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Abstract

Specialised metabolites are chemical compounds that have a big impact on human
life, being involved in our pharmaceuticals, our food and even in industrial production
processes. Due to their relevance, the discovery of new molecules with desired
bioactivities is imperative. From a bioinformatic point of view, these efforts are
supported through genome mining tools, which can detect the genes relevant for the
biosynthesis of specialised metabolites in the producers’ genomes. These genes are
often found in close proximity to one another, forming biosynthetic gene clusters
(BGCs), especially in bacterial organisms. The advancements of sequencing
methods has led to a rapid increase in available bacterial genomes, which can be
explored for their biosynthetic capacity. Though a large number of bacterial BGCs,
and the compounds whose biosynthesis they encode, have already been detected,
much is still unclear about them. Their evolutionary history can be especially
complex, with horizontal gene transfer (HGT) events more common in BGCs
compared to the rest of the genome. However, evolutionary studies of biosynthetic
genes have led to the development of certain genome mining as well as
bioengineering methods and are necessary for the advancement of the field.

In the present dissertation, | am describing the efforts to promote the discovery
of specialised metabolites by increasing our understanding of their distribution and
evolution. Exploiting the available volume of sequencing information, a global
analysis of bacterial BGCs revealed that there is great difference among the
biosynthetic capacity of different taxa. Next, as | attempted to understand the
observed distribution, the focus shifted on one specific system, glycopeptide
antibiotics (GPAs), whose biosynthetic pathway is explained in detail. Subsequently,
the phylogenetic reconstruction of the related BGCs’ evolutionary history was
possible and it revealed an important inaccuracy in the current classification system.
Finally, an attempt to identify any significant associations between the presence of
these and other kinds of BGCs was made. Even in a preliminary stage, the latter
analysis revealed a promising lead that may constitute an adaptation mechanism to
HGT of BGCs, though this hypothesis requires further investigation. Apart from the
insights already gained, the methodologies and datasets presented here are

expected to be the focus of various future studies.



Kurzfassung

Spezialisierte Metaboliten sind chemische Verbindungen, die einen grof3en Einfluss
auf das menschliche Leben haben, da sie in unseren Arzneimitteln, unseren
Lebensmitteln und sogar in industriellen Produktionsprozessen enthalten sind.
Aufgrund ihrer Bedeutung ist die Entdeckung neuer Molekile mit gewunschten
Bioaktivitaten zwingend erforderlich. Aus bioinformatischer Sicht werden diese
Bemuihungen durch Genome Mining Programme unterstitzt, die die fur die
Biosynthese spezieller Metaboliten relevanten Gene im Genom der Produzenten
aufspuren konnen. Diese Gene befinden sich oft in unmittelbarer Nahe zueinander
und bilden Biosynthese Gencluster (BGCs), insbesondere in bakteriellen
Organismen. Die Fortschritte bei den Sequenzierungsmethoden haben zu einer
raschen Zunahme der verfligbaren Bakteriengenome gefuhrt, die auf ihre
biosynthetischen Fahigkeiten hin untersucht werden kénnen. Obwohl bereits eine
grol3e Anzahl von bakteriellen BGCs und die Verbindungen, fur deren Biosynthese
sie kodieren, entdeckt wurden, ist noch vieles unklar Uber sie. lhre
Evolutionsgeschichte kann besonders komplex sein, wobei horizontale Gentransfers
bei BGCs haufiger vorkommen als im Ubrigen Genom. Dennoch haben evolutionare
Studien zu biosynthetischen Genen zur Entwicklung bestimmter Genome Mining-
und Bioengineering-Methoden gefuhrt und sind fur die Weiterentwicklung des
Fachgebiets notwendig.

In der vorliegenden Dissertation beschreibe ich unsere Bemuhungen, die
Entdeckung spezialisierter Metaboliten zu férdern, indem wir unser Verstandnis fur
ihre Verbreitung und Evolution verbessern. Eine globale Analyse der bakteriellen
BGCs unter Ausnutzung der verfligbaren Sequenzierungsdaten ergab, dass es
grol’e Unterschiede zwischen den Biosynthesekapazitaten der verschiedenen Taxa
gibt. Bei dem Versuch, die beobachtete Verteilung zu verstehen, konzentrierte ich
mich dann auf ein spezifisches System, die Glykopeptid-Antibiotika (GPAs), deren
Biosyntheseweg im Detail erlautert wird. AnschlieRend war eine phylogenetische
Rekonstruktion der Entwicklungsgeschichte der verwandten BGCs mdglich, die eine
wichtige Ungenauigkeit im derzeitigen Klassifizierungssystem aufdeckte. Schliel3lich
wurde versucht, signifikante Assoziationen zwischen dem Vorhandensein dieser und

anderer Arten von BGCs zu identifizieren. Selbst in einem vorlaufigen Stadium ergab



die letztgenannte Analyse eine vielversprechende Spur, die einen
Anpassungsmechanismus an den horizontalen Gentransfer von BGCs darstellen
konnte, auch wenn diese Hypothese weitere Untersuchungen erfordert. Abgesehen
von den bereits gewonnenen Erkenntnissen durften die hier vorgestellten Methoden

und Datensatze im Mittelpunkt verschiedener kunftiger Studien stehen.
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Abbreviations

Note: the abbreviations listed in this chapter were used in the Introduction, the
Research objectives and the Discussion and conclusion chapters of this dissertation.
For each of the main chapters (1-5), any abbreviations used are explained within the

chapter.

BGC - Biosynthetic gene cluster

e.g. - exempli gratia (for the sake of example)

GCF - Gene Cluster Family

GPA - Glycopeptide Antibiotic

GPA BGC - BGC encoding the biosynthesis of a GPA
GRP - Glycopeptide Related Peptide

GRP BGC - BGC encoding the biosynthesis of a GRP
HGT - Horizontal Gene Transfer

i.e. - id est (that is)

MAG - Metagenome-Assembled Genome

NP - Natural Product

NRPS - Non-ribosomal Peptide Synthetase

OG - Orthologous Group

PKS - Polyketide Synthase

WHO - World Health Organisation



Introduction

Specialised metabolites and their significance

Every living organism employs certain primary functions to ensure their continuous
survival. This includes processes such as nutrient acquisition, growth, and
reproduction, all mediated by metabolic pathways and hardcoded into their
genomes'. No matter how different two organisms may be, these operations are
always present. However, there are other functions which do not play a direct role in
survival, yet offer various evolutionary advantages to the hosts. These fall into what
is called “specialised metabolism” and the specific roles of these natural products
(NPs) that derive from it vary greatly, even among closely related organisms. Some
plants produce substances to deter herbivores or attract carnivores for direct and
indirect defence, accordingly?. There are symbiotic fungi that generate compounds
that offer their insect hosts protection against predators, in exchange for improved
chances of propagation®. Some bacteria excrete molecules to “capture” and bind the
free iron in the environment and others to support their communities for the creation
of biofilm structures*.

Humans have been aware of the existence of specialised metabolites for quite
some time, though under different names. They are involved in the making of beer,
yoghurt, coffee, and tea®, among others. Parts or extracts of plants and fungi have
been used in folk medicine for aeons now, before modern researchers started to
examine them methodologically and to discover the bioactive compounds that are
responsible for the observed desired traits®’. Today, we make use of specialised
metabolites not only in the pharmaceutical industry, for example as drugs that can be
used for cancer treatments or against infections from pathogens®’, but also in a
range of other applications. Some compounds have insecticide activity and are
valuable in agricultural settings®, or are relevant for the food industry because of their
traits that can affect the texture, taste or even shelf life of edible products®. Others
have an ecological impact as they are being explored for possible bioremediation
approaches’™. These are only some examples that highlight their importance in our
daily lives and underline the need to learn more about them and to discover more

molecules with such applications. Thankfully, there are constant improvements in



technologies and methods that can be applied to the search of new bioactive
compounds.

With that in mind, the overarching objective of the present thesis is to increase
our knowledge and understanding of the distribution and evolutionary history of the
genetic traits that are connected to the biosynthesis of these NPs, achieved through

application of bioinformatic methods.

Discovery through genome mining methods

The rapid growth of the ease and accuracy of DNA sequencing influenced the
methodologies applied to the study of secondary metabolism and the derived
bioactive compounds. Analysis of the genomes of known producers from multiple
domains of life (e.g., bacteria, fungi and plants) revealed that the genes that encode
the enzymatic machinery involved in secondary metabolism tend to appear in close

proximity to one another, forming so-called biosynthetic gene clusters (BGCs)*™.

The connection of the observed biochemistry to the genetics behind it allowed
various studies that steadily increased the knowledge about the biosynthetic
pathways and their individual components, especially in regards to the phenotype.
This opened the way to genetic manipulation, heterologous expression and the
generation of semi-synthetic compounds’. Furthermore, thanks to the knowledge
about the genetic elements behind specialised metabolism, genome mining
approaches can be applied to detect BGCs in the genomes of potential producers,

speeding up the discovery process’'.

Several approaches have been employed so far for the creation of genome
mining tools. Several of them are described in chapter 1, along with the importance
of their scalability. For instance, some genome mining tools are established upon
knowledge-based rules, such as antiSMASH™'* (Figure 1), which is basing its
detection algorithm on the genomic characteristics of known BGCs and is
periodically being updated to incorporate the newest findings. Other approaches
include machine learning methods™, such as DeepBGC'®, that are trained on known
datasets, but aspire to detect completely new BGCs, independently of established
insights on the underlying pathways. However, apart from the discovery of the BGCs,
it is vital to apply methods for their dereplication, as BGCs of various degrees of

similarity may encode the biosynthesis of very similar or identical metabolites. To this



end, algorithms that can cluster BGCs based on similarity and can quantify their
diversity have been established. One such example is the BiG-SLICE" tool, which is
also efficient enough to be applicable on big data. The development of such
programs and the ability to apply them on a grand scale gave us the opportunity to
survey the biosynthetic diversity and potential of the bacterial domain and identify

promising taxa for bioprospecting, as is demonstrated in chapter 2.

NC_003888.3 (Streptomyces coelicolor A3(2)) Genome decorated with detected BGCs
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Figure 1: Example output of the antiSMASH'" tool. Top: The example target genome (locus id and
strain are as labelled) is represented by a line, decorated by numbered rectangles, which represent
BGC locations. Bottom: example of a type lll polyketide synthase (PKS) BGC. The coloured arrows
represent genes in the BGC and their direction shows their encoding on the leading (direction to the
right) or complementary strand (direction to the left). A scale under the arrows shows their location in
the locus. The genes are coloured according to their general role and additional symbols indicate

interesting regions (legend at the bottom). Image adapted from the antiSMASH example output.

Glycopeptide antibiotics - a fitting model system to study

specialised metabolism

Glycopeptide antibiotics (GPAs) have been the focus of a large part of this
dissertation for two reasons. The first is their medical importance - they are used as
last resort antibiotics against Gram-positive bacterial pathogens'®. They are not the
only product of specialised metabolism that has been applied against bacterial
pathogens. The most well-known example is perhaps the finding of penicillin from a
fungus, which gave rise to the golden age of antibiotic discovery, revolutionising the
field of medicine. In the decades after this discovery, a myriad of bioactive
compounds that act as antibiotics were found, not only in fungal producers but also

in bacteria, especially in actinomycetes 2.



Unfortunately, the rate of discovery of new antibiotics has sunk in the last few
decades. The easiest to find producer candidates have been exhausted and it is no
longer trivial to detect new ones. Discovery efforts from natural producers are
associated with unattractive economic aspects which hinder the issue even more.
The costs on the one side, and high chance or rediscovery of known compounds on
the other side, have expedited a general loss of interest in pursuing such an
endeavour®?'. However, the need for drugs with new modes of action against
pathogenic microorganisms is higher than ever, due to the emergence of multidrug
resistant pathogens??. In order to ameliorate future discovery efforts, our knowledge
of the processes taking place in the bacterial producer cells of antibiotics needs to be
expanded. Understanding in detail how the biosynthesis works and how the rest of
the cellular mechanisms are affected by it, can open the way for new approaches,
new targets to look for in candidate producers, be they specific enzymes or specific
metabolic pathways that give away their potential for specialised metabolism. The
GPAs are a good model system for such efforts, because their biosynthetic pathway,
though highly complex, has been studied for decades®. A culmination of this
knowledge has been summarised in chapter 3, which makes use of animated
graphics as an effort to improve effective communication of the biosynthetic pathway

of vancomycin, a type | GPA (Figure 2).
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Figure 2: Structure of the GPA vancomycin. Vancomycin is a heptapeptide, whose backbone amino
acids are crosslinked, chlorinated, glycosylated and methylated in various positions (all components

coloured differently). Image adapted from the animation in chapter 3 (Supplementary Data 1).

The second reason for focusing on GPAs is their interesting evolutionary

history. The BGCs encoding them have been found in multiple genera, especially in



Streptomyces and Amycolatopsis, and it has been proven that genes involved have
been horizontally transmitted®. Studying the evolution of sequences related to
specialised metabolism or of their producer organisms is vital for the development of
new genome mining methods. As is explained in chapter 1, some genome mining
tools are based on evolutionary theorems (e.g., ARTS#%?¢), which are concluded
through phylogenetic studies. Inference of evolutionary history is heavily based on
the construction of phylogenetic trees?. In the case of BGCs, phylogenetics has
proven useful to determine possible connections of genes to the primary metabolism,
for example duplication events and further diversification of the duplicate genes.
Based on this, the detection of paralogues is employed in the ARTS genome mining
tool to suggest putative BGCs?.

Moreover, it has been established that both neutral and positive evolutionary
pressure is applied on BGCs, making their history complex. Especially so, since after
the incorporation of a gene into a working BGC, it becomes part of a larger
biosynthetic unit and its evolutionary trajectory becomes intertwined with that of the
entire cluster. At the same time, there are known cases where the evolutionary
pressure does not act on a gene but on a functional domain within a gene. All this
complexity leads to multiple signals being encoded in the sequences of the genes
involved. The different evolutionary pressures applied on BGCs, as well as the
opportunities for genome mining that this knowledge provides, are presented in the
review of chapter 1. Aiming to increase such knowledge for the biosynthetic pathway
of GPAs, an extensive evolutionary study of BGCs encoding for GPAs (from here on
referred to as ‘GPA BGCs’) was conducted, demonstrated in chapter 4. These
findings, which combined phylogenetic patterns and structural characteristics, led to
a reassessment of their current classification system.

The complexity of GPA biosynthesis (explained in chapter 3) and the different
types of enzymes necessary for it are translated to a complexity in their evolutionary
history®*. Knowing the main functions of most genes involved, it is possible to study
the origins of these BGCs as a whole. This, coupled with the fact that there are
strains very closely related to the known GPA producers which do not encode such
BGCs in their genome, makes them an ideal system with which to study horizontal
gene transfer (HGT) in BGCs. In fact, this statement is true not only in the confines
of the gene clusters themselves, but also with any repercussions that such events

may have on the rest of the genome. This is the main topic presented in chapter 5,

6



where the bacterial genomes of the Amycolatopsis genus are inspected for
significant association relationships between genes involved and not involved in GPA
biosynthesis. Though the analysis has not been completed, a candidate relationship
between a group of genes and the emergence of GPA BGCs was detected and

awaits further investigation.
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of biogeography to MAG-derived GCFs. Writing of the first version of the manuscript.

Manuscript 1 - chapter 3: AG and NZ conceptualised the new format of the
manuscript. AG, MA, JPR, NK, MJC, ES and EZ contributed to the literature review
included in the manuscript. AG, NZ, NK, LK and ES were directly involved in the
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animation content and design, which was mostly carried out by AV. All authors read
and approved the latest manuscript.

Personal contributions: Conceptualisation of the new communication format.
Contribution in the literature search and summarization. Writing of the first version of
the manuscript. Careful curation of the animation content in each stage of the

production.

Manuscript 2 - chapter 4: Dataset generation was conceptualised by NZ and
implemented by AG. MA and AG conducted the manual trimming and curation of the
BGC dataset, with contribution from ES and NK. Sample preparation and DNA
extraction of the S. varsoviensis producer strain was accomplished by JPR.
Stachelhaus code analysis was conducted by AG, MA and MJC. Development of the
method for the concatenated phylogeny was done by AG and NZ with heavy
contribution from SK. Creation and interpretation of the super network was
conducted by AG, with heavy contribution from DHH. All authors contributed to the
conception and design of the analysis, read and approved the latest manuscript.
Personal contributions: Design, implementation and execution of the
semi-automatic pipeline for conducting the dataset creation and the full phylogenetic
analysis of GPA and GRP encoding BGCs. This includes database searching via
HMM, BGC detection, BGC similarity clustering, domain analysis, Stachelhaus code
analysis, orthology inference, phylogenetic analyses of genes and domains,
congruence check and concatenated phylogeny building. Manual trimming and
curation of the BGC dataset. Genome assembly of the S. varsoviensis producer
strain. Building and interpretation of the super network. Writing of the first version of

the manuscript.

Manuscript 3 - chapter 5: All authors contributed to the conception and design of
the analysis, read and approved the latest manuscript.

Personal contributions: Dataset generation. Design, implementation and
execution of the pipeline for performing BGC-aware gene coincidence analysis using

the Goldfinder tool. Writing of the first version of the manuscript.

12



Research objectives

The principal ambition of this dissertation is to promote the discovery efforts for new
bioactive compounds from natural sources by advancing our understanding of their
distribution and evolutionary history. This is achieved by investigating the genetic
elements of specialised metabolism in different scales.

The first chapter introduces genome mining approaches for the discovery of
BGCs. It comprises a bibliographic review, describing the main evolutionary
concepts behind many such methods, as well as the tools applying them. Several of
the tools introduced in this chapter are applied in the following analyses. Additionally,
because of the ever-increasing volume of sequencing data being produced, the
notion of big data is discussed, in regards to its importance for the field, as well as
the algorithms that are able to tackle such volumes of information.

The second chapter is focused on the comprehensive survey of biosynthetic
potential encoded in bacterial genomes. The complete volume of publicly available
sequenced genomes has been mined for potential BGCs and their distribution have
been assessed across the bacterial domain. A quantification of the diversity of the
encoded BGCs enabled the estimation of our current experimental coverage of the
bacteria’s specialised metabolites, which leaves much more to be discovered.
Furthermore, a conjunction of quantified biosynthetic diversity with the
phylogeny-based taxonomic placement of the producer genomes enabled an
enumeration of promising taxa for future discovery efforts. What was evident from an
analysis of such a broad scale was that only some bacterial taxa were very prolific
producers of diverse specialised metabolites, whereas most were largely lacking in
this regard. To understand why the distribution is as observed, it is necessary to
delve into the evolutionary forces shaping these BGCs.

Shifting from the global overview to a specific model system (i.e., one category
of BGCs) demands the comprehension of its encoded biosynthetic pathway. In this
dissertation, the focus is redirected to the GPAs, a group of last-resort antibiotics.
Their biosynthesis is complex and includes many steps which are difficult to
visualise. To this end, an animation was created to ameliorate scientific
communication of the known biosynthetic pathway of vancomycin, a GPA. This
innovative approach is presented in chapter three, accompanied by a brief summary

of the processes involved in GPA biosynthesis.
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The fourth chapter combines the knowledge about GPA biosynthesis and the
concepts discussed in the review of chapter 1 to investigate the complex
evolutionary history of GPA BGCs. A carefully and manually curated dataset of GPA
BGCs was used as input for a pipeline that was designed for constructing a
representative phylogeny of the whole cluster, applicable to other BGC systems as
well. Conclusions reached from the phylogenetic placement of the BGCs, in
combination with known structural characteristics of the related compounds and their
mode of action, mediated the suggestion of a dichotomous reclassification of the
GPAs. The new system is based on predicted structural features that are concordant
with the calculated phylogeny of the BGCs.

In the fifth chapter there is a switch of focus, from studying exclusively the
genes involved in specialised metabolism to considering their possible connections
to other genetic elements in the producers’ genomes. The Amycolatopsis genus
includes both strains that encode GPA biosynthesis and others that do not. By
considering the genus’ genomes as a whole, it was possible to conduct a
BGC-aware gene coincidence analysis with the new Goldfinder tool, which allows
the detection of strong association relationships between genes. The analysis
resulted in a promising candidate BGC, whose presence possibly coincides with that
of GPA BGCs. Though more research is required to confirm this relationship, it is
hypothesised that its presence could in some way improve the chances of the host

cell becoming a GPA producer.
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This review covers literature between 2014-2020
Abstract

The development and application of genome mining tools has given rise to
ever-growing genetic and chemical databases and propelled natural products
research into the modern age of Big Data. Likewise, an explosion of evolutionary
studies has unveiled genetic patterns of natural products biosynthesis and function
that support Darwin’s theory of natural selection and other theories of adaptation and
diversification. In this review, we aim to highlight how Big Data and evolutionary
thinking converge in the study of natural products, and how this has led to an
emerging sub-discipline of evolutionary genome mining of natural products. First, we
outline general principles to best utilize Big Data in natural products research,
addressing key considerations needed to provide evolutionary context. We then
highlight successful examples where Big Data and evolutionary analyses have been
combined to provide bioinformatic resources and tools for the discovery of novel
natural products and their biosynthetic enzymes. Rather than an exhaustive list of
evolution-driven discoveries, we highlight examples where Big Data and evolutionary
thinking have been embraced for the evolutionary genome mining of natural
products. After reviewing the nascent history of this sub-discipline, we discuss the
challenges and opportunities of genomic and metabolomic tools with evolutionary
foundations and/or implications and provide a future outlook for this emerging and
exciting field of natural product research.

1. Introduction

Evolution is a process; therefore, evolutionary theory seeks to describe the series of
events that have allowed life to appear, develop, and diversify. Natural selection,
postulated by Charles Darwin more than one hundred and fifty years ago, is perhaps
the most recognized of these theories, linking the natural histories of all living forms
to their reproductive fitness(Sugden et al. 2009). In the years since Darwin, we have
come to appreciate that evolutionary processes display enormous complexity and
act through both selective and neutral forces of varying physicochemical, ecological,
temporal, and population-level constraints(Goldman and Liberles 2021). Neutral,
non-adaptive evolution was once thought to be discordant with Darwinian evolution;
now we appreciate that evolutionary histories provide evidence of both selective
pressures and neutral events(Lynch et al. 2016; Wideman et al. 2019). Founder
effects, genetic drift, gene flow, and many other neutral mechanisms shape the
genetic variation within populations upon which natural selection operates(Matthew
B. Hamilton 2021). The enzymes of natural product (NP) biosynthesis are encoded
in genomic information, and as such do not escape these forces of evolution
(Chevrette, Gutiérrez-Garcia, et al. 2020; Jensen 2016). This distinction is as
important to recognize, as it is easy to neglect: NPs with antagonistic functions, like
antibiotics or other biocides, are typically assumed to be under positive selection to
maintain the interactions with their molecular target(s) necessary to retain function.
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Paradoxically, the historical use of the term ‘secondary metabolism’, synonymous
with trivial or unimportant metabolism, at the same time, suggests neutral evolution,
free to drift from one structure to the next. This conundrum highlights the importance
of better defining evolutionary principles during chemical and biological investigation
of natural products.

In this review, we aim at providing basic evolutionary principles as they have been
embraced by genome miners interested in natural products-based drug discovery
and the development of bioinformatics tools useful for this purpose. We discussed
the origins of this sub-discipline (sub-section 1.1), as well as working definitions and
core evolutionary and Big Data principles, both generally and specifically regarding
evolution-driven genome mining approaches (sub-sections 2.1 and 2.2). We
distinguish and highlight selected examples in which the confluence of Big Data and
evolutionary genome mining for the discovery of natural products is more evident;
and provide information to better understand and efficiently use these tools, but also
to prompt newcomers and pave the way for the development of tools embracing the
predictive power of the theory of evolution and the wealth of Big Data. Both
databases and algorithms with relevant evolutionary features are presented in
sub-sections 2.3 and 2.4. Selected examples of NPs research embracing
evolutionary thinking - from enzymes to whole microbiomes - are provided in
sub-sections 3.1 and 3.2. The selected cases highlight evolutionary thinking and
include the few examples that involve tools of what we call evolutionary genome
mining of natural products. The final sub-section 4 provides future directions for the
development of this emerging sub-discipline as an important area of research to
better understand NPs as whole and direct their biotechnological exploitation.

1.1 Origins of evolutionary genome mining of natural products

Advances in DNA sequencing have allowed for the study of allelic variation and how
it relates to different phenotypes and evolutionary pressures(Wolfe and Li 2003).
These genetic investigations have developed into entire fields of molecular and
genome evolution research, most notably advancing the areas of population genetics
and phylogenetics. Population genetics investigates the frequencies and dynamics of
genetic differences in and across populations, aiming to understand how some gene
variants are more or less frequent than others(Matthew B. Hamilton 2021). In
contrast, phylogenetics seeks to relate gene variants to each other by inferring an
evolutionary history that explains differences between both genes and
species(Masatoshi Nei and Sudhir Kumar 2000). Indeed, one might argue that
phylogenetics was the first molecular biology Big Data method used broadly in
biology, and remains so, as it aims to unveil hidden patterns otherwise ambiguous
using empirical knowledge alone(Woese, Kandler, and Wheelis 1990). These
inferences can be used to predict evolutionary histories through building networks of
relatedness (e.g. phylogenetic trees) and reconstructing ancestral states, and
therefore, in order to adopt evolutionary theory properly, these frameworks should be
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considered when approaching the evolution of NPs, especially when mining large
datasets.

While evolutionary frameworks increasingly appear in the study of NPs, the extreme
interdisciplinarity of NP research has led to adoption of evolutionary principles at
different rates in different subdisciplines, depending on scientific goals and
availability of data and the technologies used for their generation and analysis. For
example, NP chemists often focus on empirical and mechanistic data to direct future
investigations, and by doing so, they reinforce working models of biosynthetic logic in
well-studied enzymes, for instance, nonribosomal peptide synthetases
(NRPS)(Sussmuth and Mainz 2017) and polyketide synthases (PKS)(Nivina et al.
2019). In contrast, phylogenetics, whether at the species, gene, or genome level,
aims to unveil broader patterns and place them into evolutionary context. This is
increasingly done for bacterial(Adamek et al. 2018; Gutiérrez-Garcia et al. 2017,
Larsen, Pearson, and Neilan 2021), fungal(Bushley and Turgeon 2010; Lind et al.
2017) and plant(Piatkowski et al. 2020; Wilson and Tian 2019) NP biosynthetic
enzymes, and even across different taxonomic lineages that produce similar
NPs(Jenke-Kodama et al. 2005; Shimizu, Ogata, and Goto 2017). Phylogenetic
insights may have limited mechanistic value, but they can assist in posing novel
mechanistic hypotheses that can be experimentally tested. The combination of both
approaches is embraced by Dean and Thornton’s functional synthesis, which
proposes that sequence analyses should be coupled with empirical, molecular
experiments to retrace the evolutionary histories of biochemical processes and their
phenotypes(Dean and Thornton 2007).

In recent years, these two apparently disparate schools of thoughts have converged,
yielding new protein evolution theory(DePristo, Weinreich, and Hartl 2005; Pal,
Papp, and Lercher 2006) and NP genome-mining applications (Alanjary et al. 2017;
Cruz-Morales et al. 2016; Sélem-Mojica et al. 2019). Indeed, the marriage of
phylogenies and mechanistic insights, implicit in early protein evolution-rate
studies(Alvarez-Ponce 2021), is the essence of evolutionary genome mining of NPs.
The genes involved in NP biosynthesis and function, a subset of which have been
validated through mechanistic studies, can be used to reconstruct large-scale
phylogenies of multiple genes and their proteins. The genetic patterns uncovered by
this Big Data approach can then feed back into more mechanistic predictions,
providing hypotheses to further validate via new empirical, mechanistic studies. As
these patterns can be affected by both evolutionary forces and genetic mechanisms
underlying them (in bacteria (Chevrette, Gutiérrez-Garcia, et al. 2020; Jensen 2016),
fungi(Drott et al. 2021; Rokas et al. 2020; Rokas, Wisecaver, and Lind 2018) and
plants(Moghe and Last 2015; Weng 2014) alike, yet each with their own intricacies) it
is of utmost importance that these are clearly defined and appreciated by the natural
products community when describing NP evolution.
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2. Big Data and evolutionary genome mining of natural products: from key
concepts to databases and algorithms

Genomic assemblies from DNA sequencing data and a strain’s associated
phenotypic and/or meta information are the source of Big Data needed for the
development of NP evolutionary genome mining databases and applications. This
stems from the fact that the interactions between the chemical products of natural
product biosynthesis and their molecular targets are shaped by evolutionary
processes that control chemical structure, regulation, and/or availability(Chevrette,
Gutiérrez-Garcia, et al. 2020). Thus, the enzymes that assemble natural products
are subject to these evolutionary pressures as well(Chevrette, Gutiérrez-Garcia, et
al. 2020; Chevrette, Hoskisson, and Barona-Gémez 2020). Biosynthesis of natural
products is typically a series of incorporating building blocks into a larger structure
and adding stepwise chemical modifications. Precursors may be sourced from other
parts of metabolism, the environment, or synthesized within the biosynthetic gene
cluster itself (Chevrette, Gutiérrez-Garcia, et al. 2020; Sélem-Mojica et al. 2019).
Some biosynthesis belong to large macromolecular machinery, like NRPS
(Sussmuth and Mainz 2017) or PKSs(Nivina et al. 2019), while others are single
domain enzymes(Chevrette, Hoskisson, et al. 2020). BGCs can be as simple as a
few genes or as complex as many dozens of genes whose encoded enzymes work
in concert to produce the final product(s). The enzymes at work within natural
product biosynthesis are as diverse and varied as the chemical structures they
biosynthesize, the molecular targets with which they engage, and the interactions
within and between species that they mediate. Taking this context into account, we
next define evolutionary and Big Data key concepts as the foundations of
evolutionary genome mining of natural products databases and algorithms.

