as more genomes were ”sequenced”

and more STs were added to the scheme (Figure 3.11). This relationship is contrary

to that observed in Figure 3.9. As the number of ”sequenced” genomes increased

there there was an accompanying change to the distribution of the relative size of

connected components (Figure 3.12). Again, this was not the relationship observed for

the actual Streptomyces ST data (Figure 3.10). These simulations, and the scale-free

distribution of subgraph sizes (Figures 3.9, 3.10) suggest that the subgraphs observed

may truly represent distinct populations, and not artifacts of subsampling from a larger,

incompletely-sampled Streptomyces population that could be represented as a single,

large connected graph.
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Figure 3.11: Relationship between the number of randomly sampled genomes (10-90%
of the original dataset) and number of observed disjoint subgraphs, for the artificial
scheme.



3.3. Results 228

Figure 3.12: Distribution of relative connected component sizes (as a proportion of total
number of genome) when randomly sub sampling 10-90% genomes from the artificial
scheme.
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3.3.4 Empirical test

I observed that pubMLST STs appear to be more ”central” in the MST subgraphs

(Figure 3.4) in the sense of pubMLST nodes tending to have a higher degree than nodes

representing novel STs. Nodes representing pubMLST STs are seen to connect with as

many as 13 distinct STs (ST8 located in connected component 1, i.e. a node degree of

13), while the novel STs connect with only up to seven other STs (ST342 located in

connected component 4, i.e. a node degree of 7) (Table 3.4).

Using an empirical non-parametric network test (methodology section 3.2.8) I

reproduced the same network structure but randomly reassigned the same numbers of

”pubMLST” and ”novel” labels to each node, I estimated the probability of observing

the same or higher count of high-degree pubMLST nodes (→7). It is possible that

shu#ing the labels does not a”ect the overall distribution of nodes; thus, pubMLST

nodes would generally retain a high degree. This would imply that the high degree of

pubMLST nodes is an expected outcome when numerous pubMLST and novel sequence

types (STs) are present within a network. Alternatively, the current distribution of

node degrees among pubMLST and novel STs might be unlikely to occur by chance,

suggesting that shu#ing labels would rarely yield a similar distribution. This would

imply that shu#ing the labels would rarely yield a similar distribution, suggesting that

there exists some biological or artefactual significance that positions pubMLST nodes in

”central” locations within the network. I find the latter scenario is more likley; under

this model, derived from the same underlying graph structure, we would expect to see

fewer high-degree pubMLST nodes (p=0.028). This result implies that the observed
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high degree of pubMLST nodes is unlikely to arise as a coincidence and suggests that

additional factors, beyond randomness, might be influencing the central placement of

pubMLST nodes.
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Table 3.4: Summary of node degrees for novel and pubMLST STs.

Degree Count of pubMLST
nodes

Count of novel nodes

0 63 115
1 79 303
2 47 107
3 18 26
4 17 12
5 5 3
6 4 1
7 1 1
9 1 0
10 1 0
11 0 0
12 0 0
13 1 0
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Likewise, the distribution of the STs with no genome sequence in GenBank (”non-

GenBank”) is such that they tend to be central in each subgraph, and with high

degree (linking to a higher number of genomes/STs, Figure 3.8). In total, I identified

four (0.62%) STs represented by genomes in Genbank to have a degree →6. Six (4%)

non-Genbank STs have at least degree 6 (Table 3.5).

By a similar empirical non-parametric network test to that above (described in

Methodology Section 3.2.8), shu#ing ”GenBank” and ”not GenBank” labels on the

existing MST graph, I estimated the probability of observing the same or higher number

of non-GenBank nodes to have degree →6. I estimated that for a random subset of 150

nodes extracted from the original graph, it is unlikely that at least six would have a

degree →6 (P=0.04196). This suggests that STs without representative genomes and

pubMLST STs may act as bridges connecting well-defined STs (eg. sequenced STs with

representative genomes).
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Table 3.5: Summary of degree node connections represented and not represented in
Genbank.

Degree Count of nodes repre-
sented in Genbank

Count of nodes not
represented in Gen-
bank

0 142 36
1 334 48
2 120 34
3 33 11
4 17 12
5 5 3
6 2 3
7 1 1
9 0 0
10 1 0
11 0 0
12 0 0
13 0 1
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3.3.5 Comparing MLST divisions and whole-genome sequence classifi-

cation landscapes

ANIm analysis of genomes sharing identical STs

A total of 552 STs were represented by a single genome and 103 STs by between

two and 27 genomes. The five most highly-represented STs in Genbank are summarised

in Table 3.6. Examples of genomes representing the same STs were found to: i) have

a consistent assigned taxonomy (eg. ST167), ii) be represented by multiple names

assigned in NCBI (eg. ST249, ST2, ST168); or iii) currently lack any assigned species

names (ST241). I found a total of 11 STs corresponding to genomes assigned conflicting

species names at NCBI (Figure 3.13).

To establish whether this observation stems from conflicts in nomenclature arising

from misclassification or whether the current set of markers lack discriminatory power to

di”erentiate distinct species, I established taxonomic boundaries using ANI comparisons

between genomes sharing identical STs (Methodology Section 3.2.9). Remarkably,

although genomes sharing identical STs may have been assigned di”erent species

designations in NCBI, the genome coverage does not fall below 69.4% (Figure 3.14), and

the lowest pairwise average nucleotide identity recorded was 98.9%, indicating that a

single ST is likely always to correspond to a single species (Figure 3.15). In cases where

discrepancies arise, it may be possible to identify genome sequences of type strains in

the database, which could help pinpoint misclassified strains and correct errors in the

existing literature. For instance, despite being assigned to S. rimosus, S. capuensis, and

Streptomyces sp., the ST 249 was found to include three genomes (GCF 008704655.1,
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GCF 000717285.1 and GCF 000331185.2) that were type strains, all of which were

consistently assigned the S. rimosus species designation. Thus, it remains likely that

the misannotated genomes should be reannotated as S. rimosus in this case.
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Table 3.6: Five larges STs with representatives in GenBank and their corresponding
taxonomic assignments.

ST Genome
Count

Dominant taxonomic
assignment

Additional taxo-
nomic assignment

167 27 Streptomyces
clavuligerus(27)

NA

249 22 Streptomyces rimo-
sus(18)

Streptomyces capuen-
sis(2) Streptomyces
sp.(2)

2 10 Streptomyces californi-
cus(7)

Streptomyces
purpeochromogenes(2)
Streptomyces sp.(1)

168 9 Streptomyces coeli-
color(8)

Streptomyces sp.(1)

241 8 Streptomyces sp.(8) NA
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Figure 3.13: Genomes sharing identical STs can be assigned di”erent taxonomic names in NCBI. The y-axis represents the
number of unique NCBI species names, excluding Streptomyces sp., that are shared among genomes with identical STs. The
x-axis indicates the number of genomes corresponding to each ST.
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Figure 3.14: Scatter plots of genome coverage for pairwise ANIm comparisons for genomes sharing identical STs. The number of
unique species names among genomes sharing identical STs is displayed at the top of each plot. The red horizontal line indicates
the whole-genome genus threshold (50%).
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Figure 3.15: Scatter plots of genome identity for pairwise ANIm comparisons for genomes sharing identical STs. The number of
unique species names among genomes sharing identical STs is displayed at the top of each plot. The red horizontal line indicates
the whole-genome species threshold (95%).
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ANIm analysis of connected components

I investigated the taxonomic composition of each MLST connected component

subgraph using ANIm analysis (Methodology Section 3.2.9). I found cases where ANIm

species classification aligns with MLST divisions, bringing together single species, where

all genomes within a single connected component share a minimum of 50% genome

coverage (Figure 3.16A) and 95% average nucleotide identity (Figure 3.16B) (connected

component 13 in the MST). However, some subgraphs connect genomes belonging to the

same genus but distinct species, where all genomes share at least 50% genome coverage

(Figure 3.16C), but not all share →95% ANI in a pairwise comparison (Figure 3.16D)

(connected component 10 in the MST). I also identified cases where a single connected

component unites genomes that could be considered distinct genera in other groups of

bacteria; in these cases, genomes share less than 50% genus (Figure 3.16E) and less

than 95% genome identity (Figure 3.16F) (connected component 2 in the MST). Thus,

while a single ST is likely to map to a single species, a connected subgraph linking STs

by at least one common allele may link members of more than one Streptomyces, or

genus-level grouping. The counts of subgraphs falling into each category are summarised

in Table 3.7. Heatmaps for all remaining ANIm pairwise comparisons can be found in

the supplementary file 17/output/pyani heatmaps connected components folder,

and scatterplots summarising these pairwise ANIm comparisons are shown in Figure

3.17 (for genome coverage) and Figure 3.18 (for genome identity).
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(a) (b)

(c) (d)

(e) (f)

Figure 3.16: ANIm genome coverage (left) and ANIm identity (right) analysis of
genomes found in the same group of connected STs. The heatmaps in each row
represent comparisons between members of the same connected component. In the
genome coverage plots (left), red cells indicate genome coverage of →50%, which suggests
common membership of the same genus, whereas blue cells indicate coverage below 50%,
implying presence of distinct candidate genus. In the genome identity plots (right), the
red cells indicate genome identity of →95%, which can be interpreted as membership of
the same species, whereas blue cells (<95% genome identity) imply distinct species.
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Table 3.7: Summary of the taxonomic composition of subgraphs uniting at least two
genome assemblies.

Category Interpretation Count Percentage
→50% coverage; →95% iden-
tity

same species 78 78%

→50% coverage; <95% iden-
tity

same genus, di”rent species 14 14%

<50% coverage; <50% iden-
tity

di”erent genera 8 8%
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The results of ANIm coverage analysis were mapped onto MST to visually illustrate

the distribution of unique genera within each connected component (Figure 3.19). I

identify 92 (92%) non-singleton connected components uniting only isolates that share

at least 50% of their genomes by alignment length, indicating their likely membership

of the same genus-level grouping. However, I also observed that eight (8%) connected

components contain more than one distinct genus-level group; the second largest

connected component (Figure 3.19 connected component 2) consists of as many as

four such groupings.
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Figure 3.19: Minimum Spanning Tree of the updated pubMLST Streptomyces scheme showing a count of unique candidate genera
per connected component. Each candidate genus is represented as a single node colour within a connected component. STs
lacking a representative genome in NCBI are shown as grey nodes.
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I also visually represented the %ANIm identity on the MST to illustrate the distri-

bution of unique species within each connected component (Figure 3.20). This analysis

revealed that 78 (78%) of the non-singleton connected components unite only a single

candidate species, in which all genomes within the component share a genome identity

of 95% or over. However, I also identified 22 (22%) connected components that unite

distinct candidate species. The largest number of di”erent candidate species within a

single component was eleven (Figure 3.20 connected component 1). A notable feature

of this MST is the presence of ”hub” nodes—pubMLST STs that lack genomic repre-

sentation in GenBank—which appear to serve as linkers between groups of organisms

from di”erent species and even genera.

Assignment of taxonomic status within each connected component using %ANIm

identified 103 (35% of all species) instances where a single Streptomyces species was

represented by multiple STs (Figure 3.21), while the remaining 192 (65%) species were

represented by a single ST. This suggests that, while each ST may map to a single

species, in general a single Streptomyces species can map to multiple STs.
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Figure 3.20: Minimum Spanning Tree of the updated pubMLST Streptomyces scheme showing a count of unique candidate species
per connected component. Each candidate genus is represented as a single node colour within each connected component. STs
lacking a representative genome in NCBI are shown as grey nodes.
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Figure 3.21: Multiple STs are used to describe single Streptomyces species (→50% genome coverage; →95% genome identity). The
y-axis represents the number of unique STs per each species, while the x-axis shows the number of genomes representing each
species.
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Finally, I investigated the diversity of assigned nomenclature for ANI-classified

species (→50% genome coverage; →95% genome identity) in each connected component.

I found that in 222 species (of which 156 were represented by a single genome), all

candidate species according to the ANIm cuto” threshold of →50% genome coverage

and→95% genome identity had been assigned the same name. However I also found 73

incongruencies between the whole-genome species assignments and current nomenclature.

In one particular case, a single species determined by whole-genome comparison was

found to have been assigned five distinct names in NCBI (Figure 3.22 and Figure 3.23).
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Figure 3.22: Multiple NCBI names are used to describe single Streptomyces species indicated by whole-genome circumscription
(→50% genome coverage; →95% genome identity). The y-axis represents the number of unique names assigned in NCBI to each
species, while the x-axis shows the number of genomes representing each species.
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Figure 3.23: ANIm genome identity for an exemplar case where species designations in
NCBI do not match, despite sharing →95% genome identity. No values fall below the
95% ANIm threshold, yet the genomes share di”erent names, including Streptomyces
californicus, Streptomyces purpeochromogenes, Streptomyces griseus, Streptomyces vio-
laceoruber, and Streptomyces sp.
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3.3.6 ANIm analysis of genomes assigned the same species designations

in NCBI

I found that among the 80 distinct Streptomycete species designations assigned to

genomes (other than Streptomyces sp.) that were represented by at least two genomes:

i) 29 species are represented by a single ST (eg. Streptomyces coelicolor, Streptomyces

clavuligerus); ii) 31 species designations are present in the same connected component

but are represented by multiple STs (eg. Streptomyces scabiei); and iii) 20 appear in

multiple disjoint groups of STs, which do not share a single allele marker with each

other (eg. Streptomyces rimosus, Streptomyces griseus, Streptomyces olivaceus). The

distribution of this third group would be consistent with either misannotation or unusual

allele diversity.

To determine the factors that contributed to inconsistencies between nomenclature

and MLST divisions, ANI analysis was applied to genomes sharing identical species

designations at NCBI (Methodology 3.2.9). The results are shown as scatter plots

showing genome coverage (Figure 3.24) and genome identity (Figure 3.25). I found that

all isolates sharing the same species designations in NCBI appearing in a single connected

component share no less than 69.4% (S. clavuligerus) genome coverage, implying their

membership of the same genus (Figure 3.24). It is also apparent that these isolates

usually represent the same species as the majority of clusters share →95% identity

(Figure 3.25), with a single exception for Streptomyces misionensis genomes sharing

94.9% identity - though I note that the 95% identity threshold is not a strict cuto”, and

these genomes almost certainly should be considered the same species. These data also
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show that ten taxonomic species names (Streptomyces artratus, Streptomyces globisporus,

Streptomyces hygroscopicus, Streptomyces lydicus, Stretomyces niveus, Streptomyces

olivaceus, Streptomyces subrutilus, Streptomyces violaceusniger, Streptomyces rimosus,

Streptomyces virginiae) were split across multiple connected components despite sharing

→50% genome by alignment length (Figure 3.24) implying they represent the same

genus-level grouping. Of these, genomes corresponding to S. niveus, S. olivaceus and

S. violaceusniger shared more than 95% genome identity with other genomes of the

same assignment but in distinct subgraphs, suggesting they are likely the same species

despite their sharing no MLST alleles in common. These observations are unlikely to

be due to poor genome quality, as assessed using checkM (ethodology section 3.2.6).

Genome completeness ranged from 100% to 99.93% with contamination up to 1.58%

for S. violaceusniger and from 100% to 99.53% completeness with contamination below

0.07% for S. olivaceus. However, the quality of S. niveus may have influenced these

findings, as its completeness ranged from 95.2% to 94.61%, with contamination no

higher than 0.89%. I also found that 10% (10) of all clustered assemblies, based on

the same shared name in NCBI, share less than 50% of their total genome length, with

Streptomyces albus (GCF 000719865.1; completeness 100% and contamination 0.53%.)

sharing genome coverage of 13.1% with the other sequenced isolates of that name (Figure

3.24 - Streptomyces albus was also found in 2 distinct connected components).

Similarly, I identified 17 cases of species-level misannotations, where genomes assigned

the same species designations in NCBI share less than 95% genome identity, with 85%

being the lowest identity seen, once again for Streptomyces albus (Figure 3.25).
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Figure 3.24: ANIm coverage analysis of genomes sharing the same name other than Streptomyces sp. in NCBI. The numbers at
the top of each plot correspond to the count of connected components where the names are found, and the red horizontal line at
50% indicates the whole-genome genus threshold. Within species comparisons (→95% genome identity) are shown in orange, and
between species comparisons (<95% genome identity) are shown in purple.
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Figure 3.25: ANIm identity analysis of genomes sharing the same name other than Streptomyces sp. in NCBI. The numbers at
the top of each plot correspond to the count of connected components where the names are found, and the red horizontal line at
95% indicates the whole-genome identity threshold. Within genus comparisons (→50% genome identity) are shown in blue, and
between genus comparisons (<50% genome identity) are shown in red.
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3.3.7 MLSA Phylogeny

The evolutionary relationships amongst all 873 Streptomyces with known STs

were estimated using concatenated full length marker sequences, as an MLSA-derived

phylogeny. A maximum-likelihood tree was inferred from the concatenated six full-length

marker sequences. The complete alignment was trimmed to 10,368 nucleotides and

consisted of 684 sequences after collapsing redundant sequences (Methodology Section

3.2.10). The MLSA tree has a total of 1366 internal nodes, of which 913 (66.8%) had

Transfer Bootstrap Expectation (TBE) values of 100%, and 41 internal nodes with TBE

values below 50% (3%), with 8% being the lowest TBE values observed (Figure 3.26).

This suggests that the MLSA tree topology is quite robust.

I attempted to determine whether the subgraphs of the MST correspond exactly to

divisions between clades in the MLSA tree. To accomplish this, I examined whether the

116 connected components of the MST that unite at least two genomes form monophyletic

groups within the MLSA tree (Methodology Section 3.2.10). It should be noted that I

am comparing connected components represented by at least two genomes, and not just

the STs. This distinction is important because 20 singleton connected components were

represented by multiple genomes. Additionally, 40 connected components exclusively

consisted of non-Genbank represented STs, and could not be included in this analysis.

I found that across 116 MST connected components uniting at least two genomes, 59

(50.9%) formed monophyletic groups on the MLSA tree. The largest group consists of

as many as 57 genomes (Figure 3.26 - green), and all such monophyletic groups consist

of a single genus and species (→50% coverage; →95% identity). However, I identified 57



3.3. Results 258

(49.1%) cases where the MST divisions were found to be incongruent with the MLSA

tree. Given the high TBE values supporting their placement splitting around the MLSA

tree, it is likely that the discrepancies between the MLSA clades and MST components

may be attributed to the lack of genomic representation for certain pubMLST STs in

GenBank. This absence could be artificially linking otherwise distinct groups, leading

to misleading interpretations of their evolutionary relationships.
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Figure 3.26: Midpoint rooted ML tree of six concatenated full-length allele sequences
with mapped MST congruence. MST connected components which group as a single
tree partition are shown in orange, except the biggest connected component forming a
single monophyletic group which is shown in green. Genomes which are members of
connected components that do not form a single partition are shown in purple, and grey
correspond to connected components comprising of a single ST and represented by a
single genome. The branch lengths of the tree were altered for visualisation purposes as
some were obstructing a clear view of the clades.
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3.3.8 Sensitivity test

I attempted to estimate the influence of each marker gene in the MLST scheme

on classification - essentially, the sensitivity of classification to each individual marker

sequence. This sensitivity test determined the number of times each pair of genomes

was classified to the same, or to a di”erent, ST when the marker sequence was removed

from the scheme (Methodology Section 3.2.11). This allowed identification of assemblies

that were previously assigned distinct STs, and would now be represented by the same

ST after the marker is excluded. The analysis revealed that the classification of genomes

was most a”ected by the removal of the trpB marker, resulting in the collapse of a

total of 30 STs (Figure 3.31), followed by recA collapsing 13 unique STs (Figure 3.29),

and 16S (Figure 3.27) and rpoB (Figure 3.32) collapsing 4 STs each, and gyrB (Figure

3.30) collapsing 3 unique STs. atpD showed the lowest sensitivity, collapsing only 2

STs (Figure 3.28 and Table 3.8). This finding suggests that atpD may not be essential

for robust classification of Streptomyces genomes and raises the possibility of refining

the MLST scheme by either excluding or replacing atpD marker with more informative

gene.
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Table 3.8: Summary of sensitivity test showing number of unique STs represented in
GenBank after the exclusion of each marker.

Marker Number of unique STs
represented in Gen-
Bank after exclusion

16S 651
rpoB 651
atpD 653
gyrB 652
recA 642
trpB 625
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Figure 3.27: Heatmap of the sensitivity test results for 16S marker gene. Each color
in the heatmap represents distinct ST, with genomes sharing the same STs shown in
the same color. The upper triangular region represents genomes sharing the same STs
before the marker was excluded, and the lower triangular region represented genomes
which are represented by the same STs after the exclusion of the 16S gene from the
scheme.
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Figure 3.28: Heatmap of the sensitivity test results for atpD marker gene. Each color
in the heatmap represents distinct ST, with genomes sharing the same STs shown in
the same color. The upper triangular region represents genomes sharing the same STs
before the marker was excluded, and the lower triangular region represented genomes
which are represented by the same STs after the exclusion of the atpD gene from the
scheme.
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Figure 3.29: Heatmap of the sensitivity test results for recA marker gene. Each color
in the heatmap represents distinct ST, with genomes sharing the same STs shown in
the same color. The upper triangular region represents genomes sharing the same STs
before the marker was excluded, and the lower triangular region represented genomes
which are represented by the same STs after the exclusion of the recA gene from the
scheme.
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Figure 3.30: Heatmap of the sensitivity test results for gyrB marker gene. Each color
in the heatmap represents distinct ST, with genomes sharing the same STs shown in
the same color. The upper triangular region represents genomes sharing the same STs
before the marker was excluded, and the lower triangular region represented genomes
which are represented by the same STs after the exclusion of the gyrB gene from the
scheme.
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Figure 3.31: Heatmap of the sensitivity test results for trpB marker gene. Each color
in the heatmap represents distinct ST, with genomes sharing the same STs shown in
the same color. The upper triangular region represents genomes sharing the same STs
before the marker was excluded, and the lower triangular region represented genomes
which are represented by the same STs after the exclusion of the trpB gene from the
scheme.
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Figure 3.32: Heatmap of the sensitivity test results for rpoB marker gene. Each color
in the heatmap represents distinct ST, with genomes sharing the same STs shown in
the same color. The upper triangular region represents genomes sharing the same STs
before the marker was excluded, and the lower triangular region represented genomes
which are represented by the same STs after the exclusion of the rpoB gene from the
scheme.
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3.3.9 Sister genera

Using the approach described in methodology section 3.2.12, I found that only

ST159, originally defined in the pubMLST Streptomyces scheme, is assigned to Ki-

tasatospora aureofaciens (GCF 002082605.1, GCF 000978515.1 and GCF 000719175.1;

kitasatospora MLST output.txt;supplementary file 4/output/sister genera).

