
Bioinformatics software applications for the analysis
of secondary metabolism in microbial genomes

Cameron Laurence Mathison Gilchrist

BSc (Hons) in Genetics

BSc in Genetics

A thesis by publication presented for the degree of Doctor of Philosophy of The University of

Western Australia

School of Molecular Sciences

Faculty of Science

2021





Thesis Declaration

I, Cameron Laurence Mathison Gilchrist, certify that:

This thesis has been substantially accomplished during enrolment in the degree.

This thesis does not contain material which has been accepted for the award of any other

degree or diploma in my name, in any university or other tertiary institution.

No part of this work will, in the future, be used in a submission in my name, for any other

degree or diploma in any university or other tertiary institution without the prior approval of

The University of Western Australia and where applicable, any partner institution responsible

for the joint-award of this degree.

This thesis does not contain any material previously published or written by another person,

except where due reference has been made in the text.

The work(s) are not in any way a violation or infringement of any copyright, trademark, patent,

or other rights whatsoever of any person.

The work described in this thesis was funded by an Australian Government Research Training

Program (RTP) Scholarship.

This thesis contains published work and/or work prepared for publication, some of which has

been co-authored.

Signature:

Date: November 8, 2021

iii





Abstract
Fungi are known as talented producers of bioactive small molecules, referred to as secondary

metabolites (SMs), which have been an important source of pharmaceutical drugs and agrochem-

icals, as well as served a variety of other industrial uses. Conversely, some SMs act as mycotoxins

and virulence factors, causing diseases in plants and animals which can result in severe economic

losses. The genes encoding the biosynthetic pathways of SMs in fungi are typically found

colocalised in biosynthetic gene clusters (BGCs). The original sequencing of fungal genomes

revealed the presence of ‘silent’ BGCs, which are not expressed under standard laboratory

cultivation conditions, and far outnumber those BGCs that are. With the proliferation of

next-generation sequencing over the past decade, the number of silent BGCs now dwarfs the

number of characterised BGCs that have successfully been linked to the biosynthesis of SMs.

We have only explored a tiny fraction of the several million fungal BGCs estimated to exist in

nature, representing a massive untapped reservoir of biosynthetic diversity. Thus, mining of

fungal genomes for these silent BGCs presents a significant opportunity for the discovery of novel

bioactive SMs. In collaboration with Dr. Ernest Lacey from Microbial Screening Technologies

(MST) and Dr. Andrew Piggott from Macquarie University, our group routinely perform genome

mining in order to link isolated SMs to their biosynthetic origins in the genome. While many

bioinformatics approaches have been developed for genome mining based on a wide variety of

strategies, there are still significant bottlenecks which could be addressed computationally. In

this thesis, I present three new bioinformatics tools, as well as several smaller bespoke pipelines,

which I developed in order to alleviate these bottlenecks and facilitate our genome mining work.

In Chapter 2, I present cblaster, the first tool capable of detecting homologous BGCs entirely

remotely across sequence databases hosted by the National Center for Biotechnology Information

(NCBI). Identifying similar BGCs is one of the most common procedures in the genome mining

process, as it allows us to determine their boundaries, any common genes likely involved

in the biosynthetic pathway, as well as assess their overall structural variation which could

infer variation of the final SM. This has driven the development of existing tools such as

MultiGeneBlast (Medema et al., 2013) or clusterTools (Lorenzo de los Santos & Challis, 2019).

However, these tools are limited to local sequence databases, a significant constraint given the

sheer scale of genomic data today. Manually identifying BGCs in online databases is a tedious
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process, involving cross referencing the results of separate BLAST searches and traversing several

layers of interlinked databases to retrieve genomic coordinates of hits. Given a sequence file as

input, cblaster automates this entire process and generates comprehensive output, with intuitive

visualisations which can make patterns of BGC conservation immediately obvious. Moreoever,

cblaster provides functionality for estimating the size of BGC neighbourhoods, performing local

searches using protein sequences or profile HMMs, downloading hit regions for further analysis,

and more. I demonstrate the utility of cblaster through several case studies in bacteria, fungi

and plants. The addition of remote search capabilities represents a significant extension of the

genome mining toolbox.

Then, in Chapter 3, I present clinker, a pipeline for the alignment of multiple BGCs, and its

companion visualisation library, clustermap.js. Given BGC sequence files as input, clinker

automatically performs global alignments of genes within each BGC, and produces a highly

interactive and customisable visualisation of the alignment using clustermap.js. This facilitates

a deeper analysis of similarity between BGCs, such as those identified using cblaster. The ease

of use and flexibility of these tools represents a significant improvement upon existing tools

and libraries, which can require complicated setup, the creation of external files by the user,

bioinformatics expertise and generate inflexible, static visualisations. These tools were recently

described in a publication in Bioinformatics (Gilchrist & Chooi, 2021). I then further detail

the design and technical implementation of both clinker and clustermap.js.

In Chapter 4, I present synthaser, a tool for the annotation and classification of the domain

architecture of fungal megasynthases using the NCBI’s Conserved Domain Database (CDD).

Given the link between the domain architecture of fungal megasynthases (i.e. the linear

arrangement of functional domains within it) and the structural scaffold of the resulting SM,

accurately determining this architecture is an important step in fungal genome mining. The

approach of synthaser differs from existing tools by focusing on identifying islands of related,

overlapping domain families, resulting in granular, precise annotation of each domain within

a sequence. This is all controlled by a central rule file, which can be readily modified using a

web application (https://gamcil.github.io/synthaser). Resulting architectures are then classified

based on the domain islands identified within them, using rules also found in the rule file.

synthaser leverages the NCBI’s batch CD-Search tool, which allows for bulk annotation of
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megasynthases. I validate synthaser by comparing its domain architecture predictions to

those generated by the domain architecture prediction module in antiSMASH (Blin, Shaw,

Kloosterman, et al., 2021) on megasynthases stored in the MIBiG database (Kautsar et al.,

2019); synthaser correctly annotated and classified all sequences, with 64.08% of antiSMASH

predictions missing one or more domains. I then demonstrate the applicability of synthaser to

exploratory genome mining pipelines by constructing a similarity network of β-ketoacyl synthase

domains extracted from publicly available Aspergillus genomes overlaid with domain architecture

predictions from synthaser, leading to the discovery of several clusters of megasynthases with

unique domain architectures not linked to any known pathways.

In Chapter 5, I present the comprehensive genomic and chemotaxonomic analysis of a novel

Australian species, Aspergillus burnettii, done in collaboration with MST and Dr. Andrew

Piggott. A. burnettii produces a variety of known SMs, including ochratoxin A, anominine, (+)-

isokotanins A-C, (+)-kotanin, (+)-desmethylkotanin, 14α-hydroxypaspaline, hirsutide, paspaline,

emindole SB and asperlicin E, as well as a series of novel metabolites, including the burnettramic

acids (biosynthetic pathway since reported by H. Li et al. (2019)), burnettides A-C and

burnettiene A. Based on its chemical profile, as well as further morphological characterisation,

A. burnettii was tentatively placed into Aspergillus subgenus Circumdati section Flavi. This

was further supported by molecular phylogenetic analysis of multiple barcode loci, as well as

analysis of carbohydrate active enzymes by Dr. Lene Lange and a PhD student, Bo Pilgaard,

from Denmark Technical University, which revealed A. burnettii to be closely related to A.

alliaceus. In this work, I heavily utilise all of the tools presented in this thesis and demonstrate

how they form a cohesive toolkit for analysis of fungal genomes. I readily identified the BGCs

for SMs with characterised BGCs using cblaster, and visualise their similarity using clinker

and clustermap.js. This included all of the aforementioned known SMs with the exception of

hirsutide. Domain architectures of megasynthases in the A. burnettii genome were determined

using synthaser, which led to the identification of candidate BGCs for other SMs produced by

the fungus. This work resulted in a publication in Fungal Genetics and Biology (Gilchrist

et al., 2020).

Finally, in Chapter 6, I detail a collection of small, bespoke bioinformatics pipelines that

were developed as part of other research projects over the course of my PhD. I first present
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a pipeline for analysing the compartmentalisation of fungal genomes based on the lengths of

their intergenic regions. This was applied to the oat pathogen, Cochliobolus victoriae, in order

to determine if its genome resembled the ‘two-speed’ model seen in other plant pathogenic

fungi, whereby genes contributing to virulence are located in gene sparse, repetitive element rich

regions of the genome. This contribution appeared in a publication by another PhD student

in our group, Simon Kessler, in the Proceedings of the National Academy of Sciences (Kessler

et al., 2020, included as Appendix A.7). I then present a pipeline for assessing the prevalence

of protospacer-adjacent motifs (PAMs) in fungal genomes, which are binding sites required

by proteases involved in CRISPR-based genetic engineering systems. This was applied to the

genome of Aspergillus nidulans as part of work by another PhD student in our group, Indra

Roux, who recently reported the first successful CRISPR-based activation system in filamentous

fungi in ACS Synthetic Biology (Roux et al., 2020, included as Appendix A.3). Then, I present

a bioinformatics tool, fungiphy, which is capable of generating multi-locus phylogenies of fungal

species using a local SQLite database from a single command. Using this tool, I made several

contributions in collaboration with Dr. John Pitt from MST to the Fungal Planet Description

Sheets initiative of the Persoonia journal (Crous et al., 2020, included as Appendix A.9). Finally,

I present a bioinformatics tool for identifying BGCs encoding Ribosomally-synthesized and

Post-translationally modified Peptides (RiPPs) in fungal genomes, the fungal RiPP assayer

(fRiPPa). I detail preliminary work involving the heterologous expression of RiPP BGCs

predicted by fRiPPa in the genome of A. burnettii, and subsequent chemical characterisation of

the final RiPP compound.

The thesis ends in Chapter 7 with a summary of the key findings in this thesis and a brief

discussion of future extensions of each tool, as well as suggestions for additional research in

the field. Taken together, the work presented here demonstrates that i) fungal genome mining

is not a solved problem, and technical innovations over time have brought on new problems

which require novel bioinformatics solutions that build and improve upon our existing tools

(Chapters 2 to 4), and ii) the development of tailored bioinformatics applications can greatly

facilitate the mining of fungal genomes for novel SMs (Chapters 5 and 6).

KEYWORDS: fungi; secondary metabolites; genome mining; biosynthetic gene clusters;

bioinformatics; software; visualisation
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Chapter 1

Introduction

1.1 Genome mining for fungal secondary metabolites

1.1.1 General background

Fungi are essential to the ecosystem of our planet and impact many aspects of human life

(Gilbert & Neufeld, 2014; Peay et al., 2016). Diseases from fungal pathogens pose significant

risks to food security, causing major reductions in crop yields, as well to the health of animals,

plants and the broader environment (Godfray et al., 2016; Fisher et al., 2012). They may

also infect humans, which can be particularly severe for those already immunocompromised by

previous illnesses (Köhler et al., 2015). Conversely, fungi have been used for centuries in the

production of foods and beverages, particularly fermented products common to Asian cuisines

such as soy sauce, and various alcohols like Japanese saké or Korean makgeolli (Nout & Aidoo,

2011; Park et al., 2017). Fungi have also been utilised as biopesticides and bioherbicides, as well

as factories for enzymes of industrial importance (Glare et al., 2012; Arnau et al., 2020).

Fungi produce bioactive small molecules known as secondary metabolites (SMs) or natural

products (NPs). Unlike primary metabolites, SMs are not necessarily required for the growth or

development of the organism in the laboratory but may confer competitive advantages within a

specific ecological niche (Fox & Howlett, 2008; Keller et al., 2005; Bills & Gloer, 2017). The

majority of human interest around SMs has centred around those with potential pharmaceutical

applications; indeed, many clinical drugs have been derived from, or inspired by, SMs (Newman
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& Cragg, 2020). For example, penicillin, the first broad-spectrum antibiotic, was famously

discovered by Alexander Fleming from Penicillium rubrum (now Penicillium rubens) in 1928

(Bennett & Chung, 2001). Other representative examples include the cholesterol lowering

lovastatin, the antifungal echinocandin and the immunosuppressants mycophenolic acid and

cyclosporin (Tobert, 2003; Sintchak et al., 1996; Cacho et al., 2012; Colombo & Ammirati,

2011). Similarly, fungal SMs have been an important source for the discovery of agrochemicals,

including the herbicides cornexistin and tentoxin, and fungicide strobilurins (Lax et al., 1988;

Anke et al., 1977; Nakajima et al., 1991). They have also been used as bioflavours, fragrances

and pigments (Goyal et al., 2017; Narsing Rao et al., 2017). On the other hand, fungal SMs

can have deleterious effects. For example, fungi grow on food crops like peanuts and coffee,

contaminating them with harmful mycotoxins such as aflatoxins, citrinins, ochratoxins, gliotoxins

and trichothecenes, which can lead to illness in animals and humans (Bräse et al., 2009; Taniwaki

et al., 2018). Similarly, we incur significant economic damage every year from losses in crop

yield due to plant diseases caused by the phytotoxic SMs and virulence factors produced by

plant pathogenic fungi (Möbius & Hertweck, 2009; Pontes et al., 2020; Xu et al., 2021).

The biosynthesis of SMs is driven by ‘backbone’ enzymes, such as the large, multi-domain

polyketide synthases (PKSs) and non-ribosomal peptide synthetases (NRPSs), that synthesize

structural scaffolds from small chemical building blocks (e.g. acetyl-CoA, amino acids). SMs

can consequently be classified according to the classes of the backbone enzymes involved in their

biosynthesis; the major classes are polyketides (PKs), non-ribosomal peptides (NRPs), hybrid

PK-NRPs, terpenes, post-translationally modified peptides (RiPPs) and the indole alkaloids

(Keller et al., 2005; Bills & Gloer, 2017, see Figure 1.1 for representative compounds). Backbones

are further modified by an assortment of ‘tailoring’ enzymes (e.g. transferases, oxygenases) to

furnish the final product.