2.1. Key Big Data concepts in Natural Products research

Big Data refers to datasets that fit four major criteria: volume, velocity, variety, and
validation. First, volume: Big Data must be big(Megahed and Jones-Farmer 2015).
This typically refers to having many different entries or examples or replicates,
depending on your data type. The distinction between “normal” datasets and Big
Data is an ever-changing definition: what is considered Big Data today will likely not
be Big Data in the future. This is mainly due to scientific breakthroughs leading to
technological improvements and data generation. Second, velocity: Big Data grows
quickly, which is mainly prompted by technological advances. A useful example of
volume and velocity is shown in Figure 1, highlighting the growth (volume) of
genomes in NCBI over time (velocity). Third, variety: Big Data typically has several
layers of information, which will be discussed below specifically for NP research.
Finally, validation: a Big Data approach is only as good as its training data, so
ensuring that training information is verified in some way is necessary for confidence
in making forward predictions and identifying patterns. While validation is not strictly
required for a dataset to be considered “Big”, applications will have limited value if
they are based on unverified information. This may sound fairly obvious yet is
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something that needs to be explicitly stated. Gene annotations are a common
example where validation becomes very important: comparing your gene of interest
to a validated dataset (e.g. UniProt, SwissProt) yields classifications that are much
higher confidence than if you were to compare to unvalidated datasets (e.g.
NCBI-NR) where the annotations of the dataset itself are unvalidated and errors can
compound (Barona-Gémez 2015).

As datasets grow bigger (volume) at faster rates (velocity), an unvalidated dataset
made up only of predictions may have misannotations. These errors can lead to
many more subsequent misannotations, which themselves can further exacerbate
these errors (Cahan et al. 2019). Thus, understanding the level of validation for your
dataset is necessary to properly interpret your results. Together, these four Vs
present analysis challenges, as Big Data is often too large or complex such that
non-traditional or parallel computing tools are needed for analysis with ad hoc
algorithms (Jin et al. 2015; Marx 2013). In general, for a natural products researcher
in the early 2020s, data becomes ‘Big Data’ when it is too large or too complex to do
simple statistics in spreadsheet-based software (e.g. Microsoft Excel). These data,
moreover, are hard to process and visualize with available tools within tolerable
computing times.

Standard genome mining approaches to uncover NP biosynthesis have been used to
explore a wide range of taxa and environments, identifying “microbial dark matter” as
a promising source of hidden chemical treasures. In evolutionary genome mining of
NPs this becomes an essential consideration with potentially confounding factors. As
shown in Figure 1, the first two ‘Vs’, volume and velocity, are currently covered by
the sequence data in large databases. In NP research, however, data is not limited
to genetics, but it has many other layers, including chemical, gene expression,
ecological, and evolutionary data. For instance, the MIBiG(Medema et al. 2015) data
repository is a good example of ‘variety’, in that it includes multifaceted chemical and
genetic data. It also has a high standard of validation, as the level of validation is
listed for each entry. These advantages come at the cost of volume and velocity:
keeping the standards of variety and validation high mean that this repository grows
at slower rates than for example the NCBI genome database. Important to
evolutionary genome mining, MIBiG and other repositories tend to be biased towards
a limited number of taxa that have been investigated in great detail, like species of
the genus Aspergillus in fungi(Drott et al. 2021; Lind et al. 2017) or
Streptomyces(AbuSara et al. 2019; Barka et al. 2016; Belknap et al. 2020;
Doroghazi and Metcalf 2013; Navarro-Mufioz et al. 2020) within the Actinobacteria.
While a bias towards this bacterial genus clearly exists, this issue is slowly
decreasing with other genera such as Nocardia(Mannle et al. 2020),
Amycolatopsis(Adamek et al. 2018), Salinispora(Ziemert et al. 2014),
Micromonospora(Hifnawy et al. 2020), Pseudonocardia(Goldstein and Klassen
2020), Rhodococcus,(Schorn et al. 2016),(Agustina Undabarrena et al. 2021) etc.
emerging as promising NP producers. Yet, bias in sampling remains a critical
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consideration in evolutionary studies as they can confound results and sometimes
lead to erroneous conclusions, as argued recently in the case of Aspergillus(Drott et
al. 2021).

In summary, Big Data available for evolutionary studies and genome mining of
natural products come from several sources, including both broad and specialized
chemical and genetic databases (see Tables 1 and 2). As an example, NCBI
database contains over 1.4 million bacterial and over 38 thousand archaeal samples
at the writing of this manuscript, with data existing as either genomes,
transcriptomes, or metagenomes. These data however are far from being informative
into NP research unless they are organized and/or translated into other forms or
layers of information and analyzed with suitable tools. Based on our own experience,
Big Data for natural products research today implies algorithms fast enough to
conveniently analyse the genomes and/or metabolomes of over 30 thousand strains
or samples. These numbers will rapidly multiply in the future, and thus it is critical to
continually reassess “natural classifications” seen in evolutionary relationships,
keeping in mind that sampling bias of training data remains a fundamental, yet often
overlooked, issue. Scalability of tools is also a consideration. For example, multiple
sequence alignments and phylogenies of hundreds or thousands of genes was once
considered Big Data, and remains so, yet now we can perform phylogenomic
comparisons across entire kingdoms of life on an inexpensive laptop computer or
free public web server(Alanjary et al. 2017; Sélem-Mojica et al. 2019). This
scalability of datasets and analysis tools can provide the genetic context necessary
to perform evolutionary genome mining.
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Figure 1. Growth of the number of NCBI genomes (bacteria and archaea) and genera per year from
1999 to 2019. Data from GTDB (release 95). Inset: number of genera represented by data in MIBiG.

2.2. Key evolutionary concepts in NP research

Genomic assemblies from DNA sequencing data and a strain’s associated
phenotypic and/or meta information are the source of Big Data needed for the
development of NP evolutionary genome mining databases and applications. This
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stems from the fact that the interactions between the chemical products of natural
product biosynthesis and their molecular targets are shaped by evolutionary
processes that control chemical structure, regulation, and/or availability(Chevrette,
Gutiérrez-Garcia, et al. 2020). Thus, the enzymes that assemble natural products
are subject to these evolutionary pressures as well(Chevrette, Gutiérrez-Garcia, et
al. 2020; Chevrette, Hoskisson, et al. 2020). Biosynthesis of natural products is
typically a series of incorporating building blocks into a larger structure and adding
stepwise chemical modifications. Precursors may be sourced from other parts of
metabolism, the environment, or synthesized within the biosynthetic gene cluster
itself (Chevrette, Gutiérrez-Garcia, et al. 2020; Sélem-Mojica et al. 2019). Some
biosynthesis belong to large macromolecular machinery, like NRPSs(Sussmuth and
Mainz 2017) or PKSs(Nivina et al. 2019), while others are single domain
enzymes(Chevrette, Hoskisson, et al. 2020). BGCs can be as simple as a few genes
or as complex as many dozens of genes whose encoded enzymes work in concert to
produce the final product(s). The enzymes at work within natural product
biosynthesis are as diverse and varied as the chemical structures they
biosynthesize, the molecular targets with which they engage, and the interactions
within and between species that they mediate.

Evolutionary pressures that drive the appearance and that overall shape the
physicochemical and biomolecular features of natural products biosynthesis, can be
incredibly dynamic and complex. Nevertheless, overarching principles of evolution of
NP enzymes and/or pathways emerge. Just as biochemical principles (e.g.
adenylation (A) domain specificity of NRPSs or chain elongation during
PKS-catalyzed synthesis) are mechanistically fundamental for the understanding of
NP biosynthesis, the following broad evolutionary principles, with a mechanistic
bearing, can be considered:

() Enzyme promiscuity drives pathway evolution through genetic
expansion-and-recruitment events, providing the building blocks to assemble,
shuffle, and combine NP biosynthetic pathways(Khersonsky and Tawfik 2010;
Noda-Garcia, Liebermeister, and Tawfik 2018; Noda-Garcia and Tawfik 2020) .

(i) Once enzymes (or domains) are recruited into NP biosynthesis, they tend to
cluster together as multidomain megasynthases and/or biosynthetic gene clusters
(BGC)(Chevrette, Gutiérrez-Garcia, et al. 2020; Jensen 2016; Rokas et al. 2018).

These two corollaries are valid across bacteria(Chevrette, Gutiérrez-Garcia, et al.
2020; Dittmann et al. 2015; Navarro-Mufoz et al. 2020; Sélem-Mojica et al. 2019),
fungi ref, and plants(Fan et al. 2020; Liu, Cheema, et al. 2020; Liu, Duran, et al.
2020; Weng 2014) within their unique physiological, morphological, and
chromosomal peculiarities. They also hold across different taxonomic lineages that
share homologous NP biosynthetic enzymes(Montalban-Lopez et al. 2021; Tang et
al. 2017). It is starting to be widely appreciated that the phenomena from which
these corollaries derive can occur under strong positive selection, but growing
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evidence and theory suggests a key role for negative selection and neutral forces on
BGC dynamics(Chevrette, Gutiérrez-Garcia, et al. 2020). Once recombination
events cluster enzymes together, either as multidomain enzymes or BGCs, the
resulting pathways can recruit other auxiliary elements, such as regulators,
domain-domain interactors, transporters, and importantly, resistance
genes(Chevrette, Hoskisson, et al. 2020). As these principles were comprehensively
demonstrated n the last decade or so, they were exploited by researchers for the
development of the four main evolutionary genome mining tools that the NP
community has wused to identify and investigate novel pathways: (i)
EvoMining(Cruz-Morales et al. 2016; Sélem-Mojica et al. 2019), (i) ARTS(Alanjary et
al. 2017; Mungan et al. 2020) (iii) BiG-SCAPE(Navarro-Muioz et al. 2020) and (iv)
CORASON(Navarro-Muiioz et al. 2020). These tools are placed into the Big Data
context and discussed in further detail in sub-section 2.4.

Using phylogenetics to unveil the evolutionary patterns of NPs follows two main
approaches. On the one hand, gene trees can be used to infer a gene’s evolutionary
history and provide evidence for past events that have led to present-day data (i.e.
branches or leaves of the tree). For evolutionary genome mining, gene trees can be
useful in identifying expansions (e.g. duplications) and subsequent diversification of
biosynthetic genes of interest. On the other hand, species trees describe the
reconstructed evolutionary history of a set of species or individuals, and thus are
useful for identifying larger-scale evolutionary events(Nakhleh 2013). Critically
assessing how the topologies of genes and species agree and disagree can shed
light on important evolutionary events, such as horizontal transfers(Avni and Snir
2020). While NP research is focused on BGCs (a collection of genes), much can be
learned from studying single-gene and species trees. Understanding the distribution
and evolution of NPs within taxa, for example, is a prerequisite for effective sampling
and bioprospecting strategies.

For those interested in evolutionary genome mining of NPs, it is important to note
that the above mentioned approaches are the result of properly embracing
phylogenetics and evolutionary principles, often implementing concepts and
principles not typically studied by NP chemists. Figure 2 shows the main concepts
that those interested in the use and development of these tools should take into
account. As mentioned, the main two evolutionary mechanisms driving the
appearance of novel NP biosynthetic pathways are diversification (enzyme
promiscuity and BGC dynamics) and selection (positive, negative and neutral).
However, it is only when these forces combine and impact the fithess of the
NP-producing organism that pathways are assembled and reassembled during the
course of evolution(Chevrette, Hoskisson, et al. 2020). The main genetic
mechanisms driving these evolutionary events have been identified and have been
used in the development of NP evolutionary genome-mining tools (thicker arrows,
Figure 2). Hocwever, much remains to be deciphered regarding the evolution of NPs,
especially in terms of their expression and function in the real environmental settings
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of their producing organisms, where fithess operates. Study cases are available (see
sub-section 3), but their scarcity makes them anecdotal and thus more data is
needed to develop mining tools based on Big Data principles to investigate this layer
of complexity (thinner and/or dashed arrows, Figure 2).
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Figure 2. Evolutionary genome mining of natural products in a concept-driven framework. Studies on
the evolutionary histories of NPs, their biosynthetic genes, and their producing organisms are driven
by analyses at different levels of organization. Individual analyses (bottom) focus on a Pathway/BGC
and their molecular product(s) or chemistry. Examples of tools that predict NP chemistry from BGCs
are shown in purple. These individual data can then be contextualized with comparative analyses
(middle) across many conditions or strains/species, with an emphasis in the genetic events underlying
the evolution of NPs BGCs. One example is Gene Expression studies (gray, RNAseq) where
comparisons of transcriptional patterns can place genes in a broader biological context. Analyses at
the level of ecological and/or evolutionary processes (top) are the most challenging, and as a field we
have only just begun to understand how Gene Expression, BGC, NP chemistry, and other
“lower-level” data contribute to molecular function, and in turn how function contributes to an
organism's fitness (linked by dotted lines to highlight that there are not yet standardized methods, but
there is opportunity to develop them integrating Big Data). This remains a major challenge, as fitness
is often a function of the environment. Evolution occurs as a dynamic process in which the fitness
impact of a BGC’s product influences the BGCs genetic components (e.g. diversification, selection,
and other processes; see box). These in turn can feed back into fitness. Previously characterized
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genes and/or patterns of genetic events can then be used to identify and characterize BGCs de novo
from genomic data (pink), either through rules-based or evolutionary methods.

2.3 NP databases (training sets) available for NP evolutionary genome mining

As mentioned, data available for investigating natural products in the Big Data era
comes from several sources. However, this information only becomes useful when
organized on databases that can be coupled with metadata of the organisms
themselves, but also with information about the technology and methods used to
generate the data. Examples of well-executed databases include the GNPS mass
spectra public database(Wang et al. 2016), the MIBIG repository with experimentally
validated datasets(Kautsar et al. 2019; Medema et al. 2015), and the
bioinformatically predicted BGCs of the antiSMASH DB (Blin et al. 2017, 2021)
(Tables 1 and 2). Recently, the first evolutionary database, i.e. ActDES, which is
specific for the Actinobacteria, has been reported(Schniete et al. 2021). All of these
databases, despite complying with the four Vs’ in one way or another, including
variety, are useful in comparative or evolutionary studies, but not sufficient as none
of them provide a comprehensive multi-layer database including or embracing
evolution. In turn, at this stage, it is down to the evolutionary genome miner to select
and integrate the most suitable and relevant DBs from those provided in Tables 1
and 2, within a phylogenomics framework. Selected DBs are highlighted throughout
this review with the aim of emphasising their value in relation to the four ‘Vs'.

2.4 Big Data and NP evolutionary genome mining algorithms

Communication between evolutionary biologists, computer scientists and
mathematicians has historically led to biological insight, including the developments
of population genetics theory and the transition matrices that are key to common
genomic search algorithms like BLAST(Altschul et al. 1990). These disciplines have
successfully converged again in recent years for the development of sophisticated
NP genome-mining algorithms and platforms (Table 3). In this subsection, we list and
explain major evolutionary genome mining of NPs approaches available to date with
a focus on those that directly or indirectly rely on the use of the theory of evolution in
any of its forms, either within the algorithms themselves or in their visualizations. The
availability of genomic data (e.g. MIBiG, CARD, antiSMASH DB, Table 1) is
fundamental, but probably more often will also be inputs from purely chemical DBs
(Table 2), e.g. GNPS, Paired Omics Data Platform [PODP], which can also serve as
training data in supervised algorithms. Notably, some of these genomic-based
algorithms already include input from chemical databases (Kim et al. 2019; van
Santen et al. 2019; Wang et al. 2016). Thus, the integration of data types, as in
MIBIiG or PODP, may provide training datasets with valuable links between genomic
and chemical data, further embracing variety. This integration holds great promise
and value to the field, but since it is only beginning to occur, it remains to be seen
how regularly chemical data will be embraced by evolution-driven genome mining
efforts.
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Table 1. Genomic databases to explore natural products diversity and evolution.

Parameter Parameter Current Version
Database Name Name Value (date) *
MIBIG (Kautsar et al. 2019) BGCs 1,923 2.0 (2019)
IMG-ABC (Palaniappan et al. 2019) BGCs 410,683 5.0
antiSMASH-db (Blin et al. 2021) BGCs 147,517 3.0
BiG-FAM (Kautsar, Blin, et al. 2021) BGCs 1,225,071 1.0
NCBI Genome Bacteria spp. 278,820 November 2020
Archaea spp. 5,625 November 2020
Eukaryote spp. 14,486 November 2020
MGnify (Mitchell et al. 2020) Metagenomes 32,746 November 2020
IMG/M (Nayfach et al. 2020) MAGs 52,515 November 2020
BGCs 104,211 November 2020
CARD (Alcock et al. 2020) Alleles 213,809 February 2021
Reference
sequences 3,146 February 2021
SRA (Bacteria) Datasets 1,466,494 November 2020
SRA (Archaea) Datasets 38,592 November 2020
NCBI WGS (Bacteria) Projects 941,266 December 2020
NCBI WGS (Archaea) Projects 6,225 December 2020
Antibiotic
Resfinder 4.0 (Bortolaia et al. 2020) resistance genes 2,690 December 2020
MG-RAST 4.0.3 (Meyer et al. 2008) Metagenome 447,497 January 2021

NB.- Most of these listed databases arguably satisfy the Big Data characteristics of volume and
variety. Since there have been only few periodic releases for some of these databases, the velocity
characteristics of Big Data can be appreciated for only a few of these. * The month and year (date) of
each database, when last accessed, are provided. Exact dates for “current versions” are not provided

as these were not available.
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Table 2. Chemical databases to explore natural products diversity and evolution.

Database Name Parameter Name Parameter Value |Current version (date)
MACADAM (Boulch et al, 2019) Metabolites 7,921 1
PubChem (Kim et al, 2019) Compounds 111,456,896 November 2020
GNPS (Wang et al, 2016) NP Compounds 18,163 1

Spectra 221,083 1
NPAtlas (van Santen et al, 2019) Compounds 24,594 v 2020_06
COCONUT (Sorokina et al, 2021) |Compounds 406,747 March 2021
StreptomeDB (Klementz et al, 2015) | Compounds 4,000 2

Paired

(meta)genomes and 2021
PoDP (Schorn et al, 2021) metabolomes 4,853 GitHub v0.9.2
Siderophore DB () Compounds 262 June 2021
LOTUS (Rutz et al, 2022) NP Compounds 276,518 February 2021

Currently, evolutionary genome-mining for the discovery of novel NPs(Hoskisson and
Seipke 2020) aims to provide answers to two main questions, and by doing so,
generate predictions: (i) which genes and/or BGCs produce metabolites not typically
associated with central metabolism? and (ii) which genes or domains specific to a
lineage represent innovation and diversification compared to ancestral states? As
mentioned, several specialty databases (Table 1 & 2) are available and are used by
the main evolutionary genome mining tools that the NP community has used to
identify and investigate novel pathways: (i) EvoMining(Cruz-Morales et al. 2016;
Sélem-Mojica et al. 2019), (ii) ARTS(Alanjary et al. 2017; Mungan et al. 2020) (iii)
BiG-SCAPE(Navarro-Murioz et al. 2020) and (iv) CORASON(Navarro-Mufioz et al.
2020). Following a similar rationale, a conceptual framework for mining siderophore
BGCs based on their transporters has recently been reported(Crits-Christoph et al.
2020). Importantly, available tools can be used independently or in combination, and
go in hand with species-level phylogenetic analyses which directly integrate NP
biosynthesis (e.g. AutoMLST(Alanjary, Steinke, and Ziemert 2019)) or analyses that
are part of more generalized phylogenetic pipelines(Adamek, Alanjary, and Ziemert
2019). The combination of the latter, i.e. a species tree, with large-scale BGC
prediction and their taxonomic distribution, is BiG-SLiCE output 20
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Table 3. Big Data algorithms for exploring natural products diversity and evolution.

Algorithm Validation Type of data Method Publication
Name dataset date
ARTS 2.0 Bacterial kingdom Genomes Duplication and May 2020
(Mungan et al. genomes and BGC proximity,
2020) metagenomes Phylogeny and

resistance screen
BiG-SCAPE Clusters from BGCs Jaccard Index November
(Navarro-Mufioz ~3,000 genomes plus Maximum 2019
et al. 2020) Likelihood

FastTree
EvoMining 2.0 ~100 conserved Biosynthetic Duplication and December
(Seélem-Mojica et families from ~1,000 genes gene proximity to 2019
al. 2019) genomes MIBiG, Phylogeny
BiG-SLICE BiG-FAM BGCs Balanced lterative  August 2020
(Kautsar, van der (1,225,071) Reducing and
Hooft, et al. 2021) Clustering using

Hierarchies
CORASON ~3,000 Genomes or Blast plus November
(Navarro-Mufioz BGCs FastTree 2019
et al. 2020) (visualization)
clinker  (Gilchrist NA BGCs Hierarchical January 2021
and Chooi 2021) (visualization)  clustering
FlaGs (Saha et al. 324 BGCs BGC’s September
2020) (visualization)  Hidden Markov 2020

Model
TREND (Gumerov NA BGCs Hierarchical April 2020
and Zhulin 2020) (visualization)  clustering
MicroReact NA Trees with libraries:Chart.js, November
(Argimén et al. metadata Leaflet, 2016
2016) (visualization)  Phylocanvas,

React, Sigma
Anvi'o (Eren et al. NA Pangenomes  Hidden Markov October 2015

2015)

(visualization)

Models
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Supervised algorithms make use of the DBs mentioned in the previous sub-section
in the form of training sets with validated labels about what is an NP BGC and what
is not36. Here, the “correct” classifications are known for training data and used to
make predictions about new data. These methods typically require heavy (and often
manual) curation of training sets, and thus the importance of the fourth V, validation.
So far, most of NP research adopting genome mining approaches employs
supervised algorithms, mainly used in classification problems that require prior
knowledge(Bzdok, Krzywinski, and Altman 2018). Unsupervised algorithms, instead
aim to extract patterns and trends from unlabeled data(Yang and Ersoy 2003),
similar to phylogenies. These can be helpful to identify data features (e.g. genes and
domains) that are important for categorization, but since no “true” answer is known
false-positive errors may be more frequent. Clustering or other grouping methods
used in unsupervised methods attempt to give some structure to a dataset. Typically,
supervised and unsupervised strategies are complementary, as it is the case in NP
evolutionary genome-mining (Figure 3).

A) ARTS; -F¥e.
Predicting genes in BGCs
EPDET—XKDPEDD Genome 1
LD RXKIND Genome 2 |
T—— XK=y Genome 3
K DIEDD Genome 4
Evolutionary related genomes HS——mXa b Genome 5
© Conserved family
EPDE—=XKDIND Genome 1 © Conserved copy @ Conserved copy
DRI Genome 2 (User provided) (Predicted)
DE——KKT=) Genome 3 @ MIBIG © Extra copy
.. BGC Species tree
1 0 Family 1 w/ BGCs
SMASH [iam - BiGSCAPE :
Genomes
BGC
@ No evolution - Family 2
information
BiGSuiCE
O o) Genome 1 BGC
BGCs [] G——xxph) Genome 2 Family 3
[l DK Genome 3 - f,f””*’\-x Whole BGC phylogeny
corKsoN

Figure 3. Evolution-driven genome mining tools. A. Evolutionary algorithms need as inputs genomes
from taxonomically related lineages, where conserved protein families (orange) are selected for
further exploration (ARTS/EvoMining). Conserved (orange and red) and extra (gray) copies of these
families are identified and compared by a phylogenetic distance against proteins from NP databases
(blue). Finally, the tree used in the phylogenetic distance is provided as a visualization, where
predictions are included (green). B. Algorithms with an evolutionary visualizationbut without
evolutionary driven distancesdoes not restrict their input genomes to be phylogenetically related.
Gene clusters obtained from these algorithms are gathered in gene cluster families (GCF) by
classification methods. Finally, evolutionary visualizations can be provided, either as a whole-BGC
network of phylogenetic tree (BiG-SCAPE/CORASON) or as the occurrence of each GCF throughout
a species tree (BiG-SLICE).
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Within NP research, supervised problems are used to identify and classify domains,
genes, and BGCs. ClusterFinder(Cimermancic et al. 2014) was one of the first
algorithms that attempted to classify regions of the genome as NP BGC (or not) by
calculating a moving average of a “biosynthetic score”, calculated based on domain-
and gene-level agreement with profile Hidden Markov Models of biosynthetic
enzymes. Although ClusterFinder does not directly leverage evolutionary theory in its
algorithm, it is indirectly inferring the evolutionary processes that shaped BGC
regions throughout the genome. Many of these algorithms have been trained
primarily (or exclusively) on bacterial data, and thus accurate and reliable
identification of fungal BGCs remains a challenge. Fortunately, recent work has
begun to take fungal-specific genes and genetic structure into account to address
this issue(Argimén et al. 2016; van der Lee and Medema 2016; Wolf et al. 2016). A
similar scenario in plants(Kautsar et al. 2017) has now been encountered since the
realization that BGCs actually exist in this large and prominent group of NP
producing organisms.

Identifying shared and novel features within and between taxonomic lineages is
attempted by unsupervised algorithms, such as BiG-SCAPE, BiG-SLICE and
CORASON. For example, BiG-SCAPE, and more recently BiG-SLICE, clusters
BGCs into gene cluster families (GCFs) without requiring prior knowledge of these
families. This is done after calculating distance scores between BGCs on the basis
of shared protein families and BGC organization. After clustering, it can be useful to
sort and/or connect these GCFs with each other into bigger “clans”, that are related
but more distantly so than members of the same GCF. This broader context can be
used to track evolutionary events of related BGCs and investigate how these events
are distributed across gene and/or strain phylogenies. An
alternative-yet-complementary approach employed by CORASON involves
phylogenetic trees of shared enzymatic features, including in some instances
whole-BGCs phylogenies. Importantly, these processes wuse supervised
classifications of genes and domains to perform unsupervised clustering into GCFs,
so they too require high quality (i.e. validated, or at least carefully curated) genomic
and chemical databases.

In contrast, EvoMining and ARTS, represent the first (and to our knowledge, thus far
the only) heuristic algorithms that incorporate evolutionary thinking as part of the
supervised approach itself, attempting to infer what is central metabolism and what
may be secondary metabolism, with a certain degree of diversification hinting
towards the appearance of an specialized pathway. Evolution is inferred as a
distance metric, which can be seen as similar to a support vector machine
algorithm(Kloosterman et al. 2020; Krause et al. 2007; Walker and Clardy 2021), but
implemented using a tree to determine appropriate groupings (and thus
classifications) for biosynthetic enzymes. Put in another way, it seeks to identify
which query enzymes cluster more closely with central metabolism and which cluster
more closely with secondary or specialized metabolism. Extra gene copies are
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assessed by EvoMining as potential recruitments into NP biosynthesis, and these
gene families may differ from one taxonomic lineage to another (Figure 3A).

After classification into BGC families (e.g. with BiG-SLICE and/or BiG-SCAPE),
further evolutionary context can be added in the visualization stage with CORASON
according to the phylogenetic history of genes within the BGC or the strain-level
phylogeny of the producing organism itself. In turn, CORASON identifies gene
clusters in a genomes database and sorts them according to their evolutionary
relationships. Tools such as MicroReact(Argimén et al. 2016) can also allow for
visual exploration of large phylogenetic trees annotated with metadata. EvoMining
and ARTS both start with labeled sets (genes that are either the primary copy or
specialized metabolism copies that belong to other databases, e.g. CARD/MIBIG)
and employ supervised methods where evolutionary distance is used to classify
putative BGCs. As a consequence their predictions are intuitively displayed
phylogenetically. Other software suites that perform pangenomic visualization (e.g.
Anvio (Eren et al. 2015)) are also useful in that they allow identification of families
with potential gene expansion and/or recruitment events. Many recent tools aim to
sort and visualize relations between BGCs: for example, MultiGeneBlast(Medema,
Takano, and Breitling 2013) (implemented in antiSMASH), finds gene homologs in
BGC comparisons. Given otherwise identified BGCs (e.g. by antiSMASH or other
tools), BiG-SCAPE(Navarro-Mufioz et al. 2020) can classify them into BGC families
and other visualization tools such as clinker(Gilchrist and Chooi 2021), FlaGs(Saha
et al. 2020) and TREND(Gumerov and Zhulin 2020) allow for interactive
visualizations (Figure 3B).