If the taxonomic assignments of these genomes are correct, it suggests that pubMLST

STs not represented in GenBank as Streptomyces could potentially be reclassified

outside of this genus.

In addition, I was able to identify a further five genomes currently assigned to the

genus Kitasatospora in NCBI (GCF 026340775.1, GCF 026340263.1, GCF 024172095.1,

GCF 001188955.3 and GCF 00716885.1) using the current set of markers in the Strep-

tomyces scheme, as they possess all six loci. No STs for Streptacidiphilus and Ste-

toalloteichus genera were represented under the Streptomyces pubMLST scheme, as

none possessed all six loci. This suggests that without appropriate phenotypic checks

and relying solely on MLST classifications for taxa identification, there is a risk of

misclassifications.

3.4 Discussion

3.4.1 The canonical pubMLST Scheme is incomplete

After recognising the limitations of a single 16S marker for taxonomic classification

and discrimination, as discussed in Chapter 2, a primary focus of this chapter was to

investigate the congruence of MLST with other classification approaches, in the context
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of Streptomyces. Prior to examining whether MLST could provide insights into the

genomic diversity and evolutionary relationships within this pharmaceutically important

genus, it became necessary to update the scheme. Only three new STs were added to

the canonical scheme in the eight years prior to this study (Jolley et al., 2018), despite

remarkable advancements in sequencing technology. As might expected, the canonical

scheme was incomplete with respect to the current set of sequenced genomes, and I

updated the scheme by identifying 568 novel STs and a total of 4,292 allele sequences

(result section 3.3.1). This reflects a limitation of molecular typing schemes in public

databases in that they are currently reliant on community annotation for timely updates.

In general, the addition of more sequences to an MLST scheme is likely to lead to

the discovery of more novel alleles. This exemplifies a di”erent issue arising from the

cumulative nature of the typing scheme, that if an organism within the Streptomyces

genus possesses markers absent from the canonical scheme and significantly divergent

from those represented, then without appropriate phenotypic checks, there’s a risk of

misclassification. Such an organism could be assigned to a di”erent genus or potentially

lead to incorrect proposal of a novel genus. Continuous automated or community

maintenance of molecular typing schemes is necessary to avoid these issues.

One might argue that an MLST marker gene can be considered reliable and suitable

for molecular typing, if it meets the following criteria:

1. Allele sequences have to be free from ambiguity, as a core principle of MLST is

that a change in at least one base results in a new allele.

2. Each organism would contain a single copy of each marker allele to avoid ambiguous
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interpretations.

3. Each marker would be present in all organisms of the target taxa enabling the

study of all relevant isolates

4. Each marker would exhibit su!cient genetic diversity to enhance resolution to a

specific taxonomic level, without overestimating or underestimating its diversity.

During the novel allele identification step for Streptomyces (methodology section

3.2.3), six novel allele sequences contained ambiguity bases and were not incorporated

to the new scheme (result section 3.3.1). Such bases can arise from sequencing errors

or the presence of mixed populations. While this poses a limitation, it is usually a

technical challenge rather than a biological barrier. Furthermore, only six out of 1938

genomes were a”ected by the presence of ambiguity bases, indicating that the issue is

not significant in scale for Streptomyces.

However, I found that the presence of multiple non-identical copies of marker genes

could pose a larger challenge for MLST in Streptomyces. A total of 77 genomes could

not be assigned STs due to the presence of multiple non-identical copies.

One genome (GCF 001550235.1; completeness 95.29%; contamination 6.48%) two

non-identical copies of the recA gene, an unusual finding in Streptomyces, with only a

single reported case of in Streptomyces rimosus (Mikoc et al., 2000). While it is possible

that this genome contains two non-identical copies of recA, it could also be due to the

genome’s relatively low quality, as indicated by the checkM (methodology section 3.2.6).

In addition, 77 genomes had multiple non-identical copies of the 16S gene. This result

was expected, as approximately 69% of Streptomyces isolates with genomes assembled to
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the chromosomal or complete level were found to possess multiple non-identical copies

of the 16S rRNA gene, as discussed in Chapter 2. This suggests that the 16S rRNA

gene is unsuitable as an MLST marker for the Streptomyces genus, as its variability

prevents the scheme from encompassing all Streptomyces isolates.

Further limitations arise from the use of draft assemblies with missing 16S rRNA

copies, which may be used to report novel STs. The problem arises due to potential

variation between the reported copies and those which are absent from the assembly but

present in the genome, which might result in the integration of non-existent STs into

the scheme. For instance, a draft genome may contain only one (possibly chimeric) copy

of the 16S rRNA gene, whereas the corresponding complete genome might possess six

copies, all potentially non-identical, and perhaps di”erent to that in the draft genome.

Such circumstances could lead to the assignment of an ST that holds no biological

relevance. I used a total of 462 genomes, collectively assembled to sca”old and contig

level, to assign novel STs (result section 3.3.1), but there remains a possibility of missing

copies of the 16S rRNA gene. Therefore, I cannot guarantee that these STs are reliable,

as the missing copies of the 16S rRNA gene could di”er from the ones that are currently

present in the assemblies.

Another factor that might a”ect future reliability of an MLST scheme is the incorpo-

ration of genomes with multiple identical copies of a marker. During the extension step

(methodology section 3.2.3), I identified 259 genomes that possesses multiple identical

copies of at least one marker gene (Table 3.3). While genomes with identical copies of

marker genes can be assigned a ST now, future complications are a concern. Gene family

expansions through duplication and horizontal gene transfer, followed by diversification,
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are common in Streptomyces (Schniete et al., 2018b). This process generates new genetic

material for natural selection to act upon. If one copy of a duplicated marker gene

undergoes mutation while the other remains unchanged, or if both copies mutate but

in di”erent ways, this could lead to divergence between the two copies. At that point,

the genome would contain non-identical versions of what was previously a single allele.

This divergence could complicate and prevent the assignment of an ST in the future,

as the current MLST scheme assumes that each marker gene represents a single allele

per genome. Expanded gene copies can follow di”erent evolutionary paths: they may

be lost, preserved if they contribute to the organism’s fitness, or neofunctionalised into

genes with altered functions (Birchler & Yang, 2022).

The markers chosen for an MLST scheme are typically di”erentially variable, and

can show di”ering variabilities in di”erent subgroups of the target clade. This leads

to the question: how sensitive is the MLST scheme classification to variation in each

marker. By carrying out a sensitivity test that dropped each marker from the scheme

in turn, I identified assemblies that were assigned distinct STs in the complete scheme,

but which would now be represented by the same ST after a marker was excluded

(methodology section 3.2.11). If removing a single marker has little to no impact on the

clustering of STs, it suggests that the marker may not be essential for distinguishing

between STs, potentially indicating redundancy. On the other hand, if excluding the

marker causes most STs to cluster together—resulting in the creation of a new ST

every time the marker is included—it could indicate that the marker is introducing

unnecessary complexity and making the scheme more di!cult to manage. The sensitivity

test revealed that trpB marker exhibited the most sensitivity by collapsing a total of 30
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STs, but the it still did not a”ect the scheme in a significant scale. This indicates that

markers with lower sensitivity could potentially be replaced with alternative markers to

enhance the scheme’s resolution in future applications.

3.4.2 The current set of MLST markers can lead to genus-level misclas-

sifications

Traditionally, MLST schemes were designed to classify bacterial isolates by amplifying

and sequencing specific genes through PCR, without requiring whole-genome sequencing.

For instance, MLST schemes for Brachyspira spp. targeted genes such as adh, est, gdh,

glpK, and pgm, allowing for bacterial typing without the necessity of sequencing entire

genomes (R̊asbäck et al., 2007). However, with the advent of whole-genome sequencing

and the growing availability of genomic data, some MLST schemes have evolved, now

being developed entirely based on sequenced genomes, such as that of Enterococcus

faecium.

During the MLST scheme extension step (methodology section 3.2.3), I found

that 150 of the 237 canonical pubMLST STs were not present among the sequenced

genomes in NCBI. Each pubMLST scheme is typically linked to the relevant publications,

providing users with detailed information about the development process, as in the case

of Brachyspira spp. scheme which is linked to the R̊asbäck et al., 2007 publication. This

allows users to understand the steps involved in its creation, such as whether STs were

derived from PCR amplification of isolates or associated with sequenced genomes.

However, there is no linked publication detailing the creation of the Streptomyces

scheme, making it di!cult to verify the origins of individual profiles. It might be possible

that Streptomyces scheme was developed through PCR amplification of ”isolates”, raising



3.4. Discussion 274

the possibility that some STs originated from co-cultures, or su”ered from sequencing

errors, potentially leading to chimeric sequences. This could explain why certain STs in

pubMLST, which lack representation in GenBank, appear central in the network (result

section 3.3.4 and Figure 3.8). If these STs arose from co-cultures, they might contain

genetic material from multiple species, making them appear as key connectors that link

diverse and potentially distinct STs, some of which may represent di”erent lineages.

This could result in these STs appearing central due to their artificial composite nature,

even though they do not accurately reflect a single genetic lineage. Additionally, these

isolates may have been sequenced only once, never sequenced again, or even lost over

time, which could possibly explain the lack of representation of these STs in the NCBI

database.

It is also possible that assemblies used to obtain the STs were suppressed or replaced

due to changes in genome quality criteria, but it seems unlikely that this happened for

as many as 150 genomes. Replaced genomes may di”er in the sequences currently used

for molecular typing, meaning di”erent STs should be proposed to represent the isolate,

or removed where appropriate.

However, there is currently no obvious mechanism to correct the pubMLST schemes

in the case of retracted, suppressed or replaced genomes removing evidence for a ST

(Jolley et al., 2018). In the case of suppressed genomes, the STs could be assigned to

artefactual allelic profiles leading to false interpretation of novel taxa. Resequencing of

type species from culture collections could be valuable in resolving any such issues.

At the time of conducting this study, 156 out of the 1,938 Streptomyces genomes

used to update the current canonical Streptomyces scheme were suppressed by NCBI



3.4. Discussion 275

since their initial download on the 9th July 2021 (Methodology section 3.2.4). Of these,

47 genomes were crucial in the assignment of novel STs, so these STs were removed

from the updated scheme. Additionally, eight genomes were replaced, of which five were

crucial in the assignment of novel STs. Updated versions of the replaced genomes were

downloaded from NCBI on the 6th of September 2023, and I again ran MLST v2.22.0

with the updated scheme to ensure that they have the same ST as previously determined.

Two genomes (GCF 012184365.1 and GCF 002879675.2) had two non-identical copies

of a 16S rRNA marker gene, and corresponding STs were removed from the scheme,

as no other genomes in NCBI represented the proposed allelic profile. These results

demonstrate the importance of implementing automated measures to consistently revise

schemes to resolve STs that may be a”ected by genome sequencing issues.

Another reason why some pubMLST STs are not supported by GenBank could

be that MLST was unknowingly performed on non-axenic cultures, or STs have been

unwittingly classified outwith the Streptomyces genus. If an organism from outside

the Streptomyces genus possesses all the markers used in the Streptomyces MLST

scheme, and these isolates were classified solely based on ST assignment to genomic

data without phenotypic verification, it is possible that STs from isolates from distinct

lineages could have been falsely included in the scheme. Using the approach described

in methodology section 3.2.12, I found that, although it does not occur frequently, it is

possible for non-Genbank represented STs to be classified outside of the Streptomyces

genus. Specifically, ST159, which is now assigned to Kitasatospora aureofaciens (result

section 3.3.9). This suggests that some Streptomyces STs might in fact correspond to

organisms beyond the genus. In addition, further genomes currently assigned to the
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genus Kitasatospora could now be classified using the current set of markers used in

Streptomyces scheme, as they possess all six loci. The taxonomic status of the members

of the genus Kitasatospora is controversial, as several isolates were transferred from and

to the Streptomyces genus on several occasions (Kim et al., 2003; Wellington et al., 1992a;

Zhang et al., 1997b). This highlights the di!culties in the family Streptomycetaceae

(Kitasatospora and Streptomyces) given their common phenotypic and genomic features

(Li et al., 2021). As sequencing technology advances, making genomic diversity-based

computational assignments more feasible and likely to become the standard, the results

indicate that relying solely on the current set of markers for identifying Streptomyces

may be inadequate. These markers do not e”ectively di”erentiate organisms according

to the currently accepted taxonomic boundaries within Streptomycetaceae and could

lead to misclassifications.

3.4.3 Graph based analysis of STs subdivides Streptomyces into 278

distinct groups and which likely represent biologically-meaningful divi-

sions

Kruskal’s MST algorithm, applied using Hamming distance for matching alleles

between STs, resolves the 805 STs into 278 subgraphs (connected components) (Figure

3.4). This suggests 278 distinct groups of Streptomyces, of varying size, in which no

member ST of one subgraph shares any marker allele with members of any of the

other subgraphs. This kind of distribution could reflect the true nature of diversity

among Streptomyces, or be an artefact of sampling from a much larger, fully-connected

Streptomyces population. It raises the question of whether the sampling of Streptomyces

genomes a”ects the distribution of subgraph sizes (methodology section 3.2.7).
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I reasoned that if the current set of sequenced Streptomyces genomes represented a

monophyletic, closely-related group, I might expect to be able to traverse the entire set

of STs, stepping from one ST to another by changing at most five alleles simultaneously.

If, however, there were natural barriers to recombination, such as boundaries between

taxonomic orders, lifestyle, niche occupancy, or other mode of isolation this might result

in some STs not being reachable from all other Streptomyces genomes. Conversely,

horizontal gene transfer including one or more markers might make the distance between

two STs appear smaller than the true phylogenetic distance and ”shortcut” some con-

nections. A number of observations might be expected to follow from these possibilities.

For example, the number of connected components might:

1. fall as the number of genomes increases - suggesting that at some point all

components might eventually be joined into a single large group, or a small

number of groups

2. increase to some limiting number as more genomes are added, indicating an

asymptotic distribution of subgraph sizes. This might reflect natural barriers to

recombination across Streptomyces, suggesting the discrete groups might have

biological meaning

3. increase indefinitely as new genomes are introduced - suggesting that here might

be much more more diversity available within Streptomyces than is currently

represented in the genome data

My examination of how genome sampling a”ects the connectivity of the MST

(methodology section 3.2.7) indicated that, in Streptomyces, the number of disjoint
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components continues to increase (Figure 3.9). Also, there is no notable change in the

distribution of relative sizes of connected components (Figure 3.10). These findings

imply that the connected components are likely to remain disjoint even with the addition

of more genomes and, where the inclusion of new genomes adds more diversity, it does

so within the current distribution of disjoint groups. This result is unlikely to arise

due to sampling issues, as simulation of a similar artificial scheme comprising 5000

sequence types (STs) representing a fully-connected MLST graph based on six marker

genes indicated that increasing the number of STs led to a decrease in the number of

connected components (Figure 3.11) and a reduction in their relative sizes (Figure 3.12).

This suggests that the ”true” graph of Streptomyces MLST sequence diversity is a set

of disjoint subgrpahs, not a fully connected graph.

3.4.4 MLST subgraphs do not generally correspond to Streptomyces

taxa

As mentioned in section 3.4.2, there is currently a lack of published information

regarding the Streptomyces pubMLST scheme, and it is unclear whether the scheme

is able to provide subspecies resolution. If the scheme were intended to achieve this

level of detail, we would expect to observe a one-to-one relationship where each ST

represents a distinct species (→50% coverage; →95% identity), with potentially multiple

STs associated with a single species. To establish whether this is the case for the current

pubMLST Streptomyces scheme, I established taxonomic boundaries using ANI between

genomes sharing identical STs (methodology section 3.2.9). I found that genomes

sharing all six alleles in common are likely to represent the same genus and species,

by whole-genome classification. This is supported by the observation that the lowest
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genome coverage was 69.4% (Figure 3.14), and the lowest average nucleotide identity

did not drop below 98.9% (Figure 3.15). These findings suggests that the current set of

markers is unlikely to falsely describe distinct species under a single ST.

I also found that 103 species determined with ANI were represented by multiple

STs, with one species being represented by as many as 48 distinct STs (Figure 3.21).

This implies that the current scheme does provide subspecies resolution at least for

some Streptomycetes. This observation that multiple STs can exist for a single species

could be a result of sequence diversity of the markers themselves being shaped by the

selective pressures exerted by bioactive natural products that target specific loci used for

MLST. This explanation is particularly intriguing when considering rpoB, gyrB and recA

markers, which are frequently the target of naturally occurring antimicrobial compounds

(Amusengeri et al., 2022; Chopra et al., 2012; Pavlopoulou, 2018). Similarly to 16S

rRNA (given that many natural compounds target the ribosome (Hansen et al., 2003))

the selective forces acting on these loci (Chevrette et al., 2019a) can drive diversity in

marker sequences, but also perhaps making them prone to horizontal transfer between

distinct lineages - which would be a hindrance to their use in classification.

The division of Streptomyces into 278 components that share no marker allele with

each other could imply a set of natural divisions between groups of isolates (discussion

section 3.4.3). I applied ANI analysis to each connected component comprising at

least two isolates (methodology section 3.2.9) to determine whether this set of natural

divisions corresponds to a separation at genus or species level. If the current sets of

markers are congruent with a taxonomic rank such as genus or species (or both), we

might expect to find a single genus or species present in the same connected subgraph
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of STs. I found that MLST subgraphs can unite genomes having various taxonomic

relationships amongst their members. Specifically, 92% of non-singleton components

unite a single genus (→50% coverage), and 78% uniting only genomes from a single

species (with approximately →50% coverage and →95% identity). However, 8% of

connected components encompass more than one distinct candidate genus, with some

components bridging as many as four distinct genus-level groups sharing as little as

13.81% genome coverage (Result Section 3.3.5). I also observed diversity at the species

level within many connected components, with 22 components uniting multiple candidate

species. Some subgraphs united as many as eleven distinct species, despite pairwise

comparisons between some members sharing as little as 84.75% identity (result section

3.3.5). This suggests that the pubMLST STs absent from GenBank could originate

from co-cultures or mixed populations, thereby linking genomes that are less related

than implied by the MST. This is consistent with the observation that STs without

representative genomes in GenBank exhibit a higher degree of connectivity (Table 3.5),

as well as the empirical evidence suggesting that these STs are likely bridging groups of

related STs (results section 3.3.4). Another possible explanation is that distantly-related

organisms belonging to di”erent species and even genera may still share a conserved

marker forcing them to appear in the same connected component. This could be due to

specific allele variants being transferred between distinct lineages if they enhance fitness

under selective pressure. It could also be that inclusion of markers whose lineage does

not reflect taxonomic divisions can also “force” dissimilar isolates together. In Chapter

2, I also found that distinct isolates at species and genus level confirmed with ANI (eg.

→50% coverage and →95% identity) may share identical 16S rRNA sequences (results
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and discussion section 2.3.4). In cases like this, individual markers can make isolates

with distant common ancestors appear more related than they truly are.

3.4.5 Inconsistencies between MLST divisions and NCBI nomenclature

After confirming that all genomes represented by any single ST belonged to the

same species according to ANIm (with →50% coverage and →95% identity) (results

section 3.3.5), I examined their current taxonomic assignments. Given the high degree

of genomic similarity among these genomes, one would expect consistent taxonomic

names. I found that among genomes sharing the same ST and having multiple entries

in NCBI, 79 cases (76.7%) had consistent taxonomic assignments. However, there were

24 instances where genomes with the same ST were assigned conflicting names, with

up to three di”erent species names despite confirming that they are, in fact, the same

species based on the →50% coverage and →95% identity threshold. For example, ST

249 was represented by genomes labeled as Streptomyces rimosus, S. capuensis, and

Streptomyces sp. These discrepancies may arise from di”erent taxonomic assignment

methods used during the sequencing period, leading to the same strain being classified

under di”erent species names depending on when the analysis was performed.

An interesting observation was made for ST167, the most represented ST in NCBI

with 27 genomes, all consistently identified as Streptomyces clavuligerus. This consis-

tency could be due to the industrial importance of S. clavuligerus for the production of

clavulanic acid, prompting greater care in its taxonomic naming (or extensive resequenc-

ing of related isolates). A similar pattern was observed for ST168, represented nine

times in NCBI, where eight out of nine genomes were consistently named S. coelicolor,

a model organism for the genus (Bentley et al., 2002), with only one genome listed as
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Streptomyces sp.