The genes encoding backbone and tailoring enzymes involved in fungal SM biosynthetic pathways

are colocalised in the genome, forming biosynthetic gene clusters (BGCs) which can potentially

span over 20 kilobases (Brakhage, 2013). A typical fungal genome contains far more BGCs

than are ever observed as expressed SMs under standard laboratory growth conditions; the

genomes of Aspergillus species, for instance, can contain anywhere from 30 to 100 BGCs. Many

of these remain uncharacterised and are referred to as ‘cryptic’ or ‘orphan’ BGCs (Y. F. Li
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Figure 1.1: The major classes of fungal secondary metabolites and representative compounds.

et al., 2016). Indeed, current estimates suggest we have only explored only a tiny fraction of the

total SM diversity encoded in fungal genomes, making the mining of these genomes an enticing

prospect (Keller, 2019). Linking of BGCs to the products they encode is an ongoing process

which is important for several reasons. By developing a better understanding of the relationship

between genes and molecules, our ability to predict SM structures based on gene sequences also

improves, allowing us to better prioritise BGCs of interest during the genome mining process.

3



Moreover, it can lead to the discovery of new biosynthetic enzymes which could be harnessed

for chemical synthesis. Finally, it allows us to better study the biological functions of SMs using

genetic approaches, for example analysing mutants (from targeted knockouts) lacking the ability

to make specific SMs, as well as analysing BGC expression during the life cycle of an organism,

or in its interactions with other organisms.

Given the immense impact that fungal SMs have already had on human life throughout the

past century, this microbial ‘dark matter’ represents a wealth of untapped potential for the

discovery of the next generation of pharmaceuticals and agrochemicals.

1.1.2 Panning for gold in mould: can we increase the odds for fungal

genome mining?

1.1.2.1 Preface

Connecting SMs to the BGCs that encode their biosynthesis is a laborious process. First, in silico

bioinformatics analysis is performed in order to identify viable candidate BGCs in a genome of

interest. As the majority of fungi are unculturable or otherwise genetically intractable, the next

stage generally involves extensive cloning efforts in order to express the BGC in heterologous

systems (Rappé & Giovannoni, 2003; Alberti et al., 2017; Wu et al., 2019). Finally, expressed

metabolites can be isolated and analysed to elucidate the entire biosynthetic pathway of the SM.

Characterising even one BGC of interest is thus a significant undertaking incurring substantial

costs of time and effort, not to mention the additional risk of ‘rediscovering’ known metabolites

rendering the work redundant (Bills & Gloer, 2017)

The sheer number of BGCs possessed by each fungal genome, as well as the unprecedented rate

at which new fungal genomes are being sequenced and deposited in sequence databases, has

made it increasingly unrealistic to expect that we can exhaustively characterise every BGC that

we identify. Indeed, the total number of fungal BGCs across all genera is currently estimated to

be at least several million (Keller, 2019). Thus, our focus must shift to developing strategies for

prioritising those BGCs with the greatest potential to encode novel chemical entities, or those

with novel bioactivities. As the work presented in this thesis involves both the genome mining

of fungal SM BGCs, as well as developing bioinformatics tools and pipelines to assist in the

4



genome mining process, I participated in writing a perspective article with Dr. Hang Li and Dr.

Yit-Heng Chooi on how to increase the likelihood of successful genome mining in fungi.

In this perspective, we outline several existing and emerging strategies for the prioritisation

of BGCs in fungal genomes. These include looking for analogues of known SMs by searching

for similar, but different, BGCs; targeting ‘oddball’ SMs with novel structural scaffolds and

bioactivities; using chemical ecology as a guide to identify SMs with specific bioactivities; and the

prioritisation of BGCs encoding self-resistance mechanisms (resistance-guided genome mining).

For each strategy, we highlight relevant examples where they have been successfully applied,

and point to techniques and approaches that researchers can use in order to implement them in

their own work. This perspective serves as a useful general overview of the various approaches

to fungal genome mining for natural products researchers.

This work has resulted in the publication below:

Gilchrist, C. L. M., Li, H., & Chooi, Y.-H. (2018). Panning for gold in mould: Can we

increase the odds for fungal genome mining? Organic & Biomolecular Chemistry, 16 (10),

1620–1626. https://doi.org/10.1039/C7OB03127K.

Author contribution: Gilchrist C. L. M. wrote the manuscript (60%); Li H. wrote the

manuscript (20%); Chooi Y-H. conceived the study (100%) and wrote the manuscript (20%).

1.1.2.2 Manuscript
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Panning for gold in mould: can we increase the
odds for fungal genome mining?

Cameron L. M. Gilchrist, Hang Li and Yit-Heng Chooi *

Fungi are a rich source of bioactive small molecules. However, the large number of biosynthetic gene

clusters (BGCs) encoding these molecules in their genomes suggests their biosynthetic potential is far

greater than we previously appreciated. The mining of fungal genomes therefore holds great promise for

the discovery of new chemical entities for pharmaceutical and agricultural applications. As more and

more fungal genomes become available, the accompanying number of BGCs is quickly becoming un-

manageable. Along with improving molecular genetic tools to accelerate the translation of BGCs to small

molecules, we must devise strategies to prioritise BGCs most likely to encode the biosynthesis of novel

small molecules and molecules with new or improved bioactivities or functions. In this perspective, we

discuss existing and emerging strategies for prioritisation of BGCs to increase the odds of fruitful genome

mining in fungi.

Introduction

It is undeniable that fungi and their small molecules have
impacted human life in many ways. A number of fungal sec-
ondary metabolites (SMs; also known as natural products) –

the antibiotic penicillin, cholesterol-lowering statins and the
immunosuppressant cyclosporine, just to name a few – have
transformed human medicine. On the flip side, fungi are
known to produce mycotoxins that threaten the health of
humans and livestock. Fungi are also arguably the major con-
tributor to crop yield losses due to diseases, and some pose
serious threats to immunocompromised individuals.

It has been known, even prior to the genomic era, that
genes encoding the biosynthesis of SMs in fungi often exist in
clusters, much like their bacterial counterparts.1 However,
when the first few filamentous fungal genomes were
sequenced, the large number of biosynthetic gene clusters
(BGCs) they possessed surprised the research community as
they far exceeded the diversity of SMs perceived in these fungi
based on previous natural product isolation studies. It became
immediately obvious that many of the BGCs in these fungi
remain silent under common laboratory growth environments
due to their conditional expression. The influx of fungal
genome sequencing data over the last decade has continued to
reinforce this notion. A recent estimate from 581 fungal
genomes suggests we may have only explored molecules
encoded by 3% of predicted fungal BGCs.2,3 We have thus

barely scratched the surface of the chemical diversity that
fungi are capable of generating. For fungal plant and human
pathogen genomes, genome sequencing efforts have further
exposed our lack of knowledge regarding the roles SMs could
play in host–pathogen interactions, especially in light of recent
gene expression studies of fungi within hosts.4

With the revelation of more and more such ‘biosynthetic
dark matter’ in fungi, the question then becomes how we can
effectively tap into their hidden biosynthetic potential for bio-
active molecule discovery. Approaches for translating BGCs in
the genome to SMs have been reviewed elsewhere, but can be
broadly categorised into manipulation of signalling pathways
in the producing fungi and expression of BGCs in hetero-
logous systems.5 Additionally, our ability to predict BGCs from
fungal genomes is improving with the development of bio-
informatics tools such as antiSMASH.6 Despite these advances, a
bottleneck remains due to the laborious and time-consuming
natures of both the development of transformation procedures
for non-model fungal species, and the heterologous recon-
struction of BGCs; approaches that cannot keep up with the
influx of genomic information ushered in by the advent of
next generation sequencing technologies. Therefore, develop-
ing methods to effectively wade through this ocean of infor-
mation is vital for such genome-based fungal natural product
discovery going forward.

In this perspective, several existing and emerging ways for
the prioritisation of fungal BGCs will be discussed. The
primary interest in genome mining for fungal SMs has been
its potential for the discovery of bioactive molecules for
pharmaceutical and agrochemical applications. However,
equally exciting are the opportunities to discover completely
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novel SM structural scaffolds, biosynthetic enzymes catalysing
novel chemical reactions, new modes of action or SM targets,
and molecules involved in important fungal biotic and abiotic
interactions – all of which have the potential to translate into
real world applications in the future.

Love thy neighbours

A famous quote of Donald Rumsfeld’s – the ‘known knowns,
unknown knowns and unknown unknowns’ – was aptly used
by7 in their description of natural products and the research
field. This is also a convenient way to categorise the BGCs in
microbial genomes. BGCs linked to SMs can be considered
‘known knowns,’ while ‘known unknowns’ are those BGCs fea-
turing known backbone biosynthetic enzymes, such as poly-
ketide synthases (PKSs), nonribosomal peptide synthetases
(NRPSs), terpene synthases (TSs) and prenyltransferases
(PTases), which are easily predicted by software such as
antiSMASH but yet to be linked to SMs. The ‘unknown
unknowns’, on the other hand, are BGCs that are currently
unrecognised by simple homology-based analysis due to our
lack of knowledge concerning the type of biosynthetic genes
involved – though such BGCs may well encode known mole-
cules that have not yet been linked to BGCs. Mining of fungal
genomes is typically focused on these ‘known unknowns’ and
‘unknown unknowns.’

Perhaps the most straightforward way to explore the ‘known
unknowns’ is to look no further than our existing drug leads.
Many natural products exist in families of structurally-related
compounds. Well known examples are the cholesterol-lowering
statins, which include lovastatin, pravastatin, or mevastatin,
and the antifungal echinocandins, which include echinocan-
din B1, pneumocandin A, aculeacin, cryptocandin and mul-
undocandin. The structural similarities between such com-
pounds are often reflected in the relatedness of their BGCs.

Targeting BGCs partially related to known BGCs may therefore
be a good strategy for uncovering novel analogues of known
bioactive compounds, which could possess improved pharma-
cological properties and help combat antibiotic resistance.

For such an approach to be successful, a highly curated
database of characterised BGCs, linked to SM structures and
other metadata, is crucial. One such example is the Minimum
Information about a Biosynthetic Gene cluster (MIBiG) reposi-
tory,8 which allows for the deposition and retrieval of experi-
mentally characterised BGC data. MIBiG has since been incor-
porated into antiSMASH as part of the KnownClusterBlast
module, which analyses the similarity of predicted BGCs with
homologous BGCs across many published genomes.

Another angle is to visualise BGC relatedness across many
genomes as a network. In these analyses, BGCs are grouped
into ‘families’ based on the presence of homologous genes
and their similarities, which can cluster tightly given high con-
servation between BGCs, or more loosely when BGCs are more
distant (Fig. 1). BGCs encoding compounds with varying levels
of similarity to those encoding known molecules can then be
readily identified based on the distances between members of
families within a network. Such analysis has been performed
with the Penicillium pan-genome, though it was restricted to
conserved domains of backbone biosynthetic proteins, specifi-
cally PKSs and NRPSs.9 One such network analysis tool,
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Genome Neighbourhood Networks (GNNs), allows for large-
scale prediction of enzyme function given their local genomic
context.10 This has recently been applied in the search for
BGCs encoding novel enediyne analogues.11,12 Several tools are
currently being developed to perform this analysis, such as
the EFI-Genome Neighborhood Tool (EFI-GNT)13 or BIG-
SCAPE (https://git.wageningenur.nl/medema-group/BiG-SCAPE,
unpublished). Thus, this is a promising strategy for uncovering
new members of a compound families; particularly those with
useful bioactivities.

One may ask, then, why the BGC encoding the next chole-
sterol-lowering statin or echinocandin antifungal drug has not
yet been found. So far, BGCs homologous to those encoding
known clinical drugs have mainly been identified from fungal
strains already known to produce compounds of the same
family. Perhaps for this approach to truly be effective, a signifi-
cantly larger number of fungal genomes is required, especially
for those natural product families that are less distributed
across taxa. This is illustrated in the mining of bacterial
genomes for novel antitumor compounds related to enediynes.
By surveying 3400 actinomycetes Yan et al.,11 identified 28 dis-
tinct enediyne BGCs from 31 of 81 potential producer strains.
The addition of these BGCs to a GNN containing all known
enediyne BGCs made clear their substantial differences in
enzymatic make-up, and their potential to produce new and
diverse chemistry. This culminated in the identification of a
new family of enediyne compounds, the tiancimycins, which
showed potent cytotoxicity to cancer cell lines. More recently,
this approach was extended to 11 500 actinobacterial genomes,
whereby 137 enediyne BGCs were uncovered, and a new
anthraquinone-fused enediyne, yangpumicin A, was isolated
(Fig. 2).12 This demonstrates the power of large-scale mining
of pan-genomes for the discovery of novel analogues of known
drug leads.

Fungal genomes are significantly larger than those of bac-
teria, meaning that there are relatively fewer that are publicly
available. Nonetheless, fungal genome sequence databases are
rapidly expanding, making this type of analysis increasingly
viable. There are currently at least 3620 fungal genomes avail-
able across NCBI and JGI MycoCosm alone. This will only
increase thanks to initiatives such as the 1000 Fungal
Genomes Project (http://1000.fungalgenomes.org). Even at a
smaller scale, we see a number of examples where uncovering
the BGCs of known bioactive compounds opened up opportu-
nities to discover related analogues, such as with mycopheno-
lic acid.14 Continued mapping of promising structural leads to
their BGCs will generate new avenues for further exploration.