3. Genomic and enzymatic evolution of Natural Products
3.1 Evolution of the genome of NP-producing organisms

Multiple studies have been conducted on the evolution of NP producers, providing
useful indications for targeted bioprospecting. Biosynthetic potential and diversity
appear to be related to the ecological niche of the producers, as was confirmed in
multiple instances (Caldera et al. 2019; Chevrette, Carlson, et al. 2019; Chevrette
and Currie 2019; Gutiérrez-Garcia et al. 2019; Iglesias et al. 2020; Miller, Chevrette,
and Kwan 2017; Sharrar et al. 2020; Silva et al. 2019; Stubbendieck et al. 2019;
Yang et al. 2019). In some cases though, phylogeny is more important, as observed
in microbial taxa where secondary metabolism is most similar in closely related
organisms rather than those isolated from the same source(Chevrette,
Carlos-Shanley, et al. 2019; Silva et al. 2019). Such investigations showcase
possible promising targets for NP research, be they specific known(Chevrette,
Carlos-Shanley, et al. 2019; Gutiérrez-Garcia et al. 2019) ref or understudied
taxa(Gutiérrez-Garcia et al. 2019; Schorn et al. 2016; Silva et al. 2019) or different
environments/niches(Caldera et al. 2019; Chevrette and Currie 2019; Iglesias et al.
2020; Sharrar et al. 2020; Stubbendieck et al. 2019). As such, it is clear therefore
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that evolution can be applied for the discovery of novel natural products, which can
powerful if properly embraced.

Comparative genomic analyses have shown that most bacterial taxa harbor only a
few BGCs while some dedicate a large proportion of their genomes to specialized or
secondary metabolism (Adamek et al. 2019; Brito et al. 2020; Chevrette, Carlson, et
al. 2019; Chevrette and Currie 2019; Doroghazi et al. 2014; Hoffmann et al. 2018;
Mannle et al. 2020; Miller et al. 2017; Sharrar et al. 2020; Silva et al. 2019; Yang et
al. 2019).The quantity and diversity of BGC content differs among the taxa, with
extreme cases reported(Caldera et al. 2019; Ziemert et al. 2014). How disperse the
phylogenetic distribution of a BGC is, can allude to the various effects selection has
had on its related pathways(Gluck-Thaler et al. 2020). Most notably, horizontal gene
transfer (HGT) is a relatively frequent phenomenon in BGCs, which is one likely
explanation for their extended distribution across distant taxa and their observed
diversity (Adamek et al. 2018; Baldeweg, Hoffmeister, and Nett 2019; Brito et al.
2020; Chevrette, Carlson, et al. 2019; Chevrette, Gutiérrez-Garcia, et al. 2020;
Chevrette and Currie 2019; Koonin 2015; Medema et al. 2014; Miller et al. 2017; Vior
et al. 2018; Wang et al. 2016). While HGT is observed frequently in BGCs compared
to other genetic elements, it is important to note that the evolutionary timescales
involved are still quite large(Chevrette, Gutiérrez-Garcia, et al. 2020; Chevrette and
Currie 2019; McDonald and Currie 2017) and depend on both population structure
and genetic identity of donor and recipient(Chevrette, Gutiérrez-Garcia, et al. 2020;
Chevrette and Currie 2019; McDonald and Currie 2017). Vertical inheritance of
BGCs within the same lineage is the dominant means through which biosynthetic
information is transferred(Chase et al. 2021; Chevrette, Gutiérrez-Garcia, et al.
2020). This is a key distinction that should be made when studying the evolution of
BGCs, as the more subtle vertical evolutionary dynamics happen from generation to
generation, while HGT events are typically observed at timescales closer to
thousands, millions, or billions of years.

Thus far, all analyses mentioned in this subsection were not conducted on a Big
Data scale. Indeed, the information discovered so far is being confirmed by multiple
independent inquiries, yet still issues of small taxonomic coverage and sampling
biases remain. In 2014, three articles were published that followed a more global
approach to NP producer genomics. Cimermancic(Cimermancic et al. 2014) and
co-authors analysed more than 1000 genomes from across the bacterial kingdom
and created a "global map" of biosynthesis, encompassing ~33,000 predicted BGCs.
Doroghazi(Doroghazi and Metcalf 2013) and co-authors focused on one phylum and,
using different metrics and methods than Cimermancic, reached a similar conclusion
by collecting information on the producers capacity and potential. At the same time,
Medema(Medema et al. 2014) and co-authors examined a large number of known
BGCs and proved that the rates of evolutionary events within such units are much
higher than in clusters of primary metabolism. Since these studies were first
published, the available data has multiplied and so too have the methods for
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processing them; more universal-scope analyses will soon follow and give the
answers to questions that remain open, including how and when biosynthetic
diversity evolved(Hoffmann et al. 2018) or the capacity of nature to keep providing us
with new compounds(Bérdy 2005).

The above mentioned studies have focused on microbes that have been cultured
under laboratory conditions. However, the number of unculturable organisms is vast
and metagenomic analyses have begun to unravel their hidden biosynthetic
potential, indicating promising new sources for NP bioprospecting (see next
paragraph). Furthermore, investigating evolutionary patterns based on environmental
samples can shed light on the functions of the NPs found in nature as well as their
raison d’etre within their microcosm(Traxler and Kolter 2015). This is important as
NP evolution occurs at the population level, as highlighted by recent examples where
population genomics frameworks have been adopted to mine NPs in genomic data,
both in fungi and bacteria(Andam et al. 2016; Caldera et al. 2019; Drott et al. 2021;
Li et al. 2019; McDonald et al. 2019; Tidjani et al. 2019). Such approaches have
even proven valuable at the bacterial colony-level of a domesticated model
laboratory strain, i.e. Streptomyces coelicolor(Zacharia et al. 2021; Zhang et al.
2020).

Soil metagenomic surveys in urban greenspaces, grassland meadows, and areas
covering up to continent-wide scale have reported microbial diversity
patterns(Bahram et al. 2018; Crits-Christoph et al. 2020; Delgado-Baquerizo et al.
2018; Thompson et al. 2017; Wang et al. 2018) . These patterns are drastically
affected by the environment and massive sequencing efforts are required to
comprehensively capture their diversity, even at kilometer scale. High throughput
functional studies involving creation of large-insert metagenomic libraries provides a
novel approach to examine the functional and phylogenetic diversity of sampled
ecosystems(Handelsman et al. 1998; Nasrin et al. 2018; Santana-Pereira et al.
2020). Economically attractive approaches using amplicon sequencing have been
used to prove the domain-level diversity of environmental NPs. Such approaches
have provided clues to answer the long standing question of which sites should be
surveyed to maximize the discovery of novel natural products (Crits-Christoph et al.
2020; Dror et al. 2020; Elfeki et al. 2018; Lemetre et al. 2017; Reddy et al. 2012;
Sharrar et al. 2020; Wang et al. 2016). Massive amounts of shotgun metagenomic
data are already easily available from public repositories. Analyzing these Big Data
to infer significant NP patterns has now become the next bottleneck and faster
algorithms and easy to use tools are badly required to mine the potential resource.
Additionally, detailed documentation, standardized sampling procedures, and still
more metadata are required to be incorporated into public databases in order to
exploit patterns and extract useful information.

3.2. BGC and multidomain enzyme evolution
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The evolutionary history of BGCs can be studied by building separate and/or
concatenated trees of their genes and protein products. These can have very
different topologies than the species trees of the NP producers themselves,
suggesting unconventional sequence transmission events, such as Horizontal Gene
Transfer (see previous section), gene conversion, intra-genomic
recombination(Medema et al. 2014), and others. Together, these trees and functional
information of NP genes can be used as a foundation to predict the activity of
yet-unknown compounds and suggest potential links between fithess and the
evolutionary forces at work.

Natural products exhibit extremely diverse chemistry. Their evolutionary complexity
is no less complex. Domains evolve in the context of genes, genes in the context of
BGCs, and BGCs in the context of their the producers’ genomes(Chevrette,
Gutiérrez-Garcia, et al. 2020; Waglechner, McArthur, and Wright 2019). Further, how
these metabolites contribute to the fitness of their producing organisms depends
largely on their environmental niche, which is often completely unknown or has
poorly-understood factors and boundaries(Firn and Jones 2003). Because of this
interdependence between multiple levels of organization, evolution does not affect
clusters uniformly(Medema et al. 2014). Indicatively, trans-acyltransferase (trans-AT)
AT domains have evolved independently from cis-AT AT domains: the latter cluster
into NP-specific clades and are known to be acquired vertically, while the prior are
present in many different phyla and appear to be transferred horizontally(Nguyen et
al. 2008). Based on the clades formed in trans-AT AT and KS trees, it appears their
evolution is strongly linked to their elongation substrate specificities (Chevrette and
Currie 2019; Masschelein, Jenner, and Challis 2017; Medema et al. 2014; Nguyen et
al. 2008). Indeed, computational pipelines such as transPACT(Chevrette,Marc and
Helfrich 2021) place KS sequence information into a phylogenetic framework to
predict substrate specificity for unknown sequences. cis-AT and trans-AT PKS
variants can produce similar metabolites even though they have distinct evolutionary
histories. This case of evolution may be influenced by the modularity of Type | PKS
clusters that can be more plastic due to intragenic recombinations and may allow for
adaptability in a wide range of ecological niches (Nguyen et al. 2008)

Although much of NP evolution is thought of at the level of BGCs or genes, important
evolutionary changes can also happen at even smaller scales. Substrate specificity
of different NP enzymes is often dictated by the three dimensional organization of
their active sites and/or protein-protein interaction surfaces, so subtle changes to the
protein sequence of these areas can steer specificity (and promiscuity) in multiple
evolutionary directions. In some cases these changes correlate with phylogeny, so
knowledge of the evolutionary mechanisms behind BGCs can allow for collecting
reliable information from domain phylogeny. NRPS domains also show evolutionary
patterns linking phylogeny and chemistry(Nguyen et al. 2008). Similar to the trans-AT
KS domains of the PKS clusters, A-domains of NRPSs cluster into clades according
to substrate specificity, while C-domains are highly conserved and follow a
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BGC-specific pattern (Chevrette and Currie 2019; Jenke-Kodama et al. 2005;
Medema et al. 2014). Computational methods such as SANDPUMA(Chevrette et al.
2017) and others have used this phylogenetic signal to reliably predict the substrate
specificity of A-domains. Recently, “Substrate level” evolutionary signals, like in
trans-AT KS and NRPS A-domains, can be used to predict substrate specificity, while
“‘pathway level” evolutionary signals, like in NRPS C-domains can be used to predict
BGC-level patterns of similar molecules(Ziemert et al. 2014).

4. What lies ahead? Needs and opportunities for evolutionary genome mining
of NPs.

Evolutionary genome mining of natural products in the Big Data era has inherited the
tradition of phylogenetics, in the sense that natural history coupled with genetic and
chemical observations can provide mechanistic insight. With this heritage comes the
promise of discovering “The Known Unknowns, Unknown Knowns, and Unknown
Unknowns of Secondary Metabolism”, which has important implications in gene
expression and the distinctions between “cryptic” and “silent” BGCs.(Hoskisson and
Seipke 2020) Although genomic and metabolomic speciality databases have made
considerable progress, we envisage an ever-growing need for novel speciality
datasets merging different layers of information. A promising current endeavor is the
assemblage of metabologenomics databases, where genetic information and
predictions are merged with chemical data (e.g. Paired Omics database(Schorn et
al. 2021)). Nevertheless, the systematic inclusion of other data types, including
evolutionary relationships, remains a challenge. One notable evolutionary database
has been recently released for Actinobacteria 24, but those with larger scale and
broader taxonomic coverage are much needed. These high-variety databases
promise new insights in the NP field as a whole. Similarly, the accompanying
algorithms needed to efficiently compute high volume datasets will allow us to
perform these analyses at scale and keep pace with the technological advances that
generate data at high velocity. In the near future we expect these data to go beyond
only genomes, metabolomes, and metagenomes and begin to encompass ecological
and functional metadata(Tracanna et al. 2021).

Biosynthetic enzyme domains are the focus of current, and likely future, algorithms.
This presents unique challenges for enzyme families whose classifications are
problematic and/or understudied in the community. For instance, chemists have
provided insights into why sequence-based phylogenies are insufficient for certain
enzymes: transition-state intermediaries can be highly reactive and plastic, and
therefore sequence space is less constrained than in enzymes with well-defined
active sites(Austin, O’'Maille, and Noel 2008). Examples of this include the terpene
cyclases, cytochrome P450s, hydrolases and type Il polyketide synthases, amongst
others. In these examples, analyses could benefit from alternative methods to
establish relationships useful to provide classification and dataset structure. In turn,
this may provide more informative training sets within well-structured databases,
increasing the quality of predictions surrounding these important classes of natural
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products biosynthetic enzymes. It should be noted that classification of some of
these enzymes within abovementioned DBs, such as antiSMASH DB, does not
necessarily mean that this problem has been sorted out (see validation; previous
sections). Pangenomic analyses(Ding, Baumdicker, and Neher 2018; Eren et al.
2015) to identify expanded enzyme families within lineages may provide an
interesting possibility to classify enzyme families on evolutionary grounds.

Here, by reviewing the nascent history of evolutionary genome mining of natural
products as a sub-discipline, it has become apparent that a prerequisite for the
development of successful algorithms is the realization and characterization of
genetic events driving the evolution of biosynthetic enzymes in their genomic context
(e.g. BGCs). As such, we highlight the following evolutionary concepts with the
promise to link evolution to genetic and chemical mechanisms. It has become clearer
that “natural” evolution of natural products can be governed by dynamic processes
that result in functional replacements. For example, in convergent evolution of
chemically related scaffolds with diverse biomolecular activities(Grenade, Howe, and
Ross 2021), whose biosynthesis is directed by non-related BGCs that produce
functionally similar molecules. It has also become clearer that biosynthetic pathways
can be encoded by physically unrelated loci (in contrast to BGCs), which may consist
of sub-clusters(Del Carratore et al. 2019), and that the same BGC can produce
diverse natural products with different biological functions in response to the
environmental conditions(Martinet et al. 2019). This intragenomic cross-talk might be
seen as a simplified version of the metabolic exchange between different organisms
within a microbiome, for which evolutionary experimental and conceptual frameworks
have been developed (Cibrian-Jaramillo and Barona-Gémez 2016; Gutiérrez-Garcia
et al. 2019; Wiegand et al. 2020). Both levels of metabolic cross-talk represent an
immanent Big Data challenge: to genomically mine large datasets to correlate
physically unlinked loci and propose metabolic relationships(Nayfach et al. 2020;
Sharrar et al. 2020) How to best embrace evolutionary processes, many of which we
are only beginning to understand, in Big Data genome mining for natural products
remains an exciting yet challenging endeavor; one that will surely provide many
possibilities for the future of this emerging sub-discipline.
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Abstract

Bacterial specialized metabolites are a proven source of antibiotics and cancer
therapies, but whether we have sampled all the secondary metabolite chemical
diversity of cultivated bacteria is not known. We analysed ~ 170,000 bacterial
genomes and ~ 47,000 metagenome assembled genomes (MAGs) using a modified
BiG-SLICE and the new clust-o-matic algorithm. We found that only 3% of the
natural products potentially encoded in bacterial genomes have been experimentally
characterized. We show that the variation of secondary metabolite biosynthetic
diversity drops significantly at the genus level, identifying it as an appropriate
taxonomic rank for comparison. Equal comparison of genera based on Relative
Evolutionary Distance revealed that Streptomyces bacteria encode the largest
biosynthetic diversity by far, with Amycolatopsis, Kutzneria and Micromonospora also
encoding substantial diversity. Finally we find that several less-well-studied taxa,
such as Weeksellaceae (Bacteroidota), Myxococcaceae (Myxococcota),
Pleurocapsa and Nostocaceae (Cyanobacteria), have potential to produce highly
diverse sets of secondary metabolites that warrant further investigation.

Introduction

Specialized metabolites (also called secondary metabolites) are biomolecules that
are not essential for life but rather offer specific ecological or physiological
advantages to their producers allowing them to thrive in particular niches. These
Natural Products (NPs) are more chemically diverse than the molecules of primary
metabolism, varying in both structure and mode of action among different
organisms'. Historically, microbial NPs and their derivatives have contributed and
continue to contribute a substantial part of chemical entities brought to the clinic,
especially as anticancer compounds and antibiotics®>™*. Regrettably, the emergence
of antibiotic-resistant pathogens® concomitant to a stagnation of antimicrobial
discovery pipelines?* is leading to a global public health crisis®.

Nonetheless, genomics-based approaches to NP discovery®® have revealed a
largely untapped and much more diverse source of biosynthetic potential within
genomes®’. These findings were possible following the discovery that bacterial
genes encoding the biosynthesis of secondary metabolites are usually located in
close proximity to each other, forming recognizable Biosynthetic Gene Clusters
(BGCs). However, while the numbers and kinds of BGCs clearly differ across
microbial genomes’® and metabolomic data indicate that some biosynthetic
pathways are unique to specific taxa®, a systematic analysis of the taxonomic
distribution of BGCs has not yet been performed. Similarly, while useful estimates of
the chemical diversity of specific taxa have been provided®, methodical comparisons
across taxa are lacking. Because of this, the scientific community appears undecided
on the best strategy for natural product discovery: should the established known NP
producers be studied further or should the community be investigating underexplored
taxa”'°? A relatively recent question is how much chemical diversity is hidden in
uncultured bacteria. Metagenomic assembled genomes from uncultured bacteria
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have demonstrated a big potential of unknown BGCs’. It is unclear to what extent
unexplored associated ecological niches and (micro)environments are also
associated with unique and unexplored chemistry.

Here, we harnessed recent advances in computational genomic analysis of BGCs to
survey the enormous amount of genome data accumulated by the scientific
community so far. Using a global approach based on more than 170,000 publicly
available genomes, we created a comprehensive overview of the biosynthetic
diversity found across the entire bacterial kingdom. We clustered 1,185,995 BGCs
into 62,449 Gene Cluster Families (GCFs), and calibrated the granularity of the
clustering to make it directly comparable to chemical classes as defined in NP
Atlas™. This facilitated an analysis of the variance of diversity across major
taxonomic ranks, which showed the genus rank to be the most appropriate to
compare biosynthetic diversity across homogeneous groups. This finding allowed us
to conduct comparisons within the bacterial kingdom. Evident patterns emerged from
our analysis, revealing popular taxa as prominent sources of both actual and
potential biosynthetic diversity, and multiple yet uncommon taxa as promising
producers.

Main text

To assess the global number of Gene Cluster Families found in sequenced bacterial
strains, we ran AntiSMASH' on ~170,000 genomes from the NCBI RefSeq
database' (Supplementary Table 1), spanning 48 bacterial phyla containing 464
families (according to the Genome Taxonomy DataBase classification - GTDB'). We
also included almost 50,000 bacterial Metagenome Assembled Genomes (MAGs)
from 6 metagenomic projects of various origins’>?° (Table 1 and Supplementary
Table 1). To accurately group similar BGCs — which likely encode pathways towards
the production of similar compounds — into Gene Cluster Families (GCFs) across
such a large dataset, we used a slightly modified version of the BiG-SLiCE tool?',
which has been calibrated to output GCFs that match the grouping of known
compounds in the NP Atlas database' (see Methods: Quantification of biosynthetic
diversity with BiG-SLICE). The resulting GCFs were then used to measure
biosynthetic diversity across taxa.

The number of GCFs in RefSeq ranged from 19,152 to 51,052 depending on the
cut-off used by BiG-SLiCE (Table 1). While, as expected, the pure numbers of the
analysis changed based on the I2-normalized euclidean threshold, the overall
tendencies observed remained the same (Figure 1a, Supplementary Figure 1). The
effect that the chosen threshold has on these results presented a challenge to our
investigation, as previous estimations have also shown great heterogeneity when
different thresholds were used”®, precluding direct comparisons of their predictions.
As each BGC can be considered a proxy for its encoded pathways and their
products, differing thresholds will result in different degrees of granularity in the
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grouping of compound structures (Extended Data Figure 1). Nevertheless, linear
relationships are not always applicable, as shown previously??, and a specific
threshold will need to be set anyway to make comparisons possible. For this, we
sought to directly relate the choice of our BGC clustering threshold to the clustering
of their compound structures. NPAtlas, a database of known microbial small
molecules, provides hierarchical clustering of the compound structures via Morgan
fingerprinting and Dice similarity scoring'. As many as 947 compounds in NPAtlas
are mapped to a known BGC in MIBIG repository?, giving us the opportunity to use
them as an anchor for choosing our clustering threshold. After mapping the
BiG-SLiCE groupings of known BGCs from the MIBiIG to the compound clusters in
NPAtlas (Supplementary Figure 2), we chose a threshold of 0.4, as it provided the
most congruent agreements between the two groupings, with v-score=0.94 (out of
1.00) and AGCF=-17.

Table 1. Input datasets and biosynthetic diversity with different BiG-SLiCE cut-offs. The
“Complete Dataset” was used for the computation of the actual and potential biosynthetic diversity
found in all cultured (and some uncultured) bacteria. The dataset “RefSeq bacteria with known
species taxonomy” was used for pinpointing the emergence of biosynthetic diversity, for which
accurate taxonomic information was needed, and for identifying groups of promising producers. The
“T”s under Gene Cluster Families represent different BiG-SLiCE I2-normalized euclidean thresholds;
the values under T=0.4 stand out due to it being considered the most suitable cut-off. BGC to GCF
assignment for each threshold can be found in Supplementary Tables 2-5. *MAG sources: bovine
rumen'®, chicken caecum™, human gut'’, ocean, uncultivated bacteria'®, various sources®.

Gene Cluster Families

Dataset Genomes BGCs
T=04 T=05 T=06 T=07
All RefSeq bacteria 170,549 1,060,592 51,052 37,785 28,057 19,152
Complete Dataset Bacterial MAGs* 47,098 125,403 21,354 - - -
Total 217,647 1,185,995 62,449 - - -
Complete Genomes 16,004 94,904 16,984 13,546 10,399 7,151

RefSeq bacteria
with known Draft Genomes 147,265 913,642 37,123 27,748 20,638 14,016

species taxonomy
Total 163,269 1,008,546 41,870 31,237 23,227 15,766
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Figure 1. Biosynthetic diversity of the sequenced bacterial kingdom. Panel a: Bar plots of Gene
Cluster Families (GCFs, as defined by BiG-SLiCE) of nine most biosynthetically diverse genera using different
thresholds (T). The absolute number of GCFs changes from threshold to threshold, but the general tendencies
(highest to lowest GCF count) are consistent between them. Panel b: Rarefaction curves of all RefSeq bacteria
based on BiG-SLIiCE (red) and based on clust-o-matic (orange), and rarefaction curve of the Complete Dataset,
which includes bacterial MAGs (blue), based on BiG-SLiCE. BiG-SLiCE GCFs were calculated with T=0.4.
Clust-o-matic GCFs were calculated with T=0.5. The solid lines represent interpolated and actual data, while the
dotted lines represent extrapolated data. The number of chemical classes documented in NPAtlas™, which come
from bacterial producers (gray dotted line - 2,487), corresponds to 2.5% - 3.3% of the predicted potential of the
bacterial kingdom (number of GCFs at 1.6 million genomes). The Y values (number of extrapolated GCFs) at the
right end of the graph are 97,760.12 (blue), 81,748.32 (red) and 72,411.11 (orange). Panel c¢: Venn Diagram of
GCFs (as defined by BiG-SLIiCE, T=0.4) of the bacterial RefSeq, Minimum Information about a Biosynthetic Gene
cluster (MIBiG?) and bacterial MAGs datasets. More information on the MiBIG dataset can be found in
Supplementary Table 6. About 53,4% of the GCFs of MAGs are unique (blue shape) to this dataset.

This calibration of thresholds of GCFs to families of chemical structures allowed us
to perform a rarefaction analysis to assess how genomically encoded biochemical
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diversity (expressed as the number of distinct GCFs) increases with the number of
sequenced and screened genomes (Figure 1b). The curve appears far from
saturated, while the slope is steeper still if the bacterial MAGs are included in the
analysis. When compared to the number of chemical classes documented in the
NPAtlas" database (Figure 1b), it appears that, to date, only about 3% of the
kingdom’s biosynthetic diversity has been experimentally accessed.

In an attempt to evaluate the potential contribution of metagenomic data to Natural
Product (NP) discovery, we studied how many of the GCFs found in the MAGs
datasets were unique to this dataset (Figure 1c). Around 53,4% of GCFs in the
MAGs were not found in the RefSeq strains or in the Minimum Information about a
Biosynthetic Gene cluster database (MIBiG®). Paradoxically, in Figure 1b, the
contribution of MAGs does not reflect this finding, but this is most likely because the
metagenomic dataset is of limited size and does not cover the full microbial diversity
of the biosphere. An analysis of the uniqueness of GCFs found in different
environments, although only limited to one® of the MAGs datasets, suggests that a
connection exists between the biogeography of microbiomes and the uniqueness of
their biosynthetic diversity, as the majority of GCFs (74.43 %) are biome-specific
(Extended Data Figure 2, Supplementary Table 7).The latter finding is concordant
with recent proof that most genes have a strong biogeography signal®*.

To identify the most promising bacterial producers, it is important to compare them at
a specific taxonomic level. Several studies indicate that there is significant
discontinuity in how BGCs are distributed across taxonomy: ‘lower’ taxonomic ranks
like species within a genus carry more similar biosynthetic diversity, than ‘higher’
taxonomic ranks like phyla within a kingdom. To assess which taxonomic rank is the
most appropriate to evaluate biosynthetic potential, we aimed to determine up to
which taxonomic level the biosynthetic diversity remains homogeneous within that
taxon. For this analysis, from our initial dataset, we left out the MAGs and only used
the RefSeq bacterial strains as taxonomic assignment up to species rank (based on
GTDB™) was available only for the latter dataset(Table 1).

We first decorated the GTDB'* bacterial tree with GCF values from the BiG-SLiCE
analysis (Figure 2a), revealing the biosynthetic diversity found within currently
sequenced genomes at the phylum rank. It immediately stood out that biosynthetic
diversity was differently dispersed among the bacterial phyla, in accordance with
published data’?°. As expected for known NP producers, the phyla Proteobacteria
and Actinobacteria appeared particularly diverse®?2’. However, these phyla are
amongst the most studied and therefore the most sequenced®?27, a bias that was
addressed later in the study.

Next, we examined whether the diversity of each phylum contributed to the domain’s
total diversity, or if there was overlap among them. For this reason, we depicted the
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number of unique GCFs within each phylum, as well as the pairwise overlaps (Figure
2b). In most phyla, the vast majority (on average 73.81 + 20.35%) of their GCFs
appeared to be unique to them and not found anywhere else. This is coherent with
the fact that HGT events, although relatively frequent for BGCs?, are much more
common among closely related taxa®.
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Figure 2. Comparison of biosynthetic diversity among phyla. Panel a: The Genome Taxonomy
DataBase (GTDB') bacterial tree was visualized with iTOL*® v6.5.2, decorated with Gene Cluster
Families (GCFs) values (as defined by BiG-SLIiCE at T=0.4), collapsed at the phylum rank and
accompanied by bar plot of GCFs in logarithmic scale (10° to 10%). The number of genomes belonging
to each phylum is displayed next to the tree’s leaf nodes. Panel b: GCFs, as defined by BiG-SLiCE
(T=0.4), unique to phyla (solid shapes) and with pairwise overlaps between phyla (ribbons), visualized
with circlize®'. Each phylum has a distinct color. Actinobacteriota (2) and Proteobacteria (40) seem
particularly rich in unique GCFs.

Once we obtained information on the diversity of different phyla, as well as the rest
of the major taxonomic ranks (classes, orders, families, genera, species), we
proceeded to determine from which taxonomic rank biosynthetic diversity levels no
longer show high variability. Therefore, we conducted a variance analysis that
included each taxonomic rank, from phylum to species. For each rank, the variance
value was computed based on the #GCFs values of immediately lower-ranked taxa
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(see Methods: Variance Analysis). The distribution of these variance values for each
rank is visualized in Figure 3a.
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Figure 3. Relations of taxonomic levels to variability in biosynthetic diversity. Panel a: Modified
“raincloud plots™? of major taxonomic ranks (X axis in logarithmic scale). Each boxplot represents the
dispersion of variance values of a certain taxonomic rank, computed from the number of Gene Cluster
Families (GCFs as defined by BiG-SLICE at T=0.4) of the immediately lower rank. The boxplots’
center line represents the median value; the box limits represent the upper and lower quartiles.
Whiskers represent a 1.5x interquartile range. Points outside of the whiskers are outliers. Sample
sizes are: Phyla n=21, Classes n=33, Orders n=89, Families n=224, Genera n=1,607, Species
n=13,065. Jittered raw data points are plotted under the boxplots for better visualization of the values’
distribution. The red line connects the mean variance values of each rank. There is a noticeable drop
in dispersion of variance values from the family rank to the genus rank (see also Supplementary
Figure 3), indicating that the genera are suitable taxonomic groups to be characterised as diverse and
be compared to each other. Panel b: Biosynthetic diversity of various taxa, measured in absolute
numbers of distinct GCFs as defined by BiG-SLiCE (T=0.4) from currently sequenced genomes. Top
50 most diverse orders (1), Streptomycetales families (2), Streptomycetaceae genera (3), top 50 most
diverse Streptomyces species (4). The difference in variance is visible in the graphs 1,2,3, but
becomes homogeneous at the species level as is shown in graph 4.

There is a noticeable drop in the range of variance values for each rank, while
diversity becomes highly homogeneous at the species level (Figures 3a,b). The
plunge is most striking from the family to the genus level (Figure 3a), with even the
outliers all falling under the 103- line in the genus rank. Different species within a
genus are likely to display uniform biosynthetic diversity, while much dissimilarity is
observed between different genera belonging to the same family (Figure 3b).
Additional statistical analysis confirmed the significance of this observation
(Supplementary Figure 3) thus pinpointing, for the first time, the genus rank as the
most appropriate for comparative analyses.