To further investigate the incongruities between whole-genome taxonomy, MLST

divisions and nomenclature, I explored the distribution of genomes currently assigned

the same names in NCBI across the MST (result section 3.3.6). I found that:

• 36.25% of the 80 distinct streptomycete names, excluding Streptomyces sp., exhibit

identical sets of all six alleles, thereby being represented by the same ST.

• 38.75% of streptomycete names exist within the same connected group of STs but

possess multiple allelic profiles.

• 25% of the names are distributed among disconnected groups of STs, ie. they do

not share any allele sequences in common.

ANIm analysis was used to determine whether the inconsistencies between nomen-

clature and their distribution across the MST for these genomes were the result of

misassigned nomenclature. Where the current set of markers does not capture the true

diversity of Streptomyces, it would be expected to see the same taxa (→50% genome

coverage for genus; →95% genome identity for species) being split across disconnected

groups of STs. If, however, the inconsistencies were the result of taxonomic misassign-

ment at genus level it would be expected that isolates with the same name would share

less than 50% of their genome by alignment length (or if the taxonomic misassignments

occurred at species level, the genome identity of <95%) (result section 3.3.6).

As discussed in section 3.4.4, all isolates sharing the same name in NCBI and

belonging to the same connected group of STs likely represent the same species. However,

I observed that ten names, despite not sharing any markers in common and therefore
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being split across multiple connected components, were likely to represent the same

genus. This inference is supported by their genome coverage remaining above the

adapted 50% threshold. Among these names, three (S. niveus, S. olivaceus, and S.

violaceusniger) were likely to be the same species, as they shared 95% or more of their

genome identity (Figure 3.24 and 3.25). These confirm that it is possible for members

of the same genus and even species to not share any marker alleles with each other.

This highlights that the genomic diversity provided by the combination of markers does

not contain su!cient resolution to capture the true diversity of Streptomyces. It is also

possible that genomes that could potentially link these STs have not yet been sequenced,

which may create a false impression of greater divergence than truly exists.

In my analysis, I have also uncovered nomenclature inconsistencies. I identified

seventeen instances where genomes, despite sharing the same name in NCBI, possessed

relatively low pairwise genome identity, reaching as low as 85%. Similarly, ten clusters,

also sharing identical names in NCBI, are unlikely to represent the same genus, given

their genome coverage drops as low as 13.1% (Figure 3.24 and 3.25). This implies

that significant reclassification within the Streptomyces genus is not only needed but

long overdue to accurately reflect the genetic diversity and relationships among these

organisms.

To further examine the nomenclature issues within Streptomyces genus, I investigated

the nomenclature diversity for each identified species (→50% genome coverage; →95%

genome identity) per connected component (Result section 3.3.5; Figure 3.22). To test

if there is agreement between the current taxonomic classification and nomenclature,

isolates belonging to the same species should share the same name. Among the 295
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identified species, 156 were represented by a single genome, leaving no opportunity

for confusion. Among the remaining 139 species with multiple representations in the

NCBI, only 66 (47.5%) showed agreement between whole-genome distance methods and

nomenclature, while the remaining 73 (52.5%) did not. As discussed in section 3.4.4, I

also identified cases where genomes, despite sharing identical allelic profiles, 50% genome

coverage, and 95% genome identity, were assigned conflicting names at NCBI (result

section 3.3.5, Figure 3.14 and Figure 3.14). Taken together, these findings indicate that

the nomenclatural adjustments in the public record of Streptomycete genomes may

be needed to avoid undesirable clinical, ecological, agricultural, and pharmaceutical

consequences (Boykin, 2014; Janda, 2020).

3.4.6 Clades in MLSA phylogeny largely do not correspond with MLST

subgraphs

I constructed a phylogenetic tree from all six MLST allele sequences from each

genome (result section 3.3.7) to explore the congruence between MLST subgraphs and

phylogenetic clades, which were inferred from concatenated six full-length allele marker

sequences. This involved examining whether the 116 connected components of the MST,

which unite at least two genomes, formed monophyletic groups within the MLSA tree, an

approach that, to my knowledge, has not been previously applied in other taxa.. While

I found that in 50.9% of cases, the MLST subgraphs formed monophyletic groups, with

some comprising as many as 57 genomes, there were instances, accounting for 49.1% of

cases, where incongruities between these MLST subgraphs and the MLSA tree occurred.

Given that most clades in the inferred phylogeny are well-resolved, with 66.8% of all

clades having a TBE value of 100%, and only 3% of clades in the MLSA tree having a
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TBE value below 50% (result section 3.3.7, Figure 3.26), the topology of the MLSA tree

can be considered robust, and supports the split of the MST connected components

across the MLSA tree. The lack of one-to-one map between the MLSA clades and MST

connected components could arise, as the result of non-Genbank represented STs that

might inappropriately link groups of genomes that are not as related as the MST would

imply. This is consistent with the finding that STs lacking a representative genome in

GenBank exhibit a higher degree of node connections (Table 3.5) and the empirical

test that indicates that STs lacking a representative genome in GenBank are likely

uniting groups of STs (result section 3.3.4). Another possibility is that some markers

might be prone to horizontal gene transfer. As mentioned in discussion section 3.4.5,

certain markers like rpoB, gyrB, and recA are frequently targeted by naturally occurring

antimicrobial compounds, which may contribute to these discrepancies (Amusengeri et

al., 2022; Chopra et al., 2012; Pavlopoulou, 2018). Genomically distinct taxa that share

the same ecological niche may be exposed to selective pressures exerted by bioactive

natural products, which can drive gene transfer as a survival strategy. This is especially

likely if one organism possesses a marker variant that grants resistance to the bioactive

compounds present, thereby allowing it to survive better under those conditions.



Chapter4

Genomic insights into Streptomyces phylogeny, taxonomy

and structure

4.1 Introduction

4.1.1 Motivation

Reclassification of Streptomyces to better understand their evolutionary relationships

has been extensively explored in previous chapters. Both the 16S (Chapter 2) and

MLST (Chapter 3) classification methods have shortcomings when for identification of

useful operational taxonomic units for pangenomic and comparative analyses. These

methods were found to be incongruent with whole-genome distance methods, leading

to ambiguous interpretations for divisions of Streptomyces. As outlined in Chapter

1, whole-genome classification approaches have been developed that provide more

accurate and reliable taxonomic assignments, including isolates belonging to the phylum

Actinobacteria (Nouioui et al., 2018). This, and my previous observations, were a

motivating factor for investigation of the taxonomic structure of Streptomyces using

whole-genome classification methods. The main questions I attempt to answer in this

chapter are:

286
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1. What resolution does the current whole-genome classification approach o”er?

2. Are whole-genome phylogenies congruent with whole-genome distance methods?

3. What useful information about Streptomyces can whole-genome taxonomy methods

reveal?

4. Can whole-genome taxonomy methods help in identifying useful taxonomic units

for pangenomic analysis by including closely related isolates with a consistent

definition of ”closely related”?

4.1.2 Aims and Objectives

The objectives of this chapter are as follows:

1. I will select a representative sample of Streptomyces genomes. This sample will

aim to capture the full diversity of Streptomyces genomes used in this thesis

while excluding poor quality genomes. To achieve this, I will assess the quality of

Streptomyces genomes and select a set of representative genomes based on prior

MLST analyses.

2. To address the limitations of previous reclassification e”orts that were found

incongruent with whole-genome distance methods and failed to align with natural

divisions within the Streptomyces genus, I will identify the core genome (genes

shared across all 295 representative Streptomyces genomes) of Streptomyces using

graph-based methods and use single-copy orthologues to establish evolutionary

relationships within the genus.
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3. Given the current lack of consensus in interpreting genus boundaries through

whole-genome coverage and identity, I will attempt to establish genus boundaries

for Streptomyces using ANI, statistical methods, and graph theory.

4. Having established the genus boundaries, I will evaluate the congruence between

whole-genome distance methods and whole-genome phylogenies.

5. Previous studies have observed that genes located in the core of Streptomyces

(i.e., those shared across all investigated genomes) tend to be situated towards

the center of the chromosome (Bury-Moné et al., 2023). I will investigate whether

this pattern holds true for my set of Streptomyces genomes by examining the

chromosomal locations of SCOGs.

6. Given that Streptomyces are known to experience frequent recombination and high

levels of HGT (Zhou et al., 2012), I will investigate the distribution of SCOGs

nucleotide variants within on the SCOG phylogenetic tree. This analysis will

aim to identify potential evidence of HGT by examining patterns of nucleotide

variation and clustering within the tree.

4.2 Methodology

4.2.1 Data retrieval and availability

All raw data, supporting data, and code used in this chapter are publicly available

on GitHub (https://github.com/kiepczi/Kiepas et al 2024 SCOG).

https://github.com/kiepczi/Kiepas_et_al_2024_SCOG
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4.2.2 Taxonomic sampling

In Chapter 3, I studied the taxonomic structure of Streptomyces based on

MLST analysis. I identified 873 publicly available Streptomyces genomes contain-

ing all six MLST markers currently used in the pubMLST Streptomyces scheme

(https://pubmlst.org/bigsdb?db=pubmlst streptomyces seqdef) (Jolley et al., 2018)

in a single copy variant. Although the MLST divisions of Streptomyces do not obvi-

ously correspond directly to any particular natural taxonomic division, other than that

each ST appears to be found in only one species (Section 3.3.5), this is a convenient

classification for reducing the number of genomes for more extensive whole-genome

study. I used this classification to identify a representative subset of 295 Strepto-

myces genomes (representative genomes.csv; supplementary file 2) to create a

representative sample of Streptomyces diversity of a convenient size for computational

analysis. For each ANI species found in a connected group of STs (Figure 3.20) a single

representative genome was selected. In all cases, the assembly with highest genome

completeness and lowest genome contamination, as identified by checkM v1.2.2 (Parks

et al., 2015) (01 genome quality assessment.sh; supplementary file 2) was chosen.

The term species is used here to refer to assemblies sharing a minimum genome coverage

of 50% and genome identity of 95%, as determined by ANIm analysis with pyANI v0.3

(Pritchard et al., 2015).

4.2.3 Nomenclature status

The NCBI taxonomy assigned to all 873 genomes at the species level was vali-

dated against the List of Prokaryotic names with Standing in Nomenclature (LPSN),

https://pubmlst.org/bigsdb?db=pubmlst_streptomyces_seqdef
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downloaded on February 16, 2023 (Supplementary File 13).

4.2.4 Identification of Orthogroups

Orthogroups shared by all 295 representative genomes were identified

using Orthofinder v2.5.4 (Emms & Kelly, 2019) (02 run orthofinder.sh;

supplementary file 4). Genes from orthogroups common to all 295 (100%) genomes

regardless of their duplication status were categorised as core-genes, while the set of

genes that were shared across all 295 representative genomes and have remained in a

single copy (without duplications) were considered as Single Copy Orthologues (SCOGs).

This strict definition of core genes was chosen to quantify the genomic similarities within

Streptomyces by capturing only universally conserved genes, minimising the impact of

lineage-specific gene loss. Genes from orthogroups represented in 280 to 294 genomes

(95% ≃ genomes <99.9%) were classified as soft-core genes, which were also considered

in a more specific context to highlight genes with a high level of conservation, but

still allowing for minor variability across genomes. Finally, genes found in orthogroups

represented in 44 to 279 genomes (15% ≃ genomes <95%) were classified as shell genes,

and those in fewer than 43 genomes (<15%) were labeled as cloud genes.

4.2.5 Single Copy Orthologue phylogeny

SCOGs protein and nucleotide sequences were extracted from GenBank files by match-

ing the appropriate protein IDs (01 extract protein and nucleotide sequences.py;

supplementary file 5). During the extraction it was brought to my attention that

a total of 14 SCOG sequences appeared in multiple copies in some genomes. It was

confirmed manually that these corresponded to Identical Protein Groups (IPGs) with

identical protein and nucleotide sequences. Therefore, a single representative for each
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IPG was chosen for further analyses. The extended information of such sequences is

available in IPG.csv in supplementary file 5\output\additional information.

A phylogenetic reconstruction was estimated for all 295 representative genomes

using concatenated sequences of all 137 SCOGs identified in Section 4.2.4. SCOG

protein sequences were aligned separately using MAFFT v.7407 (Katoh & Stan-

dley, 2013) (02 align SCOGs.sh; supplementary file 5), and their corresponding

nucleotide sequences were backthreaded onto the protein alignments using T-cofee

v12.007bf08c2 (Notredame et al., 2000) (03 backthread.sh; supplemenetary file 5).

The nucleotide alignments were then concatenated (04 concatenate alignments.py;

supplementary file 5) and gaps were removed using trimAl v.1.4.rev15 (Capella-

Gutiérrez et al., 2009) (05 remove gaps.sh; supplementary file 5). To account for

varying evolutionary processes across di”erent SCOGs, ModelTest-NG v.0.1.7 (Darriba

et al., 2019) (07 evolutionary model test.sh; supplementary file 5) was used to

predict the most appropriate evolutionary model for each alignment partition, select-

ing distinct models for each SCOG. A Maximum-Likelihood tree with 100 Transfer

Bootstrap Expectation (TBE) replicates was inferred using RAxML-NG v.1.0.3 (Kozlov

et al., 2019) on the ARCHIE-West computer cluster with Intel(R) Xeon(R) Gold 6138

CPU 2.00GHz, 40 cores and 188 GB RAM.

4.2.6 Testing congruence of ANIm taxonomic boundaries and SCOG

phylogeny and identification of genus boundaries

ANIm analysis using pyANI v0.3 (Pritchard et al., 2015) (04 run aniM.sh;

supplementary file 3) was performed to determine taxonomic boundaries for all

295 representative genomes. I primarily wished to test the monophyly of Streptomyces
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subgroups inferred based on ANIm analysis by mapping their distribution on the SCOG

phylogeny estimated in section 4.2.6. To do this, I constructed a network using Net-

workX v2.3.6 (Hagberg et al., 2008) representing genomes as nodes, and assigning edges

between genomes with weights corresponding to the lowest genome coverage and average

genome identity of each pairwise comparisons. Given the current lack of consensus on

interpreting genus boundaries using whole-genome coverage, I tested a range of genome

coverage thresholds from 40% to 80%, in steps of 0.1%. Edges falling below a specified

threshold were removed, and the resulting graph components were individually examined.

If non-cliques were formed in a subgraph, I removed edges with the lowest genome

coverage until cliques (k-complete graphs) were formed. The subsequent subgroups

generated for each starting genome coverage threshold were then examined to determine

which (if any) formed monophyletic groups on the SCOG phylogenetic tree, using

the ete3 (Huerta-Cepas et al., 2016) Python module (01 assign genus IDs.ipynb;

supplementary file 9).

To estimate robust genus boundaries, I predicted likely genome coverage and genome

identity thresholds corresponding to a discontinuity in pairwise genome similarities by fit-

ting piecewise linear regression to these values for all pairwise comparisons obtained from

ANIm analysis. The number of optimum segments for the piecewise linear regression

was determined based on the Bayesian Information Criterion (BIC) with piecewise-

regression (aka segmented regression) (Pilgrim, 2021) using a Python module run across

segment values ranging from one to ten (07 piecewise linear regression.ipynb;

supplementary file 3). I used the identified thresholds to determine an optimal num-

ber of subgroups in the genus Streptomyces. Members of each subgroup were identified
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though network analysis involving removal of edges corresponding to pairs of genomes

with genome coverage of <45.9% or genome identity <86.8% (or both), and by resolving

non-cliques as described above (01 assign genus IDs.ipynb; supplementary file 9).

4.2.7 SCOG location on the chromosome

Placement of SCOGs required fully assembled genomes, as partial genomes

lack the necessary continuity to map gene position reliably across the chromosome.

Therefore, to determine the location of all SCOGs on the chromosome, I initially

identified a subset of 63 complete genomes (streptomyces complete genomes.txt;

supplementary file 7\output) from the previous set of 295 representative genomes

(01 get general information genomes and SCOGs.py; supplementary file 7). I

considered a genome to be ”complete” if it was assembled to the complete or chromosomal

level according to NCBI.

For each complete genome, I first checked the location of the oriC gene by deter-

mining the location of the first base of the dnaA gene (02 check oriC location.py;

supplementary file 7). In Streptomyces, the oriC is typically located near the mid-

point of the linear chromosome (Bentley et al., 2002). However, three of the complete

genomes (GCF 009834125.1, GCF 000147815.2 and GCF 018128905.1) had oriC located

near the telomere of the chromosome. Due to the lack of complete assembly informa-

tion regarding the chromosome structure (eg. linear or circular), these genomes were

excluded from further analysis. The remaining 60 complete Streptomyces genomes were

then reorientated based on the oriC region (01 reorientation of genomes oriC.py;

supplementary file 14). In this step, the chromosomes were adjusted so that the dnaA

gene was positioned on the positive strand. Following this reorientation of the chromo-
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somes, I determined the locations of the predicted SCOGs (03 get SCOGs location.py;

supplementary file 7) with their positions calculated as a percentage along the chro-

mosome from one end (left) to the other (right).

4.2.8 Distribution of SCOGs on the phylogeny

For each individual SCOG nucleotide variant, I checked its distribution on the

SCOG phylogeny, identifying genomes that shared identical nucleotide sequences

and assessing whether they formed monophyletic groups on the phylogenetic tree

using the ete3 (Huerta-Cepas et al., 2010) Python module. Additionally, I checked

if the non-monophyletic SCOGs variants were scattered across multiple candidate

Streptomyces subgroups identified in section 4.2.6 (01 check HGT with ete.ipynb;

supplementary file 10).

4.3 Results

4.3.1 Representative set of genomes

The 873 Streptomyces genomes carrying all six MLST markers were found to

be assembled to di”erent levels of completeness. 251 genomes assembled to sca”old

level, 466 to contig level, 141 to complete and 15 to chromosomal level. The genome

sizes of the 873 Streptomyces assemblies ranged from 5.77Mb (GCF 000297635.1) to

13.13Mb (GCF 016741935.1) with an average size of 8.43Mb per genome. Detailed

information about each genome’s ST, completeness level and genome size is provided in

all genomes additional data; supplementary file 2\output.

The number of predicted genes ranged from 5,216 to 10,983 total genes, and from

5,153 to 10,906 total protein coding sequences. The average number of genes per genome
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was 7,534 with an average of 7,450 total protein coding sequences per genome. The

number of plasmids per genome varied from 0 to 5. As is typical, all 873 Streptomyces

genomes used in this analysis have a high G+C% content, ranging from 67.9% to

73.9% with an average of 71.9% per genome. The taxonomic nomenclature assigned

to each genome in the NCBI database was validated against the List of Prokaryotic

Names with Standing in Nomenclature (LPSN), a database that catalogues the validly

published names of prokaryotes in accordance with the rules of the International Code

of Nomenclature of Prokaryotes (ICNP) (section 4.2.3). This validation revealed that

only 401 (45.93%) genomes were assigned a validly published name, while an additional

33 (3.78%) genomes were assigned synonyms of valid names. A total of 417 (47.77%)

genomes were labeled as Streptomyces sp., and 22 (2.52%) genomes had no corresponding

record in the LPSN database.

I assessed the quality of these 873 Streptomyces genomes, finding that the com-

pleteness ranged from 85.85% to 100%, and contamination ranged from 0% to 17.67%

(quality.txt; supplementary file 2). To create a representative sample of Strep-

tomyces that covers the entire diversity of Streptomyces genomes used in this thesis,

without compromising the research outcomes by inclusion of poor quality genomes,

I selected the best-quality (i.e. most complete, least contamination) genome assem-

blies from each species (as determined by ANIm with →50% coverage; →95% identity)

found in each subgraph of the MST in figure 3.20 for further analysis (Section 4.2.2).

Following this filtration process, 295 representative genomes were taken forward for

further whole-genome analyses with completeness ranging from 93.99% to 100% and

contamination ranging from 0% to 4.21%. The all genomes additional data.csv
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(supplementary file 2) file provides extended information about all 873 genomes, and

corresponding extended information about the representative genomes is provided in

representative genomes.csv (supplementary file 2).

4.3.2 General features of Streptomyces pangenome

To obtain an overview of Streptomyces genome contents, orthogroups for all 295

representative genomes were calculated using Orthofinder (methodology section 4.2.4).

This analysis identified 28,900 groups containing a total of 2,120,506 genes; 19,663 genes

remained unassigned. The number of orthogroup genes per assembly ranging from 4,934

to 10,219, with the average orthogroup count being 7,188 per genome. The core genome

(at least one gene in each of the 295 genomes) contains 463 orthogroups (222,300 genes),

of which 137 (40,415 genes) are single-copy orthogroups (SCOGs) represented by only

one gene in each assembly (Table 4.1). The majority of orthogroups, 21,346 in total,

were categorised as cloud orthogroups (present in fewer than 43 genomes), with a total

of 204,610 genes (Table 4.1).
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Table 4.1: Summary statistics of Streptomyces pangenome.