Finding the oddballs

Natural products with rare or novel structural scaffolds could
possess new modes of action and lay the basis for new drug
leads. They also often serve as inspiration in the development
of new reactions for organic synthesis. Additionally, such rare
scaffolds could indicate the involvement of novel enzymes in

their biosynthesis. In the case of antibiotics, novel scaffolds
with new modes of action are needed as analogues of existing
scaffolds are more prone to resistance generation. Continuing
to search for ‘oddballs’ could therefore be a very rewarding
endeavour.

Network analysis of BGC similarity across many genomes,
as discussed above, will allow us to sift through the ‘known
unknowns’ while excluding those with significant similarities
to ‘known knowns.’ Such analyses will enable the rapid identi-
fication of those BGCs unrelated to known BGCs and unique
only to very few species (Fig. 1d), which could lead to the dis-
covery of new classes of compounds. Another good starting
point is to search for genes that encode proteins with unusual
domain architectures, or that are only distantly related to
known backbone biosynthetic genes. For example, Hang
et al.15 searched 581 ascomycete and basidiomycete genomes
and identified a novel class of highly-reducing PKSs harbour-
ing a C-terminal domain with strong homology to carnitine
O-acyltransferase (cAT). Though the final product of the BGC
was not identified, they demonstrated that the cAT domain
confers a novel mode of product release via esterification with
polyalcohol nucleophiles, and is capable of recapturing the
product to afford a second methylation and generate an
α,α-gem-dimethyl product. Similarly, a series of novel NRPSs

Fig. 2 Representative structures mentioned in this perspective.
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have been observed which novel domain architectures result in
novel products. Baccile et al.16 identified a BGC within
Aspergillus fumigatus containing fsq, which encodes a small
NRPS-like protein which lacks the canonical condensation (C)
domain, and is responsible for the production of several novel
isoquinoline alkaloids named the fumisoquins (Fig. 2).
Similar genome mining efforts for unconventional terpene bio-
synthetic enzymes have also been fruitful. For example, Okada
et al.17 identified a sesterterpene synthase, EvQS, containing a
novel terpene cyclase domain not belonging to any previously
proposed phylogenetic clade. EvQS possesses a novel cycliza-
tion mode responsible for the production of the sesterterpene
quiannulatene, which contains a highly congested carbon
skeleton (Fig. 2).

Unfortunately, this approach does not extend to the
‘unknown unknowns,’ which do not contain conventional
backbone biosynthetic genes. Several tools have been devel-
oped in order to detect these BGCs, such as ClusterFinder18

and MIDDAS-M.19 ClusterFinder, available as part of
antiSMASH, employs a hidden Markov model to probabilisti-
cally predict BGC-like regions in the genome based on fre-
quencies of protein family domains observed in curated BGC
and non-BGC training sets, and has been shown to success-
fully detect BGCs of unknown class.18 ClusterFinder works on
the assumption that though the biosynthesis of unknown com-
pounds may differ greatly to known compounds, key reactions
still require similar enzyme families.20 On the other hand,
MIDDAS-M combines both genomic and transcriptomic data,
and predicts BGCs by analysing the transcriptional co-regu-
lation of neighbouring genes. Use of this tool enabled the
identification of a BGC encoding the ribosomally synthesized
and post-translationally modified peptide (RiPP) ustiloxin B in
Aspergillus flavus (Fig. 2).19 The identification of ‘unknown
unknown’ BGCs could have profound implications as it opens
up new doors for discovery of new families of compounds. For
instance, the discovery of the BGC encoding ustiloxin spurred
the exciting discovery that such RiPP pathways are widespread
across the ascomycetes and basidiomycetes.21,22

Following the trail

Chemical ecology has served as inspiration in the search for
SMs with bioactivities against specific organisms. For example,
numerous phytotoxic compounds, which hold promise as
potential herbicide leads, have been isolated from fungal
pathogens of weeds.23 Similarly, antifungal compounds have
been isolated from mycoparasitic or fungicolous fungi, such as
penifulvin A Penicillium griseofulvum.24 Another example is the
insecticidal mycotoxin beauvericin isolated from Beauveria
bassiana, a known insect pathogen.25 Study of coprophilous
fungi, which compete against one another on dung, has
revealed several compounds with antifungal and antibacterial
activities such as the sporovexins A–C.26 However, many BGCs
in these fungi could remain silent in laboratory culture con-
ditions, only being expressed when the organism is being chal-

lenged in their native environment. These conditionally-
expressed, ecologically-relevant BGCs can be narrowed down
using transcriptomics and comparative genomics tools; such
an approach has previously been referred to as chemical eco-
genomics.4 For example, a silent BGC from the wheat patho-
gen Parastagonospora nodorum, upregulated during the late
stage of wheat leaf infection, is responsible for the production
of the light-activated phytotoxin elsinochrome C, which has
been shown to be involved in wheat virulance.27 In another
example, use of comparative genomics analysis revealed BGCs
conserved across multiple animal and human-associated
pathogens, not present in related non-pathogenic species of
their corresponding genus. Activation of these pathways in
Neosartorya fischeri and A. fumigatus, as well as heterologous
expression of representative pathways from Trichophyton and
Arthroderma dermatophytes, led to the discovery of the novel
immunosuppressive neosartoricins (Fig. 2).28,29

Co-culture of microbial species, be it bacteria-fungi or
fungi–fungi, has been successful in activating the production
of cryptic natural products.30,31 For example, co-culture of
Aspergillus nidulans with soil-dwelling actinomycetes was
shown to activate fungal secondary metabolism genes, and
enabled the production of several compounds including the
lichen metabolite lecanoric acid.32 Similarly, co-culture of
naturally co-occurring, wood-decaying basidiomycetes resulted
in the discovery of two novel bioactive xylosides.33 However, in
practice, it can be difficult to pinpoint which components of
these interactions are actually responsible for the production
of isolated compounds, and there could be additional compli-
cation in scaling up co-cultures (e.g. differences in growth
rates). In such instances, transcriptomics could be used to
identify candidate BGCs, which could then be linked to the
metabolites (e.g. by pathway-specific activation or heterologous
expression) in the absence of the requisite interaction partner.
A recent study employed this approach: comparison of tran-
scriptomic data revealed a putative BGC in A. flavus downregu-
lated by bacterial lipopeptides; overexpression of a pathway-
specific transcription factor in this BGC led to the isolation of
the alkaloids imizoquins (Fig. 2), which suppress bacterial
growth.34 The study revealed that SMs are involved in mediat-
ing the antagonism between fungi and bacteria, and that such
antagonistic relationships could be exploited for genome
mining of novel antibacterial and antifungal compounds.

The secret resistance

Organisms often encode self-resistance mechanisms for the
bioactive SMs they produce to prevent suicide. Such mecha-
nisms are often encoded by the very BGC responsible for the
biosynthesis of the SM.1 This can manifest itself as a duplicate
of the SM target embedded in the BGC (Fig. 3). For example,
the BGC encoding the biosynthesis of lovastatin, which blocks
cholesterol synthesis via inhibition of HMG-CoA reductase,
encodes a duplicated HMG-CoA reductase gene.35,36 It remains
unclear whether some of these duplicated target genes encode
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proteins that are resistant to the SM inhibition or merely
provide excess targets within cells as a way to confer resistance
to the organism. Nonetheless, this provide a means to uncover
BGCs encoding SMs with known targets. Indeed, the BGC
encoding mycophenolic acid, an immunosuppressive com-
pound which inhibits IMP dehydrogenase (IMPDH), was loca-
lised by searching for duplicated IMPDH genes in
P. brevicompactum.37 Similarly, the BGC encoding fumagillin,
which blocks blood vessel formation by inhibiting methionine
aminopeptidases, was uncovered due to the presence of dupli-
cated methionine aminopeptidase-1 and -2 genes found in the
vicinity of a PKS gene predicted to be required for formation of
fumagillin’s decatetraenedioic acid moeity.38,39 The identifi-
cation of the fumagillin BGC uncovered a novel family of
terpene cyclases in fungi.38

On the same token, we could potentially infer the target or
mode of action of the SMs encoded by a BGC given the pres-
ence of a resistance target within that BGC. This has since
formed the basis of a genome mining approach where BGCs
containing non-biosynthetic, resistance-related genes are prior-
itized. Initial implementations of this approach have been
limited in scope, either searching for, or chancing upon,
specific drug targets of interest. For example, the previously
uncharacterized inp BGC in A. nidulans contains a gene, inpE,
encoding a duplicated proteasome subunit, suggesting a
potential resistant target.40 Subsequent expression of this BGC
resulted in production of the proteasome inhibitor fellutamide
B (Fig. 2). The proteasome is a known anticancer target, and
proteasome inhibitors such as Bortezomib and Carfilzomib
have recently been approved by the FDA. This highlights that
this approach has significant potential for the discovery of
SMs with desired modes of action.

Though foraging for BGCs encoding duplicates of specific
validated or promising drug targets can be useful, a way to

indiscriminately identify all duplicate resistant targets from
entire genomes is greatly desirable. Such a pipeline, referred to
as resistant target-directed genome mining, has just been
demonstrated in the marine actinomycete genus Salinispora.41

Clusters of orthologous groups (COGs) were first identified in
86 Salinispora strains to establish both pan- and core-
genomes. The pan-genome was then queried for duplicates of
core-genome COGs associated with natural product BGCs.
Finally, a list of promising targets is generated by filtering
these duplicates for those with resistance-related functions. As
of writing, an automated pipeline to perform similar analyses
has been made available named Antibiotic Resistant Targets
Seeker (ARTS), though it has thus far only been implemented
for bacteria.42 Nonetheless, one can imagine the added value
of applying this to fungi, given they are eukaryotic organisms
sharing many homologous targets with animals and plants. As
such, the SMs encoded by these duplicated target-containing
BGCs may serve as leads for human and veterinary drug as
well as herbicide development. However, a potential obstacle
that we would encounter for such an approach for fungi is that
many duplicated COGs may be primary metabolite pathway
genes that have been neofunctionalised to have a biosynthetic
role in the BGC, which could be difficult to differentiate from
a resistant target. For example, the duplicated isopropyl-malate
synthase gene htyA in the echinocandin producer Emericella
rugulosa has been shown to be involved in biosynthesis of the
non-proteinogenic amino acid homotyrosine required for echino-
candin biosynthesis.43 A potential workaround would be to
generate a list of duplicate COGs found in BGCs, followed by
further prioritisation based on their potential applications as
drug or herbicidal targets. Given that the final SM product of
the BGC is likely to be bound to the resistant target (either at
the active site or allosterically), whereas a biosynthetic enzyme
would act on an intermediate, it might be possible to predict
the likelihood of a duplicated gene encoding a resistant target
or biosynthetic enzyme via protein modelling and docking
analysis in the future, when we better understand how dupli-
cate targets confer resistance.

Future outlook

Continuous improvements in the computational and mole-
cular tools we use to predict BGCs and translate them into
molecules will be key to the success of future genome mining
efforts. At the same time, we should not overlook the ongoing
endeavor to connect SMs to their BGCs, as it will help expand
our knowledge base on SM-BGC relationships As far as compu-
tational strategies are concerned, perhaps the holy grail is that
one day we are not only able to predict the structure of the
molecules encoded by BGCs, but also the function or bioactiv-
ities of these molecules. As more and more BGCs are charac-
terised, and more biochemistry unveiled, our ability to predict
the structure of compounds is improving. Prediction of poten-
tial function is more challenging; however, there are strategies
we can use. The relatedness of BGCs to those encoding known

Fig. 3 Biosynthetic gene clusters encoding biosynthesis of fumagillin
( fma), lovastatin (lov, partial) and mycophenolic acid (mpa). Boxed
arrows in green, resistant duplicate copies of the compound target;
blue, biosynthetic genes; grey, uncharacterised or unrelated to bio-
synthesis. HMGCR = HMG-CoA reductase, IMPDH = inosine-5’-mono-
phosphate dehydrogenase, MET-AP = methionine aminopeptidase.
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bioactive molecules may provide us with clues as to their
bioactivities; we can also get an idea of function given the
ecology of the organism and the expression context of it’s
BGCs. Perhaps the most exciting strategy is the resistant target-
directed genome mining, which can indicate a potential resist-
ant target and mode of action of a molecule; though these
targets are not present in every BGC. Going into the future, a
combination of these strategies will likely prove vital in gener-
ating leads for pharmaceutical and agricultural applications.
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1.1.3 The bioinformatics landscape of fungal genome mining

In Section 1.1.2.2, I outlined several strategies for the genome mining of fungal secondary

metabolites, and pointed to techniques that could be used in each case. Bioinformatics approaches

are key to all genome mining strategies. Indeed, the bioinformatics landscape within the natural

products area is rich with tools and workflows developed for these purposes (Medema, 2021).

Here, I seek to outline current state of the art tools and their potential use within fungal genome

mining, as well as lacking areas that could still be addressed through the development of new

computational approaches.

1.1.3.1 Prediction of BGCs in fungi

The first step in the fungal genome mining workflow, regardless of the specific strategy employed,

is to predict BGCs in a genome. Numerous tools for BGC prediction have already been developed,

and have been extensively reviewed in Chavali and Rhee (2018) and Blin, Kim, et al. (2019).

The majority of tools are designed for the analysis of bacterial genomes; here, I focus only on

those that can be used for the mining of fungal genomes.