59



The identification of the genus level as the most informative rank to measure
biosynthetic diversity across taxonomy paved the way for a comprehensive
comparative analysis of biosynthetic potential across the bacterial tree of life.
However, to be able to systematically compare diversity values among groups, said
groups need to be uniform. In this case, a common phylogenetic metric was
necessary. We chose Relative Evolutionary Divergence (RED) and a specific
threshold that was based on the GTDB'’s range of RED values for the genus rank™ to
define REDgroups: groups of bacteria analogous to genera but characterized by
equal evolutionary distance (see Methods: Definition of REDgroups). Our
classification revealed the inequalities in within-taxon phylogenetic similarities among
the genera, with some being divided into multiple REDgroups (for example the
Streptomyces genus was split into 21 REDgroups: Streptomyces RGH1,
Streptomyces_RG2 etc.) and some being joined together with other genera to form
mixed REDgroups (for example Burkholderiaceae_mixed_RG1 includes the genera
Paraburkholderia, Paraburkholderia_A, Paraburkholderia_B, Burkholderia,
Paraburkholderia_E and Caballeronia). This disparity among the genera reaffirmed
the importance of defining the REDgroups as a technique that allowed for fair
comparisons among bacterial producers.

The resulting 3,779 REDgroups showed huge differences in biosynthetic diversity as
measured by the numbers of GCFs found in genomes sequenced from these groups
so far, with the maximum diversity at 3,339 GCFs, average at 17 GCFs and
minimum at 1 GCF. Nevertheless, the variance of diversity within the REDgroups
was even more uniform than in the genera (Supplementary Figure 4). Some of the
top groups (Supplementary Table 8) included known rich NP producers, such as
Streptomyces, Pseudomonas_E and Nocardia? 26273,
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Figure 4. Overview of actual and potential biosynthetic diversity of bacterial kingdom,
compared at REDgroup level. Panel a: GTDB™ bacterial tree up to REDgroup level, visualized with iTOL*
v6.5.2, colour coded by phylum, decorated with barplots of actual (orange) and potential (purple) Gene Cluster
Families (GCFs), as defined by BiG-SLICE (T=0.4). Top REDgroups with most potential GCFs include the
following: A: Streptomyces_RG1, B: Streptomyces RG2, C: Amycolatopsis_RG1, D: Kutzneria, E:
Pseudomonas_E. Phyla known to be enriched in NP producers are immediately visible (Actinobacteriota,
Protobacteriota), with the most promising groups coming from the Actinobacteriota phylum (the highest peak
belongs to a REDgroup containing Streptomyces strains). Simultaneously, within the underexplored phyla, there
seems to be significant biosynthetic diversity and potential. An interactive version of Figure 4a can be accessed
online (Extended Data Figure 3). Panel b: Rarefaction curves of REDgroups (BiG-SLICE T=0.4). In panels b, ¢
and d the solid lines represent interpolated and actual data, while the dotted lines represent extrapolated data.
The letters “L”, “M” and “H” correspond to Low- (0-389 pGCFs), Medium- (390-649 pGCFs) and High-diversity
(more than 650 pGCFs) producers. The “L” range includes 3,737 REDgroups (shades of green), the “M” range
includes 22 (shades of yellow/orange), while the “H” range includes 20 REDgroups (shades of red). The vast
majority of REDgroups belong to the low-diversity producers (the mean of all REDgroups’ pGCFs is 29). The
labels of most promising REDgroups are indicated (the letters a-e correspond to the peaks in panel a).
Streptomyces strains are included in several of them. Panel c: Rarefaction curves of the most promising
REDgroups (BiG-SLiCE T=0.4). Panel d: Rarefaction curves of the most promising REDgroups (clust-o-matic
T=0.5). Though the exact numbers differ, the similarities between the two methods are apparent.
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Although very informative, this analysis is biased because of large differences in the
number of sequenced strains among the groups, with the economically or medically
important strains having been sequenced more systematically than others. To
overcome this bias, rarefaction analyses were conducted for each REDgroup (Figure
4b, Supplementary Table 8), as performed in previous studies®'?*2. Additionally, to
examine how effectively this method overcomes the sequencing bias, a random
sampling approach was taken (see Methods: Random sampling), which showed
comparable results to the original analysis (Supplementary Table 9). With all the
information on REDgroups, and in order to provide a global overview of the actual
biosynthetic diversity and the potential number of GCFs, we modified and
complemented the bacterial tree from Parks ef. al.’¥ as shown in Figure 4a
(Extended Data Figure 3). The dispersion of these values across the various phyla
can also be seen, with the exceptional outliers standing out: Streptomyces_RG1,
Streptomyces_RG2, Amycolatopsis RG1, Kutzneria, and Micromonospora. All these
are groups known for their NP producers®?6?’3® and they remain in the top
(Supplementary Table 8), seemingly having much unexplored biosynthetic potential.

To ensure that our conclusions are not the product of algorithmic artifacts, we reran
the analysis using an alternative method of quantifying biosynthetic diversity, which
was developed independently, yet for the same purpose. This alternative approach,
called clust-o-matic, is based on a sequence similarity all-versus-all distance matrix
of BGCs and subsequent agglomerative hierarchical clustering in order to form
GCFs (see Methods: Quantification of biosynthetic diversity with clust-o-matic). Like
for BiG-SLiCE, we calibrated the threshold for clust-o-matic based on NP Atlas
clusters. When comparing the results (Figure 4c,d, Supplementary Table 8), despite
slight differences in absolute numbers, the two algorithms appeared to identify very
similar trends.

Streptomyces, even when split into multiple REDgroups, is in the top groups both
based on the known biosynthetic diversity and based on the estimated potential
values. 5,908 (+103 Streptomyces_B, +39 Streptomyces_C, +16 Streptomyces D)
GCFs appear to be unique to the group, even among other phyla (Figure 5a). This is
in agreement with previous studies investigating how much overlap there is among
the main groups of producers®*. What is more, streptomycetes appear to be the
source of a good percentage of the biosynthetic diversity attributed to the
Actinobacteria phylum, as seen in Figure 5b.
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Figure 5. Unique diversity in the known producer Streptomyces and promising potential of
less popular taxa. Panel a: Unique Gene Cluster Families (GCFs) as defined by BiG-SLIiCE (T=0.4), of phyla
and Streptomyces (solid shapes) and pairwise overlaps of phyla - phyla and phyla - Streptomyces (ribbons),
visualized with circlize®'. Each taxon has a distinct color. The smaller shapes and ribbons represent smaller phyla
that can be seen in Extended Data Figure 4. The genus Streptomyces appears to have a very high amount of
unique GCFs comparable to entire phyla, such as Proteobacteria. Panel b: Unique GCFs as defined by
BiG-SLiCE (T=0.4), of non-streptomycete Actinobacteriota and all Streptomyces genera (solid shapes) and
pairwise overlaps between Actinobacteriota and Streptomyces (ribbons), visualized with circlize®'. The
Streptomyces genus, only one of many belonging to the Actinobacteriota phylum, appears to be responsible for a
big percentage of the phylum’s unique diversity (see big pink ribbon). Panel c: Left: Potential (pGCFs) and actual
(GCFs) number of Gene Cluster Families as defined by BiG-SLICE (T=0.4), of top 20 most promising
REDgroups. Right: number of Natural Products (NPs) found in the NPASS database™®, that originate from species
included in each REDgroup. The REDgroups with few (< 15) to no known NPs associated with them are marked
with red stars on the right side of the graph. Several of the displayed groups are in the latter category:
Amycolatopsis_RG1, Kutzneria, Xanthobacteraceae_mixed_RG1 (containing the genera Bradyrhizobium,
Rhodopseudomonas, Tardiphaga and Nitrobacter), Mycolicibacterium_RG1, Nonomuraea, Kitasatospora_RG1.

However, taxa less popular for NP discovery also show promise, as was evidenced
by a comparison of our results with data from the NPASS database of Natural
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Products®® (Figure 5c). Among the 20 overall most promising REDgroups we found
at least 6 groups that show promise but whose members are either not catalogued in
the database as NP sources or are connected to few (<15) known compounds:
Amycolatopsis_RG1, Kutzneria, Xanthobacteriaceae_mixed_RG1,
Mycolicibacterium_RG1, Nonomuraea, Kitasatospora_RG1. The
Amycolatopsis RG1 group only includes three rare species: Amycolatopsis
antarctica, marina and nigrescens. Other promising REDgroups with very few known
producers include Cupriavidus (from Proteobacteria phylum),
Weeksellaceae_mixed RG1 (from Bacteroidota phylum) and Pleurocapsa (from
Cyanobacteria phylum). More information about the promising underexplored taxa
can be found in Supplementary Table 8.

Discussion

Using two different algorithms, we mined deposited bacterial sequencing data to
identify Biosynthetic Gene Clusters (BGCs) and grouped them into gene cluster
families (GCFs) according to chemical families of encoded compounds. We identified
maximal emergence of the highest biosynthetic diversity close to the genus rank and
chose to further investigate analogous taxonomic groups (REDgroups). Rarefaction
analysis identified the highest biosynthetic potential and the most promising bacterial
taxa among many known diverse groups as well as multiple promising understudied
producers. To the best of our knowledge, this is the largest survey of secondary
metabolite production to date, and our study provides a reproducible pipeline to
underpin drug discovery efforts.

The biosynthetic capacity of the bacterial kingdom was previously assessed by
Cimermancic et. al.”, but the dataset analysed was 33,000 BGCs compared with the
1,185,995 BGCs we analysed. Additionally they used ClusterFinder, which is known
as a more exploratory identification tool”*®. Projects that exploit publicly available
genomic data are reliant on the quality of genomes sequenced as well as the
efficiency of available genome mining methods, which have some limitations®’. For
instance, the study of GCF uniqueness among taxa may be affected by antiSMASH’s
imperfect BGC boundary prediction'. Even though BiG-SLiCE converts BGCs into
features based only on domains related to biosynthesis?', genomic context unrelated
to the biosynthetic pathway of a BGC could still have a role in the GCF assignment;
this issue cannot be fully addressed with currently available tools. However,
antiSMASH's ability to discern cluster limits and detect BGCs from cultured strains
and MAGs is comparable to alternative tools, while its ability to predict different BGC
types is unparalleled®, as is apparent from its common use in Natural Product (NP)
research’:92°30.3239 \What is more, the fact that it is rule-based'? implies the possibility
of undetected types of clusters and increases the likelihood that our calculations
have underestimated the true biosynthetic potential of bacterial organisms.

Furthermore, our pipeline was the first to use the GTDB'™ taxonomy for studying
global bacterial biosynthetic diversity. This enabled us to avoid misclassifications of
NCBI taxonomic placement***3. The use of rarefaction curves allowed us to infer the

64


https://paperpile.com/c/GQSuoR/k6LgT

biosynthetic potential of bacterial groups, as done in some smaller-scaled
projects’®3'%2 This method aims to enable fair comparisons among incomplete
samples*. However, while overestimation is not expected to happen, for those
groups that contain very few genomes, there is a tendency to underestimate their
potential capacity**. Hence, sequencing bias of popular taxa still affects our results.
We tried to minimize the bias within the pipeline as much as possible while retaining
high diversity of bacterial taxa; therefore, we decided not to exclude REDgroups with
very few members from the dataset. We also ran an additional random sampling
analysis using the most populated REDgroups and confirmed the reproducibility of
our results. Nonetheless, the remaining bias will only be eliminated with the inclusion
of increased biodiversity in sequencing projects’”%°.

Our analysis identified a plethora of unexplored taxonomic groups with substantial
biosynthetic potential®'®4*7 At the same time, it revealed that undiscovered
biosynthetic diversity present in well-characterized NP producers. For example,
multiple Proteobacteria taxa were identified among the top producers:
Pseudomonas, Pseudoalteromonas, Paracoccus, Serratia among others. This is in
accordance with the known biosynthetic potential of the Proteobacteria phylum®.
Furthermore, we identified taxa that are less well represented in sequence
databases as being potentially useful sources of secondary metabolites, including
myxobacterial genera Cystobacter, Melittangium, Archangium, Vitiosangium,
Sorangium and Myxococcus®3**, and Chryseobacterium and Chryseobacterium_A*
from the Bacteroidota phylum. However, the most diverse groups of metabolites are
predicted to be produced by actinobacterial strains of well-known and well-studied
NP producers such as Actinoplanes, Amycolatopsis, Micromonospora,
Mycobacterium, Nocardia and Streptomyces®2%273¢ These bacteria produce most of
the natural product antibiotics?®® and our analysis confirms that recent analyses of
biosynthetic novelty in the genomes of rare actinobacteria suggest that there is still
much more natural product diversity to be discovered in this group as more
diversified strains get sequenced®%:27-%,

Streptomyces is a genus of the Actinobacteria phylum that contains some of the
most complex bacteria that we know of, though by far not the most sequenced in our
dataset (Supplementary Figure 5). These bacteria have been known as NP
producers for a long time**, as single strains containing a high number of BGCs have
been discovered, taking up to 10% of their genome®'. However, members of other
genera contain comparable absolute numbers of BGCs. This is the first time that a
systematic comparison of the diversity of the encoded compounds within bacterial
genera has been conducted, revealing how diverse Streptomyces are compared to
all others®. The factors that cause this taxonomic group to stand out are not
completely clear but probably related to their sophisticated lifestyle. Many
observations suggest that NP biosynthesis drives speciation within the Streptomyces
genus®. The exploration of factors that led to the rise of biosynthetic diversity in
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Streptomyces to such an impressive degree will be the subject of further
investigations in the future.

Having the genomic capacity for the biosynthesis of secondary metabolites does not
always herald the discovery of a novel chemistry®?%®, Sometimes, the bacterium in
question cannot be grown or BGCs are not expressed in laboratory
conditions?4°47:5253  This issue is related to the complexity of BGCs; we have only
just scratched the surface of their intricate regulation and connection to primary
metabolism®%>%2%* However, efforts to decode biosynthetic mechanisms for the
activation of silent clusters need to be tailored to specific producer groups®2”-*3, such
as groups phylogenetically related to promising producers, e.g. members of the
Pseudonocardiaceae family (REDgroups Amycolatopsis RG1 & Kutzneria in Figure
4, these and more REDgroups in Supplementary Table 8), partly on the grounds that
each phylum has unique diversity (Figure 2b).

Original approaches to the prioritization issue of NP research continue to emerge,
fuelled by the advances in metagenomics and computational tools that enable the
use of the biosynthetic potential of unculturable bacteria from environmental
samples®®. Furthermore, apart from the few metagenomic projects whose MAGs we
incorporated in the first part of our analysis, there are multiple such projects publicly
available, some of which have been the focus of NP studies®. Although the
reconstruction of genomes from metagenomes remains a challenge® and the
assembly will often miss BGCs®®, which has indirectly prevented their comparison to
the cultured bacteria in the current project, metagenomics is proving a promising
source of information on NPs and their producers’344%%5 gas made apparent in the
present investigation. We expect the effect of this field on NP research to become
more evident in the following years.

The collection of microbial data from a large variety of habitats points to another
interesting aspect, namely the relation between the biome of origin of the producers
and the uniqueness of their biosynthetic diversity. Although this connection has been
investigated to some extent?*2°323347 drawing more definitive conclusions will require
the use of a wider-scale dataset and the availability of more detailed and
standardized metadata of producers’ genomes.

Our analysis provides a global overview of diverse known and promising
understudied NP-producing taxa. We expect this to greatly help overcome one of the
main bottlenecks of Natural Product discovery: the prioritization of producers for
research®.

Online Methods
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We obtained 170,585 complete and draft bacterial genomes (Table 1) from RefSeq"
on 27 March 2020. Furthermore, a dataset of 47,098 MAGs was included in the first
part of the analysis (see Results: Biosynthetic diversity of the bacterial kingdom). For
the rest of the study, we used only 161,290 RefSeq bacterial genomes whose
taxonomic classification up to the species level was known (Table 1). All genomes
were analyzed with antiSMASH (version 5)", which identified their BGCs
(Supplementary Table 1). The entirety of the MIBiG* database (accessed on 27
March 2020) was included in parts of our analysis (their IDs can be found in
Supplementary Table 6).

Due to multiple indications regarding a lack of accuracy of NCBI's taxonomic
classification of bacterial genomes***® we chose to use the Genome Taxonomy
Database (GTDB™) instead. The bacterial tree of 120 concatenated proteins (GTDB
release 89), as well as the classifications of organisms up to the species level, were
included in the analysis.

For a bacterium to be regarded as biosynthetically diverse, we considered not the
number of BGCs important, but rather how different these BGCs are to each other. In
order to quantify this diversity, we analyzed all BGCs with the new BiG-SLIiCE tool?",
which groups similar clusters into Gene Cluster Families (GCFs). However, the first
version of this tool has an inherent bias towards multi-protein families BGCs,
producing uneven coverage between BGCs of different classes (i.e., due to their lack
of biosynthetic domain diversity, all lanthipeptide BGCs may be grouped together
using the Euclidean threshold of T=900, which in contrast is ideal for clustering
Type-l Polyketide BGCs). To alleviate this issue and provide a fair measurement of
biosynthetic diversity between the taxa, we modified the original distance
measurement by normalizing the BGC features under L*2-norm, which will produce
a cosine-like distance when processed by the Euclidean-based BIRCH algorithm.
This usage of cosine-like distance will virtually balance the measured distance
between BGCs with “high” and “low” feature counts (Supplementary Figure 6a), in
the end providing an improved clustering performance when measured using the
reference data of manually-curated MIBIiG GCFs (Supplementary Figure 6b).

The GTDB™ (release 89) bacterial tree was pruned so that it included only the
organisms that are part of our dataset. Then, having both the taxonomic
classification of all bacteria, as well as how many GCFs their BGCs group into, the
pruned GTDB tree was decorated with #GCFs values at each node. This allowed for
the evaluation of the biosynthetic diversity of any clade, including the main
taxonomic ranks. To pick a single threshold for subsequent taxonomy richness
analysis, we compared BiG-SLICE results on 947 MIBIiG BGCs versus the
compound-based clustering provided by the NPAtlas database' (Supplementary
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Figure 2). A final threshold of T=0.4 was chosen based on its similarity to NPAtlas’s
compound clusters (V-score=0.9X, GCF counts difference=+XX).

We aimed to repeat and evaluate the reproducibility of the BGC-to-GCF
quantification step of BiG-SLICE with an alternative, independently derived
algorithm. For that instead of grouping BGCs into GCFs based on biosynthetic
domain diversity, we developed an algorithm that considers full core biosynthetic
genes. Biosynthetic gene clusters that were detected in the input data by antiSMASH
5.1 were parsed to deliver core biosynthetic protein sequences. Those protein
sequences were subjected to all-against-all multi-gene sequence similarity search
with DIAMOND®® 2.0 using default settings. Only one best hit per query core gene
per BGC was allowed divided by a total core protein length, resulting in the final
pairwise BGC score always being within range of 0 to 1. Pairwise BGC similarity
scores were used to build a distance matrix that was later subjected to
agglomerative hierarchical clustering in python programming language (package
scipy.cluster.hierarchy). The same process as described in the paragraph above (for
BiG-SLICE in that case) was performed for identification of the most suitable
threshold for the clust-o-matic algorithm. The determined optimal threshold of 0.5
was then used to generate GCFs, which were then fed into the next steps in parallel
to the original set of GCFs obtained from BiG-SLIiCE.

One? of the MAGs datasets was accompanied by sufficient metadata that allowed
for a study of a potential connection between biosynthetic diversity patterns and the
biomes of origin of the corresponding MAGs. The GCFs for each ecosystem type
were collected by combining information from Supplementary Tables 1, 2 of this
project and from the Nayfach paper?®® Supplementary Information. This led to the
creation of Supplementary Table 7. Then, the largest occurring intersections were
computed and visualised in Extended Data Figure 2 using the UpSet® visualisation
technique.

In order to pinpoint the emergence of biosynthetic diversity, the within-taxon
homogeneity was compared among the main taxonomic ranks. For each rank, the
variance value was computed (with NumPy®') based on the #GCFs values of
immediately lower-ranked taxa, as long as there were at least two such taxa. For
example, a phylum that includes only one class in our dataset was omitted from this
computation. But a phylum with two or more classes would be assigned a variance
value computed from its classes’ #GCFs values. The distribution of these variance
values was plotted for each rank in Figure 3a. We noticed a significant reduction in
variance from the family to the genus rank, which was confirmed with an additional
statistical test (Supplementary Figure 3, Supplementary Methods). A similar variance
analysis was performed to compare genera and REDgroups (Supplementary Figure
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4) but in this case variance was calculated based on the strains’ biosynthetic
diversity.

To study the biosynthetic diversity of genera, we attempted to achieve uniform taxa.
The creators of GTDB used Relative Evolutionary Divergence (RED) for taxonomic
rank normalization'™; it is a metric that relies heavily on the branch length of a
phylogenetic tree and is consequently dependent on the rooting. The GTDB
developers provided us with a bacterial tree decorated with the average RED values
of all plausible rootings at each node. Since GTDB accepts a range of RED values
for each taxonomic rank placement', we chose the median of GTDB genus RED
values, namely 0.934, as a cutoff threshold. Any clade in the GTDB bacterial tree
with an assigned RED value higher than the threshold was considered one group
(Supplementary Figure 7) that we named "REDgroup". For REDgroup naming
conventions, see Supplementary Figure 7.

The extrapolation of potential #GCFs values was achieved by conducting rarefaction
analyses, by use of the INEXT R package®. A GCF presence/absence table
(GCF-by-strain matrix) was constructed for each group considered and was then
used as "incidence-raw" data in the INEXT main function, where 500 points were
inter- or extrapolated with an endpoint of 5000 for the REDgroups, and of 1.6 million
(about 8 times the number of strains in the Complete Dataset) in each group for the
RefSeq analyses (where 2000 points were inter- or extrapolated). By default, the
number of bootstrap replications is 50.

In order to test whether the above methods (creation of REDgroups and the
subsequent rarefaction analyses) overcome the inherent sequencing bias in our
dataset, a random sampling technique was used. A reduced dataset was tested that
included only those REDgroups containing at least 20 members. For each
REDgroup, a sample of 20 genomes was randomly chosen (using the Python
‘random” module), while preserving the species diversity of the group. The latter was
achieved by ensuring that genomes belonging to as many species as possible are
included in each sample; if all species of a REDgroup were included but the
genomes were fewer than 20, the remaining “spots” were distributed evenly among a
random sample of the REDgroup’s species. One hundred iterations of this process
were calculated for all REDgroups in this reduced dataset and rarefaction analyses
were conducted for the random samples in each iteration. Finally, the average
potential GCFs (pGCFs) value for each REDgroup from all iterations was calculated
and reported in Supplementary Table 9.
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We investigated the genera included in the most promising REDgroups, to find out
whether they include species that are producers of known compounds. Hence, the
species names were cross-referenced with the species named as producers in the
NPASS depository* (accessed on 15 October 2020), taking care to match the
GTDB-given names to the NCBI-given names that the database uses.

Data availability

The datasets generated and analyzed during the current study are available in the
following zenodo repository: https://doi.org/10.5281/zen0do0.6365726.

Code availability
The clust-o-matic code is available here: https://github.com/Helmholtz-HIPS

The modified BiG-SLiCE script (that accepts as input a regular BiG-SLiCE output
folder, then outputs the GCF membership in a tsv file) is available both in our zenodo
repository (file name: perform_I2norm_clustering.py) and under the following link:
https://github.com/medema-group/bigslice/blob/master/misc/useful_scripts/perform_|
2norm_clustering.py
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Abstract

The realm of natural product (NP) research is continually expanding, with diverse
applications in both medicine and industry. In this interdisciplinary field, scientists
come together to investigate various aspects, ranging from comprehending the mode
of action of compounds to unravelling biosynthetic pathways, studying evolutionary
aspects, and attempting to heterologously express the enzymes involved.
Collaboration is pivotal to grasp the intricacies of biosynthesis, but it is challenging
considering that all parties involved come from very different backgrounds (such as
microbiology, synthetic chemistry, biochemistry, and bioinformatics) and may not
employ the same terminology. Thankfully, contemporary technologies, like videos,
provide novel avenues for effective engagement. Recognizing that visual stimuli can
be much more effective in explaining a complex process than written words, we
envision a future where animations become a common tool of communication in
interdisciplinary realms, accompanying perspectives or reviews. As a demonstration,
here we employed animation to elucidate the biosynthesis of a known glycopeptide
antibiotic, vancomycin, providing an example of how such approaches can enhance
understanding.

Introduction

Glycopeptide antibiotics (GPA) (Type I-IV?) are an important group of antibiotics, with the
first member - vancomycin - discovered in 1953. Since then, 27 natural GPAs have been
identified, complemented by the synthesis of numerous semi-synthetic derivatives, some of
which are currently used in the clinic for the treatment of infections with multi-resistant
Gram-positive bacterial pathogens 2. Over the years, extensive studies have been carried
out on the biosynthesis (in vivo and in vitro) and mechanism of action of GPAs '*'° The
nomenclature “glycopeptide antibiotic” succinctly summarises their structural characteristics:
a peptidic backbone typically consisting of seven amino acids, decorated by one or more
sugar moieties. Beyond this, GPAs are crosslinked through their aromatic amino acid
residues, a feature that confers rigidity to the core structure and represents a distinctive
hallmark of this class of natural products that is essential for their bioactivity. The peptide
backbone is further modified by the addition of halogen atoms, sulphate moieties, sugar
residues and methyl groups "2,

GPA classification

To date, GPAs have been classified into five types (I-V) primarily based on their
structural attributes (Figure 1). Type | GPAs are characterised by a backbone
comprising two aliphatic amino acids at positions 1 and 3 (Leu and Asn) of the
peptide, and five non-proteinogenic aromatic amino acids (B-hydroxytyrosine (Bht);
4-hydroxyphenylglycine (Hpg) and 3,5-dihydroxyphenylglycine (Dpg)), which are
linked through three phenolic/biaryl crosslinks . Type Il GPAs diverge by
substituting aliphatic residues at positions 1 and 3 with aromatic amino acids,
encompassing non-proteinogenic (Hpg) and proteinogenic (phenylalanine)
constituents. However, these aromatic amino acids are not linked together .
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Figure 1: Structural characteristics of the GPA types. The most important features for the
classification of GPAs are listed and accompanied by examples of structures. The most significant
characteristics for each type are coloured. The aromatic rings of the AAs are labelled A-G based on
prior publications . Abbreviations: Tyr, tyrosine; Leu, leucine; Asn, asparagine; Bht,
p-hydroxytyrosine;  Hpg, 4-hydroxyphenylglycine; Dpg, 3,5-dihydroxyphenylglycine;  Phe,
phenylalanine, Trp, tryptophane. The SMILES of the structures can be found in Supplementary Table
1.

In contrast to those of type Il GPAs, the aromatic amino acids
(Hpg'-Bht*-Dpg®-Hpg*-Hpg®-Bht®-Dpg’) of type Il GPAs are all crosslinked.
Consequently, type Ill GPAs possess an additional crosslink compared to type I/
GPAs (4 vs 3) "'. Type IV GPAs maintain an identical core peptide sequence to type
Il GPAs, distinguishing themselves by the inclusion of an acyl group attached to one
of the pendant sugar residues. Notwithstanding these structural disparities, type I-IV
GPAs share a common mechanism of antibiotic action involving the sequestration of
bacterial cell wall precursors (lipid Il). Thereby, type I-IV GPAs impede correct
formation of the cell wall. In contrast, type V GPAs constitute an outlier group with
respect to both the structure and mode of action 2. Structurally, they exhibit
substantial variations, particularly the absence of glycosylation', and diverse peptide
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sequences. Nonetheless, type V GPAs do exhibit certain similarities to other GPAs,
particularly in the crosslinking patterns between the aromatic residues.

GPA biosynthesis

Due to their clinical importance and the need to produce glycopeptide antibiotics
(GPAs) by in vivo fermentation, their biosynthesis has been extensively studied ">,
Understanding GPA biosynthesis is especially important if new derivatives of these
compounds are to be produced on a large scale, given the limitations of current
chemical syntheses for these complex molecules '*™'5, To this end and to
ameliorate the communication between scientists of different backgrounds who are
interested in GPAs, the authors have created an animated video which demonstrates
each step in the biosynthesis of vancomycin, a type | GPA (Supplementary Data 1),
which is also further explained in this manuscript.

Most of the biosynthetic genes required for the production of GPAs are localised in
the bacterial genome within so-called biosynthetic gene clusters (BGCs), which can
also include genes for export, regulation, and self-resistance. In principle, the
biosynthesis of GPAs can be divided into three main steps: the synthesis of
non-proteinogenic amino acids (1), the formation of the peptide backbone by the
action of non-ribosomal peptide synthetases (NRPS), which are large multi-modular
enzymes that assemble peptides without the involvement of the ribosome by the
stepwise incorporation of individual amino acids (2), and the modification of the
peptide backbone (3).

(1) Biosynthesis of the non-proteinogenic amino acids

All established examples of GPAs contain non-proteinogenic amino acids,
predominantly derivatives of phenylglycine ™ (Figure 2). These non-proteinogenic
amino acids are primarily generated by dedicated biosynthetic pathways that are
typically encoded as subclusters within the GPA BGCs. The precursors essential for
the  biosynthesis of the non-proteinogenic amino acids, notably
hydroxyphenylpyruvate (4-HPP) and tyrosine, derive from the shikimate pathway.
Given the tightly regulated nature of the shikimate metabolism, bacteria have
evolved alternative mechanisms to circumvent this regulatory control and ensure the
supply of precursors for secondary metabolite production. The producers of GPAs,
for example, have acquired a second copy of the key enzymes of the shikimate
pathway, Dahp and Pdh, which are also located within the GPA BGCs'®".