Type Number of genomes % of genomes Gene count Orthogroup count
Core 295 100% 222,300 463
SCOGs 295 100% 40,415 137
soft-core 280 ≃ genomes ≃ 294 95% ≃ genomes ≃ 99.9% 760,193 1,980
shell 44 ≃ genomes ≃ 279 15% ≃ genomes ≃ 95% 933,403 5,111
cloud >44 >15% 204,610 21,346
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4.3.3 Single Gene Copy Orthologue Phylogeny

For phylogenetic tree estimation, I constructed a codon aware multiple se-

quence alignment (MSA) of all 137 SCOGs sequence groups. Nucleotide se-

quences were backthreaded onto the protein sequence alignments, then concate-

nated and partitioned as described in methodology section 4.2.5. The final

trimmed MSA consists of 97,464 nucleotide bases (no gaps concatenated sco.fasta;

supplementary file 5/output/alignments/concatenated). I estiated a maximum-

likelihood (ML) tree with 100 transfer bootstrap expectation values (TBE), fitting

individual substitution models to each SCOG (Section 4.2.5). To my knowledge this is

the most comprehensive whole genome-based phylogeny of the entire genus Streptomyces

attempted to date. The tree contains 588 internal nodes (Figure 4.1; provided in

newick format in supplementary file 5/output/tree/04 tbe.raxml.support), and

587 nodes have TBE →70% (538 nodes with 100% TBE), while only a single node with

considerably low TBE value of 38% was observed, indicating a robust tree topology.

The tree suggests the existence of three major clades of Streptomyces, consistent with

the phylogenetic structure observed in the 16S rRNA analysis presented in chapter 2

(Figure 4.1).

I examined the distribution of genomes currently assigned at NCBI to S. griseus

(six genomes, leaves shown in red), S. clavuligerus (one genome, leaf shown in green)

and S. rimosus (three genomes, leaves shown in blue) on the SCO phylogenetic tree

(Figure 4.1), to determine whether the core genome phylogeny places these species into

monophyletic groups, which would be expected if the species assignments were correct.
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Although neither species forms a monophyletic groups in the SCO phylogeny, I

found that all S. rimosus genomes were closely related, forming a tightly clustered clade

on the SCOG tree. Specifically, genomes GCF 000721045.1 and GCF 000721045.1 are

represented as sister leaves, although the GCF 003865155.1 genome is slightly more

divergent from the other two, yet still closely related. This finding confirms previous

observations discussed in chapter 3, where I identified two species and a single genus

across all 24 available S. rimosus genomes, distributed across three distinct components

in the MST tree (Figure 3.24 and Figure 3.25).

In chapter 3, I also identified six candidate species and two candidate genera across

all 19 available S. griseus genomes, with the larger genus consisting of five species

(Figure 3.24 and Figure 3.25). Five of the six S. griseus genomes appear in the same

clade, while the remaining genome is more distantly related, confirming these previous

observations. For S. clavuligerus, the placement of which was also questioned in earlier

chapters (Figure 2.13), no interpretation is possible as only a single representative

genome was chosen for this species (Figure 3.24 and Figure 3.25). The mapping of S.

clavuligerus was carried out to illustrate its placement within the SCOG tree, thereby

providing a visual context for its evolutionary relationships among other species within

the Streptomyces.
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Figure 4.1: Maximum-likelihood tree of concatenated 117 SCOGs sequences with the
distribution of genomes currently assigned S. griseus (red), S. rimosus (blue) and S.
clavuligerus (green). The ML tree is rooted at midpoit with TBE values shown for each
branch and yhree major clades (Clade 1 - Clade 3) being highlighted in distinct colours.
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4.3.4 ANIm reveals significant genomic diversity within Streptomyces

To further investigate genomic diversity within the Streptomyces genus, ANIm

analysis was conducted on the same set of 295 representative Streptomyces genomes (see

methodology section 4.2.6). Pairwise ANIm comparisons (Figure 4.2) reveals important

trends that highlight the relationships between identity and genome coverage. First, the

relationship between identity and genome coverage is generally monotonic, meaning that

as identity increases, so does coverage. However, noticeable variation exists within this

trend. Two distinct patterns can be observed, di”ering in the slope of the relationship.

The first pattern, which extends to approximately (88, 55) on the graph, likely represents

between-genus comparisons. In this case, there is a rapid increase in shared homologous

sequences without a corresponding increase in identity. In contrast, the second pattern

shows an increase in identity with little additional homologous sequence, indicating

possible between-species comparisons.

ANIm analysis also reveals significant genomic dissimilarity among the isolates.

95.1% of pairwise comparisons involve isolates that share less than 50% of their genome

based on alignment length (Figure 4.2). The genomes showing the greatest level of

divergence, with only 4.1% genome coverage, were GCF 000367365.1 (Streptomyces

prunicolor) and GCF 000380165.1 (Streptomyces vitaminophilus).

Complementing the alignment coverage analysis, the genome identity analysis also

highlighted significant genomic diversity within Streptomyces. As expected, given the

aim of selecting one genome per species, genome identity ranged from 98.7% to 83.7%,

with 99.9% of pairwise comparisons falling below the proposed species boundary of 95%
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(Figure 4.2). The lowest genome identity, 83.7%, was observed between GCF 000380165.1

(Streptomyces vitaminophilus) and GCF 016612625.1 (Streptomyces sp. MBT62).

It is important to note that since the initial data download from NCBI on the 8th

July 2021 (methodology section 2.2.9), GCF 000380165.1 has been reclassified outside

the Streptomyces genus and is now known as Wenjunlia vitaminophila. Despite this

reclassification, there are still instances of genomes that remain within the Streptomyces

classification despite sharing as little as 5% of their genome by alignment length.

Examples include GCF 000367365.1 (Streptomyces prunicolor) and GCF 000297635.1

(Streptomyces sp. AA0539), as well as GCF 000718165.1 (Streptomyces fulvoviolaceus)

and GCF 900105395.1 (Streptomyces sp. TLI 053). In total 1.6% of pairwise comparisons

are between genomes share less than 10% of homologous genome sequence by alignment

length. This suggests a much higher-than-expected frequency of misclassification at the

genus level within Streptomyces than is indicated in the literature. Although ongoing

reclassification e”orts are addressing these issues, discrepancies persist.
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Figure 4.2: Pairwise ANIm comparisons of 295 representative Streptomyces genomes,
with the X-axis representing genome identity (%) and the Y-axis representing genome
coverage (%). Each point corresponds to a pairwise comparison between two genomes.
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Due to the large size of genome coverage plot, the plot cannot be embedded di-

rectly in this document without causing issues. To ensure accessibility and main-

tain the integrity of this thesis, the plot is available in the online repository in

matrix coverage run1.pdf; supplementary file 3\output\pyani plots. The genome

coverage plot suggests the existence of many clusters of genomes that are more closely

related to each other than to genomes outside their clusters. However, accurately deter-

mining the composition of these clusters from the plot itself is challenging, particularly

since some clusters consist of genomes that do not all mutually share 50% genome

coverage. This observation underscores the complexity of genomic relationships within

Streptomyces and motivates for further in-depth investigation to better understand

genomic relationships within the genus.

4.3.5 Identification of genus boundaries for Streptomyces

The observation of low genome coverage shared between some Streptomyces genomes

(result section 4.3.4) raises the question of how many distinct genus-level groups (i.e.

candidate novel genera) might actually exist within the Streptomyces group. Although

there is a proposed threshold for ANI, where isolates sharing 95% or more of their genome

identity are likely to represent the same species, there is no consensus on interpreting

genus boundaries based on whole genome coverage or identity. Thus, I aimed to develop

a method to establish clear boundaries for di”erentiating between genera. For this, I

first clustered Streptomyces at genome coverage thresholds ranging from 40% to 85% in

steps of 0.1%, and checked their distribution on the SCOG phylogeny to see whether

they formed monophyletic groups, and whether these methods were congruent with each
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other (methodology section 4.2.6). I found that genome coverage thresholds providing

clear separation (i.e. that form exclusively monophyletic groups on the SCOG tree) are

identifiable between 83.1% to 85% of genome coverage (Figure 4.3B). However, this

consistency would result in dividing Streptomyces into a large number (284 to 291) of

cluster, with the majority consisting of a single representative (Figure 4.3A). Thus, this

is not a useful measure for identification of genus-level groupings.

Additionally, I identified thresholds that separate Streptomyces genomes into fewer

clusters, although some thresholds produced a single non-monophyletic group on the

SCOG phylogeny. Specifically, thresholds between 40% to 43.1% and 43.8% to 48.4%

resulted in fewer clusters, with 30 to 34 clusters observed for the 40% to 43.1% range,

and 36 to 45 clusters in the 43.8% to 48.4% range. The variability in these results o”ered

a broad range of possible candidate genus boundaries. However, further analysis was

necessary to determine thresholds that minimised the formation of non-monophyletic

groups while also avoiding excessive separation of Streptomyces into numerous clusters

and singletons, ensuring the preservation of true relationships at the genus level.
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Figure 4.3: Assessment of genome coverage thresholds on the clustering of Streptomyces
and their congruence with the SCOG phylogeny. A) Plots showing number of clusters
and singletons formed at each genome coverage threshold. B) Plots showing counts of
monophyletic and non-monophyletic clades at each threshold.
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To address this challenge, I again used ANIm results, as the combination of genome

coverage and genome identity to which I applied piecewise linear regression. This

allowed the data to be segmented and for me to fit a separate linear regression model to

each segment (Figure 4.4 and Figure 4.5). These segments yield breakpoints where the

linear relationships in the data appears to change. In this case such breakpoints might

be interpreted as candidate thresholds for defining boundaries for genus-level separation

of Streptomyces. For piecewise linear regressions with more than three segments, there

will be multiple breakpoints. Each of these breakpoints could potentially be considered

as a candidate for defining a genus boundary separation. One could focus on the

breakpoint that most distinctly separates the data into shallow and steep gradient

regimes. This approach may o”er more insightful separation by highlighting di”erences

in the relationships between the genomes being compared. These distinctions could

reflect di”erent biological or genomic interactions, such as between-genus or within-genus

comparisons. As more closely related genera tend to share greater genetic material

(Goris et al., 2007), the overall sequence identity is likely to remain low due to the

extended time for divergence, allowing for the accumulation of mutations and variations

(Hershberg, 2015). For between-genus comparisons, we might expect a trend of a higher

increase in shared homology, but not necessarily for sequence identity. Conversely, in

between-species comparisons, we might expect to see a significant increase in genomic

identity, as these species have had less time to diverge from their common ancestor.

However, because closely related species exhibit higher recombination rates and di”erent

species may possess distinct genes for adaptation, the overall increase in genomic identity
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might be relatively modest (Bury-Moné et al., 2023; McDonald & Currie, 2017a).

To determine the appropriate number of segments for this analysis, I tested a

range of di”erent models, varying from 1 to 10 segments, and calculated the Bayesian

Information Criterion (BIC) values. The table 4.2 shows the BIC, convergence status,

and Residual Sum of Squares (RSS) for models with varying numbers of segments.

While models with up to six segments converged successfully, attempts to fit seven or

more breakpoints resulted in failure to converge. Convergence failure suggests that the

model is unable to find a stable solution with additional breakpoints, likely because the

increased complexity makes it di!cult to optimise the fit. This indicates overfitting or

a lack of su!cient data to support such fine segmentation, reinforcing that adding more

segments (beyond six segments) does not improve the model’s reliability.
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Table 4.2: Summary statistics for identification of optimal number of segments for
piecewise linear regression.

No. of Segments BIC converged Residual Sum of Squares
1 -5.0245e+05 True 264.29
2 -5.5316e+05 True 147.24
3 -5.6657e+05 True 126.12
4 -5.6928e+05 True 122.2
5 -5.6968e+05 True 121.61
6 -5.6989e+05 True 121.29
7 - False NA
8 - False NA
9 - False NA
10 - False NA
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Although the model with six segments exhibits the lowest BIC value (Table 4.2)

and thus provides the best statistical fit, interpreting these six segments is challenging

(Figure 4.4). Notably, while the BIC continues to decrease with additional segments

beyond four, the gains in fit become marginal. Specifically, the di”erence in BIC between

models with four and six segments is minimal, and the reduction in RSS is also relatively

small. However, fitting four segments, yields a much clearer separation, particularly

evident at the breakpoint of 55.6% genome coverage and 88.1% identity (Figure 4.5).

This supports earlier observations discussed in section 4.3.4, which highlight two distinct

patterns based on the relationship’s slope. The first trend, extending to around (88, 55)

on the graph, likely corresponds to between-genus comparisons, where there is a rapid

increase in shared homologous sequences but no significant rise in sequence identity.

In contrast, the second trend shows an increase in identity with minimal additional

homologous sequence being shared, suggesting between-species comparisons. Therefore,

selecting four segments o”ers a practical balance between interpretability and model

fit, avoiding the overfitting risks associated with more complex models. Additional

segments might result in segments that are less meaningful and harder to interpret,

while three breakpoints provide a more robust and comprehensible model.
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Figure 4.4: Piecewise linear regression with six segments for ANIm comparisons among
295 representative Streptomyces genomes does not yield clear boundary separation.
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Figure 4.5: Piecewise linear regression with four segments for ANIm comparisons among
295 representative Streptomyces genomes reveals a clear boundary at 88.1% genome
coverage and 55.6% genome identity. Up to this point, identity increases without a
significant gain in homologous sequences, indicating between-genus comparisons. Beyond
this threshold, there is a rise in shared homologous sequences without a corresponding
increase in identity, suggesting within-genus comparisons.



4.3. Results 313

Following the analysis of piecewise linear regression, a probable genus boundary was

identified at 55.6% genome coverage and 88.1% genome identity. The next step was

to delineate distinct subgroups within the genus Streptomyces and their corresponding

members. This was accomplished using a combination of ANIm and graph theory

(Section 4.2.6). Using the ANI results, I constructed a complete network, where nodes

represented individual genomes and edges reflected the minimum genome coverage

and average nucleotide identity between genome pairs. This was necessary because

pyANI compares genomes bidirectionally—e.g., genome A vs. genome B and genome

B vs. genome A—resulting in slightly di”erent values for each direction. Edges with

genome coverage below 55.6% and genome identity below 88.1% were removed, as these

thresholds were found to separate di”erent subgroups. In cases where non-cliques were

formed—genomes that did not form cohesive groups and some falling below the genus

boundary, resulting in ambiguous relationships—I removed edges with the lowest genome

coverage until distinct cliques emerged, clarifying their relationships and allowing for a

clearer understanding of subgroup divisions within Streptomyces. This analysis revealed

79 distinct groups within Streptomyces, 36 of which were represented by a single genome,

and the largest genus consisting of as many as 20 genomes (genus 20). Each candidate

genus was assigned a random number between 1 and 79 to ensure consistency for future

analysis and to facilitate easier referencing in the text and thesis when needed. Once

the di”erent Streptomyces subgroups and their members were identified, it prompted

the question of how these groups are distributed on the SCOG tree and whether they

form monophyletic clades. Thus, I examined the distribution of the identified genera on
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the SCOG phylogenetic tree. This analysis revealed that the majority of the proposed

genera and their members form monophyletic groups, with the exception of genus 17

(highlighted in blue), which forms paraphyletic relationship with a singleton genus 66.

Additionally, genus 16 (highlighted red) forms a paraphyletic relationship with genera

42,56,57,45 and 58. (Figure 4.6).
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Figure 4.6: Maximum-likelihood tree of concatenated 137 SCOG sequences, rooted at the
midpoint, with 79 labeled distinct groups, each representing a separate candidate genus
within the broader Streptomyces lineage. These groups were identified by clustering
the genomes based on genus boundaries of 45.8% genome coverage and 88.8% genome
identity, as determined through a combination of ANIm analysis and piecewise linear
regression (methodology section 4.2.6). Non-monophyletic genus 17 is highlighted in
blue, while non-monophyletic genus 16 is highlighted in red.
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4.3.6 Location of SCOGs on chromosome

63 out of 295 genomes met the criteria of having complete or chromosomal level

assemblies, and only these were considered for the analysis. Before the location of

SCOGs on the chromosomes could be determined, it was necessary to reorient genomes

so that, for all genomes, oriC was on the positive strand. This reorientation was essential

to ensure consistency in determining and comparing the location of SCOGs across all

genomes. After checking the location of oriC, I found that in 60 out of 63 cases, the

oriC, as expected, was located near the middle of the linear chromosome (Figure 4.7). In

the remaining three cases, the oriC was found at the telomere of the chromosome. If the

chromosomes were circular, the position of the oriC could be repositioned at the 50%

mark because, in circular chromosomes, any point can be conceptually used as the origin

or midpoint due to their continuous, unbroken nature. However, at the time of the study,

there were no associated publications for these three genomes, making it impossible to

confirm whether they indeed possessed circular chromosomes. Thus, to avoid bias and

possible misinterpretation, the assembles of GCF 009834125.1, GCF 000147815.2 and

GCF 018128905.1 were excluded from the analysis.
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Figure 4.7: OriC location for genomes assembled to complete or chromosomal level in
NCBI.
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After analysing the chromosomal locations of SCOGs, I identified three distinct

patterns (Figure 4.8):

1. Core Exclusive: This group comprised 76 SCOGs (55.5% of all SCOGs), con-

sistently distributed between the 25th and 75th percentile of chromosome length

(i.e. in the central 50% of the chromosome) across all 60 investigated genomes

(Figure 4.8 green). The consistent central positioning of these SCOGs suggests

they are situated in a region with lower recombination rates, likely providing

greater genetic stability (Bentley et al., 2002).

2. Predominantly Core: 36 SCOGs (27%) were →50% of the investigated SCOGs

variants were situated within the central core region of the chromosome, with

sporadic occurrences slightly beyond the adapted core boundary of 25%-50%

(Figure 4.8 purple). The core region of the chromosome in Streptomyces was found

to be slightly shifted to the left based on data from Streptomyces coelicolor A3(2),

a situation observed when only a small number of genomes were available (Bentley

et al., 2002). It remains possible that the core regions in other Streptomyces

genomes might vary, potentially shifting towards either end of the chromosome.

Therefore, SCOGs in this predominantly core category might be less prone to

recombination due to their general positioning within a relatively stable core

region.

3. Predominantly Non-Core: This group consisted of 25 SCOGs (17.5%), mainly

located outside the core region. Few genomes containing these genes within



4.3. Results 319

the core chromosome (Figure 4.8 red). The positioning of these SCOGs in the

chromosomal arms, areas typically associated with higher recombination rates

and genetic instability, suggests they are likely to be more prone to recombination

(Widenbrant et al., 2007).

The majority of genes, whether located on chromosome arms or within the central

core, are essential for an organism’s survival rather than niche adaptation (Figure

4.8). This is because they encode fundamental cellular components, including structural

ribosomal proteins (e.g., 50S L31, 50S L17), cell division genes (e.g., SepF, ribonucleases),

transcriptional regulators (e.g., WhiB family), and DNA replication and repair proteins

(e.g., RNA polymerase subunit beta, RecN).