By far the most established tool for BGC prediction is the antibiotic and secondary metabolite

analysis shell (antiSMASH; Blin, Shaw, Kloosterman, et al., 2021), which uses a rule-based

algorithm contingent on profile hidden Markov models (HMMs) built from the key biosynthetic

functional domains of SM backbone enzymes. antiSMASH offers a fungal specific prediction

mode, fungiSMASH, and offers a wealth of additional post-prediction functionality, such as the

functional annotation of BGC genes, sequence comparison to characterised BGCs deposited in

the Minimum Information about a Biosynthetic Gene cluster (MIBiG) database (Kautsar et al.,

2019), and prediction of backbone enzyme substrate specificity. Similar rule-based approaches

can be seen in tools such as SMURF (Khaldi et al., 2010). The main drawback of such tools

is their inability to discover entirely novel systems; as rules can only be created using prior

knowledge of the biosynthetic pathways of SMs, prediction tools can in turn only predict BGCs

of known SM classes such as polyketides and nonribosomal peptides. Much of the effort over

the past decade has thus focused on motif-independent, de novo BGC prediction.

Several tools have implemented machine learning approaches. The earliest example of this was

ClusterFinder (Cimermancic et al., 2014), which utilised a HMM-based probabilistic algorithm
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trained on the co-occurrence of biosynthetic functional domains from the Pfam database (Mistry

et al., 2021) to predict ‘islands’ of biosynthetic domains. More recently, DeepBGC (Hannigan

et al., 2019) was developed, which uses a bidirectional long short-term memory (BiLSTM) neural

network trained on Pfam domain embeddings of BGCs from the MIBiG database, supplemented

with additional random forest classifiers for the prediction of BGC product classes. Similarly,

TOUCAN (Almeida et al., 2020) was developed, which uses a supervised learning framework

based on a combination of biological features, including k-mers, functional domains and Gene

Ontology (GO) terms, to predict BGCs. While these tools have shown comparable prediction

accuracy to fungiSMASH and ClusterFinder, their ability to predict truly novel BGC types has

yet to be shown.

Other tools have taken approaches based on exploiting various biological phenomena. Tools

such as MIDDAS-M (Umemura et al., 2013) and FunGeneClusterS (Vesth et al., 2016) predict

BGCs by searching for cooperative transcriptional regulation of genes within the genome. These

tools work on the assumption that genes within BGCs are co-expressed and may share common

regulatory elements, an idea which has also been applied for the prediction of BGC boundaries

in the tools CASSIS and SMIPS (Wolf et al., 2016). This technique is particularly applicable in

the chemical ecology-guided genome mining approach. For instance, identifying coexpression of

transcriptionally upregulated genes in plant pathogenic fungi when grown on the plants that

they infect may allow us to find the BGCs encoding virulence factors and phytotoxins (Chooi &

Solomon, 2014).

As SM BGCs have arisen through the repurposing of enzymes involved in primary metabolic

pathways, another approach is to instead search for expansions of primary metabolism enzyme

families, for instance due to duplication or horizontal gene transfer, which could potentially

lead to the formation of novel biosynthetic pathways. This approach is taken by the EvoMining

pipeline (Sélem-Mojica et al., 2019), which performs extensive phylogenetic analysis to identify

expansion-and-recruitment events of primary metabolism enzymes. In a similar manner, the

Antibiotic Resistant Seeker (ARTS) pipeline (Mungan et al., 2020), in what is referred to as

resistance-gene guided genome mining (discussed above), targets duplications of core primary

metabolism genes localised within BGCs, as such duplicates have been observed to act as

self-resistance mechanisms for BGCs encoding the biosynthesis of toxic SMs. More recently, the
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FRIGG pipeline (Kjærbølling et al., 2019) was reported, which is a fungal-specific equivalent of

the ARTS pipeline.

Another method is to target regions containing biosynthetic genes or domains that co-occur at

greater than expected frequencies, as novel combinations of these evolutionary units are what

lay the foundation for new pathways and metabolites. In this vein, Gluck-Thaler et al. (2020)

developed the CO-OCCUR pipeline for the analysis of BGC diversity in the Dothideomycetes.

More recently, De Rond et al. (2021) presented a method, CO-ED, which targets uncharacterised

combinations of functional domains in multi-domain proteins. They succesfully used CO-ED

to discover a unique synthetase responsible for producing a series of new oxazolone natural

products in Pseudoalteromonas rubra.

While many tools have been developed for the prediction of BGCs in fungal genomes, there still

remains ample room for future work. For instance, despite readily handling well characterised

SM classes, current tools struggle in the prediction of less defined SM classes such as ribosomally

synthesized and post-translationally modified peptides (RiPPs). There are currently several so-

phisticated tools for detecting RiPPs in bacterial genomes utilising machine learning approaches,

but none that are applicable to fungal genomes (Medema, 2021). Similarly, tools for in-depth

analysis of genes within BGCs, such as for the prediction of substrate specificity of NRPS

adenylation domains with NRPSPredictor2 (Röttig et al., 2011) and SANDPUMA (Chevrette

et al., 2017), perform significantly better on bacterial inputs than on fungal inputs. However,

the reason that tools for bacterial genome mining are more advanced than those for fungi is

likely due to the historical disparities in the number of bacterial and fungal genome sequences

available for study. Thus, this computational gap should narrow as more fungal genomes become

available thanks to initiatives such as the 1000 Fungal Genomes Project (Grigoriev et al., 2014).

1.1.3.2 Sequence analysis of biosynthetic genes

After BGCs have been predicted within a BGC, we then need to characterise the genes within

them. This begins with basic functional annotation of the genes, which can be done in several

different ways. Perhaps the most rudimentary method is to compare sequences from the BGC

to those deposited in online sequence databases such as UniProt (The UniProt Consortium,

2017) or those hosted by the NCBI (NCBI Resource Coordinators, 2014) via BLAST searches.
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As highly similar sequences are likely to possess similar functionality, we can infer putative

functions of genes in the BGC by their similarity to annotated sequences in the respective

sequence database, taking care not to inherit any incorrect annotations that may be present

(Tian & Skolnick, 2003).

More precise functional annotation can be performed by identifying conserved functional

domains within the sequences. This is typically done by searching sequences against large

domain databases such as InterPro using the InterProScan tool (Blum et al., 2021) or the

NCBI’s Conserved Domain Database (CDD) using CD-Search (M. Yang et al., 2020). These

databases are themselves comprised of many smaller databases such as Pfam (Mistry et al.,

2021) or TIGRFAMs (Haft et al., 2013). Additional general sequence analysis may include the

prediction of signal peptides using SignalP (Almagro Armenteros et al., 2019), transmembrane

regions using TMHMM (Krogh et al., 2001) or Phobius (Käll et al., 2004), or coiled-coils using

Coils (Lupas et al., 1991); all of these are included in the InterProScan search tool.

For genome mining purposes, conserved domain annotation can be helpful in identifying

transcription factors (TFs), which can greatly ease the experimental verification process of

the BGC, as overexpression of BGC-specific TFs will upregulate expression of the entire BGC

(Brakhage, 2013). Additionally, resistance-gene guided genome mining approaches can be

facilitated by searching sequences against databases of known antibiotic resistance domains such

as the Resfams database (Gibson et al., 2015). Notably, antiSMASH allows users to perform

functional domain analysis in any given run, including detection of domains from the Pfam,

TIGRFam and Resfams databases in BGC genes. antiSMASH also offers functionality specific to

secondary metabolism biosynthetic genes, including the ability to detect conserved active sites,

predict substrate specificities of synthase sequences, and detecting RiPP recognition element

(RRE) domains using the recently reported RRE-Finder tool (Kloosterman et al., 2020).

antiSMASH can also predict the domain architecture of PKS and NRPS sequences. This is a key

part of analysing BGCs encoding polyketides and nonribosomal peptides, as the organisation

of biosynthetic domains within the respective megasynth(et)ase determines the structure of

the final product (Tsai & Ames, 2009). In antiSMASH, domain architectures are predicted

using a collection of profile HMMs for key biosynthetic domains, such as β-ketoacyl synthase

domains from PKSs or adenylation domains from NRPSs. Another tool, SBSPKSv2 (Khater
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et al., 2017), predicts domain architecture in the same way. While quick and accurate, these

tools can miss small or low-scoring domains during prediction. Additionally, they are inflexible

due to their reliance on the manual curation of domain profiles; new domain types can only be

added by generating an entirely new domain model from scratch. Thus, domain architecture

predictions from these tools are typically cross referenced with more precise domain predictions

from tools like CD-Search or InterProScan, which offer graphical outputs from which the domain

architecture can be seen. The NCBI also provides the Conserved Domain Architecture Retrieval

Tool (CDART) and Subfamily Protein Architecture Labeling Engine (SPARCLE), which allows

users to find sequences with similar domain architectures in NCBI sequence databases linked to

functional classifications (M. Yang et al., 2020). Another recently developed tool is TREND

(Gumerov & Zhulin, 2020), which can predict domain architectures of proteins using large

domain databases and align them to their phylogenetic relationships.

1.1.3.3 Comparative analysis of fungal BGCs

Another important part of fungal genome mining pipelines is comparative sequence analysis.

This can occur at several different levels: for example, in databases which store characterised

BGCs for comparative analysis; in smaller-scale analysis of specific BGCs of interest; or at large

scale analysis of BGC diversity.

Smaller scale analyses involves the comparison of specific BGCs to one another. Search tools are

a key component of typical genome mining workflows, allowing for the identification of BGCs

containing specific sequence homologues or functional domains. Perhaps the most known BGC

search tool is MultiGeneBlast, which was the first to allow researchers to search for homologous

BGCs in large sequence databases instead of pre-curated search datasets (Medema et al., 2013).

MultiGeneBlast works by searching query sequences from a BGC against a sequence database

using BLAST (Camacho et al., 2009), then identifying hits that are colocalised in their respective

genomes. Additionally, MultiGeneBlast has an ‘architecture’ search mode, allowing for protein

sequences not from a BGC to be searched, such that BGCs consisting of specific functionality,

rather than similarity to a given BGC, can be identified. However, this process is better served

by searching for functional domains using profile HMMs, which are more sensitive than homology

based searches and are capable of recovering domains in more distantly related proteins (Söding,
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2005; Eddy, 2011). Profile HMM-based searches for BGC architecture form the basis for the

more recent clusterTools (Lorenzo de los Santos & Challis, 2019). clusterTools works in a similar

manner to MultiGeneBlast, but is able to search for user-specified combinations of functional

domains as well as protein sequences.

Smaller tools such as MultiGeneBlast, clusterTools or cblaster excel when researchers already

have a specific BGC that they wish to analyse, but are not well suited to larger-scale exploratory

analysis. As I discuss in Section 1.1.2.2, network analysis can be a powerful tool for this purpose.

This involves grouping predicted BGCs into broader gene cluster families (GCFs) based on

their overall similarity to other BGCs. By incorporating characterised BGCs linked to known

metabolites, such as those found in the MIBiG database, we can infer the product of predicted

BGCs based on the GCF they belong to. This is particularly helpful for genome mining, as

we can target BGCs likely producing novel analogues of known SMs by looking at less related

members within a GCF, or target BGCs that fall into GCFs with no characterised members to

uncover new or unique SMs.

This approach has long been used for individual protein sequences via sequence similarity

networks (SSN), but has only recently been adapted for the analysis of broader genomic

neighbourhoods (Atkinson et al., 2009). One popular tool for building SSNs is the Enzyme

Similarity Tool developed by the Enzyme Function Initiative (EFI-EST; Gerlt et al., 2015).

EFI-EST has a companion tool, also developed by the EFI, called the Genome Neighbourhood

Tool (EFI-GNT), which can extend the SSNs produced by EFI-EST to genome neighbourhood

networks (GNNs), such that researchers can analyse the similarity of the surrounding genomic

regions of proteins within the SSN (Zallot et al., 2021). Though not specifically designed for the

analysis of SM BGCs, it can be readily applied to them.

One tool specifically built for analysing BGCs is the Biosynthetic Gene Similarity Clustering and

Prospecting Engine (BiG-SCAPE; Navarro-Muñoz et al., 2020). BiG-SCAPE takes antiSMASH-

predicted BGCs as input, and generates a similarity network using a similarity score based on

the presence of Pfam domains found in the genes of each BGC. BiG-SCAPE is much quicker

than sequence similarity-based methods such as EFI-EST, as it does not require sequence

alignment. This is particularly advantageous for larger datasets, where sequence alignment can

take significant amounts of time. In a similar manner, the IMG-ABC database also offers the
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ability to generate BGC similarity networks based on overlapping Pfam domains, though this is

restricted to the data stored within the database itself (Palaniappan et al., 2019).

More recently, Kautsar, van der Hooft, et al. (2021) reported the Biosynthetic Genes Super-

Linear Clustering Engine (BiG-SLICE), an update to BiG-SCAPE, which uses a numerical

feature vector-based clustering approach to generate GCFs. BiG-SLICE can generate BGC

similarity networks in a non-pairwise fashion in near-linear time, representing a significant

improvement upon BiG-SCAPE: using this approach, they were able to group >1 million BGCs

into GCFs, in what is currently the most comprehensive network of BGCs available today.

Networking tools such as these serve as excellent exploratory research tools, and their ability to

highlight unique BGCs in massive datasets offer exciting possibilities for the discovery of novel

natural products.