Hpg is synthesised from 4-HPP by the action of a 4-hydroxymandelate oxidase
(HmO) and a 4-hydroxymandelate synthase (HmaS). The amino group of Hpg is
derived from tyrosine, which is transferred by the aminotransferase HptT/Pgat 82,

Dpg is synthesised through a multistep biosynthetic process from acetyl-coA. This
pathway involves orchestrated enzymatic activities of DpgA, DpgB, DpgC, and
DpgD, which represent a type lll polyketide synthase as well as modifying enzymes
responsible for the generation 3,5-dihydroxyphenylglyoxylate. The ultimate
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transformation entails a transamination reaction, which utilizes tyrosine as the
substrate and is catalyzed by PgT/Pgat '821-23,

Primary Metabolism Secondary Metabolism

HO.

Hpg
9 o]
HO)\ 20 " N =
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o HON i,
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Figure 2: Precursor supply of non-proteinogenic amino acids. On the left, molecules present as part
of the primary metabolism, including leucine (Leu) and asparagine (Asn), which are part of the
vancomycin backbone. The molecules in black participate in the chemical reactions (symbolised by
the big arrow) which lead to the synthesis of the non-proteinogenic amino acids hydroxyphenylglycine
(Hpg), dihydroxyphenylglycine (Dpg) and p-hydroxytyrosine (Bht), all parts of the vancomycin
backbone, which are shown on the right. On the bottom, the BGC encoding the biosynthesis of
vancomycin is shown, with the genes involved in the synthesis of each non-proteinogenic amino acid
coloured and labelled accordingly. This figure was created from screenshots of the animation
(Supplementary Data 1).

The biosynthesis of phenylglycine derivatives is common to all GPAs. However, the
production of Bht follows different pathways depending on the type of GPA. The first
mechanism involves hydroxylation of Tyr by a non-heme iron oxygenase subsequent
to its selection/activation by the nonribosomal peptide synthetase (NRPS)'. The
correct modification of Tyr is controlled by the atypical catalytic activities of a peptide
bond forming domain within the main enzyme complex?®. Conversely, the second
mechanism entails the biosynthesis of Bht prior to its incorporation into the main
assembly line**?*. In this scenario, an NRPS module activates Tyr 26, which
undergoes subsequent hydroxylation catalysed by a cytochrome P450
monooxygenase 2’. Bht is then cleaved from the minimal NRPS module by a specific
thioesterase %, resulting in free Bht for subsequent activation by the main NRPS.
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(2) The formation of the peptide backbone

Figure 3: Backbone assembly of vancomycin via non-ribosomal peptide synthetases (NRPS). On the
top, the vancomycin BGC is shown, with the genes encoding the NRPS enzymes coloured red. Under
it, a schematic represents the three NRPS joined with their docking domains (black arrows). Each
module is drawn separately and each functional domain within is labelled accordingly. The coloured
circles each represent an amino acid either waiting to be incorporated or already part of the growing
peptide. The structure of the heptapeptide as it is when released from the final module is shown
below, with the amino acids coloured the same as their representative circles. This figure was adapted
from the animation (Supplementary Data 1).

The synthesis of the peptide backbone of GPAs is catalysed by NRPSs 2'?" (Figure
3). Each NRPS module contains distinct catalytic domains that perform specific
functions. The adenylation (A) domains recognize and activate specific amino acids
priming them for subsequent incorporation into the growing peptide chain 2'?”. Upon
activation, the amino acid is covalently linked as a thioester to the thiol group of the
phosphopantetheine arm within an adjacent peptidyl carrier protein (PCP) domain.
This enables trans acting enzymes to further modify the PCP-bound amino acid, for
example, via halogenation ® and hydroxylation . The PCP domain then facilitates
the translocation of the amino acid to the acceptor pocket of the condensation (C)
domain #. C-domains, usually located at the N-terminus of a module, catalyse the
formation of amide bonds between two PCP-bound substrates %, by adding the
amine group of the downstream acceptor amino acid to the thioester linkage of the
upstream donor substrate 2?7, In addition, certain modules contain an epimerization
domain (E domain), which converts the L-configured amino acid residue of the
C-terminal fragment of the peptide to its D-form *°. In this way, the peptide chain is
progressively elongated until the final - for GPAs typically the seventh - module #'.
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(2.1) Oxidative crosslinks and aglycone release

S s
(APCP C A PCPE APC}}{ A PCPEYC A PCPE APC}{ A PCP X TE}
[ )
®-C
@
(

cyclization of aromatic ”’?

o
@-Ci
E 3 °
amino acid residues of /J\ .

non-proteogenic amino acids ‘ P450 Monooxygenases

Figure 4. Cyclization reactions during vancomycin biosynthesis. On the top, the vancomycin BGC is
shown, with the genes encoding the p450 monooxygenase enzymes coloured green. Under it, a
schematic represents the three NRPSs joined with their docking domains (black arrows). Each
module is drawn separately and each functional domain within is labelled accordingly. In the final
module, the X-domain is coloured blue and the final PCP-domain is connected to a heptapeptide. The
coloured circles each represent an amino acid with the same colour in the structure shown in the
middle. The crosslinked amino acids are connected by brackets in the PCP-connected visualisation
and highlighted in green in the structure visualisation. This figure was adapted from the animation
(Supplementary Data 1).

A key step in the assembly of GPAs by NRPSs is the recruitment of up to four
cross-linking enzymes to the final NRPS module. These enzymes, known as Oxy
enzymes, are members of the cytochrome P450 family and are responsible for
crosslink formation between the aromatic side chains within the peptide structure.
The recruitment of the Oxy enzymes to the peptide is facilitated by a unique domain
exclusively found in GPA biosynthesis, known as the X-domain. This domain, which
is structurally related to C-domains, uses a conserved interface to sequentially
recruit P450 enzymes to the NRPS-bound peptide via a shuffling mechanism 3'. The
terminal thioesterase (TE) domain catalyses the release of the fully cyclised peptide
products from the enzyme complex.
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(3) Modification of the peptide backbone

T ¢+
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Figure 5: Post-assembly modifications of vancomycin. On the top, the vancomycin BGC is shown,
with the genes encoding the glycosyltransferases and the methyltransferase coloured blue and yellow
accordingly. Under it, the three tailoring reactions are shown in order. The first glycosyltransferase
(light blue shape) attaches the first sugar moiety to the fourth amino acid in the backbone. Then, the
second glycosyltransferase (dark blue shape) attaches the second sugar moiety to the first sugar.
Additionally, a methyltransferase (yellow shape) adds a methyl group on the first amino acid in the
backbone. The colouring scheme of the backbone amino acids follows that of Figure 2. This figure
was adapted from the animation (Supplementary Data 1).

In addition to the cross-linked peptide backbone, type I-IV GPAs are characterised
by the incorporation of sugar moieties. The synthesis of these sugar components
requires various enzymes, such as epimerases, transaminases, dehydratases, and
methyltransferases, most of which are typically encoded in the GPA BGC *. Once
synthesized, the sugar moieties are linked to the cyclic peptide (aglycone) by specific
glycosyltransferases 2'. The abundance and diversity of these sugar moieties
significantly contribute to the structural heterogeneity found in GPAs *'.

Moreover, many GPAs exhibit optional modifications, including methylation 2",
sulfation of amino acid side chains 2% and the acylation of sugar moieties 2’
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(4) Export and mode of action
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Figure 6: Final structure and mode of action of vancomycin. Panel a: The final structure of
vancomycin after its biosynthesis has been completed. The colouring scheme follows that of Figure 2.
Panel b: visualisation of the mode of action of vancomycin. The green shapes represent the
compound molecules while the purple shapes represent the lipid || component of the bacterial cell wall
in the target cell. Wherever vancomycin has bound on the lipid Il, it blocks other vital enzymes from
catalysing cell wall reactions, leading to cell death. This figure was adapted from the animation
(Supplementary Data 1).

Upon completion of GPA biosynthesis (Figure 6a), the active compound is
transported out of the intracellular environment by a specific ATP-binding cassette
(ABC) transporter *. Type I-IV GPAs have lethal consequences on bacterial (Gram
positive) competitors of the producer strain by selectively binding to the
D-alanyl-D-alanine (D-Ala-D-Ala) terminus of lipid Il. Lipid Il is a fundamental
component of bacterial cell walls and plays a key role in the peptidoglycan
biosynthetic pathway *¢. By binding on lipid Il, vancomycin blocks vital enzymatic
reactions of the cell wall biosynthesis (Figure 6b), leading to bacterial cell death.
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Abstract

Antibiotics have been an essential part of modern medicine since their initial
discovery. The continuous search for new antibiotic candidates remains a necessity
given the increasing emergence of resistance to antimicrobial compounds among
pathogens. The glycopeptide antibiotics (GPAs) represent an important group of last
resort antibiotics which inhibit bacterial growth through non-covalent binding to the
cell wall precursor lipid Il. The so far reported GPAs exhibit an enormous diversity in
the biosynthetic gene clusters that encode their production, which is in turn reflected
in the variety of their structures. GPAs are typically composed of seven amino acids,
which are highly crosslinked and decorated with a variable collection of sugar
moieties as well as other modifications. Based on their structural characteristics, they
have been classified into four main types. More recently, atypical GPAs have been
identified that differ from type I-IV GPAs in both their structure and function, and have
consequently been classified as type V GPAs. Given these differences, we studied
the phylogeny of all gene sequences related to the biosynthesis of the GPAs, and
observed a clear evolutionary diversification between the lipid Il binding GPA classes
and the so-called type V GPAs. Here we suggest the adoption of a phylogeny-driven
reclassification and a separation of classical lipid Il binding GPAs from type V GPAs,
which we propose to identify instead as glycopeptide- related peptides (GRPs).

Introduction

Glycopeptide antibiotics (GPAs) constitute a crucial class of clinical antibiotics,
exemplified by the discovery of vancomycin in 1953. Since then, the identification of
27 natural GPAs and the synthesis of numerous semi-synthetic derivatives, some of
which are actively utilised in clinical settings, underscore their significance in
combating infections caused by multi-resistant Gram-positive bacterial pathogens [1]
[2]. Both the biosynthesis (in vivo and in vitro) and the mode of action of GPAs have
now been studied for decades [1], [2], [3], [4], [5], [6], [7], [8], [9].

The term GPA reflects their characteristic structure: a peptidic backbone typically
comprising seven amino acids, often glycosylated. Additionally, GPAs undergo
substantial crosslinking via the side chains of aromatic amino acid residues,
imparting structural rigidity to the core- an inherent characteristic crucial for their
bioactivity. Additional modifications include halogenation, sulfation, glycosylation,
and methylation of the peptide backbone (Table 1) [1], [10], [11].

Existing GPA classification

To date, GPAs have been categorised into five types (I-V) according to their
structural features (Figure 1) [1], [10], [11]. Type | GPAs feature a backbone
comprising two aliphatic amino acids (leucine and asparagine or alanine and
glutamic acid) at positions 1 and 3, respectively, along with five non-proteinogenic
aromatic amino acids (B-hydroxytyrosine (Bht), 4-hydroxyphenylglycine (Hpg), and
3,5-dihydroxyphenylglycine (Dpg)). These aromatic amino acids are linked via three
phenolic/biaryl crosslinks [10]. Type |l GPAs share a similar crosslinking pattern to
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the type | GPAs, although this class possesses aromatic amino acids, non
proteinogenic (Hpg) and proteinogenic (Phe) at positions 1 and 3 of the backbone
instead of aliphatic residues [10]. The backbone of type Il GPAs consists exclusively
of aromatic amino acids (e.g. Hpg'-Bht>~Dpg*~Hpg*-Hpg®-Bht®~Dpg’), all of which
are crosslinked, presenting an additional crosslink compared to type I/ll GPAs (4 vs
3) [10]. The backbone of the type IV GPAs is also made up entirely of aromatic
amino acids, but in addition they contain an acyl group attached to one of the
pendant sugar residues. Despite these differences in structure, type I-IV GPAs all
share a common mechanism of action, which involves the sequestration of bacterial
cell wall precursors (lipid Il), thus preventing correct cell wall formation. Still, their
structural characteristics do cause minor differences in target affinity, as is the case
of teicoplanin (type V), whose acyl chain on the sugar moiety hinders the dimer
formation observed in vancomycin, but instead interacts with the bacterial
membrane, bringing about a alternatively mediated binding of the compound to the
same target (D-alanyl-D-alanine, D-Ala-D-Ala, tail of lipid I1)[12].

Type V GPAs represent an outlier group compared to type I-IV GPAs, as they have
distinct characteristics. Unlike their counterparts, type V GPAs have variable peptide
backbone lengths of up to 9 amino acids and lack glycosylation [11]. In addition, their
peptide sequences vary, although a common feature of all known structures is the
presence of a Trp amino acid, cross-linked to the central Hpg [13] (Figure 1).
Notably, type V GPAs have a unique mode of action, binding to autolysin molecules
and inhibiting their hydrolytic activity on peptidoglycan during cell division [14].
Despite these differences, type V GPAs share similarities with other GPAs,
particularly in the cross-linking patterns between aromatic residues.
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Figure 1: Structural characteristics of the GPA types. The most important features for the
classification of GPAs are listed and accompanied by examples of structures. The most significant
characteristics for each type are coloured. The aromatic rings of the AAs are labelled A-G based on
prior publications [15]. Abbreviations: Tyr, tyrosine; Leu, leucine; Asn, asparagine; Bht,
p-hydroxytyrosine;  Hpg, 4-hydroxyphenylglycine; Dpg, 3,5-dihydroxyphenylglycine;  Phe,
phenylalanine, Trp, tryptophane. The SMILES of the structures can be found in Supplementary Table
1. Figure adapted from chapter 3 (Figure 1).

Biosynthesis of GPA in types I-IV

The biosynthesis of GPAs, which has been extensively studied for types I-IV [1], [2],
[3], [4], [5], [6], [7], [8], involves several key processes: precursor supply of the
non-proteinogenic amino acids, stepwise backbone formation via non-ribosomal
peptide synthetases (NRPS), and subsequent tailoring reactions. Genes responsible
for these processes are clustered within biosynthetic gene clusters (BGCs), which
also contain genes encoding transporters, regulators, and enzymes associated with
resistance (Table 1).

The NRPSs are organised into modules, each of which is responsible for the
incorporation of an AA into the backbone in a stepwise, assembly line-like manner
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[16]. This is achieved by the sequential activities of functional domains within each
module [17].

Several domain types play critical roles in the biosynthesis of GPAs, with some being
optional while others are indispensable. Adenylation domains (A-domains) are the
initial players, each specifically recruiting an amino acid [16], [17]. Then the AA or
the growing peptide is loaded onto a peptidyl carrier domain (PCP-domain), which
transfers it to the donor pocket of the downstream condensation domain (C-domain).
Simultaneously, the downstream A-domain recruits the next AA to be incorporated,
which is loaded onto the downstream PCP-domain and brought into the acceptor
pocket of the C-domain. The C-domain catalyses the peptide bond formation and
releases the peptide from the upstream PCP-domain [18]. This process elongates
the backbone, with the PCP-domain subsequently transporting it to the next
C-domain. Finally, once the polypeptide reaches the final module, a thioesterase
domain (TE-domain) catalyses the breaking of the final PCP-peptidyl bond, releasing
the assembled peptide into the cytosol. This final step is preceded by another
domain, the X-domain, which is responsible for recruiting the P450 monooxygenase
enzymes (OxyABCE) that create the distinguishing cross-links of GPAs. These
domains are known to be a unique characteristic of GPAs and are not found in
NRPS enzymes from other systems. Additional, optional domains fulfil various
functions within the GPA biosynthetic pathway. For instance, epimerization (E)
domains can alter the stereochemistry of specific amino acids [19]. During the
backbone assembly, other (optional) enzymes may perform halogenations [7] and
hydroxylations [20]. The latter are referred to as “online hydroxylation” of Tyr AAs
into Bht AAs to underline the contrast to the “offline” hydroxylation of Tyr into Bht via
a three enzyme system before its incorporation into the backbone. The former
hydroxylation reaction occurs exclusively at the Tyr in position 2, resulting in the
presence of both Bht and Tyr in the backbone, as opposed to the “offline” Bht
production, which typically results in no Tyr AAspresent in the heptapeptide. After the
release of the assembled backbone from the NRPS enzymatic complex, further
modifications may take place by tailoring enzymes, encompassing methylations,
sulfations, acylations and glycosylations [15], [17], [21] (Table 1).
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Table 1: Most common gene categories found in GPA-synthesis (types I-IV) encoding BGCs. The
genes and their known functions are summarised in this table, organised into categories and
subcategories based on their role. An example gene or domain is provided in the corresponding
columns (References in Supplementary Table 2).

shikimate pdh prephenate dehydrogenase. Related to Tyr biosynthesis
-deoxy-D-arabino-heptulosonate 7-phosphate synthase. Related to Tyr
pathway - dah 3d D-arabino-heptul te 7-phosphat thase. Related to T
related P biosynthesis
Hpg/Dhpg . . .
synthesis pgat p-hydroxy- and 3,5-dihydroxyphenylglycine aminotransferase
dpgA 3,5-dihydroxyphenylacetyl-CoA synthase (type Ill PKS)
dpgB enoyl-CoA Hydratase
Dpg synthesis
precursor dpgC 3,5-Dihydroxyphenylacetyl-CoA oxidase
supply
dpgD enoyl-CoA Hydratase
hma$S p-hydroxymandelate synthase
Hpg synthesis
hmo p-hydroxymandelate oxidase
bhp alpha/beta hydrolase
Bht synthesis bpsD additional non-ribosomal peptite synthetase. Its A-domain is selecting a
Tyr
oxyD P450 monooxygenase. Hydroxylation of Tyr
A-domain adenylation domain: recognition and activation of backbone AAs
PCP-domain peptidyl carrier prf)teln domain: loading and shuttling of AAs via its
phosphopantetheine arm
zlc?r:asin\gtal C-domain condensation domain: amide bond formation between two typically
PCP-bound AAs
X-domain recruitment of p450 mono-oxygenases (Oxys)
core
biosynthesis TE-domain thioesterase domain: release of polypeptide from the enzyme complex
. epimerization domain: conversion of L-configured AAs to D-configured
E-domain
NRPS optional AAs
domains TIGR0172
G 0 0 unknown - possibly post-condensation modifications
domain
A-domain . . . .
mbtH folding, stability, and activity of A-domains
related
oxyB 1st-acting oxidative crosslinking of C and D aromatic rings
oxyE oxidative crosslinking of F and G aromatic rings. Acts after OxyB
AA .
modifications crosslinking oxyA oxidative crosslinking of D and E aromatic rings. Acts after OxyB (and
during OxyE).
backbone oxyC oxidative crosslinking of A and B aromatic rings. Acts after OxyA
biosynthesis
halogenation bhaA halogenation of PCP-bound AAs
hydroxylation tei12 hydroxylation of Tyr into Bht
AA methylation mitfA methylation of AAs
modifications
after backbone | g jfation stal sulfation of AAs
biosynthesis
evaA C2 deoxygenation
sugar-related |sugar synthesis |evaB C3 amination
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evaC methylation
evaD C5 epimerization
evakE C4 ketoreduction
bgtfA glycosyltransferase
bgtfB UDP-N-acetylglucosamine transferase
sugar transport
bgtfC UDP-N-acetylglucosamine transferase
tei3 mannosyltransferase
sugar . . .
modification tei11 acylation of sugar moiety
vanH D-lactate dehydrogenase. Part of VanHAX resistance cassette
resistance vanA D-Ala-D-Lac ligase. Part of vanHAX resistance cassette
genes vanX D-Ala-D-Ala dipeptidase. Part of vanHAX resistance cassette
regulation & vanY carboxypeptidase. Alternative resistance mechanism to vanHAX.
resistance .. vanR response regulator, part of of two component system vanRS
regulators vanS histidine kinase, part of two component system vanRS
biosynthesis bbr Str-like pathway specific regulator
regulators luxR transcriptional regulator, key player in quorum sensing
ABC transporter ABC transporter. Contains an ATP-binding domain and a permease
abc . ) . e
related domain. Sometimes the domains are split into two genes
transport
th . .
other dbv35 putative Na+/H- antiporter
transporters

Abbreviations: Tyr: tyrosine; Hpg: hyrdoxyphenylglycine; Dpg: dihydroxyphenylglycine; Bht:
p-hydroxytyrosine; PKS: polyketide synthase; NRPS: non-ribosomal peptide synthetase; AA: amino
acid.

How do the newly discovered GPAs fit into the classification?

The main steps in the biosynthesis of type V GPAs are analogous to the ones
described above, with some differences. The precursor supply of non-proteinogenic
AAs, which does not include Bht, is established first and the relevant genes are
found in the biosynthetic gene clusters associated with the biosynthesis of type V
GPAs (from now on referred to as type V GPA BGCs). The stepwise assembly of the
backbone is conducted via NRPS complexes, whose organisation into modules and
domains is the same as in the types I-IV GPAs, though the total number of modules
and hence, the number of AAs in the backbone, can be 7 or 9 [11], [14]. There are
several differences in the functional domain composition of the NRPS involved in the
biosynthesis of type V GPAs, compared to the rest (Supplementary Table 2). As
mentioned above, a characteristic of all known type V GPA compounds is the
presence of a Trp AA, which corresponds to an adenylation domain (A-domain)
selecting for this AA in their NRPS genes [22]. A condensation starter domain
(C-starter domain) is sometimes observed in the first module, whose role is either
the acylation of the N-terminal AA or the initiation of the NRPS assembly line [22].
Additionally, an N-methyltransferase domain (nMT-domain) has been detected in the
6th module of NRPS in a few type V GPA BGCs, which translates to a methylated
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Tyr in the structure of the compounds [22]. Finally, in some BGCs there is an inactive
A-domain observed, which is located between the X-domain and the terminal
thioesterase domain (TE-domain).

Apart from the backbone assembly, the peptides of type V GPAs are also crosslinked
and modified by tailoring enzymes, though the specific reactions have diverged from
the ones observed in GPAs of types I-IV. One notable difference is related to the
number and function of the genes encoding for p450 monooxygenases. Type V GPA
BGCs often include a lower number of such genes compared to the number of
observed crosslinks in the compound structure, which for the types I-IV GPAs always
had a ratio of 1:1. In some cases, the reason for this is that a single enzyme
catalyses more than one crosslinking reaction [5] and in others that fewer crosslinks
are formed in the compound [11], [14]. Furthermore, the presence of a gene
encoding ferredoxin, which supplies electrons to the p450 monooxygenases, is
common only in type V GPA BGCs, whereas this gene has been found in locations
distant to the GPA BGCs in the genomes of type I-IV GPA producers [23].

Further modifications do take place in the biosynthesis of type V GPAs, either during
the backbone assembly, or after the release of the assembled peptide. The first
category includes crosslinking reactions and halogenations, like in types I-1V, though
the specificity of the enzymes differ to compensate for the substrate of type V
(different backbone length and composition) [7], [24]. The second category is rather
poor compared to types I-IV, as no genes related to methylation or sulfation have
been found in type V GPA BGCs, though methyltransferase action of NRPS-domains
has been observed [22]. However, there is a four-gene cassette found in the
misaugamycin (type V GPA) BGC, which has not been observed in any other [22].
These enzymes are hypothesised to mediate the production of the N-terminal acyl
chain moiety of the compound.

One of the most striking differences concerns the glycosylation of the compounds.
No genes encoding enzymes related to sugar synthesis or transport or modification
have been detected in any of the type V GPA BGCs [22]. Though this has been
reported on only one occasion in a type Ill GPA [25], it is an outstanding contrast to
the rest of the GPAs, whose name originates from the presence of sugar moieties on
their compounds’ structure.

The other conspicuous dissimilarity is the lack of the vanHAXY resistance genes
from all type V GPA BGCs [14]. These genes are commonly found in type I-IV GPA
BGCs, though they are sometimes present elsewhere in the genome [26]. This
characteristic could very well be connected to the recently discovered alternative
mode of action of type V GPAs, which requires an adapted way of self-resistance.

Based on our understanding of GPAs biosynthesis and their mode of action, it is
evident that the recently identified type V GPAs exhibit significant differences from
type I-IV GPAs. These differences include variable length, lack of glycosylations and
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a distinct mode of action [11], [14] and raise the critical question regarding the
classification of these compounds: do they truly belong to the GPAs class, or do
they represent a separate class? To address this question, we analysed an extensive
dataset of GPA BGCs. Our comprehensive phylogenetic investigations spanning
multiple levels such as whole BGCs, specific genes and domains, revealed a
substantial 'distance' between type V GPAs and all other known types,
encompassing both structural and evolutionary differences. Based on these results,
we re-evaluated the classification of the types of GPAs and herein propose a
revised classification system that integrates phylogeny and chemical structure to
more appropriately define these peptide natural products.

Results

Analysis of the differences in type V GPAs structure and BGCs

The investigations started by exploring the evolutionary history of GPA-synthesis
encoding biosynthetic gene clusters (from here on referred to as “GPA BGCs”). To
this end, we generated a comprehensive dataset of GPA BGCs from previously
published BGCs [9], [11], [14], [22], [25], [27], [28], [29], [30], [31], [32], [33], [34],
[35], [36], [37], [38], [39], [40], [41], [42], [43], [44], [45] supplemented by an
extensive search of public sequence databases targeting the characteristic GPA
signature X-domain. The candidate loci were used as input for an antiSMASH [46]
analysis, which revealed the location and likely limits of the GPA BGCs. Due to the
large number of the BGCs, BiG-SCAPE [47] was used to group them into gene
cluster families (GCFs) based on similarity, and all BGCs belonging to the same
GCF were processed at the same time in the next step, the clinker [48] visualisation
of related BGCs. The clinker figures of related BGC, in combination with the
antiSMASH results, were necessary for the identification of incomplete BGCs and for
the uniform manual trimming of similar BGCs (Supplementary Figure 1), whose
associated compounds likely belonged to the same GPA type. The latter step was
necessary both to overcome the chance of including unrelated genes in
antiSMASH-detected BGCs and to ensure uniformity of the choice of genes that
were considered related to GPA biosynthesis.

After this meticulous manual review of the candidate BGCs for completeness and the
correction of their limits, the final dataset comprised 182 GPA BGCs that were found
in the genomes of at least 9 different bacterial genera (Supplementary Table 3).
Within our dataset, numerous BGCs lacked connections to known natural products
or exhibited low similarities to known BGCs. To gain insight into their potential
structures and their resemblance to known compounds, the AA sequences of the
A-domains were extracted and an analysis of their Stachelhaus selection code was
conducted (Supplementary Table 4).
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Figure 2: Structural and biosynthetic distance of type V GPAs. Panel a: Tanimoto similarity
network of selected GPA structures (see Methods, Supplementary Table 1). Panel b: domain
sequence similarity (DSS) network of selected GPA BGCs (corresponding to the structures of panel
a), as calculated by BiG-SCAPE. Both networks were visualised with Cytoscape [49] using the
Prefuse Force-directed layout based on their similarity metric. The type V GPAs are coloured orange,
while the type I-IV GPAs are shown in blue. The width of the edges is analogous to the value of the
similarity metric (legends are found in Supplementary Figure 2).

The BGCs in our final dataset were classified into types |-V based on their similarity
to a prototypical BGC of each GPA type and on their genes and predicted backbone
composition. Our analysis revealed a significant diversity and distinctiveness in the
BGCs of type V GPAs compared to those of types I-IV. Significant differences were
observed between BGCs encoding type V GPAs and BGCs encoding type I-IV
GPAs. The former lacked several genes commonly found in the latter, while also
containing additional genes encoding supplementary enzymatic functions
(Supplementary Table 5).

Given these differences, we conducted further investigations using known structures
of GPAs, which were available for some of the BGCs in our dataset (see Methods).
Their PubChem fingerprints were compared using the Tanimoto similarity metric [50],
to investigate how alike the structures of the different types are. The result was
visualised in a network based on their pairwise similarity values (Figure 2a).
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Although there are notable structural similarities among type I-IV GPAs, there is a
considerable divergence with type V GPAs. Type V GPAs appear to occupy a distinct
(and expansive) chemical space. This is in accordance with the structural differences
detected in type V, including, but not limited to, the lack of sugar moieties
(Introduction: Existing GPA classification). Given this, the term “glycopeptide”
becomes inaccurate when applied to molecules of type V. Therefore, we propose a
dichotomous reclassification of the current GPAs into two categories: true GPAs, a
term introduced by Culp et al in 2020 [14], which include the types I-IV GPAs, and
glycopeptide-related peptides (GRPs), which include the current members of type V.

The differences in structure between true GPAs and GRPs were detectable, though
less clear, when the corresponding BGCs are compared using their domain
sequence similarity (DSS) as estimated by BiG-SCAPE [47] (Figure 2b). However,
the NRPS domains involved in this calculation are most closely correlated to the
backbone composition of the resulting compounds, while there are many more
structural differences to take into account, which can be attributed to other genes in
the BGCs (Table 1).