The majority of genes, regardless of their location on the chromosome (e.g., within

the arms or the central part of the chromosome), are essential for an organism’s

survival rather than niche adaptation (Figure 4.8). This is because they mostly encode

fundamental cellular components, including structural ribosomal proteins (e.g., 50S L31,

50S L17), cell division genes (e.g., SepF, ribonucleases), transcriptional regulators (e.g.,

WhiB family), and DNA replication and repair proteins (e.g., RNA polymerase subunit

beta, RecN). Additionally, I identified proteins with uncharacterised functions, such as

Domain of Unknown Function (DUF) proteins and hypothetical proteins, which were

localised in both the chromosome arms and the core. Moreover, proteins involved in

the synthesis of structural ribosomal components (50S and 30S) were largely co-located

(Figure 4.8; red).
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OG0002277: DUF2029 domain−containing protein[59] | glycosyltransferase 87 family protein[1]

OG0002156: hypothetical protein[60]

OG0002076: 30S ribosomal protein S18[60]

OG0002161: M18 family aminopeptidase[60]

OG0002162: SseB family protein[60]

OG0002155: ABC transporter permease[38] | ABC transporter permease subunit[22]

OG0002154: SEC−C domain−containing protein[58] | DUF5926 family protein[1] | topoisomerase II[1]

OG0002153: hypothetical protein[59] | tRNA adenosine deaminase−associated protein[1]

OG0002152: acil phosphoribosyltransferase[60]

OG0002150: hypothetical protein[60]

OG0002163: molecular chaperone DnaJ[60]

OG0002164: helix−turn−helix domain−containing protein[39] | MerR family transcriptional regulator[16] | helix−turn−helix transcriptional regulator[5]

OG0002166: DUF5063 domain−containing protein[60]

OG0002147: phosphate ABC transporter ATP−binding protein[58] | phosphate ABC transporter ATP−binding protein PstB[2]

OG0002167: DUF4177 domain−containing protein[57] | hypothetical protein[3]

OG0002146: FABP family protein[60]

OG0002145: folate−binding protein YgfZ[56] | folate−binding protein[3] | glycine cleavage T C−terminal barrel domain−containing protein[1]

OG0002144: D−tyrosyl−tRNA(Tyr) deacylase[59] | D−aminoacyl−tRNA deacylase[1]

OG0002292: A pyrophosphatase[50] | NUDIX domain−containing protein[10]

OG0002168: MarP family serine protease[60]

OG0002169: phage holin family protein[60]

OG0002170: ATP−binding protein[60]

OG0002077: arD family transcriptional regulator[60]

OG0002171: hypoxanthine phosphoribosyltransferase[60]

OG0002172: DUF3180 domain−containing protein[51] | DUF3180 family protein[9]

OG0002173: 2−amino−4−hydroxy−6−hydroxymethyldihydropteridine diphosphokinase[60]

OG0002174: dihydroneopterin aldolase[60]

OG0002176: Ppx/GppA family phosphatase[59] | Ppx/GppA phosphatase family protein[1]

OG0002279: glutaredoxin family protein[60]

OG0002139: hypothetical protein[60]

OG0002180: NADH−quinone oxidoreductase subunit NuoI[60]

OG0002181: NADH−quinone oxidoreductase subunit M[60]

OG0002184: YajQ family cyclic di−GMP−binding protein[60]

OG0002185: 50S ribosomal protein L11[60]

OG0002186: 50S ribosomal protein L10[60]

OG0002278: DNA−directed RNA polymerase subunit beta[60]

OG0002188: 50S ribosomal protein L3[60]

OG0002189: 50S ribosomal protein L4[60]

OG0002190: 50S ribosomal protein L23[60]

OG0002191: 30S ribosomal protein S19[60]

OG0002079: 50S ribosomal protein L22[60]

OG0002192: 30S ribosomal protein S3[60]

OG0002193: 50S ribosomal protein L16[60]

OG0002080: 50S ribosomal protein L29[60]

OG0002194: 30S ribosomal protein S17[60]

OG0002195: 50S ribosomal protein L24[60]

OG0002196: 50S ribosomal protein L5[60]

OG0002197: 30S ribosomal protein S8[60]

OG0002198: 50S ribosomal protein L6[60]

OG0002199: 50S ribosomal protein L18[60]

OG0002082: 50S ribosomal protein L30[60]

OG0002200: 50S ribosomal protein L15[60]

OG0002078: 50S ribosomal protein L36[60]

OG0002201: 30S ribosomal protein S13[60]

OG0002202: 50S ribosomal protein L17[60]

OG0002203: chaperonin GroEL[60]

OG0002205: IMP dehydrogenase[60]

OG0002206: 5−(carboxyamino)imidazole ribonucleotide mutase[60]

OG0002136: malate dehydrogenase[60]

OG0002135: yptophan−−tRNA ligase[60]

OG0002134: succinate dehydrogenase hydrophobic membrane anchor subunit[60]

OG0002132: cytidine deaminase[60]

OG0002210: ABC transporter permease[36] | permease−like cell division protein FtsX[22] | FtsX−like permease family protein[2]

OG0002211: SsrA−binding protein SmpB[60]

OG0002213: icotinate phosphoribosyltransferase[60]

OG0002214: M67 family metallopeptidase[53] | Mov34/MPN/PAD−1 family protein[7]

OG0002215: MBL fold metallo−hydrolase[60]

OG0002216: ibonuclease PH[60]

OG0002217: co−chaperone GroES[60]

OG0002130: WhiB family transcriptional regulator[60]

OG0002129: succinyl−diaminopimelate desuccinylase[60]

OG0002128: O−methyltransferase[37] | class I SAM−dependent methyltransferase[23]

OG0002125: mycoredoxin[53] | NrdH−redoxin[7]

OG0002122: peptide deformylase[60]

OG0002281: PAS domain−containing sensor histidine kinase[50] | histidine kinase N−terminal domain−containing protein[9] | PAS domain−containing protein[1]

OG0002285: dopeptidase La[60]

OG0002221: icotinate−nucleotide adenylyltransferase[60]

OG0002121: hreonine synthase[60]

OG0002120: 50S ribosomal protein L31[60]

OG0002119: peptide chain release factor 1[60]

OG0002280: peptide chain release factor N(5)−glutamine methyltransferase[60]

OG0002222: PhoH family protein[60]

OG0002223: RNA maturation RNase YbeY[60]

OG0002118: F0F1 ATP synthase subunit delta[60]

OG0002116: F0F1 ATP synthase subunit epsilon[60]

OG0002115: cob(I)yrinic acid a,c−diamide adenosyltransferase[60]

OG0002225: RNA dihydrouridine synthase DusB[60]

OG0002226: hypothetical protein[34] | YtxH domain−containing protein[26]

OG0002227: DUF3145 domain−containing protein[56] | DUF3145 family protein[4]

OG0002111: proline dehydrogenase family protein[59] | proline dehydrogenase[1]

OG0002110: pantetheine−phosphate adenylyltransferase[60]

OG0002109: DUF177 domain−containing protein[60]

OG0002086: 50S ribosomal protein L32[60]

OG0002287: hypothetical protein[59] | C4−type zinc ribbon domain−containing protein[1]

OG0002108: bifunctional DNA−formamidopyrimidine glycosylase/DNA−(apurinic or apyrimidinic site) lyase[60]

OG0002107: acylphosphatase[60]

OG0002282: hypothetical protein[60]

OG0002081: RNA−binding protein[60]

OG0002105: ibosome maturation factor RimM[60]

OG0002229: bifunctional DNA primase/polymerase[60]

OG0002104: ibosome maturation factor RimP[60]

OG0002103: RNA pseudouridine(55) synthase TruB[60]

OG0002102: 4−hydroxy−tetrahydrodipicolinate reductase[60]

OG0002231: DUF3043 domain−containing protein[60]

OG0002100: anscriptional repressor NrdR[54] | transcriptional regulator NrdR[6]

OG0002232: YggT family protein[60]

OG0002291: FadR family transcriptional regulator[43] | FCD domain−containing protein[15] | sporulation transcriptional regulator WhiH[2]

OG0002236: ABC transporter permease[60]

OG0002099: insulinase family protein[59] | pitrilysin family protein[1]

OG0002238: imidazoleglycerol−phosphate dehydratase HisB[60]

OG0002239: bifunctional 1−(5−phosphoribosyl)−5−((5−phosphoribosylamino)methylideneamino)imidazole−4−carboxamide isomerase/phosphoribosylanthranilate isomerase PriA[60]

OG0002097: DUF3071 domain−containing protein[59] | septation protein SepH[1]

OG0002240: PAC2 family protein[60]

OG0002274: dephospho−CoA kinase[55] | dephospho−CoA kinase, long form[5]

OG0002290: preprotein translocase subunit SecG[60]

OG0002242: metal−sulfur cluster assembly factor[59] | DUF59 domain−containing protein[1]

OG0002243: yl−CoA hydratase/isomerase family protein[60]

OG0002268: DNA repair protein RecN[60]

OG0002246: SMC−Scp complex subunit ScpB[60]

OG0002247: cell division protein SepF[60]

OG0002250: biquitin−like protein Pup[60]

OG0002251: Pup−−protein ligase[60]

OG0002252: WYL domain−containing protein[60]

OG0002270: DEAD/DEAH box helicase[60]

OG0002253: hypothetical protein[38] | DUF1844 domain−containing protein[22]

OG0002255: RNA methyltransferase[58] | rRNA methyltransferase[2]

OG0002257: protein translocase subunit SecF[60]

OG0002286: GuaB1 family IMP dehydrogenase−related protein[60]

OG0002259: 6,7−dimethyl−8−ribityllumazine synthase[60]

OG0002260: phosphoribosyl−ATP diphosphatase[60]

OG0002261: hypothetical protein[60]

OG0002272: Lrp/AsnC family transcriptional regulator[58] | AsnC family transcriptional regulator[2]

OG0002083: bifunctional nuclease family protein[60]

OG0002263: acil−DNA glycosylase[60]

OG0002284: DP−alcohol phosphatidyltransferase family protein[59] | transferase[1]

OG0002090: hypothetical protein[59] | DUF6421 family protein[1]

OG0002089: SDR family NAD(P)−dependent oxidoreductase[38] | SDR family oxidoreductase[22]

0 25 50 75 100
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Figure 4.8: Location of SCOGs on the chromosome for genomes assembled to complete
or chromosomal level in NCBI. The red vertical lines at 25% and 75% indicate the
approximate boundaries of the core chromosome. SCOGs exclusively within the core
chromosome are shown in green, those predominantly within the core but occasionally
outside are shown in purple, and SCOGs predominantly outside the core are shown in
red. Proteins involved in the synthesis of structural ribosomal components (50S and
30S) are highlighted in red.
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4.3.7 Conservation of SCOGs nucleotide variants across the phylogenetic

tree

I analysed the nucleotide variants of 137 SCOGs found across the 295 Streptomyces

genomes. I found that 85 SCOGs (62%) were represented by 295 unique nucleotide

variants, implying each variant was specific to each individual genome. The remaining

52 SCOGs (38%) had at least one nucleotide sequence variant that was common to

two or more Streptomyces genomes, with some SCOGs having as few as 29 nucleotide

sequence variants (Table 4.3).
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Table 4.3: Lists 52 SCOGs with at least one nucleotide variant shared by two or more
Streptomyces genomes. It includes the total number of unique nucleotide sequence
variants, the corresponding protein products (as annotated in the sequence records), and
the number of conserved nucleotide sequence variants categorized as either monophyletic
or non-monophyletic in the SCOG tree.

Orthogroup
ID

Protein
Product

Total nt
Sequence
Variants

Common to
→2 Strepto-
myces
genomes

Total
Mono-
phyletic

Total Non-
Monophyletic

OG0002076 30S ribosomal
protein S18

166 50 17 33

OG0002077 arD family
transcriptional
regulator

285 9 7 2

OG0002078 50S ribosomal
protein L36

29 18 3 15

OG0002079 50S ribosomal
protein L22

256 30 18 12

OG0002080 50S ribosomal
protein L29

214 44 16 28

OG0002081 RNA-binding
protein

281 12 10 2

OG0002082 50S ribosomal
protein L30

190 48 10 38

OG0002083 bifunctional
nuclease family
protein

292 3 2 1

OG0002086 50S ribosomal
protein L32

107 40 7 33

OG0002089 SDR family
NAD(P)-
dependent
oxidoreductase

294 1 1 0

OG0002090 hypothetical
protein

294 1 1 0

OG0002097 DUF3071 domain-
containing protein

294 1 1 0

OG0002099 insulinase family
protein

294 1 1 0

OG0002100 anscriptional
repressor NrdR

294 1 1 0

Continued on next page
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Table 4.3 – Continued from previous page

Orthogroup
ID

Protein
Product

Total nt
Sequence
Variants

Common to
→2 Strepto-
myces
genomes

Total
Mono-
phyletic

Total Non-
Monophyletic

OG0002102 4-hydroxy-
tetrahydrodipicolinate
reductase

294 1 1 0

OG0002103 RNA
pseudouridine(55)
synthase TruB

294 1 1 0

OG0002104 ibosome
maturation factor
RimP

294 1 1 0

OG0002105 ibosome
maturation factor
RimM

294 1 1 0

OG0002107 acylphosphatase 294 1 1 0

OG0002108 bifunctional DNA-
formamidopyrimidine
glycosylase

294 1 1 0

OG0002109 DUF177 domain-
containing protein

294 1 1 0

OG0002110 pantetheine-
phosphate
adenylyltrans-
ferase

294 1 1 0

OG0002111 proline
dehydrogenase
family protein

294 1 1 0

OG0002115 cob(I)yrinic acid
a,c-diamide
adenosyltrans-
ferase

294 1 1 0

OG0002116 F0F1 ATP
synthase subunit
epsilon

279 15 13 2

OG0002118 F0F1 ATP
synthase subunit
delta

279 15 13 2

OG0002119 peptide chain
release factor 1

279 15 13 2

OG0002120 50S ribosomal
protein L31

249 32 15 17

Continued on next page
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Table 4.3 – Continued from previous page

Orthogroup
ID

Protein
Product

Total nt
Sequence
Variants

Common to
→2 Strepto-
myces
genomes

Total
Mono-
phyletic

Total Non-
Monophyletic

OG0002121 hreonine synthase 249 32 15 17

OG0002122 peptide
deformylase

249 32 15 17

OG0002125 mycoredoxin 287 7 5 2

OG0002128 O-
methyltransferase

287 7 5 2

OG0002129 succinyl-
diaminopimelate
desuccinylase

287 7 5 2

OG0002130 WhiB family
transcriptional
regulator

294 1 1 0

OG0002132 cytidine
deaminase

294 1 1 0

OG0002134 succinate
dehydrogenase
hydrophobic
membrane anchor
subunit

293 1 1 0

OG0002135 yptophan–tRNA
ligase

293 1 1 0

OG0002136 malate
dehydrogenase

293 1 1 0

OG0002139 hypothetical
protein

293 1 1 0

OG0002144 D-tyrosyl-
tRNA(Tyr)
deacylase

293 1 1 0

OG0002145 folate-binding
protein YgfZ

293 1 1 0

OG0002146 FABP family
protein

293 1 1 0

OG0002147 phosphate ABC
transporter
ATP-binding
protein

293 1 1 0

Continued on next page
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Table 4.3 – Continued from previous page

Orthogroup
ID

Protein
Product

Total nt
Sequence
Variants

Common to
→2 Strepto-
myces
genomes

Total
Mono-
phyletic

Total Non-
Monophyletic

OG0002150 hypothetical
protein

293 1 1 0

OG0002152 acil phosphoribo-
syltransferase

293 1 1 0

OG0002153 hypothetical
protein

293 1 1 0

OG0002154 SEC-C domain-
containing protein

293 1 1 0

OG0002155 ABC transporter
permease

293 1 1 0

OG0002156 hypothetical
protein

293 2 2 0

OG0002161 M18 family
aminopeptidase

293 2 2 0

OG0002162 SseB family
protein

293 2 2 0

OG0002163 molecular
chaperone DnaJ

293 2 2 0

OG0002164 helix-turn-helix
domain-
containing protein

293 2 2 0

OG0002166 DUF5063 domain-
containing protein

293 2 2 0

OG0002167 DUF4177 domain-
containing protein

217 35 16 19

OG0002168 MarP family
serine protease

217 35 16 19

OG0002169 phage holin
family protein

217 35 16 19

OG0002170 ATP-binding
protein

217 35 16 19

OG0002171 hypoxanthine
phosphoribosyl-
transferase

292 3 2 1

OG0002172 DUF3180 domain-
containing protein

292 3 2 1

Continued on next page
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Table 4.3 – Continued from previous page

Orthogroup
ID

Protein
Product

Total nt
Sequence
Variants

Common to
→2 Strepto-
myces
genomes

Total
Mono-
phyletic

Total Non-
Monophyletic

OG0002173 2-amino-4-
hydroxy-6-
hydroxymethyldihydropteridine
diphosphokinase

292 3 2 1

OG0002174 dihydroneopterin
aldolase

292 3 3 0

OG0002176 Ppx/GppA family
phosphatase

292 3 3 0

OG0002180 NADH-quinone
oxidoreductase
subunit NuoI

292 3 3 0

OG0002181 NADH-quinone
oxidoreductase
subunit M

292 3 3 0

OG0002184 YajQ family
cyclic
di-GMP-binding
protein

292 3 3 0

OG0002185 50S ribosomal
protein L11

267 22 10 12

OG0002186 50S ribosomal
protein L10

275 16 9 7

OG0002188 50S ribosomal
protein L3

281 11 6 5

OG0002189 50S ribosomal
protein L4

287 8 5 3

OG0002190 50S ribosomal
protein L23

255 27 15 12

OG0002191 30S ribosomal
protein S19

182 42 20 22

OG0002192 30S ribosomal
protein S3

292 3 2 1

OG0002193 50S ribosomal
protein L16

250 27 11 16

OG0002194 30S ribosomal
protein S17

254 29 13 16

OG0002195 50S ribosomal
protein L24

254 30 17 13

Continued on next page
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Table 4.3 – Continued from previous page

Orthogroup
ID

Protein
Product

Total nt
Sequence
Variants

Common to
→2 Strepto-
myces
genomes

Total
Mono-
phyletic

Total Non-
Monophyletic

OG0002196 50S ribosomal
protein L5

272 16 13 3

OG0002197 30S ribosomal
protein S8

249 34 20 14

OG0002198 50S ribosomal
protein L6

282 12 8 4

OG0002199 50S ribosomal
protein L18

279 13 7 6

OG0002200 50S ribosomal
protein L15

283 11 9 2

OG0002201 30S ribosomal
protein S13

270 20 14 6

OG0002202 50S ribosomal
protein L17

289 5 4 1

OG0002203 chaperonin
GroEL

289 5 4 1

OG0002205 IMP
dehydrogenase

289 5 4 1

OG0002206 5-
(carboxyamino)imidazole
ribonucleotide
mutase

289 5 4 1

OG0002210 ABC transporter
permease

289 5 4 1

OG0002211 SsrA-binding
protein SmpB

294 1 1 0

OG0002213 icotinate phospho-
ribosyltransferase

294 1 1 0

OG0002214 M67 family
metallopeptidase

294 1 1 0

OG0002215 MBL fold
metallo-hydrolase

294 1 1 0

OG0002216 ibonuclease PH 294 1 1 0

OG0002217 co-chaperone
GroES

292 3 3 0

Continued on next page
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Table 4.3 – Continued from previous page

Orthogroup
ID

Protein
Product

Total nt
Sequence
Variants

Common to
→2 Strepto-
myces
genomes

Total
Mono-
phyletic

Total Non-
Monophyletic

OG0002221 icotinate-
nucleotide
adenylyltrans-
ferase

293 2 2 0

OG0002222 PhoH family
protein

293 2 2 0

OG0002223 RNA maturation
RNase YbeY

293 2 2 0

OG0002225 RNA
dihydrouridine
synthase DusB

293 2 2 0

OG0002226 hypothetical
protein

293 2 2 0

OG0002227 DUF3145 domain-
containing protein

293 2 2 0

OG0002229 bifunctional DNA
pri-
mase/polymerase

293 2 2 0

OG0002231 DUF3043 domain-
containing protein

294 1 1 0

OG0002232 YggT family
protein

258 31 22 9

OG0002236 ABC transporter
permease

258 31 22 9

OG0002238 imidazoleglycerol-
phosphate
dehydratase HisB

258 31 22 9

OG0002239 PriA 258 31 22 9

OG0002240 PAC2 family
protein

258 31 22 9

OG0002242 metal-sulfur
cluster assembly
factor

293 2 1 1

OG0002243 yl-CoA hy-
dratase/isomerase
family protein

293 2 1 1

Continued on next page
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Table 4.3 – Continued from previous page

Orthogroup
ID

Protein
Product

Total nt
Sequence
Variants

Common to
→2 Strepto-
myces
genomes

Total
Mono-
phyletic

Total Non-
Monophyletic

OG0002246 SMC-Scp complex
subunit ScpB

293 2 1 1

OG0002247 cell division
protein SepF

294 1 0 1

OG0002250 biquitin-like
protein Pup

291 4 1 3

OG0002251 Pup–protein
ligase

291 4 1 3

OG0002252 WYL domain-
containing protein

291 4 1 3

OG0002253 hypothetical
protein

291 4 1 3

OG0002255 RNA
methyltransferase

291 4 1 3

OG0002257 protein
translocase
subunit SecF

291 4 1 3

OG0002259 6,7-dimethyl-8-
ribityllumazine
synthase

291 4 1 3

OG0002260 phosphoribosyl-
ATP
diphosphatase

285 10 7 3

OG0002261 hypothetical
protein

294 1 1 0

OG0002263 acil-DNA
glycosylase

294 1 1 0

OG0002268 DNA repair
protein RecN

294 1 1 0

OG0002270 DEAD/DEAH
box helicase

294 1 1 0

OG0002272 Lrp/AsnC family
transcriptional
regulator

294 1 1 0

OG0002274 dephospho-CoA
kinase

294 1 1 0

Continued on next page
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Table 4.3 – Continued from previous page

Orthogroup
ID

Protein
Product

Total nt
Sequence
Variants

Common to
→2 Strepto-
myces
genomes

Total
Mono-
phyletic

Total Non-
Monophyletic

OG0002277 DUF2029 domain-
containing protein

294 1 1 0

OG0002278 DNA-directed
RNA polymerase
subunit beta

294 1 1 0

OG0002279 glutaredoxin
family protein

294 1 1 0

OG0002280 peptide chain
release factor
N(5)-glutamine
methyltransferase

294 1 1 0

OG0002281 PAS domain-
containing sensor
histidine kinase

294 1 1 0

OG0002282 hypothetical
protein

231 43 25 18

OG0002284 DP-alcohol
phosphatidyl-
transferase family
protein

231 43 25 18

OG0002285 dopeptidase La 231 43 25 18

OG0002286 GuaB1 family
IMP
dehydrogenase-
related protein

231 43 25 18

OG0002287 hypothetical
protein

231 43 25 18

OG0002290 preprotein
translocase
subunit SecG

280 14 10 4

OG0002291 FadR family
transcriptional
regulator

280 14 10 4

OG0002292 A
pyrophosphatase

280 14 10 4
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I examined the distribution of the 52 SCOG’s nucleotide sequence variants that were

common to more than two Streptomyces genomes, and I found that 51 of these SCOGs

contained at least one monophyletic nucleotide variant, indicating a common ancestry

among the organisms (Table 4.4, Figure 4.9). Additionally, I found that 38 SCOGs

have at least one nucleotide sequence variant distributed in a non-monophyletic manner

(Figure 4.10 and Table 4.5). Notably, all 38 of these SCOGs had at least one repeated

nucletide sequence variants that, while displaying non-monophyletic patterns on the

SCOG tree, were confined within the same Streptomyces subgroup (with →45.8% genome

coverage and →88.8% genome identity) (Table 4.6 and Figure 4.11). However, 16 SCOGs

were found to have nucleotide sequence variants distributed in a non-monophyletic

pattern, scattered across distinct Streptomyces subgroups (with genome coverage >45.8%

and genome identity >88.8%), suggesting a broader distribution beyond closely related

taxa (Figure 4.12 and Table 4.7).
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Figure 4.9: Variants of SCOG’s nucleotide sequences, identified in two or more Strepto-
myces species, consistently form monophyletic clades in the core genome phylogenetic
tree. Each individual ring represents a single SCOG, with the order of the ring (from
inner to outer) and their corresponding protein products as annotated on sequence record
is provided in Table 4.5. The same color within a ring indicates identical nucleotide
variants. Variants that either form non-monophyletic clades or are unique to a single
taxon on the core genome tree are shown in grey.
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Table 4.4: List of 51 SCOGs in which ”repeated” nucleotide sequence variants are shared
across distinct Streptomyces genomes and form monophyletic clades. The corresponding
protein products are annotated as per the sequence records. The order of the SCOGs
aligns with the arrangement of the rings in Figure 4.9, from inner to outer.