1.1.3.4 Databases for biosynthetic gene clusters

There are currently many databases devoted to storing information about natural products,

which have been extensively reviewed by Van Santen et al. (2021). Early efforts included

ClusterMine360 (Conway & Boddy, 2012) and doBISCUIT (Ichikawa et al., 2013, now defunct),

which stored information about characterised BGCs, primarily of bacterial origins. These have

now been superseded by the MIBiG database (Kautsar et al., 2019), which is currently the

largest maintained database, containing 2021 experimentally verified BGCs as of its second

release in 2019. MIBiG provides an easy to use web server which is readily queried for organism

or BGC functional class. These databases allow for the retrieval of annotated sequence data,

such that researchers can identify homologous BGCs in their own genomes of interest. This

can be useful for genome mining purposes, either in finding similar BGCs encoding structural

analogues of known SMs, or in dereplicating datasets such that focus can be shifted to BGCs

with no homology to known BGCs. Additionally, the BGC prediction tool antiSMASH is tightly

integrated with the MIBiG database via it’s KnownClusterBlast module, which compares newly

predicted BGCs to those stored in the MIBiG database.

While databases of experimentally verified BGCs are important, these represent only a tiny

fraction of the total BGC diversity encoded in fungal genomes. For this reason, databases

such as the Integrated Microbial Genomes - Atlas of Biosynthetic gene Clusters (IMG-ABC)
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and antiSMASH-DB have been developed, which store unverified predicted BGCs as well as

characterised BGCs (Palaniappan et al., 2019; Blin, Shaw, Kautsar, et al., 2021). Like the MIBiG

database, antiSMASH-DB is also integrated into antiSMASH via the ClusterBlast module,

allowing predicted BGCs to be compared to other predicted BGCs stored in the database.

With >400,000 and >140,000 BGCs currently hosted on the IMG-ABC and antiSMASH-DB

databases, respectively, these provide a much more extensive view of the distribution of BGCs

across taxa. However, this presents another issue, as the sheer scale of these databases make

comparative analysis increasingly difficult.

One solution to this problem is to instead focus on storing GCFs, generated using BGC network

analysis tools such as BiG-SCAPE or BiG-SLICE mentioned above. Indeed, the BiG-FAM

database was recently developed for this purpose, with its first release storing 29,955 GCFs

generated by BiG-SLICE from 1,225,071 BGCs (Kautsar, Blin, Shaw, Weber, et al., 2021). Like

the MIBiG database, BiG-FAM provides a web server which can be interrogated by taxa or

BGC class. Additionally, it provides functionality for quickly placing antiSMASH-predicted

BGCs directly into the stored GCFs using BiG-SLICE, greatly facilitating genome mining of

fungal genomes. Similarly, Prospect (Robey et al., 2021) is a web server that allows users to

explore a dataset of 12,067 GCFs from 1,037 fungal genomes, as well as the families of SMs that

they encode.

1.1.3.5 Comparative visualisation of genomic regions

Another key aspect of comparative genomic analysis is visualisation. Within the natural products

area, we frequently want to visually compare multiple BGCs, either in the course of research

when exploring their overall structural similarity, or when generating figures for publication.

This has driven the development of numerous visualisation tools. Perhaps the most established is

the Artemis Comparison Tool (ACT), which allows for visual comparison of BLAST alignments

between genome sequences (Carver et al., 2005). Another popular tool is EasyFig, which

generates similar figures but with a larger emphasis on visual clarity when comparing more than

two genomic regions (Sullivan et al., 2011). Both EasyFig as well as ACT offer a graphical user

interface (GUI), where users can load in local sequence data, as well as BLAST results, to be

visualised. Notably, EasyFig can perform sequence alignments using a locally installed copy of
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BLAST, such that the user does not have to generate their own files separately. There are also

several visualisation libraries available, such as genePlotR (Guy et al., 2010), GenomeDiagram

(Pritchard et al., 2006) or gggenomes (https://thackl.github.io/gggenomes), which can also

generate comparison figures. These libraries offer a much higher level of granularity and control

over the generated figures, and are well suited to those with experience in Python or R.

In recent years, several more comparative visualisation tools have become available. Gene

Graphics (Harrison et al., 2018) offers a web server for generating graphics from GenBank files,

either downloaded from the NCBI or uploaded by the user. GeneSpy (Garcia et al., 2019)

is a local application that can visualise genomic context from a variety of file types; it also

provides a GUI where many aspects of the plot can be customised, as well as integration with

the Interactive Tree of Life (ITOL; Letunic & Bork, 2021). Similarly, Gcluster (X. Li et al.,

2020) can visualise genomic neighbourhoods across many genomes mapped to a phylogenetic

tree. SYN-View (Stahlecker et al., 2021) was developed, allowing for visual comparison of BGCs

from the ARTS pipeline (Mungan et al., 2020) to genomic neighbourhoods in closely related

organisms. FlaGs and webFlaGs (Saha et al., 2021) is a search tool which can identify and

visualise homologous genomic neighbourhoods directly from NCBI accessions. GCsnap (Pereira,

2021) is another search tool that also identifies homologous genomic neighbourhoods from NCBI

identifiers, but also integrates functional and structural annotation and generates interactive

visualisations. Thus, many tools visualisation tools are available depending on the specific

research question.

1.1.4 Accelerating fungal genome mining through tailored bioinfor-

matics approaches

In the work of our group, we routinely perform targeted genome mining in order to identify

BGCs putatively encoding the biosynthetic pathways of SMs in filamentous fungi. This is part of

an ongoing collaboration with Dr. Ernest Lacey from Microbial Screening Technologies (MST)

and Dr. Andrew Piggott from Macquarie University to explore the SM diversity of Australian

microbes. MST maintains a large strain collection, including many entirely novel microbial

species isolated in Australia. Fungi are first grown on a diverse array of media by MST and

analysed for any metabolites which are expressed; the chemical structures of these metabolites
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are then fully elucidated by Dr. Piggott and his group. Finally, we are tasked with uncovering

the biosynthetic origins of these metabolites in the genome of the organism. In this manner, we

have previously reported the biosynthetic pathways of the burnettramic acids in A. burnettii,

the nanangenines and nanangelenin A in A. nanangensis, and hancockiamides in A. hancockii

(H. Li et al., 2019; Lacey et al., 2019; H. Li et al., 2020; H. Li et al., 2021).

In each case, we followed a similar genome mining process consisting of:

1. Retro-biosynthetic analysis of compound of interest and cross referencing the literature

for biosynthetic pathways of similar compounds

2. Sequencing and assembly of organism of interest

3. Prediction of BGCs in genome assembly

4. Matching of predicted BGCs to retro-biosynthetic hypotheses

(a) Comparative analysis with related BGCs

(b) Analysis of domain architecture

5. Experimental verification via heterologous expression

As I outlined in Section 1.1.3, there are already many convenient bioinformatics tools covering

many aspects of fungal genome mining. However, in the routine processes of our group, we still

run into several friction points, primarily in Item 4 above, which complicate our ability to link

BGCs to the isolated SMs.

One of the most common procedures is to compare BGCs across different organisms. As

discussed in Section 1.1.3.3, tools such as MultiGeneBlast or clusterTools have previously been

developed for this purpose. The key drawback of both tools is that they are restricted to

searching local sequence databases. Due to the influx of genomic sequence data over the past

decade, this is an increasingly significant constraint: even maintaining an up-to-date local

database covering just one group of interest (e.g. Ascomycota) can be difficult. Given that all of

this data is already stored in public sequence databases such as those provided by the NCBI,

it is generally preferable to search these databases directly. This in itself is a tedious process,

involving cross referencing the results of separate BLAST searches of individual sequences, and
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manually trying to identify colocalisations of BLAST hits on genomic scaffolds. There is also

additional complexity as researchers must navigate several layers of interlinked databases to

retrieve the desired information (e.g. genomic coordinates of a BLAST hit). However, the

NCBI offers web application programming interfaces (APIs) which allow many of these steps to

be done programmatically. As such, an easy to use tool that could take a BGC as input and

perform remote searches against NCBI databases and automatically identify colocalisations was

of great interest to our group (Aim 1).

Another routine part of the work in our group is generating figures which depict the similarity

between multiple BGCs. In Section 1.1.3.5, I briefly outlined why this is useful, and highlighted

several tools and libraries designed for this purpose. In practice, however, these tools share

several common drawbacks: some are limited to online data; others have limited interactivity,

such that plot elements cannot be easily repositioned without changing input files; inflexible or

fixed visualisation configuration options; dependency on various external tools, complicating the

install process; or, in the case of libraries, the prerequisite for some level of programming expertise,

which makes it difficult for biologists without bioinformatics experience. These limitations

become particularly apparent in the context of an interdisciplinary research group such as ours,

which is comprised primarily of a mixture of microbiologists and chemists with little to no

bioinformatics experience. This drives some researchers to use the graphical outputs directly

generated by analysis software, for example the comparative BGC views from MultiGeneBlast

and antiSMASH, or outputs of larger genomic alignment tools, such as MAUVE (Darling, 2004).

Others directly take the comparative genome views available in services such as the Integrated

Microbial Genomes (IMG) database (Chen et al., 2021) or the Comparative Genomics (CoGe)

platform (Haug-Baltzell et al., 2017). Many forego specialist tools altogether, instead resorting

to drawing figures manually in image manipulation software such as Microsoft Powerpoint or

Adobe Illustrator. While adequate for a couple of BGCs, having to draw many regions manually

quickly becomes a daunting task. Thus, a tool which could take an arbitrary number of BGCs

as input, and generate a highly intuitive and customisable visualisation from a single command

was highly desirable (Aim 2).

In Section 1.1.3.2, I highlighted currently available tools for the analysis of SM megasynth(et)ase

domain architecture. This is a common step in the genome mining of fungi, involving first
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identifying the presence and order of conserved domains in the synthase, and then classifying the

synthase based on the predicted architecture. As mentioned above, tools such as antiSMASH

and SBSPKSv2 rely on local profile HMMs to identify domains, and have a tendency to miss

smaller, lower-scoring domains. As such, we typically cross reference with more comprehensive

online domain databases, using the visual output of tools such as InterProScan or CD-Search so

we can manually identify the domain architecture of our sequences by eye. However, given the

number of genomes that we analyse as part of the collaboration with MST and Dr. Piggott,

it is too time consuming to do this individually for every possible megasynth(et)ase that we

identify. Like the BLAST and Entrez services, the NCBI provides a public web API for the

CD-Search tool which allows for batch searches of query sequences, meaning this entire process

can be done programmatically. Therefore a tool that could accurately determine the domain

architecture of fungal megasynth(et)ases from online database searches, as well as classify them,

was greatly desirable to us (Aim 3).

Each of these three points represented significant hurdles in the day-to-day genome mining work

of our group. The central aim of the work presented in this thesis is to address each of these

issues through the development of new bioinformatic tools.

1.2 Research outline in this thesis

This thesis is presented as a series of publications, with four published works (including 3

research articles and 1 perspective article) and one manuscript in preparation for submission.

The thesis can be roughly divided into two parts: in Chapters 2 to 4, I present bioinformatics

applications that I have developed to address the problems faced in the fungal genome mining

workflow discussed above; and in Chapter 5, I present work in which all of the tools have been

utilised to comprehensively characterise a fungal genome.

In Chapter 2, I present cblaster, a tool for detecting homologous BGCs across organisms in

remote sequence databases (Aim 1). It is also capable of creating sequence databases from

local genome files, which can be searched for BGCs using the DIAMOND search tool (Buchfink

et al., 2021), or by profile HMMs using the HMMER package (Mistry et al., 2013).

In Chapter 3, I present clinker, and a companion visualisation library clustermap.js, which
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used together form a pipeline for the alignment and visualisation of BGCs (Aim 2). clinker

is significantly easier to use than existing visualisation tools; with minimal setup, users can

generate publication-quality comparison figures directly from sequence files in a single command.

In Chapter 4, I present my tool, synthaser, which can automatically characterise and classify the

domain architectures of secondary metabolite megasynth(et)ases using remote domain databases

(Aim 3). synthaser uses a unique, customisable rule-based system, allowing users to specify both

the conserved domains that should be identified, as well as the hierarchy of classification rules

based on these domains, which can be easily created and edited in a provided web application.

All of these tools generate comprehensive textual output and interactive visualisations, making

the results accessible and intuitive to researchers with minimal bioinformatics experience.

Finally, in Chapter 5, I show how the tools presented in this thesis can be used in conjunction with

one another to form a cohesive genome mining toolkit. This is done through the comprehensive

chemical and genomic characterisation of a Aspergillus burnettii, a novel Aspergillus species

isolated in Northern Queensland, as part of our collaboration with Dr. Ernest Lacey at MST

and Dr. Andrew Piggott from Macquarie University.

The work presented in this thesis was inspired in large part by the frustrations we face in

our typical research processes. The goal of my PhD work was to alleviate these frustrations

by developing bioinformatics applications tailored directly to our research applications, which

would ultimately facilitate our exploration into the SM diversity of Australian fungi. Though

the creation of these tools was guided by the needs of our group, they can be readily applied

to other research areas where similar problems may be encountered. Indeed, we have already

observed some uptake among the broader research community of several of the tools that I have

developed. It is my hope that the tools which I have developed will serve to facilitate future

work, either in the natural products community or beyond.
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Chapter 2

cblaster: a remote search tool for rapid

identification and visualisation of

homologous gene clusters

2.1 Preface

As explained in Chapter 1, the biosynthesis of secondary metabolites is encoded by clusters

of biosynthetic genes (BGCs) which are typically conserved to some extent across taxa. In

Section 1.1.2.2 I discussed the genome mining of BGCs in fungal genomes, outlining several

strategies for increasing the odds of identifying useful new bioactive molecules with potential

pharmaceutical or agrochemical applications. One strategy that I highlighted is to search for

analogues of known compounds. As the similarity between the structural scaffolds of related

secondary metabolites is reflected by sequence similarity of the corresponding BGCs, we can

identify analogues by directly searching for BGCs which are similar to previously characterised

BGCs. Moreover, comparative analysis of the conservation between related BGCs allows us to

identify which genes are likely involved in a biosynthetic pathway, and infer the boundaries of

BGCs, their variation and evolutionary histories.