Phylogenetic analysis of full BGCs supports new naming convention

To take the full genetic content of the BGCs into account and examine if the
structural differences of the GRPs (type V GPAs) compounds are mirrored in the
evolutionary history of the BGCs, phylogenetic analyses of each gene had to be
carried out. Due to the size of the dataset and the lack of conserved gene
synteny/order in true GPA/GRP-encoding BGCs (from here on referred to as GPA
BGCs and GRP BGCs), an orthology inference analysis was conducted before
selecting sequences for phylogenetic analysis. The zol tool [51] was used to identify
homologous groups of all genes (OGs), except the core biosynthetic NRPS genes,
and phylogenetic trees were calculated based on their translated protein sequences.

Due to the established unusual events taking place in the evolution of NRPS genes
[52], such as gene fusion and separation, shuffling and recombination of domains
and modules, they were instead analysed on a domain level. Phylogenetic trees
were built for each type of functional domain and, when applicable, separated by
order of module. The latter distinction is important for two reasons. The first one is,
that to reconstruct the phylogenetic history of all true GPA and GRP BGCs based on
the trees of their genes and domains, only one copy can be included in each tree per
BGC. The NRPS are modular enzymes, and each module includes one of certain
types of functional domains, which means that there can be multiple domains of the
same type within one BGC (e.g. 7 A-domains for a BGC that produces a
heptapeptide). Therefore, by considering each module separately, all the domains
can be included in the analysis, retaining the information they carry, but at the same
time conclusions for the BGC as a whole can be reached. The second reason is that
by considering each module there is emphasis on the connection of the NRPS genes
with the backbone of the resulting compound, especially its length, which directly
correlates to the number of modules present in the NRPS genes.
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The diversity of genes and domains present was very high in our dataset, but the
sequences present in at least half of the BGCs in the dataset were deemed
informative. A graphical summary of their corresponding trees is visualised in a
super network (Figure 3). The difference in phylogenetic diversity between true
GPAs and GRPs is evident once again. The network illustrates the extensive gene
flow between the BGCs of the two classes. The level of conservation between
different genes and domains is not equal, increasing the complexity of their
evolutionary history. However, there is a clear separation between GPAs and GRPs.
The true GPAs are occupying a smaller space but can be further divided into I, Il and
[I/IV types in the network. Types lll and IV form a mixed clade due to their definition
- the two types can be differentiated only by the presence of one gene: an
acyltransferase. Moreover, the super network displayed in Figure 3 indicates that the
set gene trees, despite an otherwise high level of incompatibility among the trees,
largely agree on the partitioning of the GRP BGCs into clear clades, which we
propose to use for their subsequent categorisation into A-E types.

To further support the previous analyses, an additional phylogenetic analysis was
performed by concatenation of (congruent) core gene and domain protein sequences
from all true GPA and GRP BGCs. The genes and domains considered as 'core'
were those present in at least 90% of the clusters in the dataset (Supplementary
Data 2), while their congruence was established by an additional analysis (see
Methods). As expected, the concatenated phylogeny turned out to be in good
agreement with the previous evolutionary picture in Figure 3, with the same clades
and subclades forming. A combined visualisation of the representative phylogeny
together with the gene content of each BGC (Figure 4, Figure 5) revealed several
patterns (gene presence/absence) that are characteristic for each suggested new
type, which are presented in the corresponding sections.
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Figure 3: Phylogenetic network of GPA BGCs. Super network constructed from ML trees of all
genes and domains from true GPA and GRP encoding BGCs (Supplementary Table 3) (seed=0),
computed with the SplitsTree program, using “greedy weak compatibility” filtering to reduce visual
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Examination of the true glycopeptide antibiotics (GPAs) BGCs and
predicted structures

Traditional types
predicted backbone AAs
pos 1&3  crosslinks

aliphatic 3 | ——
aromatic 3 I
aromatic 4 1l
aromatic 4 +acylated sugar |\/
. : 1 2 3 4 5 6 7
variable variable + no sugar
& e
Toimuos > Position in the backbone

*online hydroxyiation of Tyr to Bht

Figure 6: GPA types IV traditional and observed predicted backbone compositions. On the
left, the current structural characteristics that define the GPA types I-V are listed. Arrows connect the
types with the backbone AAs of their compounds (as inferred in this analysis) on the right. The type V
type description is shown but an arrow leads it away from the rest and towards the GRPs, to highlight
the fact that it is no longer considered among true GPAs and is discussed with the GRPs in Figure 7.
The region in the red frame shows the variance among the types and their distinctive “motifs” (AAs in
positions 1-3). The backbone composition is not discernable between types Il and IV, since two
variations, which depend on the method of Bht synthesis (online or offline), were observed in both
types. Types Ill and IV differ only on the presence of an acyl group on their sugar moiety. Amino acids
are determined based on the Stachelhaus code [53] analysis (Supplementary Table 4). Ala, alanine;
Asn, asparagine; Bht, b-hydroxytyrosine; Dpg, dihydroxyphenylglycine; Glu, glutamate; Hpg,
hydroxyphenylglycine; Leu, leucine; Phe, phenylalanine; Tyr, tyrosine; Tyr*, A-domain specificity
suggests Tyr but gene pattern suggests online hydroxylation to Bht.

Our phylogenetic analyses (Figure 5) reaffirmed the established classification of
GPAs, while the predicted backbone composition of the compounds associated with
these BGCs is highly conserved within the GPA types (Figure 6), especially in
positions 4-7, in agreement with other findings [54]. Additionally, our analysis agrees
with the observed types of NRPS genes and domains described in the introduction
and in Table 1 (Supplementary Table 5). Enzymes related to sugar synthesis,
transport and modification were encoded almost exclusively in GPA BGCs and
resistance genes (Table 1) followed a similar pattern. Furthermore, genes related to
the precursor supply of Dpg and BhT were observed in all GPA BGCs. Tailoring
enzymes were present more often and in greater variety in the GPA BGCs compared
to the GRP BGCs. In general, there were some gene presence/absence patterns
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discernable among the GPA types, each of which is described in detail in the
corresponding paragraph of the type.

Type | GPAs are recognisable from the first three AAs in their predicted backbone
(from now on referred to as their motif), featuring aliphatic amino acids (AAs) at
positions 1 and 3, which are not observed in any other type, and they form a
monophyletic clade (Figure 5). Their members form two subtypes, which are
supported both by their phylogeny and gene patterns, as well as their backbone
composition (Figure 6). The first subtype comprises most known type | GPAs, such
as vancomycin and balhimycin, and can be distinguished by a starting tripeptide of
Leu-Bht-Asn. The second subtype, which includes pekiskomycin, differs mainly by
the different (non-aromatic) amino acids in positions 1 to 3 of the core peptide:
Ala-Tyr-Glu. The remaining positions, which are highly conserved among all true
GPAs, are occupied by aromatic amino acids, forming three cyclizations encoded by
the corresponding oxy genes. Type | GPAs have a small difference in gene patterns
among the two subtypes: genes involved in sugar transport are common for the
vancomycin subtype but not for the pekiskomycin subtype.

Type Il is similar to type | in its phylogeny: it forms a monophyletic clade (Figure 5)
and has a characteristic motif (Figure 6) with subtypes (and subclades) associated
with the 3rd AA in the backbone, which is either an Hpg, as in VEG, or a Phe, as in
pekiskomycin. Like type | GPAs, these aromatic AAs are not interconnected. Type Il
GPAs also exhibit three cyclizations as witnessed by their oxy genes. Their gene
presence/absence pattern is very similar to that of the type | GPAs, making the
domains related to their backbone composition (A-domains) their most distinct
features.

The exception in the agreement between phylogeny and classification lies within
types Il and IV, which form mixed clades. Both types feature four crosslinked amino
acids in their backbone, which is mirrored by the presence of four oxy genes in their
BGCs (Figure 5). The current structural distinction between Type Ill and Type IV
GPAs is based on the presence of an acyl chain attached to the sugar, a
characteristic feature of Type IV GPAs. Due to this fact, their BGCs differ on the
presence (type IV) or absence (type lll) of a single acyltransferase gene. Therefore,
their mixed phylogeny can be expected and it is in agreement with prior analyses
[54]. Another notable difference is the way in which these GPAs incorporate Bht into
their backbones. In type IV GPAs, only online hydroxylation of Tyr into Bht had been
observed, whereas in type Il GPAs both online and offline Bht hydroxylation is
possible. Our recent analyses have revealed an unexpected finding: type IV GPAs,
traditionally associated with online Bht synthesis, which harbour the three-gene
system for offline Bht synthesis within their BGCs. These BGCs are not associated
with any known compounds and were classified into type IV in our dataset due to the
presence of the characteristic acyltransferase gene. Furthermore, in the case of the
types Ill and IV, it is the method of producing Bht that seems the most congruent with
the phylogeny (Supplementary Table 5), since the BGCs that include the
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three-gene system responsible for offline Bht production (Table1) are forming a
monophyletic clade, which includes all of type | and || GPA BGCs, and some type llI
and IV GPA BGCs. On the other hand, the type Il and IV GPAs that encode the
gene for online hydroxylation of Tyr form mixed clades. For both types, Hpg is
incorporated at position 1 and Dpg at position 3 of the backbone (Figure 6). These
aromatic amino acids undergo cyclization, resulting in a fourth cyclization in both
type Il and type IV GPAs, and an additional oxy gene in their BGCs. Having both on-
and offline Tyr hydroxylation present in types Ill and IV and otherwise lacking any
differences in their observed (in known structures) and predicted backbone
composition, they are the only GPA or GRP types which can not be discriminated
based on their BGCs’ A-domains’ specificities. Given these complexities, a clear
demarcation between type Ill and type IV GPAs has become challenging. Therefore,
we propose to maintain the previous classification scheme: type Ill GPAs lacking the
acyl chain and type IV GPAs possessing the acyl chain, irrespective of the backbone
structure, which is indistinguishable between these two types. It is worth noting that
online hydroxylation of Bht has not been detected in any other type of GPA or GRP.
As far as the rest of the observed genes are concerned, there is no obvious
type-specific pattern.

It is important to note that there were some true GPA BGCs which posed an
exception to the well-defined characteristic of sugar-related genes included in the
BGC limits (Figure 5). The BGCs in question belonged to type |, and were most
similar to pekiskomycin (BGC IDs: StsY_A, StsAN), and to type lll, which includes
the known case of the BGC encoding the biosynthesis of A47934 [40] and closely
related BGCs (BGC IDs: StTo, StToN1).

Classification of glycopeptide-related peptides (GRPs)

The glycopeptide related peptides (GRPs, former type V GPAs), have shown
significant divergence from the true GPAs, both in their mode of action (Introduction),
their structure (Introduction, Figure 2), their phylogenetic distribution (Figure 3,
Figure 4) and their gene presence/absence patterns (Figure 4). This phenomenon
is also observed in their predicted backbone length and composition (Figure 7),
which are clearly discernible from the ones belonging to the true GPAs (Figure 6).
These observations support our proposal to distinguish the GRPs from the true
GPAs. In general, the GRP BGCs lack genes associated with sugars, as well as
resistance genes (Table 1), but seem to employ more regulators and transport
enzymes. They are quite poor in their tailoring enzymes that act after the assembly
of the backbone, compared to the GPAs, but there are some genes found only in
GRP BGCs whose role has not been determined. No GRP compound that includes a
Bht in the backbone has been discovered so far, and they mostly lack the associated
genes. Their NRPS genes can include more domains than GPAs: they display
additional E-domains and TIGR01720 domains, as well as domains not observed in
GPAs at all. The latter include C-starter domains, nMT-domains as well as an
additional final inactive A-domain. Furthermore, the phylogeny of the GRPs reveals
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clear subclades, which can be associated with a characteristic backbone motif
(Figure 7), and which we propose to associate with the subcategorization of the
GRPs into types A-E. These types, which all show a characteristic NRPS domain
pattern, are described in detail with regards to their predicted backbone and common
genes.

Suggested types - GRPs
Traditional types predicted backbone AAs

Number
of
modules

7

GPA s
typeV
\, S
D
uncharacterized - E

Position in the backbone (aligned with GPAs)

Figure 7: GRP suggested new types. On the left, the current classification of type V GPAs is
depicted. Arrows show the assignment of its members to the new types of GRPs, since the type V is
no longer considered among true GPAs. There are also a few BGCs with uncharacterized structure
that were detected in the present analysis, which are also assigned to the GRPs (type E). On the
right, the names of the new suggested types are displayed (A, B, C, D, E), along with the pattern of
their predicted backbone AAs. The region in the red box shows the variance among the types and
their distinctive pattern that allows quick recognition (their “motifs”) and the dotted boxes highlight
positions with exceptions. On the right, the number of modules is displayed, since this is variable for
GRPs. For easy reference, the backbone AAs of the GRPs are shown as they would align with the
GPAs (Figure 6). The modules marked X and coloured white are variable within the type. The dotted
lines around a module indicate that its presence is optional (variable module number within a type).
More details on the types themselves: The first module of type A is actually not present in the NRPS
genes, but the AA is present in the structure, which is why it is included here. Type B has an
exception clade (Figure 4) where the 5th AA is a Dpg instead of an Hpg. Type C is very conserved
and the backbone AAs always appear as displayed, which is why there is no box indicating the
characteristic region. Type D has a fragmented pattern, which is completely discernable from type C
BGCs with the same amount of modules, and again an exception clade where the Tyr in position 5 is
a Dpg. Type E shows very high variety, but can be distinguished by the presence of four Dpgs at the
end of the backbone. Amino acids are determined based on either confirmed or predicted A-domain
specificity (Stachelhaus code [53] analysis, Supplementary Table 4).

Type A GRPs

The proposed type A GRPs include only the BGC encoding kistamicin biosynthesis.
It is characterised by a Trp-Dpg motif in positions 2 and 3 and the presence of 7
NRPS modules (Figure 7). Notably, the first module is missing the A-domain, though
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the compound contains a Tyr in the first position, a phenomenon still unresolved.
Type A is the GRP type most closely resembling the gene presence/absence pattern
of the true GPAs, and it does form an outgroup to the rest of the GRPs. It includes all
genes associated with the precursor supply of dpg (Table 1), which is not the case
for any other GRP but is common in GPAs. Also, the same gene encoding a
halogenase that is common in GPAs is present in this type too. Finally, type A BGCs
encode a unique oxyC, which performs two crosslinking reactions [5], but lack oxyB.

Type B GRPs

Type B GRPs also include 7 amino acids but they differ from type A in the absence
of Dpg-specific A domains within the NRPS. Instead their unique motif is
Trp-Hpg-Hpg-[Hpg] in positions 2-5 (Figure 7). Position 5 is in brackets because
though it is extremely conserved within the type, there is one exception where
instead of an Hpg there is a Dpg, in a subclade comprising the BGCs StVr_1_A and
StVrN_B. Surprisingly, genes related to the precursor supply of Dpg are absent from
the whole type, including these two exceptions that are predicted to include Dpg in
their backbone. These two BGCs are unusually small in length and are lacking a lot
of other characteristic genes as well. No structure has been associated with any of
them yet so the effect these absences have to the resulting compound is uncertain.
There are a lot of genes that are present in the maijority of the type B BGCs, but few
that are absolutely conserved in the type, such as a gene encoding a halogenase,
which is also found in type A and in a lot of true GPAs. Type B GRPs include the
following known structures, which are phylogenetically distinct (Figure 4):
complestatin, rimomycin and misaugamycin. There are some differences in gene
patterns among these subclades, though not enough to place them in subtypes. For
example in the regulation-related genes, the BGCs in the complestatin subclade
include only the vanRS two-component system and a StrR-like regulator, the BGCs
in the rimomycin subclade contain only a StrR-like and a LuxR-like regulator, and the
BGCs in the misaugamycin subclade carry a copy of all of these genes. Some BGCs
from the rimomycin and completatin subclade include nMT-domains in their sixth
NRPS module. Only in the misaugamycin subclade, there is sometimes also a
four-gene cassette which is hypothesised to be involved with the N-acylation of the
compound [22].

Type C GRPs

The GRP encoding BGCs of type C are very uniform, as evidenced by their clearly
defined monophyletic clade in all phylogenetic representations (Figures 3, 4) and
their gene patterns (Figure 4). These GRPs, which include the known GP6738
structure, always contain nine amino acids in their backbone, with the third amino
acid of the peptide being a valine (Val), followed by the - highly conserved in most
GRPs - Trp (Figure 7). They include genes related to the precursor supply of Dpg
and Hpg, as well as an alpha/beta hydrolase known to be involved in the offline
hydroxylation of Bht, though no A-domain specificity for Bht was detected an the
known structure also does not include this AA. BGCs of this type only include two
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oxy genes, and the known compound from this type includes two crosslinked AAs.
Finally, type C GRP BGCs are the only ones encoding two copies of the vanR/vanS
two-component system.

Type D GRPs

The number of amino acids in the backbone of type D GRPs, which include
corbomycin, ranges between 8 and 10 (Figure 7). Though more variant in their
backbone composition than other types discussed so far, there is a discernible
pattern (Supplementary Figure 5). They have the conserved Dpg-Trp motif in
(aligned) positions 1-2, which is followed by a variable amino acid and then an Hpg
in (aligned) position 4, which is highly conserved among GRP types A-D, likely
forming a crosslink with the Trp. In addition, we see a motif of Tyr-Dpg in (aligned)
positions 6 and 7 accordingly. Their gene presence/absence pattern follows that of
type C, when genes related to precursor supply are considered. There is a subclade
featuring a gene encoding a halogenase not present in other BGCs. Type D BGCs
commonly include a LysR-like regulator and two types of ABC transporters. There
are also a few other genes routinely observed within the limits of type D BGCs,
whose role is not known.

Type E GRPs

Type E comprises GRPs that are either heptapeptides or decapeptides and display
high within-type variance in their predicted backbone composition (Supplementary
Figure 6). At the same time, there is no known structure from any BGC coming from
this clade. Their backbone contains neither Trp, nor Hpg, but they are characterised
by a Dpg-rich tetrapeptide tail (Figure 7). Type E BGCs always lack the genes
whose enzymes are involved in the shikimate pathway (Table 1), which is not a
unique phenomenon, but no other type consistently lacks these genes. Their
within-type differences in the backbone composition are mirrored by differences in
their NRPS domains. They are the only type to display two different patterns in their
oxy genes. Within type E there is a subclade of two BGCs, which are the only GRP
BGCs to encode a mannosyltransferase. Finally, there is another exception BGC
(like in type B), which is minimal and lacking a lot of genes characteristically found in
GPA/GRP BGCs, such as transporters and regulators. Due to a lack of information
on GRP E BGCs, the structures whose biosynthesis they encode, and also their
mode of action, it is likely that they will be further reclassified in the future, when
more information is discovered.

Discussion

Following up on the blatant differences of type V glycopeptide antibiotics (GPAs) with
all other types both in structure and mode of action, an extensive phylogenetic
analysis of the encoding BGCs was conducted. We were able to confirm those
discrepancies on the evolutionary level and to underline the contrast in variety within
this type compared to the rest. These observations were the basis for the suggested
reclassification of GPAs, dichotomizing them first into true GPAs and
glycopeptide-related peptides (GRPs) and then further categorising them into types.
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The original types I-IV were retained. Type V GPAs were rebranded as GRPs, and
their divergent characteristics compelled their division into the new types A-E.

The present dataset of BGCs is the most comprehensive set used in a study about
GPAs, to the knowledge of the authors. This was achieved thanks to the extensive
sequencing databases accessible to the scientific community. Naturally, our analysis
was, to a degree, constrained by the availability and quality of this public genomic
information. In fact, some of the BGCs in our dataset came from lower quality or
incomplete assemblies of the producer genomes. Whenever possible, a better
quality sequence containing the BGC was extracted from more recently sequenced
and assembled genomes (and in one case the producer strain was resequenced).
Though without experimental evidence it can not be absolutely concluded if the limits
of an open reading frame or a gene sequence is accurate, a conscious effort was
made to ameliorate this issue. If there was any indication that the BGC was not
complete or had fragmented genes, it was not included in our analysis. This process
eliminated about half of the BGCs originally detected, but ensured the high quality of
the remaining BGCs.

A milestone of our analysis was the separation of the genes involved in GPA BGCs
into homologous groups, suitable for alignment and for generating a biologically
meaningful phylogenetic tree. The use of suitable bioinformatics tools for solving this
problem, in our case the new zol pipeline [51], developed specifically for gene
clusters, helped greatly to achieve this, despite the difficulties. Different kinds of
genes have different degrees of sequence similarity, which can not be completely
handled by this tool, though it performed better than orthology inference tools
designed for whole proteomes. For example, there are five types of P450
monooxygenase genes found in GPA BGCs: oxyA-E [5] The algorithm was able to
discern the evolutionary history of most of them, but oxyA and oxyE were put
together into one group (Supplementary Figure 4). The separation of oxyA and
oxyE was conducted manually in this case, with the help of the genes with known
functions. Furthermore, there were some occurrences of BGCs having multiple
copies of a gene, e.f. vanR and vanS in the case of GRP type C, but for the
phylogenetic analysis it was necessary to keep a maximum of only one gene copy
per BGC. To resolve this, whenever multiple options were present, the average
phylogenetic distance to the rest of the tree was calculated and the closest clade
was kept (see also methods), ensuring that the most closely related sequences
would be considered to belong to a group (OG).

The phylogenetic analysis presented in this manuscript was not trivial to design, as a
number of issues had to be overcome. Firstly, such an analysis is dependent on the
inclusion of genes related to the biosynthesis, regulation and transport of GPAs (or
GRPs) and the exclusion of unrelated genes. In our dataset, this distinction was
made based on the presence of genes homologous to those identified so far in GPA
BGCs [27]. Consequently, one temporal constraint of this analysis was the fact that
the BGCs needed to be manually and thoroughly checked, in order to both confirm
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that they are, in fact, GPA/GRP encoding BGCs and to determine their precise
borders. The borders were defined in a first step with the antiSMASH algorithm [55]
which, though very efficient, is known to be charitable with the proposed length of a
BGC, often including neighbouring genes that do not really belong [56]. Even though
this is preferable to excluding genes that should be part of the BGC, it still demands
a manual inspection of the BGCs, if the exact limits are important for further
analyses, like in our case. Therefore, each antiSMASH-predicted BGC in our dataset
had to be extensively investigated gene by gene (and sometimes domain by domain)
to locate the most likely borders of the BGC based on the predicted function of the
genes/domains within the BGC. To ensure uniform trimming as well as speed up the
process without sacrificing accuracy, the clinker tool [48] was used (Supplementary
Figure 1) for visualisation of similar BGCs (similar based on BiG-SCAPE analysis
with T=0.2 [47]). This means that the determination of the exact BGC limits relied
heavily on the existing knowledge of the biosynthesis of known compounds.
However, several new and unusual BGCs were brought to light in the present study
and their study is expected to unearth new information on the biosynthesis of GPAs
and GRPs and most importantly, the genes involved in it. For example, it would be
vital to learn more on the (as yet unknown) role of certain enzymes in the
biosynthesis, especially among the GRP BGCs.

Another challenging aspect of GPA BGC phylogeny is the fact that evolution is acting
on different levels: on the separate genes, but also on the whole BGCs and on
distinct domains [52], [57], [58], [99], [60]. As explained earlier, the backbone of
GPAs and GRPs is assembled by NRPS enzymes, which can contain from 7 to 10
modules. In each module there are always A and T domains, very often C domains
and sometimes also E domains. This means that for each position of the backbone,
the corresponding domain sequences needed to be collected to form a homologous
group that could be used for constructing phylogeny [61]. The variation in the
number of modules introduced an additional difficulty, since a “centre” position had to
be chosen around which the rest of the domains would be aligned. This was
achieved through a concatenated multiple sequence alignment (MSA) built from the
extended (34AA) Stachelhaus codes [53] of the A-domains, as detected by
antiSMASH [46]. This MSA and the well-known balhimycin backbone was used as
the base for choosing the positions of the domains of all other BGCs (see Methods).
This process allowed us to align the modules of all BGCs, regardless of length, and
enabled the incorporation of very different BGCs in the same analysis, which so far
had not been conducted for GPAs on a BGC level.

Inference of the evolutionary history of a full BGC was complicated by the known fact
that many GPA encoding BGCs have been, in part or in their entirety, horizontally
transferred [21], [59], [62]. The use of the super network (Figure 3) as a method of
visualising the complicated evolutionary history of the GPA BGCs was not burdened
by this. As opposed to binary trees, which is the most common graph used for
phylogenetic analyses, a super network can incorporate data from discongruent
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phylogenies. In fact, it enables the visualisation of the harmonious information from
the underlying set of trees, such that the evolutionary relationships supported by the
majority of the trees are observable [63]. However, the potential presence of
horizontal gene transfer (HGT) is always an obstacle to the construction of a
biologically sound, concatenated phylogeny. To exclude the use of sequences of
suspicious origin, we conducted a congruence analysis prior to the choice of the
sequences to include in the concatenated phylogeny of the GPA and GRP BGCs
(see Methods). While reducing the sensitivity of the final phylogenetic tree, since
fewer genes and domains could be involved (22 out of 37 candidates), this process
guaranteed a reduction of the “noise” that HGTed sequences would have introduced
and therefore increased the accuracy of the result.

Having overcome these obstacles, we presented an extensive and reliable
phylogenetic analysis of the GPA and GRP BGCs, accompanied by information on
their predicted backbone and gene presence/absence patterns. The separation
between GPAs and GRPs was clear in all our results. However, considering the
complexity of the data generated, we struggled in some instances to choose a level
of dissimilarity as a criterion for declaring the new types, especially for the GRPs.
And there were debatable cases, especially when the phylogeny of the BGCs with
an uneven number of modules placed them closely together. Such was the case for
type E GRPs (Figure 7), where no compound has been isolated and thereby no
structure could be used as a guide for those classifications. We expect that further
analysis and experimental work on type E will elucidate its biosynthesis and shed
light on the process involved, which may lead to changes in the definition of the type.
Additionally, we detected a few “minimal” BGCs in GRP types B and E, which were
lacking a lot of characteristic genes of GPA and GRP BGCs. It is possible that these
genes are present in unrelated locations in the genomes, which was not investigated
in the present study. An alternative interpretation is that they encode a “minimal”
biosynthetic pathway resulting in a peptide without many additional modifications,
unlike most GPA compounds. Furthermore, a quite surprising exception to the
expected gene patterns was the existence of GPA encoding BGCs without
sugar-related genes in some type IV and type Il clusters. Based on the phylogenetic
relation to their respective types, it can be assumed that they originally did include
sugar-related genes, which were lost later in their evolutionary history. A more
focused study on these clusters is needed to elucidate such events.

Though the path to calculating a reliable phylogeny of GPA and GRP BGCs was
fraught with challenges, the current analysis does provide the - to our knowledge -
most comprehensive study of the evolution of these BGCs. The evidence supporting
our suggested reclassification system is present and compelling. The distinct
structural characteristics of GPAs prompted their original (traditional) classification
into different types, [10], [11]. It was a necessary act and it promoted exchange
between scientists from many different disciplines (e.g., biochemistry, synthetic
chemistry, microbiology, bioinformatics), each studying GPAs from a different
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perspective. Since then though, new knowledge has come to light that needs to be
considered. Putting together in the same group compounds and BGCs that are in
reality so different would have only hindered progress. The inaccuracies of the
current classification system were a necessity that was born from the fact that type V
GPAs were the last ones discovered [65], and every new and differently looking GPA
BGC has been sorted there since [11], [14], [22], [66], [67]. However, the new
classification system we suggest, backed by an exhaustive phylogenetic analysis of
a large dataset of BGCs, is expected to fuel new, type-specific research of GPAs
and GRPs. The use of both phylogeny and structure-based criteria for the
declaration of the new types will ensure the reconciliation of scientific communities
focused on evolution and chemical structure, respectively. We hope that this new
classification system will get adopted by the community and will improve with new
insights.

Methods

BGC dataset creation

In order for the evolutionary analysis of GPAs BGCs to be as complete as possible,
we aimed to create a dataset of all sequenced clusters. The initial dataset contained
all known clusters found in the literature [9], [11], [14], [22], [25], [27], [28], [29], [30],
[31], [32], [33], [34], [35], [36], [37], [38], [39], [40], [41], [42], [43], [44], [45] and was
extended by searching in publicly available sequence databases (MIBiG [68], most
of NCBI RefSeq and Genbank [69], [70], [71], JGI IMG DB [72], MGnify [73]) and
some published projects [73]-[[74]-[76]. Information on the origin of the BGCs, the
date of the search and more metadata are available in Supplementary Table 3.
Supplementary Data 4 includes the accession numbers of all NCBI (RefSeq and
Genbank) entries checked and whether they were a hit (True), not a hit (False) and
the ones where the search failed due to lack of protein sequences associated with
the accession number (Failed). The target of the search, accommodated via
HMMER (v. 3.3.1, accessed from http://hmmer.org/, RRID:SCR_005305), was the
X-domain in the last NRPS module (its HMM was extracted from antiSMASH v6 [55],
RRID:SCR _022060), which is found only in GPA encoding BGCs so far [76].
However, the X-domain has evolved from a condensation domain (C domain) and
their sequences remain quite similar [6]. To avoid false positives, the known clusters
were searched with the X-domain HMM and the lowest local score of the confirmed
X-domains (300) was used as a minimal threshold. Lower local scores (up to 250)
were manually checked for the MIBiG dataset and indeed no X-domains were found
below the chosen threshold. The custom scripts used for this and all other parts of
the analysis can be found in Supplementary Data 5.