Orthogroup
ID

Protein Product Total
Mono-
phyletic

OG0002089 SDR family NAD(P)-dependent oxidoreductase 1

OG0002104 ibosome maturation factor RimP 1

OG0002110 pantetheine-phosphate adenylyltransferase 1

OG0002130 WhiB family transcriptional regulator 1

OG0002134 succinate dehydrogenase hydrophobic membrane
anchor subunit

1

OG0002211 SsrA-binding protein SmpB 1

OG0002214 M67 family metallopeptidase 1

OG0002231 DUF3043 domain-containing protein 1

OG0002242 metal-sulfur cluster assembly factor 1

OG0002250 biquitin-like protein Pup 1

OG0002261 hypothetical protein 1

OG0002083 bifunctional nuclease family protein 2

OG0002156 hypothetical protein 2

OG0002171 hypoxanthine phosphoribosyltransferase 2

OG0002192 30S ribosomal protein S3 2

OG0002221 icotinate-nucleotide adenylyltransferase 2

OG0002226 hypothetical protein 2

OG0002078 50S ribosomal protein L36 3

OG0002174 dihydroneopterin aldolase 3

OG0002217 co-chaperone GroES 3

OG0002202 50S ribosomal protein L17 4

OG0002125 mycoredoxin 5

OG0002189 50S ribosomal protein L4 5

Continued on next page
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Table 4.4 – Continued from previous page

Orthogroup
ID

Protein Product Total
Mono-
phyletic

OG0002188 50S ribosomal protein L3 6

OG0002077 arD family transcriptional regulator 7

OG0002086 50S ribosomal protein L32 7

OG0002199 50S ribosomal protein L18 7

OG0002260 phosphoribosyl-ATP diphosphatase 7

OG0002198 50S ribosomal protein L6 8

OG0002186 50S ribosomal protein L10 9

OG0002200 50S ribosomal protein L15 9

OG0002081 RNA-binding protein 10

OG0002082 50S ribosomal protein L30 10

OG0002185 50S ribosomal protein L11 10

OG0002290 preprotein translocase subunit SecG 10

OG0002193 50S ribosomal protein L16 11

OG0002116 F0F1 ATP synthase subunit epsilon 13

OG0002194 30S ribosomal protein S17 13

OG0002196 50S ribosomal protein L5 13

OG0002201 30S ribosomal protein S13 14

OG0002120 50S ribosomal protein L31 15

OG0002190 50S ribosomal protein L23 15

OG0002080 50S ribosomal protein L29 16

OG0002167 DUF4177 domain-containing protein 16

OG0002076 30S ribosomal protein S18 17

OG0002195 50S ribosomal protein L24 17

OG0002079 50S ribosomal protein L22 18

OG0002191 30S ribosomal protein S19 20

OG0002197 30S ribosomal protein S8 20

OG0002232 YggT family protein 22

Continued on next page
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Table 4.4 – Continued from previous page

Orthogroup
ID

Protein Product Total
Mono-
phyletic

OG0002282 hypothetical protein 25
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Figure 4.10: SCOG’s repeated nucleotide sequence variants do not form monophyletic
clades on the core genome tree. Each individual ring represents a single SCOG, with
the order of the ring (from inner to outer) and their corresponding protein products as
annotated on sequence record is provided in Table 4.5. The same color within a ring
indicates identical nucleotide variants. Variants that either form monophyletic clades or
are unique to a single taxon on the core genome tree are shown in grey.
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Table 4.5: List of 38 SCOGs in which at least one repated nucleotide variants are shared
across distinct Streptomyces genomes and form non-monophyletic clades with their
corresponding protein products as annotated in the sequence records. The order of the
SCOGs corresponds to the order (from inner to outer) of the rings in the Figure 4.10.

Orthogroup ID Protein Product Total Non-Monophyletic
OG0002083 bifunctional nuclease family protein 1
OG0002171 hypoxanthine phosphoribosyltransferase 1
OG0002192 30S ribosomal protein S3 1
OG0002202 50S ribosomal protein L17 1
OG0002242 metal-sulfur cluster assembly factor 1
OG0002247 cell division protein SepF 1
OG0002077 arD family transcriptional regulator 2
OG0002081 RNA-binding protein 2
OG0002116 F0F1 ATP synthase subunit epsilon 2
OG0002125 mycoredoxin 2
OG0002200 50S ribosomal protein L15 2
OG0002189 50S ribosomal protein L4 3
OG0002196 50S ribosomal protein L5 3
OG0002250 biquitin-like protein Pup 3
OG0002260 phosphoribosyl-ATP diphosphatase 3
OG0002198 50S ribosomal protein L6 4
OG0002290 preprotein translocase subunit SecG 4
OG0002188 50S ribosomal protein L3 5
OG0002199 50S ribosomal protein L18 6
OG0002201 30S ribosomal protein S13 6
OG0002186 50S ribosomal protein L10 7
OG0002232 YggT family protein 9
OG0002079 50S ribosomal protein L22 12
OG0002185 50S ribosomal protein L11 12
OG0002190 50S ribosomal protein L23 12
OG0002195 50S ribosomal protein L24 13
OG0002197 30S ribosomal protein S8 14
OG0002078 50S ribosomal protein L36 15
OG0002193 50S ribosomal protein L16 16
OG0002194 30S ribosomal protein S17 16
OG0002120 50S ribosomal protein L31 17
OG0002282 hypothetical protein 18
OG0002167 DUF4177 domain-containing protein 19
OG0002191 30S ribosomal protein S19 22
OG0002080 50S ribosomal protein L29 28
OG0002076 30S ribosomal protein S18 33
OG0002086 50S ribosomal protein L32 33
OG0002082 50S ribosomal protein L30 38
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Figure 4.11: Repeated nucleotide sequence variants of SCOG do not form monophyletic
clades in the core genome tree, but are confined within the same Streptomyces subgroups
(with genome coverage of →45.8% and genome identity of →88.8%). Each individual
ring represents a single SCOG, with the order of the ring (from inner to outer) and
their corresponding protein products as annotated on sequence record is provided in
Table 4.6. The same color within a ring indicates identical nucleotide variants. Variants
that either form monophyletic clades or are unique to a single taxon on the core genome
tree are show in grey.



4.3. Results 339

Table 4.6: List of 38 SCOGs, each containing at least one repeated nucleotide variant
shared within the same Streptomyces subgroup and forming non-monophyletic clades.
Corresponding protein products, as annotated in the sequence records, are also included.
The order of the SCOGs follows the arrangement of rings (from inner to outer) in Figure
4.11.

Orthogroup ID Protein Product Total Non-Monophyletic
OG0002083 bifunctional nuclease family protein 1
OG0002171 hypoxanthine phosphoribosyltransferase 1
OG0002192 30S ribosomal protein S3 1
OG0002202 50S ribosomal protein L17 1
OG0002242 metal-sulfur cluster assembly factor 1
OG0002247 cell division protein SepF 1
OG0002077 arD family transcriptional regulator 2
OG0002081 RNA-binding protein 2
OG0002116 F0F1 ATP synthase subunit epsilon 2
OG0002125 mycoredoxin 2
OG0002200 50S ribosomal protein L15 2
OG0002189 50S ribosomal protein L4 3
OG0002196 50S ribosomal protein L5 3
OG0002250 biquitin-like protein Pup 3
OG0002260 phosphoribosyl-ATP diphosphatase 3
OG0002198 50S ribosomal protein L6 4
OG0002290 preprotein translocase subunit SecG 4
OG0002188 50S ribosomal protein L3 5
OG0002199 50S ribosomal protein L18 6
OG0002201 30S ribosomal protein S13 6
OG0002186 50S ribosomal protein L10 7
OG0002232 YggT family protein 9
OG0002079 50S ribosomal protein L22 12
OG0002185 50S ribosomal protein L11 12
OG0002190 50S ribosomal protein L23 12
OG0002195 50S ribosomal protein L24 13
OG0002197 30S ribosomal protein S8 14
OG0002078 50S ribosomal protein L36 15
OG0002193 50S ribosomal protein L16 16
OG0002194 30S ribosomal protein S17 16
OG0002120 50S ribosomal protein L31 17
OG0002282 hypothetical protein 18
OG0002167 DUF4177 domain-containing protein 19
OG0002191 30S ribosomal protein S19 22
OG0002080 50S ribosomal protein L29 28
OG0002076 30S ribosomal protein S18 33
OG0002086 50S ribosomal protein L32 33
OG0002082 50S ribosomal protein L30 38
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Figure 4.12: Some SCOG’s repeated nucleotide sequence variants do not form mono-
phyletic clades on the core genome tree and are shared across genomically distinct
Streptomyces subgroups (>45.8% genome coverage; >88.8% genome identity). Each
individual ring represents a single SCOG, with the order of the ring (from inner to outer)
and their corresponding protein products as annotated on sequence record is provided in
Table 4.7. The same color within a ring indicates identical nucleotide variants. Variants
that either form monophyletic clades or are unique to a single taxon on the core genome
tree are show in grey.
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Table 4.7: List of 16 SCOGs in which repeated nucleotide variants are shared across
distinct Streptomyces genomes and form non-monophyletic clades with their correspond-
ing protein products as annotated in the sequence records. The order of the SCOGs
corresponds to the order (from inner to outer) of the rings in the Figure 4.12.

Orthogroup ID Protein Product Tital Non-Monophyletic
OG0002076 30S ribosomal protein S18 18
OG0002078 50S ribosomal protein L36 13
OG0002079 50S ribosomal protein L22 6
OG0002080 50S ribosomal protein L29 9
OG0002082 50S ribosomal protein L30 15
OG0002086 50S ribosomal protein L32 20
OG0002120 50S ribosomal protein L31 4
OG0002167 DUF4177 domain-containing protein 6
OG0002186 50S ribosomal protein L10 1
OG0002190 50S ribosomal protein L23 2
OG0002191 30S ribosomal protein S19 7
OG0002193 50S ribosomal protein L16 1
OG0002194 30S ribosomal protein S17 4
OG0002195 50S ribosomal protein L24 2
OG0002197 30S ribosomal protein S8 1
OG0002282 hypothetical protein 1
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4.4 Discussion

4.4.1 Representative set of high-quality Streptomyces genomes reveals

a small core genome

Studying prokaryotic pangenomes to understand adaptive mechanisms through their

accessory genomes, or evolutionary patterns via the core genome, relies heavily on

high-quality genomic sequences and acurate taxonomic placement. Pangenomic analyses

are often a”ected by errors resulting from misannotations, contaminations, as well as

fragmented and incomplete assemblies (Tonkin-Hill et al., 2023). These errors can

underestimate the core genome, while simultaneously causing overestimation of the

accessory gene size and the extent to which the taxa is considered “open”. This occurs

when annotation software fails to detect genes or when genes are fragmented due to

breaks in the assembly, leading to the exclusion of these genes from the core genome

estimate (Tonkin-Hill et al., 2020).

To obtain a better overview of the Streptomyces genomes used in this study, I first

examined the overall characteristics of Streptomyces genomes. The results in section 4.3.1

align with previous observations, which reported that Streptomyces genomes typically

range from 6 to 15 Mb, with an average size of around 8 Mb. Additionally, the GC

content of these genomes averages between 72% and 75%, and they generally contain

approximately 7,000 protein-coding sequences (Bury-Moné et al., 2023; Lee et al., 2020;

Subramaniam et al., 2020; Vol” & Altenbuchner, 1998).

Given that only 17.9% of the Streptomyces analysed (section 4.3.1) were assembled to

the complete or chromosomal level and the overall quality of the genomes was uncertain,
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it was crucial to assess genome quality to avoid pitfalls associated with analysis and

comparison of poor-quality sequences. My analysis revealed that some Streptomyces

genomes in NCBI have contamination levels as high as 17.87% and completeness as

low as 85.85%. Contamination of some genomes was expected, given the identification

of over 2 million contaminated entries in GenBank (Steinegger & Salzberg, 2020) and

estimates that around 10% of NCBI’s prokaryotic genomes are contaminated (Astashyn

et al., 2024). Human DNA contamination in bacterial genomes, particularly within

small contigs of draft assemblies, is a common issue (Breitwieser et al., 2019), synthetic

sequences like vectors, adapters, and primers are also recognised sources of contamination

(Steinegger & Salzberg, 2020).

To address the concerns that arise from inclusion of poor quality genomes, I ex-

panded on the analyses from chapter 3 to select a representative set of high-quality

genomes. For each ANI species found in a connected group of STs in the MST tree

(Figure 3.20), I selected a single species representative, prioritising genomes with the

lowest contamination and highest completeness when multiple candidates were available

(methodology section 4.2.2). This selection process resulted in a curated set of 295

genomes, each with a minimum completeness of 93.99% and contamination no higher

than 4.21%.

This set of high-quality genomes was used to provide a clearer overview of Strepto-

myces genome content (results section 4.3.2). The presence of a large accessory genome,

comprising 91.54% of all orthogroups (with no soft-core orthogroups) (Table 4.1), aligns

with previous observations that the Streptomyces pangenome (considering Streptomyces

as a genus spanning these 295 genomes) is open, as new genes continue to be added with
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the sequencing of additional genomes (Caicedo-Montoya et al., 2021; Otani et al., 2022).

However, previous studies have found that approximately one-seventh (600–1,018 genes)

of Streptomyces genomes are shared across all members (Bury-Moné et al., 2023), and

larger sets of single-copy orthologues are shared among Streptomyces species (575 and

453 orthologues) (Kusuma et al., 2021; Mart́ın-Sánchez et al., 2019). If Streptomyces

represented a single group of closely related organisms, we would expect a larger number

of SCOGs to be shared. However, ANIm analysis (see section 4.3.4) indicates significant

diversity within Streptomyces. For instance, some Streptomyces genomes share only 4.1%

of their genome homology based on alignment length. This finding is consistent with

the relatively low proportion of core and single-copy orthologous genes shared among

Streptomyces genomes observed here. This large genomic diversity within Streptomyces

suggests that this relatively small core genome and extensive accessory genome may

create a somewhat misleading view of Streptomyces pangenome. Pangenome analyses are

typically performed on closely related strains, where the core genome consists of genes

essential for fundamental biological processes and provides insights into evolutionary

relationships, while accessory genes primarily reflect niche adaptations. However, when

applied to highly diverse groups like Streptomyces, the vast genomic divergence leads

to an artificially small core genome and an bigger accessory genome. This makes it

challenging to define a meaningful core genome size and accurately interpret evolutionary

relationships. To gain a more accurate understanding, Streptomyces should be cate-

gorised into finer, more granular groups that better align with genus-level distinctions

used in other bacterial taxa. Repeating the analysis using these refined groupings would

o”er a clearer picture of the genomic diversity within this highly complex and diverse
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taxa.

4.4.2 A highly resolved core genome phylogeny supports conclusions of

widespread misclassification in Streptomyces

The reclassification of Streptomyces to better understand their evolutionary rela-

tionships has been extensively explored in previous chapters. However, both 16S rRNA

(chapter 2) and MLST (chapter 3) methods proved inadequate for resolving phylogenetic

conflicts and were found to be sometimes unreliable proxies for taxonomy. Recent

advancements in sequencing technology have significantly increased the availability

of whole-genome sequences (see section 1.2.3), leading to more frequent adoption of

genome-based taxonomy (see section 1.3.3). The initial aim of this chapter was to infer

a core-genome phylogeny for Streptomyces to evaluate its resolution and determine if it

aligns with the misclassifications identified in chapter 3 section 3.3.6. As presented in

section 4.4.1 I identified 137 SCOGs present in all 295 genomes, which I consider as

the candidate core genome for the genus Streptomyces. I constructed a core-genome

tree by aligning and concatenating the coding sequences of these 137 SCGO genes

and used RAxML to calculate a maximum likelihood tree with a distinct evolutionary

model to fit each gene (methodology section 4.2.5). This approach led to the most

comprehensive whole-genome-based phylogeny of Streptomyces attempted to date, with

a well-supported topology (Figure 4.1). All splits, except one, had a transfer bootstrap

expectation (TBE) value of 70% or higher, with the majority showing a TBE value

of 100%, accounting for 91.5% of all internal nodes, indicating overall topological sta-

bility (section 4.3.3). These findings align with previous studies demonstrating that

concatenated SCOG data provide su!cient information to reconstruct reliable and
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highly resolved phylogenies (Keller & Ankenbrand, 2021), including for Streptomyces,

though on a more limited scale (Kim et al., 2015). The node with the lower TBE value

might be attributed to high similarity of the SCOG sequences among taxa that share

very recent common ancestors. This issue could potentially be resolved in future work

by examining SCOGs from a common ancestor closer to the leaf nodes, and identifying

a larger set of SCOGs to improve resolution. Given that the topology of the remaining

parts of the tree is well-defined, it would be feasible to reintegrate the more accurately

resolved subtree back into the overall species tree.

The overall structure of the SCOGs phylogenetic tree (Figure 4.1) reflects the

three-group framework suggested by the 16S phylogeny from chapter 2 section 2.3.3

(Figure 2.8). The ancestral group (clade 1) is the smallest, comprising 60 Streptomyces

genomes. In contrast, more recent divergences have resulted in two larger clades: clade

2, comprising 87 genomes, and clade 3, the largest, with 148 genomes. The presence

of these three main clades in a core-genome phylogeny suggests the divergence of

three distinct evolutionary lineages from a common ancestor. In prokaryotes, genome

expansion frequently results from gene duplication and recombination events, enabling

bacteria to acquire new genes that foster functional innovation and ecological adaptation

(Nikolaidis et al., 2023; Zhou et al., 2012). This genome expansion may have played a

key role in the divergence of Streptomyces into three distinct lineages, allowing di”erent

taxa to exploit a variety of ecological niches and exposing di”erent them to unique

selective pressures. This hypothesis aligns with the frequent observation of genome

expansions in Streptomyces, with some expansions reaching up to 1.03 Mb due to gene

duplications in the chromosomal arms (Nikolaidis et al., 2023). These pressures promote
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diversification within their core genomes, with specific adaptations favored in certain

environments, ultimately leading to the formation of distinct lineages. These selective

pressures promote diversification within their core genomes, with specific adaptations

favored in certain environments, ultimately leading to the formation of distinct lineages.

One way to identify genes under selective pressure is through comparative genomic

analyses, which o”er a powerful approach to studying these evolutionary processes. Such

analyses allow the identification of genes under positive selection using dN/dS ratios

(non-synonymous/synonymous substitution rates) and reveal gene presence/absence

variations and expansion/contraction patterns across lineages.

As discussed in chapter 3 section 3.3.6, several genus- and species-level misclassifica-

tions were identified among genomes with the same species names in NCBI. This raises

the question of how these misclassified genomes, as well as those correctly classified,

are distributed across the SCOG tree. If both SCOG phylogeny and ANI analyses are

congruent, we would expect genomes with low ANI coverage to be present in distinct

clades, while genomes identified as closely related through ANI analyses would cluster

in the same clade. However, if the distribution of genomes on the SCOG tree does not

align with the ANI-based taxonomy—such as observing unrelated genomes grouped in a

single clade or related genomes scattered across the phylogenetic tree—it would indicate

a lack of congruence between ANI and core-genome phylogeny. This discrepancy would

require a closer examination of the reliability of each method for taxonomic classification

and determine which, if any, provides the most accurate classification.

Through the investigation of the distribution of genomes currently assigned to S.

griseus, S. clavuligerus, and S. rimosus on the SCO phylogenetic tree (Figure 4.1), it
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appears that the first explanation is more likely, and that assigned taxonomy is generally

consistent with the tree topology. Specifically, not all genomes currently assigned to S.

griseus cluster within the same clade. For example, genome GCF 000718525.1, which

shares only 29% of its genome with other S. griseus genomes (see appendix Figure A.1)

based on alignment length, is separated from the remaining genomes (Figure 4.1; red

leaves). In contrast, genomes currently identified as S. rimosus in NCBI, which were

previously confirmed by ANI analysis to share no less than 58% genome coverage (see

appendix Figure A.2), appeared to be closely related on the tree. This implies that both

methods can be complementary in the detection and reclassification of misannotated

genomes. Notably, ANI is currently used by NCBI to improve the accuracy of prokaryotic

genome assignments (Ciufo et al., 2018). This confirms that the continued use of ANI

at NCBI is beneficial and should be maintained. Additionally, using both methods

together can o”er a more comprehensive understanding of the evolutionary relationships

between organisms.

4.4.3 New genus boundary threshold reveals 79 distinct Streptomyces

groups

In chapters 2 and 3, I identified significant genomic diversity among publicly available

Streptomyces genomes, despite their current classification within the same genus in

NCBI. My analysis revealed that some Streptomyces strains share only a small portion of

their genomes by alignment length, even when they share identical 16S rRNA sequences

(section 2.3.4), belong to the same MLST subgraphs (section 3.3.5), or are assigned the

same species name in NCBI (section 3.3.6). This suggests that marker-based approaches

to classification are not capturing su!cient genomic variation to accurately classify
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Streptomyces.

In this chapter, I investigated the genomic diversity among a representative set of

295 Streptomyces genomes (methodology section 4.2.6), which were carefully selected to

capture the entire diversity of Streptomyces currently available in NCBI while avoiding

potential misinterpretations that could arise from poor-quality genomes. None of the

genomes were re-annotated, as Streptomyces species have multiple start codons (Burger

et al., 1998), making it impossible to determine the correct one solely from the sequence.