Identification of related BGCs is thus a routine process in the work of our group, and the

natural products research community. Doing this manually is a tedious process which involves
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first performing individual similarity searches for each sequence in a query cluster, then cross-

referencing search results to identify hits from common genomic locations. The desire to

automate this process has driven the development of tools such as MultiGeneBlast (Medema

et al., 2013) and clusterTools (Lorenzo de los Santos & Challis, 2019), which can identify

colocalised sequence homologues in local sequence databases. However, as more and more

genome sequence becomes available, it has become difficult to maintain local sequence databases

covering even just groups of interest. For instance, the number of fungal accessions alone in

the NCBI’s RefSeq database has grown nearly tenfold over the last ten years, climbing from

one million in 2010 to just under ten million in 2021 (Figure 2.1). This was accompanied by a

hundredfold increase in the total number of fungal species in the RefSeq database over the same

period. Practically speaking, this means local analysis of these genomic datasets is becoming

increasingly unrealistic unless researchers have substantially more resources available to them.

Species

Total accessions

Nucleotides

Transcripts

Proteins

Figure 2.1: Growth of fungal accessions in the NCBI RefSeq database from 2004 to 2021.
Adapted from the RefSeq Growth Statistics website (https://www.ncbi.nlm.nih.gov/refseq/
statistics).

Given that this sequence data is already hosted on NCBI databases, and that the NCBI provides

publicly facing application programming interfaces (APIs) with which to interrogate that data,

it may be more reasonable to develop pipelines leveraging these APIs instead of requiring local

sequence databases. Such was the rationale behind the development of my software package

cblaster, which I describe in the subsequent article. cblaster is the first tool which can identify

homologous gene clusters, entirely remotely, across NCBI sequence databases without the need
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Figure 2.2: Time taken (seconds) to search query clusters from MIBiG containing differing
numbers of genes against a database of Aspergillus genomes using MultiGeneBlast (blue circles)
and cblaster (red triangles).

for local sequence databases. It generates comprehensive textual summaries of search results, as

well as intuitive visualisations that make patterns of cluster conservation visible at a glance. It

is also capable of building and searching local databases, and estimating the size of conserved

genomic neighbourhoods surrounding clusters.

Through collaboration with the author of MultiGeneBlast, Marnix Medema, and his group at

Wageningen University in the Netherlands (particularly his students, Bram van Wersch and

Liana van Griecken), I was able to extend the functionality of cblaster to include the ability to

search by protein function using domain families as queries instead of protein sequence, as well

as integration with the cluster comparison visualisation tool I developed, clinker (Gilchrist &

Chooi, 2021, detailed in Chapter 3).

While the primary feature of cblaster is its remote search functionality, it also offers several

improvements in its local search mode over previous tools, namely the use of DIAMOND

(Buchfink et al., 2021) for sequence searches instead of BLASTp from the NCBI BLAST+ suite

(Camacho et al., 2009), and SQLite3 databases instead of FASTA files for the storage and
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retrieval of genomic coordinates. This becomes evident when cblaster is benchmarked alongside

MultiGeneBlast; local search runtimes in MultiGeneBlast scale exponentially with the number

of genes in a query cluster, whereas cblaster runtimes remain relatively constant (Figure 2.2).

Database construction runtimes are also significantly shorter in cblaster due to the use of the

more robust genome parser from the BioPython library (Cock et al., 2009) instead of a custom

implementation, as well as the use of parallelisation which allows for multiple genomes to be

parsed simultaneously.

In this article, I describe the cblaster pipeline and exhaustively detail all of its functionality.

I also demonstrate the research applications of cblaster through a number of case studies in

bacteria, fungi and plants. cblaster has already become a staple part of the workflow of our

group (H. Li et al., 2020; Gilchrist et al., 2020; H. Li et al., 2021), and we have also observed

some adoption in the broader research community (Jung et al., 2021). Its ease of use, remote

search capabilities, and all of its additional functionality represent a significant addition to the

comparative genomics toolbox.

This work has resulted in the publication below:

Gilchrist, C. L. M., Booth, T. J., van Wersch, B., van Grieken, L., Medema, M. H., &

Chooi, Y.-H. (2021). Cblaster: A remote search tool for rapid identification and visualisation of

homologous gene clusters. Bioinformatics Advances. https://doi.org/10.1093/bioadv/vbab016.

Author contribution: Gilchrist C.L.M. conceived the study (40%), developed the software

(80%) and wrote the manuscript (80%); Booth T. wrote the manuscript (10%); van Wersch

B. developed the software (10%); van Grieken L. developed the software (10%); Medema M.

conceived the study (20%); Chooi Y-H. conceived the study (40%) and wrote the manuscript

(10%).
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Abstract

Motivation: Genes involved in coordinated biological pathways, including metabolism, drug resistance and viru-
lence, are often collocalized as gene clusters. Identifying homologous gene clusters aids in the study of their func-
tion and evolution, however, existing tools are limited to searching local sequence databases. Tools for remotely
searching public databases are necessary to keep pace with the rapid growth of online genomic data.

Results: Here, we present cblaster, a Python-based tool to rapidly detect collocated genes in local and remote data-
bases. cblaster is easy to use, offering both a command line and a user-friendly graphical user interface. It generates
outputs that enable intuitive visualizations of large datasets and can be readily incorporated into larger bioinformatic
pipelines. cblaster is a significant update to the comparative genomics toolbox.

Availability and implementation: cblaster source code and documentation is freely available from GitHub under the
MIT license (github.com/gamcil/cblaster).

Contact: cameron.gilchrist@research.uwa.edu.au or yitheng.chooi@uwa.edu.au or marnix.medema@wur.nl

Supplementary information: Supplementary data are available at Bioinformatics Advances online.

1 Introduction

Complex biological processes are coordinated through the action of
multiple distinct, yet functionally associated genes, which are often
found physically collocated within genomic neighbourhoods as gene
clusters. Gene clusters have been extensively studied in microbes for
their ability to encode traits such as the biosynthesis of secondary
metabolites, virulence, drug resistance and xenobiotic degradation;
however, gene clustering is a phenomenon observed across all king-
doms of life (Chevrette et al., 2020; Foflonker and Blaby-Haas,
2021; Nützmann et al., 2018; Wang et al., 2019). Given the rela-
tionship between genetic collocation and co-functionality (Lee and
Sonnhammer, 2003; Michalak, 2008), it follows that we can detect
gene clusters by directly searching for conserved instances of collo-
cation across taxa. Indeed, tools such as MultiGeneBlast (Medema
et al., 2013) and clusterTools (Lorenzo de los Santos and Challis,
2017) have been developed precisely for this purpose. These tools
take specific queries [nucleotide/protein sequences, hidden Markov
model (HMM) profiles] and search them against genomic datasets,
identifying any instances of collocated query hits. However, their
utility is limited by the requirement to build and maintain local data-
bases. In many cases, this is redundant given that most biological

sequence data are deposited in publicly accessible online databases
like the National Center for Bioinformatics Information (NCBI). It
is also increasingly demanding as the amount of available data has
grown rapidly in the past decade. Between January 2010 and
September 2020, the total number of RefSeq genomes grew from 10
171 to 104 969 (NCBI RefSeq Growth Statistics page). This has two
additional consequences: (i) maintaining an up-to-date local data-
base has become significantly more difficult; and (ii) the size of
search outputs has increased significantly. Therefore, there is a need
for search tools that can leverage remote databases and visualize
search outputs in an intuitive manner.

Here, we present cblaster, a Python-based tool to rapidly search
for collocated protein-coding regions remotely by leveraging NCBI
APIs, or locally within user-generated databases. cblaster is easy to
use with both command line and graphical user interfaces (GUI). It
generates fully interactive visualizations implemented in JavaScript
and HTML that allow the user to intuit patterns from complex data-
sets, as well as textual outputs that can easily be incorporated into
bioinformatic pipelines. cblaster is a significant update to the com-
parative genomic toolbox and is a launch pad for further functional
and evolutionary analyses.

VC The Author(s) 2021. Published by Oxford University Press. 1
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2 Fully remote searches against NCBI sequence
databases

The cblaster search workflow is detailed in Figure 1 and can be
launched either through the command-line interface (Table 1) or the
GUI (Fig. 2). A search begins with the user providing either protein
sequences (FASTA, GenBank or EMBL format) or a collection of
valid NCBI protein sequence identifiers (i.e. accessions, GI num-
bers), that they believe may form a conserved gene cluster. If the lat-
ter is provided, sequences corresponding to each identifier are
downloaded using the NCBI Entrez API (NCBI Resource
Coordinators, 2017) prior to starting the search. Input sequences
would typically be taken from the output of a cluster discovery pipe-
line such as antiSMASH (Blin et al., 2019), or a resource such as the
Minimum Information about a Biosynthetic Gene cluster database
(MIBiG; Kautsar et al., 2019). Sequences are uploaded to the NCBI
BLAST API to launch a new search using BLASTp from the NCBI
BLASTþ suite (Camacho et al., 2009; NCBI Resource
Coordinators, 2017). Optionally, an Entrez search query can be pro-
vided to pre-filter the search database, for example, to specify a
taxonomic group of interest, resulting in vastly reduced search
times. Every BLAST search is assigned a unique request identifier
(RID) which remains active for 36 h. A cblaster search can be
resumed at any point given a valid RID and the corresponding query
sequences, such that search results can be retrieved at a later time if
desired. This also allows cblaster to analyse searches launched
through the BLAST website, which can be convenient when expect-
ing long search times due to, for example, many query sequences or
unfiltered search databases. cblaster can also save search sessions,
which can be freely loaded back into the programme. The session
file contains all data generated by cblaster during a search and can
be used to re-detect clusters under new parameters or generate new
visualizations without having to completely repeat entire searches.

The BLAST API is repeatedly polled until the search has com-
pleted, at which point search results are downloaded and filtered
based on user-defined hit quality thresholds (minimum identity,
coverage and maximum e-value). These thresholds are especially
useful for narrowing down searches when expecting large result
datasets. To retrieve the genomic context of remote BLAST hits,

cblaster leverages the Identical Protein Groups (IPG) resource via
the Entrez API (NCBI Resource Coordinators, 2017). The IPG data-
base stores links from proteins to their exact genomic coordinates,
meaning BLAST hits can be traced back to their genomic origins. To
ensure no potential clusters are missed, for example, due to annota-
tion error or fragmented genome assembly, all rows in the IPG table
are saved and linked back to their original hits. Hits are grouped by
their subject proteins, which are in turn grouped by genomic scaf-
fold and organism. Finally, subjects are grouped into clusters if they
contain hits to any required query sequences specified by the user (if
any) and satisfy thresholds for maximum intergenic distance, min-
imum size and minimum hits per unique query sequence. After a
gene cluster is finalized, it is assigned a unique numeric ID which is
reported in the search output, which can be referenced in other
cblaster modules.

Clusters are ranked using the scoring formula previously imple-
mented in MultiGeneBlast (Medema et al., 2013). Briefly, cluster
similarity is calculated by

S ¼ hþ i � s; (1)

where h is the number of query sequences with BLAST hits, s is the
number of contiguous gene pairs with conserved synteny and i is a
weighting factor (default value 0.5) determining the weight of syn-
teny in the similarity score.

3 Local searches against custom sequence
databases

cblaster can also search local sequence databases. The local search
workflow mirrors that of remote searches, with two key differences:
(i) the DIAMOND search tool (Buchfink et al., 2021) is used instead
of BLASTp; and (ii) a local genome database is used in place of the
IPG database to facilitate retrieval of the genomic coordinates of hit
proteins.

A local search thus requires two databases to be created by the
user: a formatted DIAMOND search database and a local genome
database. cblaster provides a module, makedb, which can rapidly

Fig. 1. The cblaster search workflow. Input sequences are given either as a FASTA file or as a text file containing NCBI sequence accessions. They are then searched against the

NCBI’s BLAST API or a local DIAMOND database, in remote (blue background) and local (green background) modes, respectively. BLAST hits are filtered according to user-

defined quality thresholds. Genomic coordinates for each hit are retrieved from the IPG resource. Hits are grouped by their corresponding organism, scaffold and subjects.

Finally, hit clusters are detected in each scaffold and results are summarized in output tables and visualizations
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generate both databases from a collection of genome sequences sim-
ultaneously in a single command. Briefly, genome files are parsed
using the BioPython (Cock et al., 2009) or gffutils (https://github.
com/daler/gffutils) libraries. cblaster then builds an SQLite3 data-
base containing coordinates of genes within each genome, which
can be loaded during local searches. Protein translations are
extracted to a FASTA file from which the DIAMOND database is
built; sequence headers correspond to unique database indices,
allowing cblaster to retrieve information about sequences hit in a
search.

4 Searching for functional composition using
domain profiles

Although it is useful to identify clusters through sequence similarity,
in some cases, this can be too restrictive. Another approach is to
search for profile hidden Markov models (pHMMs), which corres-
pond to functional domains. In this way, one can search for gene
clusters containing hypothetical functionality as opposed to se-
quence similarity. This is particularly useful when using a ‘retro-bio-
synthesis’ approach, where biosynthetic gene clusters (BGCs) are
identified based on functions informed by chemical structures
(Cacho et al., 2015). It can also be useful in cases where mutual se-
quence similarity between members of a protein family is low. For
example, microbial terpene synthases typically show only weak se-
quence similarity, but can be readily identified through profile
HMM searches (Komatsu et al., 2008).