The sequences that were a hit in the search were used as input for an antiSMASH
v7 [46] (RRID:SCR_022060) analysis (default parameters + MIBIG cluster
comparison) for the detection of the full BGC. At this stage, after manual inspection,
some candidates were dropped due to low quality assemblies which led to obviously
incomplete clusters, and due to a few false positives (where a C domain was
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mistakenly detected as an X-domain). The cluster regions that passed this inspection
were assigned an ID reflecting their taxonomic placement (Supplementary Table 3)
and their coding domains were re-annotated with bakta (v1.8.1) [78] to ensure
homogeneity. Bakta was run with default parameters + skipping trna and tmrna
detection (--skip-trna --skip-tmrna) and on metagenome mode when appropriate.
The original contig headers were kept (--keep-contig-headers) but the assigned 1D
was used as a locus and locus tag prefix. The bakta-annotated regions were
re-analyzed with antiSMASH v7 [46] with all features on (--fullhmmer —clusterhmmer
—tigrfam —asf —cc-mibig —cb-general —cb-subclusters —cb-knownclusters —pfam2go
—rre —smcog-trees —tfbs).

One exception to this process was the case of Streptomyces varsoviensis, which
included a very unusual BGC, which could not be conclusively labelled complete.
Due to its interesting characteristics though, the strain was ordered for resequencing.
S. varsoviensis was generally grown in tryptic soy broth (TSB) (BD Bacto™ Tryptic
Soy Broth; Becton, Dickinson and Company, Franklin Lakes, NJ, USA). For isolation
of high molecular weight genomic DNA S. varsoviensis was cultured in RS medium
[79] for 2 days on a rotary shaker at 28 °C. DNA isolation was performed by using
DNA isolation kit (NucleoBond® HMW DNA Kit, Machery-Nagel, Duren, Germany)
following the manufacturer’s protocol. Genome sequencing was performed by the
NGS competence center (NCC in Tubignen, Germany) on a PromethlON
(Nanopore) with 9.4.1 chemistry (details in Supplementary Data 6). Assembly was
done with Unicycler [80] (for long reads) and corrected with medaka (accessed from
https://github.com/nanoporetech/medaka) based on the sequencing parameters
(Supplementary Data 6). The resulting genome sequence was searched for the
X-domain as described above and BGCs were included in the analysis
(Supplementary Table 3).

To overcome antiSMASH’s generous selection of BGC borders, a manual inspection
was necessary, to ensure the quality of the evolutionary reconstruction, which would
be affected by the accidental inclusion of unrelated sequences. The process was
sped up by annotating the BGCs in groups of GCFs as defined by a BiG-SCAPE
analysis [47] (v1.0.1 2020-01-27, RRID:SCR _022561). The chosen threshold of 0.2
defined the largest possible groups that never have more than one type GPA (based
on the MIBIG dataset). BiG-SCAPE was run on glocal mode, mixing all classes (as
some BGCs are marked NRPS and others are marked other), but using the score
weights of the NRPS class. The GCFs were then visualized with clinker [48]
(v0.0.28). We meticulously manually curated each cluster by investigating every
single gene for its function and possible role in the biosynthesis and the clinker
visualization ensured uniform trimming of the most closely related BGCs. Thus, the
final dataset of 182 trimmed clusters from 9 different genera was created
(Supplementary Table 3).

Chemical structure similarity network
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The structures of the glycopeptides (Figure 1, Figure 2a) were collected from the
original publications [11], [14], [22], [32], [33], [35], [39], [67], [81], [82], [83], [84],
[85], [86], [87], [88], [89], [90] (entries under database: MIBIG in Supplementary
Table 3), formatted and converted to SMILES with ChemDraw
(https://revvitysignals.com/products/research/chemdraw, RRID:SCR_016768) and
RDKit (v. 2020.09.1, http://www.rdkit.org/, RRID:SCR_014274).

The examination of the structural variation within and among GPA types was done
by use of the Tanimoto similarity metric [50]. The SMILES of known GPA compounds
were inserted into the Cytoscape program (v. 3.9.1, RRID:SCR_003032) [49], which
accommodates the calculation and visualisation of a structure similarity network
based on Tanimoto with chemViz2 (fingerprint: Pubchem), a cheminformatics app for
Cytoscape. The nodes of the resulting network were annotated by GPA type (I-1V or
V) and the edge width was adjusted to represent the degree of similarity among the
connecting parts.

Stachelhaus code analysis

A-domain specificity was predicted (Supplementary Table 4) using the 34 AA long
Stachelhaus-code prediction from NRPSpredictor2, implemented in antiSMASH (v.
5.1.2, RRID:SCR_022060) [53], [91], [92]. Due to the fact that certain A-domain
specificities can not be predicted in silico [39], all the known amino acid specificities
(for glycopeptides whose structure is known) were used in a blastp (v2.14.0+) search
[93] and best scoring alignments were used to determine the annotations used for
the rest of the analysis, which sometimes differed from the antiSMASH assigned
ones. A summary of A domain specificity was visualised in Figure 6 and Figure 7,
while the predicted backbone of all BGCs can be seen in Supplementary Figure 3.

Detection of homologous genes

The identification of homologous groups of genes from the full dataset
(Supplementary Table 5) was mostly carried out by the zol tool (v 1.3.9) [51], which
infers phylogenetic orthology for comparative genomics of gene clusters. The
platform (run with default parameters) generated 309 so-called orthogroups (OGs).
There was one case of related genes with distinct functions being placed in the same
Orthogroup, namely the oxyAs and oxyEs, which are known to be closely related [5],
[22]. Those proteins were used for a multiple sequence alignment (MSA) and their
separation into groups was guided by their phylogenetic placement compared to
proteins of known function. Cases of OGs with only a few clusters containing multiple
copies of a gene were dealt with via a custom script, discarding some copies based
on similarity criteria [94]. Finally, the NRPS domains were extracted from the genes
and split into groups based on the position of their module compared to the rest.

The latter was achieved by building an MSA from the concatenated 34 AA
Stachelhaus codes [53] (as provided in the antiSMASH results [46] with the help of
the NRPSpredictor2 tool [91]) of the underlying A-domains (Supplementary Data 3).
The longest conserved region (positions 4-7 of balhimycin) was taken as a center

111



and all internal gaps were rejected, since the positions directly correspond to the
backbone of the compounds. The alignment was in agreement with the fact that
positions 1-3 of the types I-IV glycopeptides are known to be the most variable
among known compounds and their corresponding BGCs [54]. All module positions
(00, 0, 1-9) were annotated based on this fixed MSA, with the balhimycin encoding
BGC as a template for positions 1-7.

Visualising complete evolutionary history

All multiple sequence alignments (MSAs) were performed with the mafft tool (v7.490,
2021/0Oct/30, RRID:SCR_011811) with default parameters [95] (Supplementary
Data 7). Phylogenetic trees for every occasion in this study (153 gene and domain
trees, as well as concatenated phylogenies described below) were built with igtree
(multicore v2.2.0.3 COVID-edition for Linux 64-bit built Aug 2 2022) [96], [97]
(Supplementary Data 7). For the gene and domain trees, igtree was first run only in
model testing mode, checking for all bacteria-suitable evolutionary models (suitable
models are listed in Supplementary table 7) and then in tree-building mode based
on the best fitting model. The resulting trees can be seen in Supplementary Data 1.

A graphical summary of the adequately populated (n>50%) 47 separate (partial)
gene and domain trees was calculated and visualised by the super network
algorithm [98] (default options) implemented in the SplitsTree CE tool (version
6.0.10-beta) [99], [100] (Figure 3) after greedily selecting a weakly compatible set of
splits of maximum support (GreedyWeaklyCompatible splits filter). The super
network (Supplementary Data 1) summarises the set of input trees, taking into
account that many of the trees are incomplete. It is a splits network in which each
band of parallel edges represents one of the splits or branches found in the set of
input trees. Incompatibilities among the input trees give rise to parallelograms in the
network. Edges in the network are scaled to represent the average relative length of
the corresponding edges in the input trees. The set of splits computed by the super
network method was greedily filtered by decreasing support (number of trees that
contain a given split), so as to obtain a subset of “weakly compatible splits” that
maintains major incompatibilities, while avoiding higher-dimensional edge
configurations in the network, thus avoiding visual clutter.

Concatenated phylogeny

A species phylogeny can be constructed from concatenated sequences of core
genes, as long as their separate trees are congruent [101]. Following this concept on
the BGCs, 22 genes or domains found in at least 90% of the clusters in the dataset
were identified. Cases where there were duplications in max 5% of the cases were
acceptable but otherwise these groups were single-copy genes. These limits come
from the methodology of a wide-scale phylogenetic study [101]. However, it was
necessary to ensure the congruence of the participating genes before concatenating
them. The underlying MSAs were first trimmed with trimAl (v1.4.rev15
build[2013-12-17], RRID:SCR_017334) [102] with default parameters and then the
trees were recalculated (Supplementary Data 7). The latter were used in a

112



congruence analysis as performed by Parks and colleagues [101]: The well
supported splits were calculated by checking their existence in random subsampled
concatenated phylogenies and then for each gene tree, their presence was used to
calculate ‘normalised compatible split length’ ,a metric that reflects congruence of
this tree to the rest in the group (Supplementary Table 6). This value was computed
with a python script, implemented with Biopython [103] (RRID:SCR_007173),
FastTree v2.1.11 [104] (RRID:SCR_015501) and a function from the (still in
development) GeneTreeTk toolbox (accessed from
https://github.com/dparks1134/GeneTreeTk). 11 genes or domains passed a specific
threshold (0.67) and were used for the concatenated phylogeny representing the
evolutionary history of the GPA and GRP BGCs (Supplementary Data 2). The tree
was then rooted with the MAD algorithm [105]. This tree, together with an
absence/presence heatmap of the various genes and domains present in the
clusters was visualised with iTOL [106] (RRID:SCR_018174) (Figure 4, Figure 5,
Supplementary Figure 3).
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Supplementary Figures

replicates

Example of ristocetin GCF (subset) - identity threshold 0.95

Supplementary Figure 1: Example of clinker-based trimming and dereplication. Panel a: subset of
the ristocetin gene cluster family (GCF), visualised with clinker. Genes are coloured the same if they
were placed in the same gene group based on similarity by clinker and are connected by coloured
bands if their identity is higher than 0.5. The MIBIG cluster is the top one (marked) and the trimming
will be based on it. Panel b: the same visualisation as panel a, after the trimming is finished. Now all
BGCs belonging to this GCF are uniformly trimmed. Panel c:
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Supplementary Figure 2: Edge-width legends for Figure 2. Panel a: relation of edge width to

Tanimoto Similarity metric in Figure 2a. Panel b: relation of edge width to DSS (labelled
reverse_distance) in Figure 2b.

Supplementary Figure 3: High-resolution Figure 4 and Figure 5, provided as a PDF file.

Supplementary Figure 4: Phylogenetic tree (unrooted) of the mixed zol orthogroup OG3, which
includes p450 monooxygenases oxyA and oxyE. The clades of the two genes can be separated after
annotation of the corresponding enzymes with known function. The known oxyE genes all belong to
the clade in the coloured circle and were removed from OG3 and assigned to the artificial group
OG3e. Trees of both OG3 and OG3e can be explored in Supplementary Data 1.
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Supplementary Figure 5: GRP type D subclades and backbone compositions. Panel a: clade of
GRP type D, with marked subclades i-iv. BGC IDs are shown as leaf labels. Panel b: predicted
backbone connected to its corresponding subclade. The red squares highlight the characteristic motif
of the type.
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Supplementary Figure 6: GRP type E subclades and backbone compositions. Panel a: clade of GRP
type D, with marked subclades i-iv. BGC IDs are shown as leaf labels. Panel b: predicted backbone
connected to its corresponding subclade.The red squares highlight the characteristic motif of the type.
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Abstract

Given the escalating emergence of antimicrobial resistance among pathogens, the
ongoing pursuit of novel antibiotic candidates is imperative. Since the majority of
known antibiotics are manufactured by bacteria, we need to understand which of
them are capable of production and how they manage it. In this study, we
investigated the adaptation mechanisms employed by bacteria of the Amycolatopsis
genus in the production of glycopeptide antibiotics (GPAs), focusing on their
regulatory frameworks and primary metabolic pathways. Through a comprehensive
analysis of the genus' pangenome, we elucidated the distribution patterns of
Biosynthetic Gene Clusters (BGCs) responsible for GPA biosynthesis. Additionally,
we conducted gene coincidence analyses to discover patterns among known GPA
producers and non-producers, using the Goldfinder tool. Our results represent some
of the first identified adaptation mechanisms to acquisition of GPA encoding BGCs.

Introduction

Bacteria are an established source of discovery of new bioactive compounds, which
can include antibiotics'. This is especially relevant under the prism of the
ever-growing threat of multi-drug resistant pathogens?, which underlines the dire
need for discovering new antibiotics. However, what is not yet explained is the
taxonomic distribution of the bacterial producers. Namely, most taxa encode few
biosynthetic gene clusters (BGCs) - the genetic elements connected to the
biosynthesis of specialised metabolites - and others seem to be very rich in BGC
quantity and diversity’. Depending on the bacterial taxon and the type of BGC, these
dissimilarities can be connected to the evolutionary history of the gene clusters®** and
this knowledge can be helpful in the development of genome mining methods® for
the detection of new BGCs - and new bioactive compounds, like antibiotics.

The horizontal transmission of gene clusters is a phenomenon that is relatively
common under the prism of bacterial specialised metabolism and, in many cases,
horizontal gene transfer (HGT) events can explain the distribution of a BGC among
distant taxa®. However, it is not clear why these events happen in some taxa more
than others. The acquisition of a BGC via HGT is an event that is assumed cause a
great deal of changes in the host organism, as the microorganism would need to
adapt to the additional metabolic stress that the expression of such a gene cluster is
associated with, while keeping all vital cellular processes unaffected. These changes
could be focused on the primary metabolism but it is also possible that other
specialised metabolic pathways (other BGCs) are affected as well. Bacterial
genomes can harbour multiple BGCs, related to various types of biosynthetic
pathways', and it has not been established so far if their presence is independent to
each other or if there is some association between them that is not obvious due to
their genomic distance. For example, one possibility is that two specific BGCs are
both dependent on the same primary metabolic pathway, making it energetically
favourable for a bacterium to have both in its genome, while others may be mutually
exclusive.
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To study this kind of interplay and the putative genetic changes that a vertically
transmitted BGC would bring about, both producer (encoding a certain BGC) and
non-producer strains (not encoding this BGC, but perhaps others) need to be
analysed using comparative genomic methods. Having phylogenetically closely
related candidate genomes would make the comparison easier, as the level of
conservation among other genomic areas should be high, enabling the detection of
changes related to more recent HGT events, instead of earlier speciation events.

Glycopeptide antibiotics (GPAs) are last-resort antibiotics used in the clinics against
gram-positive pathogenic bacteria®’. GPA-encoding BGCs have been detected in the
genomes of multiple genera, which is an indication that HGT events took place in
their history®. This class of compounds were discovered a few decades ago and their
biosynthesis has been studied extensively. There are only a few tens of structures
known and connected to their bacterial producers as products of their secondary (or
specialised) metabolism. Among the producers, the most prolific ones come from the
Streptomyces and Amycolatopsis genera*®4.

In the current manuscript, we apply genome mining methods to show that
GPA-encoding BGCs are present in only some of the genomes of Amycolatopsis
bacteria, constituting the genus a suitable candidate to further examine the
adaptation mechanisms to HGT. A comparative analysis among predicted GPA
producer genomes and non producer genomes was conducted through the new
Goldfinder tool, which detects strongly coinciding or disassociating gene pairs in a
pangenome. The Amycolatopsis genus’ pangenome was used for a BGC-aware
gene coincidence analysis using Goldfinder, with the purpose of identifying any
significant relationships between genes involved in GPA biosynthesis and those
involved in other secondary or even in primary metabolic pathways.
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Results

Specialised metabolism encoded in the Amycolatopsis pangenome

All publicly available assembled genomes of the Amycolatopsis genus were
downloaded from NCBI RefSeq. In order to investigate the biosynthetic capacity of
the genus, the strains’ biosynthetic gene clusters (BGCs) were detected using
antiSMASH"™. The BGCs responsible for glycopeptide antibiotics (GPAs)
biosynthesis were identified by the characteristic X-domain'® present in the last
module of their core biosynthetic genes, encoding for non-ribosomal peptide
synthetases (NRPS). Both known producers and several strains not reported in the
literature had a hit, and their distribution in the genus was visualised in Figure 1.

Many clades including various species are not GPA producers, though the genetic
capacity to biosynthesize GPAs seems conserved at a species level in
Amycolatopsis. Apart from one clade rich in producers, BGCs encoding the
biosynthesis of GPAs (GPA BGCs) are found in distant species in the genus,
phylogenetically interspersed by non-producers. These observations underline the
highly likely horizontal gene transfer (HGT) events that have taken place in the
evolutionary history of these BGCs, confirming the suitability of the Amycolatopsis
pangenome as a candidate for comparative analysis.
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Figure 1: Phylogenetic distribution of GPA-encoding BGCs in Amycolatopsis genomes.
Species tree of the Amycolatopsis genus was inferred by Orthofinder'” and visualised with iTOL'®. The
tree was decorated with information on the presence of GPA-encoding BGCs (green stars). The
collapsed clades include no putative GPA producers and their leaves (n) can be seen in
Supplementary Figures 1-4.

127



Apart from the GPA-encoding BGCs, a large variety of other types were detected by
antiSMASH (5,116 BGCs in total). To measure their diversity, BiG-SCAPE' was
applied to cluster them based on similarity into gene cluster families (GCFs) and
clans. The result was 1,793 GCFs (1,096 singletons) and 96 clans, which can be
visualised in a similarity network (Figure 2). Knowing which categories of BGCs,
using different definitions (BGC class, GCF, clan) is important to this analysis, as it is
not known at which level of organisation possible associating or dissociating
relationships may exist. For that reason, this information was included in the
coincidence analysis that followed.

Figure 2: Diversity of BGCs encoded in Amycolatopsis genomes. Similarity network of the 5,116
BGCs detected in Amycolatopsis genomes as generated by BiG-SCAPE. Every node represents a
BGC and similar BGCs are connected with an edge. BGCs belonging to the same gene cluster family
(GCF) have the same colour (n=1,793). Connected elements (subnetworks) represent clans (n=96).

BGC-aware gene coincidence analysis using Goldfinder

It is not known how bacteria adapt to acquiring a new BGC. Therefore the magnitude
of this effect is not clear, meaning it could be single genes whose encoded products
are involved in the primary metabolism, genes only present in BGCs, or groups of
genes that are affected. In order to cover multiple hypotheses, three datasets were
used in the search for significant patterns (Table 1).
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Table 1: Datasets of pangenomes used for Goldfinder analysis. Description of the different
methods and data that were involved in the generation of each dataset.

Dataset name Method Input data

pangenome orthofinder OGs Full proteomes

Protein sequences of enzymes involved in specialised

BGC zol OGs metabolism (their genes were part of a BGC)

BiG-SCAPE pseudo-OGs BiG-SCAPE based P/A table of GCFs

To perform a gene coincidence analysis, it was necessary to create a gene
presence/absence (P/A) table. This data was firstly generated with an orthology
inference tool, Orthofinder'’, which clusters the genes into orthologous groups (OGs)
based on their translated protein sequences (pangenome dataset).

Additionally, to incorporate the possibility that certain genes involved in specialised
metabolism are related to cell adaptation mechanisms, though their homologues
from the primary metabolism may not be, a BGC-gene-focused dataset was created.
In this instance, orthology inference was conducted with zol?°, which is designed to
create OGs from genes involved in gene clusters, and the resulting P/A table was
also considered in the search for significant gene-gene relationships in the
Amycolatopsis pangenome (BGC dataset).

The last approach was based on the BiG-SCAPE result described earlier, to cover
the chance that whole BGCs are associated, even if common genes involved in
specialised metabolism do not display such patterns. The focus was on the GPA
BGCs, which is why an additional analysis was conducted to ensure their accurate
placement into GCFs (see methods). The BGC to GCF assignments generated by
BiG-SCAPE were transformed into GCF presence/absence patterns for each
genome. The resulting P/A table was used as input for the gene coincidence
analysis (BiG-SCAPE dataset).

The gene coincidence analysis was performed with the new Goldfinder tool (see
methods), which detects associations or avoidance relationships between pairs of
genes (OGs or pseudo-OGs). Goldfinder incorporates phylogenetic information to
filter out associations due to evolutionary proximity of the host genomes. This
increases the likelihood that, when a relationship between two genes is deemed
significant by the algorithm, it is because they are interacting in some way and not
because they were both vertically inherited from a common ancestor.

Out of the so far considered three approaches described in Table 1, significant
results were found only in the third one, which was based on the BiG-SCAPE
analysis. We expect to find more interesting gene co-occurrences in more
sophisticated generated P/A data in the future, as argued in the Discussion section.
Goldfinder showed that in the BiG-SCAPE dataset, 106 out of the 1,793 GCFs were
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involved in associating relationships (Figure 3). Among the 283 pairwise
associations, 8 subnetworks were formed. 5 subnetworks comprised pairs of GCFs,
1 involved 6 GCFs, while the last two included tens of GCFs and were much more
complicated.

esperamicin-like;curacozole-fike;tolypamide-like

microcin-E7-like

Figure 3: Network of coinciding pseudo-OGs. The nodes (n=106) represent pseudo-OGs (GCFs)
and coinciding pairs calculated by Goldfinder are connected with an edge (n=283). The GCFs which
include the GPA BGCs are larger and coloured pink (balhimycin and ristocetin GCFs). The interesting
region of the network is marked with a square and on the right it is shown in higher resolution. The
yellow nodes represent the GCFs associated with GPAs and they are labelled by their probable
products (based on MIBiG?' similarity as reported by antiSMASH'S).

In this dataset, Goldfinder detected three significant relationships involving GCFs
formed from GPA BGCs, one including the balhimycin-associated BGCs and the
other the ristocetin ones (Figure 3). The two GPA GCFs had one shared coinciding
GCF and each had an additional associated GCF that they did not share. The latter
included, for the case of balhimycin, an RRE-containing RiPP GCF, whose BGCs
showed moderate similarity with MIBiG?' BGCs associated with the production of
microcin C7?% and quinolobactin?. The ristocetin GCF was co-occurring with a GCF
of hybrid BGCs, which include regions dedicated to thiopeptide®, type | polyketide
synthases (PKS)?® and Linear azol(in)e-containing peptides (LAP)#* biosynthetic
pathways. The most closely related BGCs from MIBiG were responsible for the
biosynthesis of esperamicin®, curacozole®® and tolypamide®, though their similarity
was low.

Finally, the GCF which coincided both with balhimycin and with ristocetin belongs in
the NRP-metallophore class, showing very high similarity to the BGC of the
siderophore antibiotic mirubactin®. At first glance, there does not seem to be a
connection between the GPAs and the mirubactin GCF. However, this compound, or
rather its degraded product mirubactin C, was recently proven to have a unique
property: it can make a bacterium resistant to mutations of genes involved in cell wall
biosynthesis®'*2. This constitutes its coincidence with the glycopeptide GCFs very
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interesting, considering the resistance mechanism of balhimycin and ristocetin,
which involves altering the tail of lipid Il, a cell wall precursor molecule®.
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Figure 4: GCF presence in the GPA-producer-rich clade. Panel a: the clade including almost
exclusively GPA producers from the tree in Figure 1 is shown and next to it coloured rectangles
represent the presence absence pattern of the GCFs of either GPAs or their associated GCFs. Panel
b: the subnetwork of Goldfinder showing these relationships is drawn on the right. The colours of the
nodes in panel b match the colours of the presence/absence rectangles next to the tree in panel a.

Finally, it is worth noting that the observations listed above were relevant only for a
single clade in the Amycolatopsis species tree (Figure 4), as none of these GCFs
were present in any other genomes, with the exception of balhimycin which was
found in two more unrelated strains (from the Am. balhimycina species), that did not
encode any of the associated GCFs.

Distribution of mirubactin-related BGCs in GPA producer genomes

Having identified a potentially interesting association between some GPA BGCs and
mirubactin BGCs in Amycolatopsis genomes, we went on to investigate how
common the presence of the latter is among all GPA producers. For that purpose, a
verified dataset of GPA producers (see methods) was screened for BGCs with
similarity to mirubactin BGCs. Indeed, putative mirubactin producers were not
uncommon among GPA producers, though they were not the norm (Figure 5a).

The GPA BGCs had GCF and type designations (see methods), which were used to
determine if the presence of mirubactin BGCs was type-specific, which was not the
case (Figure 5b). The presence of mirubactin BGCs in the genomes of GCFs that
had a hit was quite conserved among the GCF members (Figure 5c).
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Figure 5: Distribution of mirubactin-related BGCs in GPA producer genomes. Panel a: Pie chart
depicting the percentage of verified GPA-producer genomes (211 verified out of 291 candidates from
chapter 4) which also contained a BGC with similarity to the one encoding for mirubactin biosynthesis
(mirubactin BGCs) in MIBiG*'. If the unverified GPA producers are included in the search, the
mirubactin is present in 30,2% of them. Panel b: Pie chart depicting the percentage of GCFs (n=21)
whose BGCs are found in genomes that also contain mirubactin BGCs per GPA or GRB type (see
chapter 4). All types of GPAs (I-1V) but only two (types B, D) among the GRP types (former GPA type
V, current GRP types A-E) had hits in the genome-wide mirubactin BGC search. The question mark
(?) corresponds to GCFs comprising incomplete BGCs whose type could not be determined. Panel c:
Bar chart depicting wthin-GCF presence of mirubactin BGC hits.The 21 GCFs are the same as in
panel b. They are labelled according to similarity to a known BGC (if applicable) and their type
designation (GPA types I-V). The question mark (?) corresponds to GCFs comprising incomplete
BGCs whose type could not be determined.

However, it is important to highlight that mirubactin BGCs were detected
predominantly in Amycolatopsis and Streptomyces genomes, among all GPA
producers, which are also the most common GPA producers (Supplementary
Figure 5).
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Discussion

In the present manuscript, the genomic adaptation to horizontal gene transfer (HGT)
of biosynthetic gene clusters (BGCs) was studied using the Amycolatopsis
pangenome. The genomes in the dataset were mined for their biosynthetic
capacities and the distribution of GPA producers revealed no pattern consistent with
speciation events. Orthology inference analyses were conducted on a genome scale
but also focused only on specialised metabolism (BGCs). This information, combined
with the clustering of the BGCs into groups into gene cluster families (GCFs) was
used for the creation of three presence/absence (P/A) tables, suitable for gene
coincidence analysis. The latter was conducted with the new Goldfinder tool and
presented in this manuscript, providing the first indication of a cluster of genes
seemingly unrelated to a specific BGC possibly being implicated in the host's
adaptation to its horizontal inheritance.

The first step in the analysis was the download of genomic sequences as well as the
PGAT** annotated proteomes of Amycolatopsis bacterial strains from the NCBI
RefSeq database. The genetic content of the pangenome was inferred based on
these proteomes and is therefore highly dependent on the accuracy of the algorithm
used, both for gene calling and for protein annotation. Even so, the use of the same
tool for all genomes in the dataset ensures uniformity, which minimises any bias that
may arise from inaccurate open reading frame (ORF) limits, since the same logic for
choosing these locations is applied throughout the dataset.

Similarly, the choice of the genome mining tool that conducted the detection of the
BGCs in the Amycolatopsis genomes can affect the precision of the analysis.
AntiSMASH is a rule-based tool, which is known to be generous with the proposed
limits of the BGCs, possibly including neighbouring genes that are not related to the
corresponding metabolic pathway. Considering that the within-BGC orthologous
groups (BGC dataset) are also considered in this analysis, this could create “noise”
in the gene patterns of the pangenome. However, the possible effect any unrelated
genes would have if they are falsely considered to belong to the specialised
metabolism should be mitigated by the different combinations of gene patterns
chosen for the datasets analysed by Goldfinder (Table 1).

The decision to not only examine one version of the observed gene patterns but
multiple, was rooted on the fact that it is not known what could be correlated with the
presence of a BGC in a genome. It could be a gene encoding for an enzyme that is
part of the primary metabolism, but it could also be a gene that is part of another
BGC, or a whole other BGC, or a type of BGC. The datasets in Table 1 were chosen
with this uncertainty in mind and to examine as many possibilities as possible.

The pangenome dataset (Table 1) failed to give interpretable results (data not
shown), most likely due to the inaccurate orthogroup (OG) definitions. The tool that
calculated the OGs, Orthofinder', though fast and easy to use, is known to
‘over-cluster” genes, leading to large OGs including higher variety than they
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should®®. This had a direct effect on the P/A table that was created from the
gene-OG assignments. For example, consider homologous genes A, B and C that
have evolved separately and are related to different functions. If these genes are
placed in one OG, e.g. OG_1, then a genome that contains all three genes would
have the same P/A pattern in OG_1 as another genome that contains B and C, and
another that contains only A. Therefore, interpretations of any associations involving
OG_1 would be problematic, especially if the true P/A patterns of gene A, B and C
are different. In the following iterations of this analysis, we plan to overcome this
issue by recreating the pangenome dataset with a more suitable tool, such as panX®
or panaroo®. Only after ensuring the quality of the P/A table can we focus on the
identification of significant relationships among genes. Additionally, to capture any
coincidence or avoidance between genes involved in primary and specialised
metabolism, we plan to analyse a dataset they are considered separately (distinct
OGs).