The true start codon would require laboratory techniques, such as ribosome profiling,

to accurately identify the translation initiation site. To explore the genomic diversity

within this set of 295 Streptomyces genomes, I used Average Nucleotide Identity (ANI)

to investigate the genomic similarity among them. The analysis revealed that for the

majority of Streptomyces genomes (95.1%), less than 50% of their genome sequences

were shared by alignment length (result section 4.3.4; Figure 4.2). I found that genome

coverage was very low in some pairwise comparisons, such as between GCF 000367365.1

(Streptomyces prunicolor) and GCF 000380165.1 (Streptomyces vitaminophilus), with

only 4.1% coverage observed. Although GCF 000380165.1 has recently been reclassified

as Wenjunlia vitaminophila — a novel genus that was previously placed within Strepto-

myces (Madhaiyan et al., 2022)—this reclassification likely reflects the observed genomic

dissimilarities. Despite this reclassification, some genomes within the Streptomyces

classification still showed low genomic similarity, with as little as 5% shared alignment

length, yet they remain assigned to Streptomyces genus (result section 4.3.4). These

findings, along with recent proposals of six novel genera within the Streptomyces genus

(Madhaiyan et al., 2022), raise questions about the potential number of genera that
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could reasonably be assigned within this group.

The current lack of a precise definition for bacterial genera under the International

Code of Nomenclature of Prokaryotes (ICNP) (Parker et al., 2015), combined with the

absence of a robust quantitative definition (threshold levels for genus definition based on

alignment identity and coverage) (Pritchard et al., 2015), creates uncertainty in bacterial

classification. In this thesis, I do not aim to redefine the concept of genus, but rather

to propose criteria for what a genus could represent in the context of Streptomycetes.

Specifically, I propose that genera should consist of groups of organisms that are more

closely related to one another than to any organisms outside the group, reflecting a

consistent evolutionary relationship between all members of the genus. This reasoning

aligns with previously published perspectives, which argue that if two genomes share

less than 50% of their genomic material, it is likely that each genome shares more than

50% of its material with di”erent, unrelated organisms (Pritchard et al., 2015). However,

certain cases may complicate this approach. For instance, if genome A shares more

than 50% of its genomic content with both genomes B and C, but genomes B and C

share less than 50% with each other, this could lead to ambiguous interpretations of

genus boundaries. In such cases, simply categorising them under the same genus may

be problematic.

Therefore, I propose that a genus should comprise organisms that includes consistent

and quantifiable genomic relationships across all members. Specifically, I suggest that

by evaluating ANI comparisons of genome coverage and identity, all members of a genus

should share more than a predetermined percentage of their genomic content with one

another.
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In my initial analysis I explored a range of genome coverage thresholds (40% to

85%) to identify thresholds at which Streptomyces genomes form distinct and coherent

groups (k-complete graphs) that could be considered candidate genera (methodology

section 4.2.6). At the upper threshold range (83.1% to 85% coverage), the results show

a clear separation into monophyletic groups (Figure 4.3; result section 4.3.5). However,

these thresholds lead to excessive separation, with 284 to 291 clusters, with the majority

consisting of single representatives (singletons). This suggests that such high coverage

thresholds, while promoting phylogenetic monophyly, may not correspond to the current

genus concept, and almost certainly overestimate the number of genera, over-splitting

Streptomyces. At lower genome coverage thresholds (43.8% to 48.4%), fewer clusters

were observed (36 to 45 clusters), but resulted in phylogenetic inconsistency: a non-

monophyletic clade on the phylogenetic tree. Despite this, it is likely that no single

genome coverage threshold can define genus boundaries for Streptomyces. Genomic

classification likely involves a range of coverage values due to evolutionary processes

such as genome expansion and the acquisition or loss of genetic material, which are

common in bacteria, including Streptomyces (Caicedo-Montoya et al., 2021; Nikolaidis

et al., 2023). For instance, genome expansion can lower the reported shared genomic

content between species, even when their core genomes remain the same. For example,

if two Streptomyces species originally share 75% of their genes but one undergoes

genome expansion (e.g., through duplications or horizontal gene transfer), the shared

content may drop to 60%, not due to a loss of core similarity, but because of the

increased genome size. Additionally, the presence or absence of plasmids—which vary

across Streptomyces species (Caicedo-Montoya et al., 2021)—can also a”ect genome
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comparisons, as di”erences in the number of plasmids present across taxa can a”ect

the proportion of shared genomic content. Given these factors, it is likely that genus

boundaries in Streptomyces are defined by a range of genome coverage values rather

than a single threshold, reflecting the genomic complexity within the genus.

To estimate a threshold for genus boundary separation in Streptomyces for future

analyses and to statistically and mathematically validate and refine these thresholds,

I applied piecewise linear regression to pairwise comparisons of genome coverage and

genome identity (see methodology section 4.2.6). Although the six-segment model has

the lowest BIC value and provides the best statistical fit, it introduces complexity in

interpreting the breakpoints (result section 4.3.5; Table 4.2). There is no clear visual

separation between the di”erent slopes, making it di!cult to distinguish meaningful

trends (see Figure 4.4). In contrast, the four-segment model, which suggests thresholds

of 55.6% genome coverage and 88.1% genome identity, o”ers a more interpretable and

practical approach (Figure 4.5). This model appears to show less overfitting and presents

a clear separation between two distinct trends: one characterised by a high increase

in genome identity with minimal additional genome coverage, likely corresponding

to species-level comparisons, and the other by a rapid increase in genome coverage

with a low increase in genome identity, suggesting genus-level comparisons Figure 4.5.

This clearer di”erentiation makes the four-segment model a more robust and realistic

framework for defining genus boundaries in Streptomyces. Additionally, there was a

minimal change in BIC and RSS values between the four-segment and six-segment

models, further supporting the conclusion that the four-segment model with breakpoints

at 55.6% genome coverage and 88.1% genome identity is the better choice (Table 4.2).
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Furthermore, this proposed threshold of 55.6% genome coverage aligns more closely with

earlier suggestions of approximately 50% genome coverage for genus-level separation

and ensures a more robust and practical classification.

I mapped the Streptomyces subgroups identified at →55.6% genome coverage and

→88.1% genome identity onto the core-genome phylogeny (Figure 4.6). The resulting

groups varied in size, with some containing only a single representative. It is possible

that for these smaller subgroups, additional members are yet to be sequenced.

The non-monophyletic group (proposed genus 16) is situated in clade 3, where it

is interrupted by proposed genera 42, 56, 57, 45, and 58. This disruption may suggest

that these groups were once part of proposed genus 16 but have since accumulated

enough changes to become more distantly related. Similarly, proposed genus 17, located

in clade 2, is interrupted by singleton genus 66, which could indicate that they were

also once a single genus that later diverged. These disruptions in monophyly could also

be artifacts arising from incomplete genome data. Some genomes used in this study

are not complete, and the missing information may have contributed to the observed

non-monophyly. Alternative scenarios are possible, and analyses with more complete

genome sequences may help resolve these ambiguites in the future.

4.4.4 Single-Copy Orthologues in Streptomyces predominantly reside

in the core chromosomal region with extensions into the arms

In this study, I characterised the organisation of all 137 SCOGs across 60 complete

Streptomyces genomes for which the chromosomal structure was well-resolved (methodol-

ogy section 4.2.7). While the initial dataset included 295 Streptomyces genomes, only 60

met the criteria for analysis. The genomes selected for analysis had assemblies that were
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either complete or at least at the chromosomal level, ensuring the necessary continuity

to accurately map gene positions across the chromosome. Additionally, the oriC region

in these genomes was located approximately at the 50% mark of the chromosome

length. Given that previous research has shown that in Streptomyces oriC is centrally

located with bidirectional replication (Bentley et al., 2002; Bury-Moné et al., 2023),

genomes where oriC was positioned on the chromosome arms were excluded to avoid

interpretational bias.

The tripartite structure of the Streptomyces chromosome, consisting of a central core

and two arms, was identified by Bentley et al. in 2002 through the study of Streptomyces

coelicolor A3(2) (Figure 4.13). Bentley’s research identified that the core region of

the chromosome is slightly o”-center, spanning from approximately 1.5 Mb to 6.4 Mb.

The right arm was found to be somewhat shorter, at about 2.3 Mb, while the left arm

extends roughly 1.5 Mb. More recent sequencing of a greater number of assemblies of

Streptomyces allows us to update this assessment.
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S. coelicolor chromosome displays a downward rather than an
upward shift, indicating a small bias towards C on the leading
strand.
Coding density is largely uniform across the chromosome, with

only a slight decrease in the distal regions. The distribution of
different types of genes reveals, however, a central core comprising
approximately half the chromosome and a pair of chromosome
arms (Fig. 1). Nearly all genes likely to be unconditionally essen-
tial—such as those for cell division, DNA replication, transcription,
translation and amino-acid biosynthesis—are located in the core
(exceptions tend to be duplicate genes). In contrast, ‘contingency’

loci coding for probable non-essential functions, such as secondary
metabolites, hydrolytic exoenzymes, the conservons (conserved
operons) and ‘gas vesicle’ proteins (see below), lie in the arms.
Curiously, this biphasic structure of the chromosome does not align
with the position of oriC. The core appears to extend from around
1.5Mb to 6.4Mb, giving uneven arm lengths of approximately
1.5Mb (left arm) and 2.3Mb (right arm). The difference in arm
lengths may reflect some gross rearrangement or different rates of
DNA accumulation in each arm. The fact that oriC is roughly central
suggests some selective pressure for such positioning.

Streptomyces coelicolor andM. tuberculosis are both actinomycetes

Figure 1 Circular representation of the Streptomyces coelicolor chromosome. The outer
scale is numbered anticlockwise (to correspond with the previously published map8) in

megabases and indicates the core (dark blue) and arm (light blue) regions of the

chromosome. Circles 1 and 2 (from the outside in), all genes (reverse and forward strand,

respectively) colour-coded by function (black, energy metabolism; red, information

transfer and secondary metabolism; dark green, surface associated; cyan, degradation of

large molecules; magenta, degradation of small molecules; yellow, central or intermediary

metabolism; pale blue, regulators; orange, conserved hypothetical; brown, pseudogenes;

pale green, unknown; grey, miscellaneous); circle 3, selected ‘essential’ genes (for cell

division, DNA replication, transcription, translation and amino-acid biosynthesis, colour

coding as for circles 1 and 2); circle 4, selected ‘contingency’ genes (red, secondary

metabolism; pale blue, exoenzymes; dark blue, conservon; green, gas vesicle proteins);

circle 5, mobile elements (brown, transposases; orange, putative laterally acquired

genes); circle 6, G þ C content; circle 7, GC bias ((G 2 C/G þ C), khaki indicates values

.1, purple,1). The origin of replication (Ori) and terminal protein (blue circles) are also

indicated.
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Figure 4.13: Tripartite structure of the Streptomyces coelicolor A3(2) chromosome. The
outermost ring shows the length of the chromosome in megabases, with labeled regions:
the core (dark blue) and the arms (light blue). Moving inward: Rings 2 and 3: Represent
genes identified on the reverse and forward strands, respectively. Genes are color-coded
based on their functions: black: energy metabolism; red: information transfer and
secondary metabolism; dark green: surface-associated functions; cyan: degradation of
large molecules; magenta: degradation of small molecules; yellow: central/intermediary
metabolism; pale blue: regulators; orange: conserved hypothetical proteins; brown:
pseudogenes; palegreen: unknown functions; grey: miscellaneous functions. Ring 4:
shows selected essential genes involved in processes like cell division, DNA replication,
transcription, translation, and amino acid biosynthesis, using the same color scheme as
Rings 2 and 3. Ring 5: shows selected contingency genes: red: secondary metabolism;
pale blue: xoenzymes; dark blue: conservon; green: gas vesicle proteins. Ring 6:
shows mobile genetic element such as transposases in brown and putative laterally
acquired genes in organe with >1 shown in khaki and <1 shown in purple. The diagram
also marks the origin of replication (Ori) and terminal protein. Figure adapted from
Bury-Moné et al., 2023.
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Given that this tripartite structure and their boundaries were established when only

a limited number of Streptomyces genomes were available and was primarily based on

the structure of Streptomyces coelicolor, it remains possible that the core regions of

other Streptomyces genomes might be more variably positioned, potentially shifting

to and from either end of the chromosome. Therefore, I considered the core part of

the chromosome to be located between the 25% and 75% points of the chromsosome

length, and regions outside this threshold to be the terminal arms (result section 4.3.6).

Although, these boundaries are approximations, they closely correspond to previously

proposed cut o” of the tripartite structure proposed by Bentley and aimed to capture a

more general organisation of Streptomyces chromosome while accounting for potential

variations.

As previously reported, Streptomyces genomes exhibit genetic compartmentalisation,

with core genes clustered in the central region and less conserved genes, including those

related to antibiotic production and niche adaptation, located in the terminal regions

(arms) (Bury-Moné et al., 2023; Lioy et al., 2021). Observations of large deletions

near the chromosome arms, accounting for roughly 33% of the genome size, under

stressful conditions such as UV light and heat, as well as spontaneous deletions, suggest

that these regions are particularly prone to recombination in Streptomyces genomes

(Widenbrant et al., 2007). Further analysis of genome shu#ing, focusing on the type

and position of genes, revealed that core genes are typically situated in the stable central

backbone of the chromosome suggesting a protective e”ect of the core backbone against

genetic instability (Lorenzi et al., 2021).
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In this study, I demonstrated that, in my set of Streptomyces, more than half (55.5%)

of SCOGs (shared across all Streptomyces genomes) are located in the central part of

the chromosome, consistent with previous observations (results section 4.3.6 and Figure

4.8 green). Additionally, I identified 36 SCOGs (27%) that →50% of investigated SCOGs

were situated within this core region, with only occasional instances where they slightly

extend beyond the defined boundaries (Figure 4.8 purple). However, given that the

boundaries adopted in this study are approximations, and recognising that slight shifts

in the core region have been observed in di”erent Streptomyces genomes, it is likely that

these genes should be considered to reside within the core region of the chromosome.

SCOGs identified as core-exclusive and predominantly core-located are likely strate-

gically positioned within the stable central region of the chromosome to ensure their

preservation and functionality across various Streptomyces taxa. The location of core

genes in this area likely reflects evolutionary pressure to protect essential genetic el-

ements from the higher rates of recombination and instability typically observed in

chromosome arms (Lorenzi et al., 2021). This positioning may be crucial for maintain-

ing the integrity of fundamental cellular processes and physically-interacting protein

complexes. This strategic placement is particularly important given that many of these

SCOGs include structural ribosomal proteins, DNA replication and repair components,

and transcriptional regulators (results section 4.3.6), all of which are likely essential for

the survival.

Additionally, I found that proteins involved in the synethsis of structural ribosomal

components (50S and 30S) were largely co-located and are found in the core region of

the chromosome. This suggests that their co-location is likely an evolutionary strategy
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to minimize the risk of disruption, even if recombination events occur within this

region. It may also help ensure that all essential genes required for ribosome assembly

are transferred together as a functional unit. By clustering these essential ribosomal

proteins together in the core, Streptomyces ensures the integrity and reliability of

ribosome assembly, which is critical for e!cient protein synthesis and, ultimately, the

bacterium’s survival and adaptability in various environments.

Nevertheless, I found that 25 SCOGs (17.5%) were mainly located on one or other

arm of the chromosome (red). Since the terminal arms of Streptomyces chromosomes

are known to be unstable (Lorenzi et al., 2021), this suggests that these genes may be

prone to recombination. The presence of SCOGs in the chromosome arms could be

a strategic adaptation, allowing these genes to benefit from the adaptive advantages

of rapid evolution. This positioning might enhance the emergence of novel traits and

Streptomyces ability to adapt to dynamic environments and/or competition.

Noting that Streptomyces originated around 380 million years ago (McDonald &

Currie, 2017b), it is possible that these SCOGs were acquired relatively recently. Their

presence across all Streptomyces species might indicate that they confer certain benefits,

even if they have not yet been incorporated into the core region of the chromosome.

Alternatively, these genes might have been beneficial in the past but are now being

gradually displaced from the core region by genes that o”er more substantial advantages.

This shift could reflect changing evolutionary pressures faced by Streptomyces. Yet

another possible explanation is that the placement of some SCOGs at the arms of the

chromosome serves as a protective mechanism against challenges to the population.

While SCOGs are generally expected to reside in the core genome due to their essential
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functions, which benefit from the stability of that region (Bentley et al., 2002), this

conventional view may overlook the potential strategic value of positioning certain genes

at the arms of the chromosome. The arms of the chromosome, though more prone

to recombination, might o”er a dynamic environment where these SCOGs can evolve

more rapidly in response to external pressures (Bury-Moné et al., 2023), acting as a

reservoir for adaptive potential. This scenario is supporeted by the observation that

none of these SCOGs appear to be randomly distributed. Distinct patterns emerge

in their distibution on the chromosome: SCOGs are either consistently found in the

core, while others are always positioned at the arms. This spatial separation could be

evolutionarily advantageous. By localising certain SCOGs in the arms, a ”pool” of

highly recombining genes may be maintained, fostering increased genetic diversity across

the population. Such diversity could prove crucial for the species’ long-term survival,

allowing the population to rapidly adapt to fluctuating environmental conditions.

4.4.5 Phylogenetic distribution of Single-Copy Orthologue nucletide

variants reveals non-monophyletic patterns in Streptomyces

Initially, bacteria were believed to reproduce exclusively through clonal cell division,

with minimal or no genetic exchange (Smith et al., 1993). It is now widely recognised

that HGT shapes the evolution of bacterial linages (Arnold et al., 2022). Unlike vertical

inheritance, which passes genes from parent to o”spring, HGT enables the acquisition of

new genes from unrelated organisms which drive genetic diversity, rapid evolution and

adaptations in bacterial populations. It is well reported that genes that provide bacteria

with advantageous traits such as antibiotic resistance, virulence factors and BGCs can

often spread though populations via HGT (Barlow, 2009). There are three mechanism
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of HGT in bacteria: conjugation (transfer of DNA through direct cell-to-cell contact,

often via plasmids), transformation (uptake of free DNA from the environment), and

transduction (transfer of DNA by bacteriophages) (Thomas & Nielsen, 2005).

The exchange of genetic material via HGT has also been observed in Streptomyces,

predominantly through conjugation, although smaller-scale occurrences of other mecha-

nisms (transformation and transduction) have been noted as well (Morino & Takahashi,

1997; Roelants et al., 1976; Stuttard, 1979). Furthermore, the presence of genes involved

in DNA recombination and transposase activity within the core genome of Streptomyces

suggests that HGT may play a role in shaping the core genome (Zhou et al., 2012).

Incidences of HGT within the central chromosomal regions of Streptomyces have also

been reported (Choufa et al., 2022).

During my investigation of SCOGs’ locations on the chromosome, I discovered that

some SCOGs were positioned outside the core chromosomal region, suggesting potential

genomic instability (discussion section 4.4.4). This observation, along with reports of

HGT in Streptomyces, raised the question of whether any nucleotide variants in SCOGs

were acquired through mechanisms other than vertical inheritance (Choufa et al., 2022).

To explore this, I examined the distribution of each SCOG nucleotide sequence variant

across the phylogenetic tree (methodology section 4.2.8), observing several distinct

patterns in their distribution.

I found that the majority of SCOGs (62%) were represented by a unique nucleotide

variant in each representative Streptomyces genome (result section 4.3.7). This suggests

that no two genomes share the exact same nucleotide sequence for within these SCOGs,

indicating that while the gene is conserved in terms of its presence and likely its function,
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its DNA sequence varies between genomes. The unique variants may reflect speciation

events, where orthologues evolved slightly di”erently in each lineage over time.

I also identified a set of 52 SCOGs’ where at least one nucleotide sequence variant

appeared more than once, suggesting that some Streptomyces share the same nucleotide

sequence (Table 4.3). I observed several distinct patterns in the distribution of these

’repeated’ nucleotide sequence variants across the phylogenetic tree. Such as, I observed

that 13 (25%) out of these 52 SCOGs exclusively consisted of repeated nucleotide

variants, which were shared among closely related Streptomyces species (with →45.8%

genome coverage and →88.1% genome identity) and exhibited a monophyletic pattern

on the phylogenetic tree (Figure 4.10). Additionally, there were 38 additional SCOGs

where at least one repeated nucleotide variant was found to be monophyletic, though

not all variants showed this pattern.

But I also identified 38 (52%) SCOGs where at least one repeated nucleotide sequence

variant was shared among closely related Streptomyces subgroups (with →45.8% genome

coverage and →88.1% genome identity), where these were not organised in a monophyletic

pattern. Additionally, I found 16 (30.8%) cases where repeated nucleotide sequences

in SCOGs were shared across distantly related Streptomyces subgroups (with >45.8%

genome coverage and >88.1% genome identity), appearing in a non-monophyletic

arrangement (Figure 4.12 and Table 4.5). This could be the result of certain lineages

acquiring mutations that provided some selective advantage, leading to variations in

the nucleotide sequences. For instance, if a group of Streptomyces initially shared the

same nucleotide sequence for a SCOG gene from a common ancestor, some lineage

might have diverged due to selective pressures or adaptations, resulting in di”erent
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nucleotide sequences. Meanwhile, other lineages may have retained the original form

of the nucleotide sequence. Additionally, it is possible that two Streptomyces genomes

independently acquired the same mutation at di”erent points in their evolutionary

history due to similar selective pressures. Such convergent mutations could cause these

genomes to exhibit slightly di”erent sequences compared to others, despite originating

from distinct evolutionary events. It is also possible that strong selective pressures

may have driven the exchange of genes crucial for the organism’s survival, potentially

spreading these genes across populations through HGT. Previous studies have shown

that antibiotic-induced selective pressure can promote specific genetic variations in

certain groups. For instance, mutations in the 50S ribosomal gene rplB, which are

associated with resistance to the azithromycin protein synthesis inhibitor, have been

found to be susceptible to HGT (Manoharan-Basil et al., 2021). Given that a wide

range of antibiotics target ribosomal subunits, particularly the 50S and 30S subunits

(Champney, 2020), and considering that the majority of these SCOGs with scattered

patterns on the phylogenetic tree encode structural ribosomal proteins (50S and 30S),

it is plausible that HGT might influence genes involved in the function and assembly

of these subunits. Thus, HGT could extend to what I currently consider core genes of

Streptomyces.