Similar functionality has been implemented previously in
ClusterTools (Lorenzo de los Santos and Challis, 2017), where users
can search local sequence databases for combinations of profile
HMMs and protein sequences. cblaster provides a search mode,
hmm, where users can perform searches using profile HMMs from
the Pfam database (Mistry et al., 2021) as queries instead of protein
sequences. To do this, cblaster wraps the HMMER software pack-
age (Mistry et al., 2013). In this workflow, query domain profiles
are first extracted from the Pfam HMM profile database using
hmmfetch and then searched against a local sequence database
(FASTA file of amino acid sequences generated using the makedb
module) using hmmsearch. This requires a local copy of the Pfam
database; cblaster will automatically download the latest Pfam re-
lease if no copy is found. Due to the dependency on the HMMER
package, this functionality is currently only supported on Linux and
Mac systems. cblaster can also perform hybrid searches, where pro-
file HMMs are searched alongside protein sequences.

5 Estimation of genomic neighbourhood size

Gene cluster structure can vary greatly between organisms. For ex-
ample, fungal and bacterial BGCs tend to be tightly packed, though
in plants and some exceptions in fungi, genes encoding biosynthetic
pathways are loosely clustered (Kessler et al., 2020; Liu et al.,

2020b). In other cases, genes may be split across multiple loci as
mini sub-clusters (Bradshaw et al., 2013), or intertwined with clus-
ters encoding other pathways to form superclusters (Wiemann et al.,
2013). During cluster detection, cblaster uses a user-defined thresh-
old to determine the maximum distance between any two BLAST
hits in a cluster. By default, a cluster is finalized if no new hit is
found within 20 kbp of the previous hit. However, this value is arbi-
trary and may be inappropriate for some datasets, and so it is advis-
able to test the effect of changing this parameter on each dataset
being analysed. cblaster provides the gne module, which leverages
its ability to rapidly reload and recompute search sessions to robust-
ly automate this analysis. When provided with a session file, gne it-
eratively performs cluster detection over a user-determined range of
intergenic distance threshold values, then plots the total number of
predicted clusters, as well as the mean and median cluster size (bp),
at each value (Fig. 3b; Supplementary Additional File S2). These
plots typically resemble logarithmic growth, steeply rising at low
values but gradually levelling off at higher values. This makes it easy
to determine sensible cut-offs that avoid liminal regions where small
variability would have a large effect on the output.

6 Comprehensive output and fully interactive
visualizations

cblaster offers rich summaries and visualizations of search results.
cblaster’s outputs are available in both human-readable and
character-delimited formats and can be easily incorporated into
higher-level bioinformatic pipelines. This includes a summary of all
detected clusters and a presence/absence table (here termed binary
table), which shows the total number of hits in detected clusters per
query sequence. By default, clusters are grouped by the organisms
and scaffolds they are in; they can optionally be printed in rank
order, with the most similar clusters appearing first.

Detected gene clusters can be extracted into GenBank format
files directly from cblaster search sessions using the extract_clusters
module. Users can filter clusters by their numeric IDs, the organism
and scaffold they appear on, or by a minimum cluster similarity
score. Optionally, features within each GenBank file can be format-
ted for interoperability with the biosynthetic gene similarity cluster-
ing and prospecting engine (BiG-SCAPE; Navarro-Mu~noz et al.,
2020). In a similar vein, sequences within detected clusters can be
extracted using the extract module. Sequences can be filtered by the
query sequence/s they were hit by during the BLAST search, their or-
ganism or scaffold. The extract module can produce delimited sum-
mary tables as well as FASTA format files of all sequences matching
the specified filters.

Search results are visualized as a cluster heatmap (Fig. 3a;
Supplementary Additional File S1). Clusters are hierarchically clus-
tered based on best hit identity values using the SciPy library
(Virtanen et al., 2020). Cells in the heatmap are shaded based on
identity. The text inside each cell indicates if query sequences have
multiple hits within a cluster. Figures can be freely panned and
zoomed; columns (query sequences) and rows (clusters) can be hid-
den by clicking on their respective labels. Additionally, mousing
over a cell in the cluster heatmap generates a tooltip that displays a
summary of hits in the cluster for the corresponding query sequence.
The tooltip also links to the exact cluster location on the NCBI’s
graphic genome viewer.

Similarly, cblaster gne results are visualized as line charts (Fig.
3b) which can be panned and zoomed, with a tooltip showing the
number of detected clusters, as well as the mean and median cluster
size (bp), at different intergenic distance values.

cblaster visualizations are implemented as HTML documents
that can be opened in the web browser. These documents contain
scalar vector graphics images generated using the D3 visualization li-
brary (Bostock et al., 2011), which can be exported for modification
in vector image manipulation software. Any changes made within
the visualization are reflected in the exported image. Additionally,
cblaster can produce fully portable HTML documents can be gener-
ated, enabling results to be shared between different computers.

Table 1. Overview of modules provided by the cblaster command-

line interface

Module Description

search The main cblaster search workflow

makedb Create local search databases from personal

sequence data

gne Gene neighbourhood estimation of cblaster

search results

extract Extract sequences from cblaster search results

gui Launcher for the cblaster GUI

extract_clusters Extract detected gene clusters from cblaster

sessions

plot_clusters Plot detected gene clusters using clinker

(Gilchrist and Chooi, 2021)
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Finally, cblaster provides a module for analysing subsets of
search results using the clinker tool (Gilchrist and Chooi, 2021),
allowing visual comparison of the structure (inclusive of intermedi-
ate genes) of specific clusters of interest. This module mirrors the
functionality of the extract_clusters module, whereby clusters can be
filtered by ID, organism, scaffold and score.

7 Case studies

7.1 Case study 1: Analysing evolutionary relationships

of chromopyrrolic acid-derived natural products
To assess cblaster’s ability to visualize evolutionary relationships,
we searched for homologues of the reb BGC against a local data-
base of characterized BGCs. The reb BGC is responsible for the
production of the indolocarbazole rebeccamycin in strains of the
actinobacterium Lechevalieria aerocolonigenes (Sánchez et al.,
2002). Indolocarbazoles are biosynthesized through the succes-
sive modification of chromopyrrolic acid, a dimer of tryptophan.
Furthermore, they are closely related to other groups of trypto-
phan derived natural products, most significantly the indolotryp-
tolines. As such, they represent a good case study to demonstrate
the ability of cblaster to identify and group related families of
BGCs. Using the cblaster makedb module, a local database was
generated from GenBank sequences downloaded from the
October 2019 release of the MIBiG database (Kautsar et al.,
2019). The database was queried using protein sequences

extracted from the published rebbeccamycin BGC (GenBank ac-
cession AJ414559) (Sánchez et al., 2002).

cblaster identified 30 clusters from the MIBiG database, includ-
ing all known indolotryptolines and indolocarbazoles, and the
resulting dendrogram accurately reflected the relationship between
the groups (Fig. 4a, Supplementary Figure S1, Case Study 1 in
Supplementary Data). Interestingly, cblaster identified two addition-
al groups containing reb homologues. Firstly, a group of BGCs
encoding structurally unrelated compounds sharing tryptophan hal-
ogenases (RebH) and flavin reductases (RebF), including kutzneride
(Fujimori et al., 2007), thienodolin (Wang et al., 2016) and ulleung-
mycin (Son et al., 2017). Although structurally diverse, all members
of this group contain a halogenated tryptophan motif in the final
structure. Secondly, a group sharing homologues of one or both or
the reb transport proteins (RebT and RebU), including the glyco-
sides gentamicin (Huang et al., 2015; Unwin et al., 2004) and siso-
micin (Hong et al., 2009).

Although these are only surfacelevel observations, the results
demonstrate the ability of cblaster to rapidly highlight both appar-
ent and less conspicuous evolutionary relationships.

7.2 Case study 2: Genomic neighbourhoods and the

biosynthesis of triterpenes in plants
Recent studies have highlighted the importance of genomic neigh-
bourhoods in the evolution of plant development and metabolism
(Mihel�ci�c et al., 2019; Nützmann et al., 2016). Brassicacaea for

Fig. 2. The cblaster GUI. Each panel represents a single cblaster module: cblaster search (top left) for performing searches against remote and local databases; cblaster gne (top

right) for performing genomic neighbourhood estimation; cblaster makedb (bottom left) for building local databases from GenBank files and; cblaster extract (bottom right)

for extracting FASTA files of specific groups of homologues
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example, have evolved to biosynthesize a range of triterpene prod-
ucts through the process of gene shuffling in plastic regions of the
genome (Liu et al., 2020a). During triterpene biosynthesis, 2,3-

oxidosqualine is cyclized by an oxidosqualine cyclase (OSC). The
cyclized product is then decorated through oxidation by cyto-
chrome P450s or acetylation by acetyltransferases. The differing

Fig. 3. Interactive visualizations generated by cblaster. (a) Cluster heatmap visualization of cblaster search results: (1) heatmap colour bar indicating 0% (white) to 100%

(blue) identity; (2) names of query sequences; (3) names of organism and scaffold locations of hit clusters; (4) dendrogram of hit clusters generated from their identity to query

sequences; and (5) cell hover tooltip with detailed hit information including hyperlinks to genomic position on NCBI. (b) Gene neighbourhood estimation (GNE) visualization:

(1) Plot of mean and median hit cluster sizes (bp) at different gap sizes; (2) Plot of total clusters at different gap sizes; (3) Hover tooltip showing values of mean and median

cluster size (bp) and total clusters at a given gap size. (c) Visualization of gene clusters, inclusive of intermediate genes (grey colour), identified in (a) generated using the clinker

tool via the plot_clusters module in cblaster

cblaster 5
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Fig. 4. Application of cblaster to case studies in bacteria, plants and fungi. (a) A representative subset of the cblaster output in Case Study 1, highlighting the evolutionary rela-

tionships between rebeccamycin biosynthetic proteins (Reb) and other natural products. Structural features are highlighted according to conserved biosynthetic proteins (halo-

genases RebH and RebF in red, proteins involved in chromopyrrolic acid biosynthesis, RebR, RebP, RebC, RebD and RebO in green, glycosyltransferase, RebG, and

methyltransferase, RebM, in yellow). The transporters RebT and RebU are shown in grey. (b) Genome neighbourhood estimation of plant triterpene BGCs. ‘Liminal’ region of

plot shown in red, ‘stable’ region in green and upper limits in yellow. The accompanying total clusters plot (as in Figure 3b) is omitted from this figure, but follows the same

pattern. (c) Using cblaster to piece together the burnettramic acids BGC in a fragmented A.burnettii genome
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combinations of cyclases and tailoring enzymes drive the remark-
able diversity of terpene products.

In most studies, the definition of genomic neighbourhoods is ar-
bitrary, i.e. set to a reasonable, but static value (e.g. selecting five
genes either side of the gene of interest). This is analogous to
antiSMASH (Blin et al., 2019) prediction, where BGC boundaries
are set a fixed distance up- and downstream of the core genes. We
decided to take advantage of cblaster’s ability to rapidly recompute
outputs to define genomic neighbourhoods in a more robust
fashion.

To identify triterpine BGCs, we took the sequences of proteins
involved in thalianol biosynthesis in Arabadopsis thaliana and
searched them against the NCBI database. As described in Field
et al. (2011), this included a thalianol synthase (At5g48010), two
cytochrome P450s (At5g48000 and At5g47990) and an acyltrans-
ferase (At5g47980). We then used the gne module to iteratively pre-
dict BGCs based on increasing intergenic distance values. From
these data, we can readily identify suitable values for the intergenic
distance thresholds. Intergenic distances below 50 kb are unsuitable,
as they are within the ‘liminal’ region of the curve. Notably, the de-
fault threshold of 20 kb lies well within this region, indicating that
many BGCs would be missed by cblaster if this parameter were not
changed. Values above 475 kb lead to a massive spike in the mean
cluster size while cluster count remains stable, indicating that homo-
logues are being hit from more distant regions of the genome.
Between these two values, there are a number of stable values suit-
able for analysis, from a conservative threshold of 50 kb to a more
liberal threshold of 120 kb (Fig. 4b). As such, gne allows the user to
rapidly assess suitable intergenic distance values that avoid liminal
regions where small variability would have a large effect on the
output.

7.3 Case study 3: Identification of BGCs in fungi
Previously, we reported the bua BGC, responsible for the production
of the burnettramic acids in Aspergillus burnettii (Li et al., 2019).
Due to a fragmented genome assembly, initially we could only iden-
tify a short fragment of bua containing the genes buaA and buaE,
encoding a hybrid polyketide synthase-nonribosomal peptide syn-
thetase (PKS-NRPS) and proline hydroxylase, respectively. As BGCs
are often conserved across multiple species, comparative genomics
can be used in this scenario to identify the full set of biosynthetic
genes (Cacho et al., 2015). Thus, we employed cblaster to search for
co-located buaA/E sequence homologs across publically available
genomes in the NCBI database. This resulted in the identification of
complete homologous BGCs in other Aspergillus spp., including
Aspergillus alliaceus, which allowed us to map back to other trun-
cated genomic scaffolds in the A.burnettii genome and reconstruct
the full bua BGC (Fig. 4c), which we then experimentally
characterized.