Gene coincidence analysis of the BGC dataset (Table 1) also ran into a dead end. In
this case, zol?*® was employed for the definition of OGs from genes included in BGCs.
This tool is designed for context-specific orthology inference of genes included in
gene clusters and also performs functional annotation of the OGs, a very useful
characteristic for an analysis such as ours. The fault with this approach was the
universal application to all types of BGCs at once. As demonstrated in the full
pipeline presented in the zol paper, the intended input data for zol are homologous or
orthologous gene clusters. However in this first attempt of the analysis, the full
biosynthetic capacity of the Amycolatopsis pangenome, captured in its BGCs, was
indiscriminately given to zol for OG calculation. The resulting P/A table displayed the
same problem as the pangenome dataset - genes from very different BGCs were
placed in the same OGs, making any associations between them uninterpretable. In
the future recalculation of the BGC dataset, we plan to get around this issue by
applying zol to BGCs belonging to the same gene cluster family (GCF).

The third and final dataset of Table 1, the BiG-SCAPE dataset, though reliant on the
similarity metrics and threshold used', did not have the problems described above,
and allowed the identification of some interesting relationships between GCFs,
including GPA GCFs. The balhimycin GCF (GPA type |) and the ristocetin GCF (GPA
type lll) each had a separate associated GCF (Figure 4), which were only listed in
the current manuscript and their significance will be explored in detail in the future.
The most compelling observation though, was their shared associated GCF, which
includes BGCs very similar to the MIBiG?' BGC associated with the biosynthesis of
mirubactin®.

To comprehend the possible implications between the associations of two types of
BGCs, they need to be studied in detail, with a focus on possible connections
between them. Mirubactin A is a known iron siderophore, whose role is to be
exported into the environment, where it binds to ferric iron, and then be transported
back into the cell, where it can be exploited for the host’s cellular needs*®. However,
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its (spontaneous) degradation product mirubactin C has been proven to protect
Bacillus subtilis cells from cell wall biosynthesis mutations, which normally cause cell
death®'. This unusual secondary bioactivity has been linked to specific enzymatic
complexes involved in cell wall biosynthesis®. More specifically, this concerns two
types of assembly machineries for peptidoglycan (PG), a cell wall component, seem
to be affected. The first is the “rod complex”, occurring in rod-shaped bacteria such
as Bacillus subtilis, which includes a glycosyltransferase and transpeptidases known
as class B penicillin-binding proteins (bPBPs). The second is part of an alternative,
optional, cell wall biosynthetic pathway that is activated when the first cannot
function properly and includes bifunctional class A penicillin-binding proteins
(aPBPs). It is worth noting that homologous pathways are found in many bacteria®’,
including Amycolatopsis. If bPBPs are affected due to mutations, aPBPs still lead to
the formation of a cell wall, but with morphological abnormalities, such as a rounded
shape®2. More importantly, mutations in bPBPs can, through a cascade of affected
enzymes and regulators, result in the production of reactive oxygen species (ROS),
which cause cell death due to peroxidation of cell wall lipids (LPO). LPO takes place
under the presence of redox-active iron, which is prevented due to the effect of
mirubactin C. The latter protects the mutants from this effect through the following
chain of events®. This compound is a degraded form of mirubactin A, a siderophore,
and does not retain all the functions necessary for siderophore bioactivity. It can bind
to environmental ferric iron but it cannot be transported back into the host cell,
causing iron limitation, which in turn reduces LPO and prevents cell death.

On the other hand, (self) resistance to GPAs (types I-1V) involves alteration of the PG
precursor lipid 1, replacing the D-Ala-D-Ala tail with a D-Ala-D-Lac tail**%*. This
change does not allow GPAs to bind to the cell wall of the producer cells, but it also
causes a number of morphological and functional adjustments, such as a spherical
shape, which has been attributed to affected PBP activities®. It has also been
suggested that not all bacteria are capable of adapting to PG precursor modifications
and that this may be connected to the observed distribution of vancomycin
resistance, which includes bacteria that can not biosynthesize GPAs
(vancomycin-resistant)*.

Based on the descriptions above, it appears that there is some overlap between the
functions of the enzymes whose mutation effects mirubactin C can protect from and
the self-resistance mechanism of balhimycin and ristocetin producers. The latter is a
necessary adaptation to the acquisition of their corresponding BGCs, since lack of
self-resistance would cause death and the HGT event would be deleterious to the
recipient cell. Therefore, we formulate the following hypothesis: it is possible that the
presence of a mirubactin BGC increases the host’s tolerance to changes in the cell
wall biosynthetic pathway, which in turn increases the chances of successfully
integrating a horizontally transferred GPA BGC.

Naturally, extensive additional investigations need to take place to support such a
hypothesis. The fact that mirubactin-like BGCs were found in multiple GPA
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producers (Figure 5) is a positive indication, which has to be supported by further
gene coincidence analyses. Additionally, it would be useful to study the evolutionary
origin of mirubactin, the same way as has been conducted for GPAs**'. Knowing the
relative order in which the two BGCs appeared in Amycolatopsis, for example, would
be beneficial to the elucidation of their relationship. The same kind of examination
with a focus on the emergence of the resistance genes could possibly support an
association between them and the mirubactin BGC, should any be detected by
additional gene coincidence analyses (including GPA resistant non-producers).
Furthermore, in the brief investigation of the mirubactin BGC distribution among GPA
producers, two types of GRP (former GPA type V, see chapter 4) GCFs seemed to
coincide with the siderophore. If such a relationship is confirmed, it would be
interesting to draw possible connections between mirubactin and GRPs, whose
mode of action also affects cell wall biosynthesis but in a different way*>. All of these
approaches will be considered in future analyses.

The present manuscript describes the first attempt at a BGC-aware gene
coincidence analysis. Even at its preliminary state, a potentially important
association was drawn between two different kinds of BGCs: GPA (balhimycin &
ristocetin) and mirubactin BGCs. The exact nature of their relationship will be the
focus of further research, while future attempts with an improved study design are
expected to unearth additional clues into the adaptation mechanisms of horizontally
acquired BGCs.

Materials and Methods

Sequencing data

All the assembled genomes (protein fasta files and genbank files) of the genus
Amycolatopsis (NCBI taxon ID: 1813) available from the NCBI RefSeq database
were downloaded via the Datasets resource*®. Custom IDs were generated for each
genome, which were used instead of their accession numbers for the rest of the
analysis. All information on the genomes is reported in Supplementary Table 1.

Orthology inference of the pangenome

The protein fasta files downloaded from NCBI were used as input for the Orthofinder
tool (v2.3.11, run with default settings)', which infers orthologous relationships and
places genes in groups accordingly (orthologous groups - OGs). The tool generates
a species phylogeny as part of its pipeline***°, which was imported to iTOL'™ and
annotated to produce Figure 1.

BGC dataset

Detection of putative biosynthetic gene clusters (BGCs) was accomplished with the
antiSMASH tool (v7.0.0)". The tool was run with default settings and the additional
comparison to the MIBiG?' dataset (--cc-mibig). Information on the BGCs detected is
reported in Supplementary Table 2.
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BGC similarity clustering

The total set of BGCs were analysed with BiG-SCAPE 1.0.1 (2020-01-27)"°, which
clusters BGCs into gene cluster families (GCFs) and clans based on their similarity.
The tool was run on auto mode with default settings except with the option to mix all
BGC classes (--mix) and the singleton flag (--include_singletons). The resulting
network was visualised in Figure 2. The BGCs encoding for the biosynthesis of
GPAs were analysed separately, with an adapted BiG-SCAPE script that considered
them all in the NRPS class (instead of some in NRPS and some in NRPS-PKS
hybrids), and a threshold of 0.2 that is known to always separate the GPA types into
GCFs (based on a previous analysis *). The GCF and clan assignment of all BGCs is
included in Supplementary Table 2.

Orthology inference of the genus’ specialised metabolism

The protein sequences of the genes involved in specialised metabolism (included in
the putative BGCs’ range) were used as input for the zol tool (v1.3.9, run with default
settings)?, which performs orthology inference on gene clusters. The orthologous
groups defined by this tool were used as additional information for the gene
coincidence analysis.

Generation of pseudo-OGs

The results of BiG-SCAPE assigned a GCF value to each BGC, while the separate
handling of the GPAs ensured that their GCFs were “pure” and did not include any
non-GPA BGCs. The information for the GCF assignment of each BGC was
transformed into a presence/absence table that matched the presence of each GCF
in each genome in the Amycolatopsis genus. This table was adapted in a suitable
format and these “pseudo-OGs” (the GCFs) were used as input for the Goldfinder
tool. All datasets are included in Supplementary Data 1.

Gene coincidence analysis with Goldfinder

The OGs and pseudoOGs described above were used as input for the Goldfinder
tool (unpublished), which applies a phylogeny-aware method to infer coinciding or
dissociating pairs of genes. Goldfinder is a new gene coincidence analysis tool,
which incorporates elements of the phylogenetic genome-wide association study tool
treeGWAS* in order to detect the truly significant relationships between genes in a
pangenome (Supplementary Figure 6). The implemented approach includes a step
reconstructing the ancestral state (presence/absence) of the internal nodes, using a
user-given species tree and using this information to calculate the association scores
among all pairs of genes. This way, the association of genes that can be attributed to
common ancestry is scored lower and the truly significant associations are the ones
the tool outputs. For all Goldfinder analyses conducted (default settings), the
Orthofinder-generated species tree was used as input, and each of the P/A tables of
the datasets in Table 1. The results can be found in Supplementary Data 2.

The output of gene coincidence analysis tools, such as Goldfinder, can be
overwhelming due to its sheer size*'. In order to improve the interpretability of the
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results, we developed a visualisation script for the result tables of the Goldfinder tool
(Supplementary Data 3). The goal was to highlight the most significant relationships
and to effectively include metadata into the visualisation, aiding in the prioritisation of
relationships for further study. The commands for the generation of the images can
be executed through a jupyter notebook, which will eventually be incorporated into
the tools’ files. The Vvisualisation requires Cytoscape (v3.10.0)* and the
py4cytocsape library*®. The most significant relationships from the BiG-SCAPE
dataset, as seen in Figures 3 and 4, were visualised using this method.

Distribution analysis of mirubactin-related BGCs

For the investigation of the presence of mirubactin-related BGCs in GPA producer
genomes, the dataset presented in chapter 4 was used. The antiSMASH results of
the genomes that were considered candidate GPA producers were text-mined for
“‘mirubactin”. The type designation from chapter 4 was also used to analyse the
distribution of the hits among types (Supplementary Table 3). GPA type V is used
interchangeably with GRP (term first introduced in chapter 4). All statistics and charts
for this part of the analysis were calculated using Google Sheets (Google Inc.,
Mountain View, CA).
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Supplementary Figure 1: species tree of the Amycolatopsis genus. Clades 1-3 (Figure 1) are

expanded, while the rest of the tree is collapsed for better visibility.
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Distribution of GPA BGCs among genera

@ Amycolatopsis @ Streptomyces  Nocardia @ Actinokineospora
@ Kitasatospora @ Actinobacteria @ Nonomuraea @ Kibdelosporangium
Actinomadura @ Actinoplanes (0 Kutzneria ( Umezawaea

Supplementary Figure 5: Pie chart depicting the percentage of GPA producers (n=211) detected in
each genus (based on data from chapter 4). Streptomyces and Amycolatopsis are the dominant
genera in the dataset. Percentages of small slices in order from left to right: Nocardia (1%),
Actinokineospora (2%), Kitasatospora (0.5%), Actinobacteria (undetermined genus - 0.5%),
Kibdelosporangium (1.9%), Actinomadura (1%), Actinoplanes (1.4%), Kutzneria (0.5%), Umezawaea
(0.5%).
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Supplementary Figure 6: The Goldfinder workflow. Figure adapted from the Goldfinder manuscript
(unpublished, see ‘List of publications not included in the thesis’).
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Discussion and conclusions

These five chapters unfold the narrative of an evolutionary investigation of bacterial
BGCs across multiple scales. The latter term refers both to the volume and the type
of data analysed in each project (e.g., genomes, BGCs, GCFs). As far as genomes
are concerned, the data ranged from hundreds of thousands of bacterial genomes
from all taxa in chapter 2, to a few hundred genomes (i.e., putative GPA producers)
in chapter 4, and to 150 genomes from a single genus in chapter 5. When it comes
to biosynthetic capacity and diversity, the data included more than a million BGCs of
great variety in chapter 2, a couple of hundred BGCs belonging to a very specific
system (i.e. GPA and GRP BGCs) in chapter 4, and a few thousands BGCs
clustered into hundreds of GCFs in chapter 5. Each of these approaches has
contributed in a different way to the elucidation of BGC distribution and evolution in

bacterial hosts.

The panoramic view: Biosynthetic diversity in bacterial

genomes

The advances in sequencing technologies have greatly increased the publicly
available data suitable for BGC detection and analysis, as was discussed in chapter
1. The latter was only possible thanks to the development of algorithms capable of
handling such volumes of data, like the BiG-SLICE tool for similarity clustering of
BGCs, which was one of the main tools included in the analysis of chapter 2. This
project was the first to study the diversity of specialised metabolism encoded in
bacterial genomes on a domain-wide scale. It was possible to quantify the diversity
of BGCs encoded in the available genomes and metagenome-assembled genomes
(MAGs), while ensuring that the metric used (i.e., GCFs) is comparable to chemical
classes, a measure of chemical diversity. It was also extrapolated how much more
diversity can be expected when the volume of sequenced genomes is multiplied,
concluding that there is a lot more to discover, especially from metagenomic data.
The potential of environmental samples as sources of new biosynthetic
diversity has been realised by other studies as well'>?¢*°, Having established that,
there are still hurdles to be overcome with metagenomics-based discovery of new

specialised metabolites. One of the most common issues with this approach is the
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inadequate sequencing and assembly quality®®. This is being addressed by the
development of new methodologies. For example, from the experimental side, which
includes elegant combinations of existing sequencing methods and DNA libraries to
efficiently capture BGCs from metagenomes®, and conduct -culture-free
expression®. Simultaneously, various computational approaches are investigated to
overcome the shortcomings of the current sequencing and assembly methods, such
as reconstructing BGCs directly from assembly graphs®®, which would additionally
sidestep the possible underpredictions due to binning processes being biassed
against HGT regions - a common occurrence in BGCs*. Other approaches include
employing artificial intelligence’®** and other innovative schemes®+¢ to capture the
elusive new-to-nature compounds and the BGCs encoding their biosynthesis. The
focus of the genome mining community seems to be shifting towards metagenomes
and it is exciting to think what will come out of it in the near future.

Additionally, another obstacle in comparative analyses of BGCs was overcome
in chapter 2: the genus was identified as the taxonomic rank most suitable for
examining the biosynthetic diversity of different bacteria in contrast to each other.
The uniformity of the GCFs within genera had been observed before, but never
confirmed within the scope of the entire bacterial domain. A newer study also
reaffirmed this conclusion for a large metagenomic dataset®, which was not
attempted in this project due to a lack of fine-scale taxonomic placement of the
MAGs that were analysed. Nevertheless, chapter 2 introduced the concept of the
REDgroups, a genus-equivalent taxon characterised by equal evolutionary distance
among the members. A compendium of information on the biosynthetic diversity and
potential across the entire bacterial domain by comparison of GCF values among
REDgroups was presented.

The methodology presented in chapter 2 has since been adapted and applied
in other studies, with similar goals. Beck and coauthors® combined this approach
with machine learning classifiers to predict the activity of the compounds whose
biosynthesis is encoded in BGCs, identifying promising genera for various
applications®®. Since one of the bottlenecks in the discovery of new bioactive
compounds is dereplication of the candidate targets, studies have also focused on
means to identify true biosynthetic novelty®*. Another article describes analogous
methods aimed at capturing the distribution of anti-phage defence systems encoded

in the phylum Actinomycetota, in which there is genus-specific variance®, in
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agreement with chapter 2’s findings on BGCs. More research projects like these are
anticipated, which make use of the now-established taxonomic rank for comparisons,
likely making the projects themselves commensurate as well.

Making use of this finding, some rare candidates were identified in the study’s
results whose biosynthetic capacities had not been explored yet, which will be the
target of future bioprospecting efforts®. Surprisingly, it was also concluded that a lot
of known gifted producer taxa will continue to be the source of novel biosynthetic
diversity. The most unexpected finding was the recognition that a REDgroup
corresponding to a subset of the genus Streptomyces was by far the most promising
group. Already a new study has discovered a new Streptomyces species whose
members display high biosynthetic diversity*', in agreement with these results. Due
to the high interest of the community in this taxon not only for its own biosynthetic
capacity, but for its potential to accommodate various BGCs, efforts are being made
to harness its potential fully, for example through the development of heterologous
expression protocols*? or cell-free gene expression systems*.

While the importance of Streptomyces for the field of specialised metabolites is
clear, an explanation behind its ability to synthesise so many and diverse
compounds has not been presented. In the context of the study, it is hypothesised
that the high number of various BGCs may be related to increased HGT events,
which possibly constitutes an adaptive mechanism that allows these bacteria to take
over new ecological niches. Other analyses, such as one conducted in a rhizosphere
population of Streptomyces strains*, confirm the high occurrence of conjugative
events, one of the means of HGT, which supports this notion. Another view suggests
that mobile genetic elements in Streptomyces contribute to the plasticity of their
genome by promoting chromosomal rearrangements. These bacteria dedicate a high
proportion of their genome to genes encoding non-essential metabolic pathways, a
phenomenon which is still being investigated®. It is important to note that HGT
events are rare, even if they are observed more often in BGCs than the rest of the
bacterial genomes'?, while the rate of their occurrences does not appear uniform
within the Streptomyces clade*'. Several studies have been conducted on a grand
scale, attempting to explain the frequency and means of HGT events®, as well as
the taxa that are involved®, but a definitive answer on the specific case of

Streptomyces is still lacking. The investigation of the reasons that constitute
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streptomycetes such gifted producers was not conducted in the scope of the analysis
in chapter 2, but it is expected to be the focus of future studies.

Another aspect to the distribution of biosynthetic diversity that was only
considered in part in the project, was the biogeographical aspect. In the subset of the
metagenomic data that was suitable for such an investigation, habitat-specific GCFs
were observed. This was later confirmed by another study on a metagenomic
dataset isolated from the Greenland Ice Sheet?® and also on symbiotic bacteria, such
as the ones inhabiting the human body, which have been more systematically
examined*®*’. Identifying which specialised metabolic pathways are widely
distributed and which ones are associated with specific environmental niches will
support the study of their ecological role in bacterial communities, which is poorly
understood at the moment. To that end, a comprehensive analysis of the biosynthetic
diversity, on a global scale and encompassing as many environmental biomes as
possible, would be necessary. Thankfully, such an effort is already in progress in the
BGC-atlas project (hosted on https://bgc-atlas.ziemertlab.com/). The next step would
be to connect yet more variables to this information, such as the effect of time, as
was done in situ for a specific biome*®. Naturally, this would require a massive
collaborative effort from researchers around the world in order to be achievable on a
comparable scale as the data we now have on specialised metabolism. A more
realistic goal is the normalisation of multi-omics approaches to microbiome analysis,
which would generate the information necessary to study community dynamics in

each sample*®®°.

The monocladic standpoint: Phylogenetic and coincidence

analysis of BGCs encoding the biosynthesis of GPAs

Having explored the biosynthetic diversity encoded in the bacterial kingdom, this
dissertation moved from a grand scale to the perspective of a single well-known
specialised metabolic pathway, that of GPAs. The motivation here was to investigate
the distribution and evolutionary events that shaped the associated BGCs, in an
effort to formulate some hypotheses that would explain the findings of chapter 2.
Naturally, in order to study their evolution, it is vital to firstly understand what is
already known about the biosynthesis of GPAs. They are compounds that have been

studied for a long time and from scientists of many different fields, each focusing on
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another aspect. For example, in the field of microbiology, they are relevant for their
ecological role in the bacterial communities. Biochemists are interested in the exact
steps of their biosynthetic pathways, and there are bioengineering efforts to produce
semi-synthetic compounds based on the natural assembly mechanism.
Bioinformaticians are interested in their evolution and any information that can
improve genome mining efforts. At the same time, each field relies on the other for
advancing their own goals. Microbiologists are interested in the genetic elements
involved because they can be exploited for heterologous expression of the BGCs.
Knowing the evolutionary history of the genes involved can be useful to biochemists
for elucidating the function of unknown enzymes. Developing bioinformatic
algorithms and pipelines to address any of these questions requires familiarisation
with the established background, depending on the field. The study of BGCs,
including GPA BGCs, is a very interdisciplinary endeavour, which requires effective
communication between scientists of different backgrounds. To this end, chapter 3
constitutes an innovative approach to convey the current state of research in regards
to the biosynthesis of GPAs, in a manner approachable for a broad scientific
audience. It is the hope of the authors that, in the future, such endeavours will
become routine and expected from articles describing biosynthetic pathways.

The successive chapter 4 describes an extensive study on the evolutionary
history of GPA BGCs, rendered possible after the conduction of the bibliographic
review of chapter 3. The first step of that project was the creation of an extensive
dataset of BGCs through scanning publicly available databases. This led to the
identification of a large number of BGCs in bacterial genomes of various taxonomic
origin. Not all of these BGCs could be included in the study, due to low quality, but
the results of this search did prove that many bacterial taxa not associated with
GPAs encode the genes for their biosynthesis. In addition, not only was the first case
of a single bacterium encoding two such clusters found, but also several very
unusual BGCs were detected (e.g., GRP type E), whose compound structure and
mode of action elucidation are completely unknown for now.

The original goal of the analysis in chapter 4 was to investigate the phylogeny
of these BGCs, but, due to some interesting observations on the differences of type
V, it transformed into a presentation of a new classification system, supported by
structural and phylogenetic information. Having an informative and dependable

classification system is important for research on any bioactive compounds, but

150



especially so for antibiotics. There are several efforts in place, both on national®'%?
and international® levels, to control antibiotic usage in an effort to combat the
emergence of multi-resistant pathogens. The World Health Organisation (WHO)
includes GPAs, both natural and semi-synthetic variants, in its antibiotic stewardship
program, intended to support monitoring activities. They are placed in the “Watch”
and “Reserve” categories, which means they are considered at high risk of
resistance emerging against them and WHO suggests to restrict their use as a ‘last
resort’ in order to preserve their effectiveness®®. These categorisations are important
for the allowed usage of such compounds in relation to human®, animal®, even
environmental®® health, as well as in the food industry®”*8. For the design of related
policies, the collection of knowledge on each drug is required, which allows informed
decisions on the risks and benefits of use®. This is where the importance of the
classification system of GPAs comes into play. Mislabeling of certain compounds as
GPAs could, for example, lead to associating patterns of GPA resistance with
glycopeptide related peptides (GRPs), whose mode of action - and quite possibly
their resistance mechanism - differs. Studying each type of GPA and especially each
type of GRP separately will allow researchers to reach accurate conclusions, which
will translate to better-informed policy-building.

Besides the suggestion for reclassification, chapter 4 describes the extensive
phylogenetic analysis that supports it, conducted on the related BGCs. The value of
increasing our understanding of the evolutionary events that led to the BGCs we
detect today, such as the development of genome mining tools, has been discussed
in chapter 1. Additionally, apart from the bioinformatic field, there are further
applications of such information, as in bioengineering of new-to-nature compounds®.
Preexisting knowledge on the evolution of specific genes related to GPA
biosynthesis®’ was already helpful for the elucidation of certain events in the
extended dataset of chapter 4. It is therefore expected that the trove of phylogenetic
trees, for every gene and domain related to GPAs and GRPs, generated in this
study, will support future investigations concentrated on specific enzymes or
functions, possibly aiding in the elucidation of their role or chemical structure.

Furthermore, the rationale of the pipeline applied for conducting the
phylogenetic analysis on a BGC level can be introduced to other BGC systems as
well. Special attention needs to be dedicated to the evolutionary events taking place

in the various genomic components of a BGC. The standard methods for
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phylogenetic inference are designed for vertically transmitted genes and therefore
the assumptions they are based on do not always apply to genes involved in
specialised metabolism. In chapter 4, the modular genes encoding non-ribosomal
peptide synthetases (NRPSs) needed to be studied on the level of the functional
domain, as it has been established that evolutionary pressure can be applied to
different degrees in each of them. Additionally, this study was the first to make use of
super networks based on partial trees of all well-populated genes and domains. This
uncommon phylogenetic method has been mathematically proven to be able to
handle incongruence in the dataset, making its application well suited for the study of
BGCs. The calculation of a concatenated phylogeny on the other hand, ensured that
the information from the different sources (genes, domains) was combined, when
appropriate (if they passed a congruence check), into a representative phylogeny for
the whole gene cluster. A comparison of the latter with the species tree of the
producers would give some valuable insights on the origin of the BGCs®, but this
was not conducted in the scope of this analysis. Studying gene to species tree
resemblance can highlight possible HGT events®*% which is now possible for a
myriad of genes and domains involved in GPA and GRP BGCs, and will be
conducted in future projects.

Chapter 4 elucidated the evolutionary history of GPA and GRP BGCs, but that
did not yet explain why certain bacteria are more prolific producers of specialised
metabolites than others. It was hypothesised that the answer may be related to the
presence of specific adaptation mechanisms that ameliorate the metabolic cost of
incorporating a horizontally acquired BGC, leading to such an investigation in
chapter 5. In that project, the entire genomic repertoire of the Amycolatopsis genus
was studied in a first BGC-aware coincidence analysis. The ability to incorporate
both producers and non producers in such a study was made possible thanks to the
development of appropriate efficient tools like Goldfinder (unpublished), since the
inclusion of both genomes that contained GPA BGCs and those that did not required
a genus-sized pangenome. The study of typical pangenomes (all genomes
belonging to one species) and the search for associations among genes is not a new
concept®*®°, but has not been applied in the scope of BGCs.

Though preliminary, these results pointed to a potentially significant association
between the ability to produce GPAs and the ability to produce mirubactin, a known

siderophore antibiotic. In chapter 6, a hypothesis for the nature of their relationship
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was formulated, which could be directly related to an adaptation mechanism for HGT
of BGCs encoding GPA biosynthesis, but further analyses need to be conducted to
confirm or disprove this. In any case, through the attempts described in chapter 5, a
lot of observations were made on possible flaws of the current methodology. An
improvement of those in the next iteration of the analysis is expected to reveal more
interesting relationships, of association or of avoidance, between BGCs or genes
involved in the primary or specialised metabolism. Furthermore, it will be possible to
apply the pipeline to any well-studied system of BGCs and any genus of appropriate
membership size. Perhaps a comparison of observed relationships among datasets
will eventually be possible as well. Adopting such approaches for the, much larger,
Streptomyces genus may ultimately shed light to what sets it apart from the rest of
the bacteria as a gifted producer.

It is worth noting that the quality of the analysis presented in the last two
chapters is dependent on a common factor: the accuracy of the orthology inference.
Indeed the categorization of the genes studied into orthologous groups (OGs) was
vital both for the evolutionary exploration of the GPA and GRP BGCs in chapter 4
and for the coincidence analysis of the Amycolatopsis pangenome in chapter 5. The
authors are grateful for the success of the zol®® orthology inference tool in the case of
the GPA-related genes. However, for the larger and more diverse dataset of BGCs
used for the gene coincidence analysis, a more creative approach is required and
will be attempted, such as a pre-clustering step of closely related BGCs prior to the
zol analysis. The distinction of orthologs and paralogs is not a trivial problem and
there are a number of tools attempting to tackle it, as well as a dedicated consortium
(Quest for Orthologs®’). Though the focus of existing tools and databases is biassed
towards eukaryotic organisms, there is a shift towards bacteria® that is expected to
soon bridge that gap. As presented in the chapters above, the evolutionary study of
specialised metabolism has much to gain from such advancements.

Given the opportunity arising from the last statement, it is important to mention
that though this dissertation was focused on bacteria, the search for new-to-nature
bioactive compounds is being conducted on multiple domains of life®*’°. Several
analyses described in the chapters above would be very informative if applied on
different datasets. The distribution of biosynthetic diversity could be investigated in
fungi or plants, though it would be harder to achieve due to the complexity of

eukaryotic genomes’'. Similarly, evolutionary investigations can be conducted on
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BGCs from any source, provided the underlying assumptions are carefully
considered. Even more interesting would be the combined investigation of different
organisms, as is the case in the study of symbiotic microbes capable of specialised
metabolism®. Association analyses, like the ones presented in chapter 5, could
reveal unknown connections between host and symbiont genetic elements. The
latter may highlight gene patterns conserved across hosts or across symbionts or it
could expose any dependencies of the symbiont’s biosynthetic capacity on the host
environment. Naturally, the hypothetical studies mentioned here would require a
great deal of effort to become possible, both to generate the necessary datasets and
to design the appropriate methodology. However, it is still exciting to think about the

directions that the field may take in the future.

Outlook

This dissertation serves to highlight how important it is to approach a topic as
complex as specialised metabolism from multiple perspectives. Having started from
a global view of the bacterial biosynthetic potential, we moved to the evolution of a
specific system and then to gene dynamics within a single genus. Each chapter
contributed a different morsel of knowledge to the quest for discovering new
bioactive compounds from bacterial sources. Having successfully increased our
understanding of the distribution and evolutionary history of BGCs, it is exciting to

see this new information being exploited in further research.
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