Chapter5

Conclusions and Recommendations

5.1 Conclusions

Members of the genus Streptomyces are known for their ability to synthesise a diverse

range of bioactive compounds and enzymes with applications in pharmacy, biotechnology

and agriculture (Procópio et al., 2012) (chapter 1 section 1.6). Enumeration of bioactive

compounds encoded in the genomes of and produced by Streptomyces suggest they still

have great potential as reservoirs of new natural products that could be explored to help

mitigate the e”ects of antimicrobial resistance. Comparative genomics has contributed

to the identification of biosynthetic gene clusters with potential pharmaceutical or

biotechnological applications from closely related genomics sequences (chapter 1 section

1.2.3 and section 1.2.4). However, the lack of a robust taxonomic classification of

the genus Streptomyces (Mispelaere et al., 2024), complicates the application of these

methods (chapter 1 section 1.7). Resolving their taxonomy would benefit comparative

genomics-based searches for novel bioactive compounds with potential pharmaceutical

applications.

Despite several approaches having been proposed for taxonomic classification, and

a codified set of rules for how to compose names for bacteria, there is currently no

363
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universally accepted method. This is largely due to freedom of taxonomic opinion and

the dynamic nature of taxonomy, which continually evolves in response to the growing

volume of biological and sequence data, advances in technology, and our improved

understanding of biology (chapter 1 section 1.3). Commonly used sequence-based

methods for taxonmic classification include single-gene, multi-gene, and whole-genome

phylogenies, as well as techniques like MLST and ANI. However, these approaches

frequently yield conflicting results, reflecting the varying levels of genomic data used to

delineate species.

The work presented in this thesis o”ers a thorough investigation of taxonomic

relationships among all publicly available Streptomyces genomic sequences. I used

several classification approaches, to establish more accurate taxonomic classifications to

provide improved input sets for pangenomic analyses, and improve our understanding

of evolutionary relationships within this taxonomically complex genus.

The 16S rRNA gene is a widely-used phylogenetic marker for studying microbial

diversity due to its universal presence in bacteria and its relatively high rate of sequence

variation (Clarridge, 2004; Woese & Fox, 1977). Traditionally, 16S rRNA sequences

were grouped into operational taxonomic units (OTUs) at a 97% similarity threshold,

later revised to 98.7%, but it is now more common to use zero-radius OTUs (zOTUs),

where each unique sequence is treated as a distinct taxonomic unit (Edgar, 2018c).

Historically, Streptomyces species have been classified based on 16S rRNA di”erences,

with one of the most comprehensive 16S phylogenies published in 2012 (Labeda et al.,

2012). With the availability of new Streptomyces genomic and 16S data, in chapter

2 I updated the Streptomyces phylogenetic tree using all current genomic data, and



5.1. Conclusions 365

assessed the congruence between 16S rRNA-based and whole-genome classifications.

I downloaded 16S rRNA sequences from Greengenes, RDP, SILVA, and NCBI,

starting with an initial dataset of 48,981 full-length Streptomyces sequences, which I

refined to 14,239 high-quality, non-redundant sequences after excluding poor quality

sequences. I constructed the most comprehensive 16S rRNA sequence-based phylogenetic

tree of Streptomyces to date, using the Maximum Likelihood method (section 2.3.3).

Despite a relatively low level of bootstrap confidence, I found a clear partitioning of

Streptomyces into three major clades. I investigated the distribution of pharmaceutically

and agriculturally important Streptomyces species, where I found that some taxonomic

assignments placed the same species name at multiple points in the topology, inconsistent

with a common lineage, and occasionally placed the same names in more than one

major clade. By clustering zOTUs, I observed that unique 16S sequences are often

associated with more than one current database taxonomic assignment, and that unique

16S sequences can often be associated with more than one Streptomyces species, or even

candidate genus, when whole-genome approaches are used for classification (section

2.3.2 and section 2.3.4). By surveying complete Streptomyces genomes, I identified

the distribution of 16S rRNA sequences in sequenced isolates, finding numerous cases

where a single genome contains several distinct 16S sequences (section 2.3.4). The

results presented in chapter 2 demonstrate that there is a one-to-many relationship

between 16S rRNA sequence and Streptomyces species, and a one-to-many relationship

between Streptomyces species and 16S rRNA sequence. Without specific corrections,

16S metabarcoding will overestimate both the number of Streptomyces species and their

relative abundances.
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Given that 16S rRNA phylogeny and clustering are not reliable proxies for genome-

based taxonomy in Streptomyces, this raises the question of whether approaches that

rely on more sequence data from each genome could o”er a more accurate classification.

In chapter 3, I chose to use MLST, which uses more sequence-data for taxon delineation

and is still actively used for exploring evolutionary relationships between taxa (Maiden

et al., 1998b; Wu et al., 2023a). The pre-existing canonical Streptomyces MLST scheme

provided by pubMLST comprised six markers and 237 STs, with only three new STs

reported since 2016, despite a significant increase in available whole-genome sequences.

I surveyed all 2,276 publicly available Streptomyces assemblies as a means of iden-

tifying existing and novel STs. I identified 568 novel STs (section 3.4.1), which have

now been incorporated into the public pubMLST resource. However, I observed that

the existing set of markers does not allow for typing of all Streptomyces isolates. This

limitation stems from the strict requirement for single-copy marker sequences, even

though Streptomyces often carries multiple non-identical copies of the 16S gene, or

from instances where some genomes are missing at least one allele. I found that almost

two-thirds of pubMLST STs currently lack a corresponding genome in NCBI. By ap-

plying the Streptomyces scheme to sister genera, I found that non-Genbank STs could

be associated with taxa outside the Streptomyces genus (section 3.4.2). Additionally, I

identified cases where the current set of all markers might be present in genera other

than Streptomyces, potentially leading to misclassification at the genus level if not

supplemented by additional phenotypic or genomic verification.

Graph-based analysis of the updated scheme subdivides Streptomyces into 278

distinct groups, and I found that sequencing more Streptomyces genomes is unlikely
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to unify unconnected components (section 3.3.3). This implies that there is natural

structure within Streptomyces reflected in ST profiles. I used ANI to determine species-

and genus-level boundaries within and between MLST groups. Although a single ST can

represent single species (with →50% coverage and →95% genome identity), I found that

a single connected group of STs can unite multiple candidate taxa at di”erent levels

(→50% genome coverage for genus and →95% genome identity for species), and that

members of the same taxon may be scattered across unconnected ST groups. Through

further surveying of Streptomyces genomes, I also identified taxonomic misassignment

within the genus, where individual species (with →50% genome coverage and →95%

genome identity) are assigned conflicting names, or distinct candidate species or genra

are assigned the same name in NCBI.

The findings presented in chapter 3 underscore that extensive reclassification of the

Streptomyces genus is needed. Additionally, current MLST subgraphs do not align with

whole-genome based taxonomy and, as a result, are unlikely to improve the e!ciency

and accuracy of pangenomic analyses. Therefore in chapter 4, I explored alternative

taxonomic classifications based on whole-genome sequence data.

In chapter 4, to address potential issues related to poor-quality assemblies, I built

upon the analyses from chapter 3 by selecting a single high-quality representative per

species from each MLST-connected component, that I took forward for a more complete

phylogenetic analysis (section 4.3.1). These representatives were chosen based on the

lowest genome contamination and the highest genome completeness. Using 137 single-

copy orthologues obtained through whole-genome comparisons across this high-quality

295 representative assemblies I was able to infer a highly resolved Maximum Likelihood
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phylogeny and a robust topology, that recapitulates the three group structure (section

4.3.3). I also observed that the core-genome tree suggests the same misclassifications

identified in chapter 2. Specifically, assemblies confirmed by ANI as representing distinct

species do not cluster within the same clades, while species with conflicting names are

found within the same clades (section 4.4.2). However, I did find evidence of horizontal

gene transfer a”ecting even highly conserved core genes (section 4.4.5). This requires

further investigation to determine whether some core genes have been acquired by HGT

and to assess any potential impact on the core-genome phylogeny presented in this

thesis.

In chapter 4, I attempted to estimate a more quantitative candidate genus boundary

for Streptomyces, revealing 79 distinct groups, with all but one being monophyletic in

the core-genome phylogeny (section 4.4.3). The full list of members for each genus and

species is provided in Supplementary Data 12 in Kiepas et al 2023 SCOG. The work

demonstrated that some genomes have been assigned genus designations as Streptomyces

despite sharing as little as 4% of the genome content (section 4.3.4). This finding is

consistent with previous proposals advocating for the reassignment of certain Strepto-

myces genomes to novel genera, such as the reclassification of GCF 000380165.1 into

Wenjunlia. However, the 79 distinct groups identified in this study suggest that the

scope of necessary taxonomic reassessment extends far beyond the cases currently being

addressed. These findings suggest that the current designations might not be reliable

for analyses that require accurate taxonomic classification, such as pangenomic analyses

aimed at identifying novel compounds with potential commercial or pharmaceutical

applications.
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The subgroups identified in this thesis provide a more meaningful framework for

calculating pangenomes, helping the community avoid the issues that arise from assuming

that existing taxonomic assignments are correct—such as the inclusion of several distinct

genus-level groups under a single Streptomyces genus. By refining these classifications,

researchers can prevent the misallocation of resources on inappropriate groupings and

achieve more accurate genomic analyses.

The distribution of SCOGs across the phylogeny challenges the traditional view

that essential (core) genes, often used to trace evolutionary history, are stable and

representative of the entire genome’s evolution (result section 4.4.5). Instead, their

presence across distantly related groups and the occurrence of some SCOGs at the

chromosome arms suggest that recombination may play a more significant role in shaping

the genome over time.

While respecting the principle of taxonomic freedom—the right of scientists to

independently classify organisms based on their interpretations of data—the findings in

this thesis strongly suggest that the community should prioritise whole-genome-based

taxonomy over single-gene or multi-gene (MLST) approaches. Although single-gene and

MLST methods do work in some cases, their limitations—particularly their inability to

capture the full complexity of evolutionary relationships—are significant. In contrast,

whole-genome sequencing provides a more comprehensive and accurate framework for

species delineation and higher taxonomic ranks, resulting in more reliable and consistent

classifications. This recommendation is further supported by recent advancements in

sequencing technology, which have made whole-genome data far more accessible and

a”ordable, particularly in high-income countries, though costs may still be a barrier in
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low- and middle-income countries

5.2 To rename or not to rename - this is the question

In this thesis, I identified several instances of misclassification within the genus

Streptomyces and identified several genomically distinct subgroups. The key question

is whether these should be reassigned to di”erent or novel species, and even distinct

genera. While there is considerable taxonomic freedom and some may have di”ering

opinions, it is crucial to consider the practical implications of nomenclature changes.

Reclassifications should be guided by community judgment to ensure that they reflect

both scientific accuracy and practical considerations.

Reclassifying organisms based solely on genomic data has led to controversial

decisions that could have lead to adverse clinical outcomes. For example, renaming

Ochrobactrum spp. (occasional opportunistic pathogens) to Brucella spp. (highly

infectious, notifiable pathogens) has raised concerns due to the significant di”erence in

aetiology, diagnosis, treatment and prophylaxis for the two organisms (Moreno et al.,

2023). A similarly situation has also arisen in the Mycobacterium genus (Meehan et al.,

2021). These cases demonstrate that taxonomic reassignments can cause considerable

clinical confusion and negatively impact patient care, highlighting the need for a cautious

approach.

Achieving complete consensus on taxonomic classifications within Streptomyces and

other complex bacterial lineages may be unlikely due to the wide range of opinions

in the field. Advances in genome sequencing are enabling more precise taxonomic

assignments and frequent renaming of strains and taxa, which can disrupt continuity
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with historical literature and established practices. Nevertheless, these advancements

also o”er potential solutions through whole-genome strain classification methods, such

as LINgroups and genomeRxiv (Mazloom et al., 2022; Tian et al., 2020). These methods

provide a neutral, genome distance-based framework for resolving alternative taxonomic

classifications. While prokaryote classification inevitably involves some degree of value

judgment, and complete agreement may remain elusive even with perfect sequence data

and extensive phenotyping, future developments may improve our ability to bridge

di”ering taxonomic perspectives.

5.3 Future work

5.3.1 Is horizontal gene transfer occurring in the core genome of Strep-

tomyces?

Considerably more work will need to be done to determine whether HGT truly

occurs - in Streptomyces - for single copy orthologues. One approach to investigate HGT

could involve comparing the compositional structures of genomic sequences, such as GC

content. Genomes have distinct GC content patterns shaped by a mix of environmental

and genetic influences (Hildebrand et al., 2010). HGT genes can be spotted because

their unique characteristics (such as GC content) contrast with those of the host genome,

potentially signaling their foreign origin. This method was previously used to identify

genes in Escherichia coli and Salmonella that were acquired through means other

than vertical inheritance (Lawrence & Ochman, 1997). However, this method has

limitations. While this method can be useful, it primarly identifies recent HGT events.

Ancient events may not be detectable with this approach due to potential changes



5.3. Future work 372

in compositional patters over time so that they adjust to their new genome pattern

(gene amelioration) (Daubin et al., 2003; Lawrence & Ochman, 1997). Additionally,

this method may fail to detect HGT when the transferred genes share a similar GC

content with the recipient genome. For example, Lawrence and Ochman found that

425 horizontally transferred genes in E. coli could not be identified because their GC

content was not atypical.

However, greater confidence in detecting evidence of HGT could potentially be

achieved through a phylogeny-based approach, which compares the phylogeny of the

target gene with a well-resolved species tree to identify unusual gene distribution

patterns across the tree (David & Alm, 2011). For instance, Kim et al. implemented

this approach and uncovered potential HGT events in 548 gene families within the

Chlamydiae phylum. A number of bioinformatic tools based on explicit phylogenetic

approach for HGT prediction have been developed including Ranger-DTL (Bansal et al.,

2018) that could prove useful in providing evidence to support the detection of HGT

events in single-copy orthologues of Streptomyces.

5.3.2 Explore the impact of HGT of single-copy orthologues in the

context of Streptomyces

HGT can a”ect the topology of phylogenetic trees by making taxa appear more

closely related than they truly are when horizontally acquired genes are included

(Philippe & Douady, 2003). In my analysis of Streptomyces, if HGT is identified in the

single-copy orthologues (SCOGs) used for phylogenetic inference (section 4.4.2), it will

be important to assess how these genes a”ect the tree’s topology. This can be done

by excluding SCOGs with strong HGT evidence and recalculating the tree. The new
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tree can then be compared to the original using the Robinson-Foulds (RF) distance,

a metric that quantifies di”erences between trees by counting the number of di”ering

splits (bipartitions) (Robinson & Foulds, 1981).

5.3.3 Exploring the bioactive potential of Streptomyces

The exploration of the Streptomyces bioactive compound repertoire could be explored

in silico. As outlined in section 1.2.3 and section 1.2.4, both comparative genomics

and pangenomics have proven crucial for identifying novel bioactive compounds with

potential pharmaceutical and biotechnological applications, especially through the

analysis of closely related genomic sequences. Since these approaches depend on robust

taxonomic classification — which I have established as discussed in section 4.4.2 —

a logical next step is to calculate the pangenomes of key species and clades. This

could include the 79 distinct groups of Streptomyces identified in section 4.3.5, as well

as genomes found to represent the same species in section 3.3.5. Calculating these

pangenomes will enable us to assess the genomic diversity and openness of each subgroup

or species, allowing us to delve into their accessory genes. This analysis can reveal genes

with specialised functions that hold promise for clinical or agricultural applications.

Furthermore, comparing pangenomes can help uncover BGCs that are not universally

present across strains but may be involved in the production of unique or rare secondary

metabolites.

Additionally, conducting genome mining analyses using tools like antiSMASH across

all representative genomes could aid in identifying and enumerating BGCs encoded in

Streptomyces genomes. This approach has already led to the discovery of humimycins, a

novel class of antibiotics demonstrated to be e”ective against methicillin-resistant Staphy-
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lococcus aureus in murine models (Chu et al., 2016). The discovery of unique or rare

BGCs through this approach could lead to novel bioactive compounds with previously

unexplored pharmaceutical properties, opening new avenues for drug development.

Additionally, by mapping these biosynthetic gene clusters onto the Streptomyces

SCOGs phylogeny could help us to evaluate the evolutionary patterns and distribution

of these BGCs, revealing clusters that are either lineage-specific or acquired through

horizontal gene transfer. The discovery of unique or rare BGCs through this approach

could lead to novel bioactive compounds with previously unexplored pharmaceutical

properties, opening new avenues for drug development.
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Appendix 1

Figure A.1: pyANI genome coverage of genomes currently named as S. grisues in NCBI.
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Figure A.2: pyANI genome coverage of genomes currently named as S. rimosus in
NCBI.
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Based Taxonomic Classification of the Phylum Actinobacteria. Frontiers in

Microbiology, 9, 2007. https://doi.org/10.3389/fmicb.2018.02007

Ochman, H., Lerat, E., & Daubin, V. (2005). Examining bacterial species under the

specter of gene transfer and exchange. Proceedings of the National Academy of

Sciences, 102 (suppl 1), 6595–6599.

Ojha, K. K., Mishra, S., & Singh, V. K. Chapter 5 - computational molecular phylogeny:

Concepts and applications (D. B. Singh & R. K. Pathak, Eds.). In: Bioinformatics

(D. B. Singh & R. K. Pathak, Eds.). Ed. by Singh, D. B., & Pathak, R. K.

Academic Press, 2022, pp. 67–89. isbn: 978-0-323-89775-4. https://doi.org/https:

//doi.org/10.1016/B978-0-323-89775-4.00025-0.

Omura, S., TAKAHASHI, Y., IWAI, Y., & TANAKA, H. (1982). Kitasatosporia, a new

genus of the order Actinomycetales. The Journal of antibiotics, 35 (8), 1013–1019.

Ondov, B. D., Treangen, T. J., Melsted, P., Mallonee, A. B., Bergman, N. H., Koren,

S., & Phillippy, A. M. (2016). Mash: Fast genome and metagenome distance

estimation using minhash. Genome biology, 17, 1–14.

O’Neill, J. (2014). Antimicrobial resistance: Tackling a crisis for the health and wealth

of nations. Review on Antimicrobial Resistance.

Oren, A., & Garrity, G. M. (2021). Valid publication of the names of forty-two phyla of

prokaryotes. International journal of systematic and evolutionary microbiology,

71 (10). https://doi.org/10.1099/ijsem.0.005056

https://doi.org/10.3389/fmicb.2018.02007
https://doi.org/https://doi.org/10.1016/B978-0-323-89775-4.00025-0
https://doi.org/https://doi.org/10.1016/B978-0-323-89775-4.00025-0
https://doi.org/10.1099/ijsem.0.005056


Bibliography 420

Otani, H., Udwary, D. W., & Mouncey, N. J. (2022). Comparative and pangenomic

analysis of the genus Streptomyces. Scientific reports, 12 (1), 18909.

Park, J. H., Kim, T. S., Park, H., & Kang, C. K. (2024). Delay in the diagnosis of

Brucella abortus bacteremia in a nonendemic country: A case report. BMC

Infectious Diseases, 24 (1), 489.

Parker, C. T., Tindall, B. J., & Garrity, G. M. (2015). International Code of Nomen-

clature of Prokaryotes. International Journal of Systematic and Evolutionary

Microbiology, 69 (1A), S1–S111. https://doi.org/10.1099/ijsem.0.000778

Parks, D. H., Imelfort, M., Skennerton, C. T., Hugenholtz, P., & Tyson, G. W. (2015).

CheckM: assessing the quality of microbial genomes recovered from isolates,

single cells, and metagenomes. Genome Research, 25 (7). https://doi.org/10.

1101/gr.186072.114

Parte, A. C. (2018). LPSN – List of Prokaryotic names with Standing in Nomenclature

(bacterio.net), 20 years on. International Journal of Systematic and Evolutionary

Microbiology, 68 (6). https://doi.org/10.1099/ijsem.0.002786

Pavlopoulos, G. A., Secrier, M., Moschopoulos, C. N., Soldatos, T. G., Kossida, S., Aerts,

J., Schneider, R., & Bagos, P. G. (2011). Using graph theory to analyze biological

networks. BioData Mining, 4 (1), 10. https://doi.org/10.1186/1756-0381-4-10

Pavlopoulou, A. (2018). RecA a universal drug target in pathogenic bacteria. Frontiers

in Bioscience, 23 (1), 36–42. https://doi.org/10.2741/4580

Petkovic, H., Cullum, J., Hranueli, D., Hunter, I. S., Perić-Concha, N., Pigac, J.,
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