In another study, we used cblaster to identify BGCs encoding the
biosynthesis of natural products with 1-benzazepine scaffolds in
Aspergillus spp. using genes from the nanangelenin biosynthetic
pathway (Li et al., 2020). Searching for collocated homologues of
the bimodular NRPS, NanA, and the indoleamine-2,3-dioxygenase,
NanC, revealed related BGCs in the genomes of six Aspergillus spe-
cies. In addition, the different clusters encoded different comple-
ments of tailoring enzymes, such as methyltransferases and P450s,
indicating that these BGCs are likely responsible for the production
of novel analogues of the nanangelenin family.

More recently, we reported hkm, the BGC encoding the biosyn-
thesis of the hancockiamides, a family of phenylpropanoid pipera-
zines isolated from Aspergillus hancockii (Li et al., 2021). While the
BGC itself was identified through manual BLASTp searches of the
A.hancockii genome, using cblaster enabled us to identify homolo-
gous gene clusters in several other fungal species.

7.4 Case study 4: Identifying drimane sesquiterpenoid

BGCs through profile searches
We recently investigated a family of drimane sesquiterpenoids, the
nanangenines, isolated from Aspergillus nanangensis from section

Jani (Lacey et al., 2019). Previous work by Shinohara et al. (2016)
identified a drimane synthase, AstC, involved in the biosynthesis of
the astellolides, a family of drimane sesquiterpenoids. AstC is a
novel member of the terpene synthase family and shows similarly to
haloacid dehydrogenase (HAD)-like hydrolases. The presence of
acyl side chains in the nanangenines led us to hypothesize that their
biosynthesis would require a drimane synthase, similar to AstC, and
either a fatty-acid synthase or PKS. In the study, we performed
BLAST searches to identify AstC homologues in the A.nanangensis
genome and manually filtered the results for only those found collo-
cated with a PKS or FAS. This led to the identification of the candi-
date cluster (GenBank accession MT024570.1) that we presented in
the paper, containing a PKS (FE257_006541) and an AstC homo-
logue (FE257_006542).

cblaster provides a search mode, hmm, which allows for searches
against local sequence databases using functional domain profiles
from the Pfam database (Mistry et al., 2021). Our functional hy-
pothesis for the biosynthesis of the nanangenines presented a perfect
use case for this search mode. To demonstrate this, we attempted to
directly identify the same candidate gene cluster in the genome using
the domain profiles for a beta-ketoacyl synthase domain (Pfam ac-
cession PF00109) and a HAD-like hydrolase domain (Pfam acces-
sion PF13419). This search resulted in just two cluster hits,
including our manually identified candidate cluster.

We then performed comparative genomics analysis to further
support the validity of our candidate cluster. Though drimane ses-
quiterpenoids are produced by several Aspergilli, those with acyl
side chains are unique to species in section Usti. We used cblaster to
search for homologues of our candidate cluster, both remotely in the
NCBI BLAST databases, as well as locally against section Usti spe-
cies with genomes deposited in other sources. As a result, we found
homologues spanning up to six genes in Aspergillus ustus,
Aspergillus calidoustus, Aspergillus insuetus and Aspergillus pseudo-
deflectus, all of which are members of section Usti as well as known
producers of acyl drimane sesquiterpenoids. Further analyses of
these clusters using clinker (Gilchrist and Chooi, 2021) gave us con-
fidence that our candidate BGC does indeed encode the biosynthesis
of the nanangenines.

Though further studies are necessary to fully characterize this
biosynthetic pathway, it shows how cblaster has quickly become an
indispensable part of this research workflow.

7.5 Case study 5: Benchmarking comparison with

MultiGeneBlast
The closest comparable tool to cblaster currently available is
MultiGeneBlast (Medema et al., 2013). MultiGeneBlast does not
have remote search functionality. However, cblaster improves upon

Fig. 5. Time taken (s) to search query clusters from MIBiG containing differing

numbers of genes against a database of Aspergillus genomes using MultiGeneBlast

(blue circles) and cblaster (red triangles)
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its local search functionality through its implementation in Python
3, the use of DIAMOND (Buchfink et al., 2021) and SQLite3 data-
bases. In order to demonstrate the performance difference between
the two tools, we benchmarked their speed and accuracy by testing
their ability to identify characterized BGCs in a database of
Aspergillus genomes.

Initially, 88 BGCs were retrieved from the MIBIG database
(Kautsar et al., 2019); after removing duplicates and any records
consisting only of single genes, 80 remained in the query collection
(Supplementary Table S1). The search database was built using the
whole-genome assemblies of 151 Aspergillus species, as well as 92
BGCs deposited directly as gene clusters in the NCBI’s nucleotide
database. The retrieved genomic regions containing the clusters for
ferrichrome in Aspergillus oryzae (BGC0000900) and Aspergillus
niger (BGC0000901), and squalestatin S1 in A. sp. Z5
(BGC0001839), lacked sequence feature annotations on the NCBI;
in these cases, the annotated MIBiG entries were used instead. This
resulted in a total of 243 sequence records containing 1 828 599
gene sequences. Using default settings, MultiGeneBlast took
2801.12 s (�46.69 min) to construct a local database from these se-
quence records. In comparison, cblaster was able to construct its
databases in just 121.42 s (�2.02 min), a 27x speedup over
MultiGeneBlast. This could be due to several reasons. cblaster uses
the robust GenBank parser from the BioPython library (Cock et al.,
2009) to parse input sequences, whereas MultiGeneBlast uses a cus-
tom implementation. However, the largest difference in speed is
most likely due to the utilization of parallel processing in cblaster
which allows multiple genomes to be parsed simultaneously.
Another consideration is that while cblaster uses an SQLite3 data-
base to store genomic coordinates, MultiGeneBlast instead stores
this information in the description lines of records in a FASTA file.
As MultiGeneBlast parses genomes sequentially and appends direct-
ly to this FASTA file during database construction, only a single gen-
ome is kept in memory at any one time. In cblaster, however, parsed
genomes are stored in memory until some user-defined threshold of
genomes is reached, at which point all stored genomes are written to
the database and memory is freed. While no limit was used in this
test, batching of genomes may incur a slight performance penalty.

We then searched the constructed databases for each query
BGC. In all cases, both cblaster and MultiGeneBlast successfully
retrieved the query cluster from the search database. Search times in
MultiGeneBlast grow exponentially worse as the number of genes
within the query BGC increases, whereas searches in cblaster stay
relatively constant (Fig. 5, raw data in Supplementary Table S1).
MultiGeneBlast took a total of 13 130.21 s (�3.65 h) to complete all
searches, whereas cblaster completed all searches in just 584.01 s
(�9.73 min), a 22.48x speedup. The slowest MultiGeneBlast search
involved the sterigmatocystin cluster from Aspergillus ochraceoro-
seus (BGC0000011, containing 26 genes), which took 745.33 s
(�12.42 min); in cblaster, the same search took only 6.96 s, a 107x
speedup. Even the fastest MultiGeneBlast searches were consider-
ably faster in cblaster; for example, searching for the biotin BGC
from Aspergillus nidulans (BGC0001238) took 54.5 s in
MultiGeneBlast, but just 5.32 s in cblaster. As the sequence search
step is the most time-consuming step of the search process, the

difference in performance is most likely due to the underlying search
tools. cblaster uses DIAMOND (Buchfink et al., 2021), which has
been shown to be significantly faster than BLASTp (Camacho et al.,
2009), used in MultiGeneBlast. Moreover, MultiGeneBlast uses a
bundled BLASTp binary, which is significantly slower than more re-
cent releases of the BLASTþ suite (2.2.24 of the bundled binary ver-
sus 2.12.0 at time of writing). As in the database construction phase,
another advantage of cblaster searches is the use of the SQLite3
database for retrieving the genomic coordinates of hit sequences.
MultiGeneBlast stores positional information in a FASTA file,
which must be read into memory and inefficiently queried for each
individual sequence hit during a search, whereas in cblaster, all ne-
cessary information can be retrieved from a single SQL query.

cblaster is thus faster than MultiGeneBlast in both the construc-
tion and searching of local databases. It is worth noting, however,
that the primary feature of cblaster is remote search, and as such it
requires no local database to be created when searching public
NCBI databases. While these benchmarks show that cblaster is a sig-
nificant improvement upon MultiGeneBlast in local searches, they
do not capture the time taken to construct and maintain local data-
bases. Remote search times may vary depending on several factors,
such as server load or query size. However, the convenience of run-
ning comprehensive searches directly against the entire NCBI data-
base will outweigh this speed difference for many users.

All performance benchmarks were generated using the perf
command-line utility on a workstation computer with an Intel(R)
Xeon(R) E5-2630 CPU (2.40 GHz) and 64 gb of RAM. Further
details about the benchmarking process, including custom Bash and
Python scripts, have been made available on GitHub (github.com/
gamcil/cblaster_benchmarks).

8 New approaches and practical applications

The case studies above demonstrate that cblaster is a powerful tool
for identifying homologous gene clusters from the NCBI or local
databases. It is possible to query known gene clusters to expand
existing families, or user-specified combinations of genes that are
predicted to function together. Currently, the most widely used tools
for conducting gene cluster homology searches, MultiGeneBlast
(Medema et al., 2013) and clusterTools (Lorenzo de los Santos and
Challis, 2017), depend on local sequence databases. cblaster allows
remote searching of NCBI sequence databases, eliminating this re-
quirement and reducing the computational burden (Table 2).

cblaster provides outputs that can be easily adapted for down-
stream analyses. Delimited formats can be accessed as spreadsheets,
making them accessible to all researchers regardless of bioinformat-
ics experience. The binary table can be sorted and filtered post-
analysis, which is particularly useful for narrowing large datasets to
focus on individual genes or organisms of interest. In this way, data
can be easily extracted to generate simple graphs (e.g. generic distri-
bution, ubiquity of different homologues or average cluster size),
build distance matrices and dendrograms. Results tables from mul-
tiple searches can easily be concatenated to combine results from
local and remote searches. cblaster extract can be used to quickly

Table 2. Feature comparison of software tools for gene cluster homology searches

Feature cblaster MultiGeneBlast clusterTools

Query input Proteins, HMM profiles Proteins, nucleotides Proteins, HMM profiles

Searches against remote databases X — —

Genomic neighbourhood estimation X — —

Extraction of hit sequences X — —

Interactive visualizations X X —

Allows input of personal sequence data X X X

Allows creation of local search databases X X X

GUI available X X X
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obtain specific homologue sequences for downstream phylogenetic
and structural analyses.

By using heatmaps as opposed to more complex gene diagrams,
information about the diversity and conservation of encoded pro-
teins is accessible at a glance (Fig. 3a). Grouping gene clusters by
identity highlights blocks of homologous proteins, facilitating the
designation of cluster boundaries and identification of core biosyn-
thetic genes and functional sub-clusters. This is a useful proxy for
functional and evolutionary relationships, as shown in Case Study 1
above. In this manner, cblaster can uncover deep-seated evolution-
ary relationships that may not be immediately apparent, such as pro-
teins or sub-clusters that have been co-opted between different
pathways. Furthermore, cblaster can generate comparative gene
cluster visualizations using clinker (Gilchrist and Chooi, 2021).
These visualizations show the detected clusters in their genomic con-
text, enabling a fuller view of the overall conservation of cluster
architecture across taxa.

cblaster gne can estimate the size of genomic neighbourhoods to
help evaluate the robustness of cluster prediction (Fig. 3b). This ena-
bles the user to identify suitable intergenic distance values that limit
missing data without inadvertently introducing false positives. In
addition, recent work has highlighted the importance of genomic
neighbourhoods in the evolution of gene clusters (Liu et al., 2020a).
The distribution of genomic neighbourhood sizes, as calculated by
gne, provides insight into the conservation of gene cluster topology;
a broader distribution indicates a more dynamic architecture. This
aspect is likely to be of particular interest in the study of plants and
other eukaryotes where gene clusters are more variable in gene dens-
ity, displayed in Case Study 2 above.

In summary, cblaster can uncover homologous gene clusters and
evolutionary relationships at a pace that far exceeds other available
software and has become an indispensable tool in both our own re-
search into the BGCs of fungi and bacteria (Lacey et al., 2019; Li
et al., 2019, 2020, 2021; Morshed et al., 2021) and in others (Jung
et al., 2021; Williams et al., 2021). We foresee cblaster being used
to uncover novel variants of known pathways, or to prospect for
new combinations of biological parts for use in synthetic biology
(Gilchrist et al., 2018; Sun et al., 2015; Wang et al., 2013). cblaster’s
versatility means it can be applied to any project that requires the
study of two or more collocated genes and it is accessible to all
researchers regardless of their experience with bioinformatics.

Software and data availability

cblaster is implemented in Python, with visualizations written in
JavaScript and HTML. Source code is freely distributed on GitHub
(github.com/gamcil/cblaster) under the MIT license. A comprehen-
sive usage guide as well as API documentation is available online
(cblaster.readthedocs.io/en/latest).
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Chapter 3

clinker & clustermap.js: Automatic

Generation of Gene Cluster

Comparison Figures

3.1 Preface

The subsequent study follows on from the topic of biosynthetic gene cluster (BGC) similarity as

discussed in Chapter 1 and Chapter 2. BGCs are typically conserved across taxa, and analysing

the level of conservation between them gives us key insights into their evolution. We frequently

perform comparative BGC analysis in secondary metabolite genome mining workflows, as it

can be instructive in several ways. For example, we can infer the involvement of key genes in

a biosynthetic pathway by their conservation across many BGCs, differentiation of a pathway

based on absence or presence of genes in different BGCs, or the likely similarity of a synthesized

metabolites based on the overall similarity of homologous BGCs. Visualisations make patterns

of BGC similarity immediately obvious, and are thus a key component of these analyses.

The comparison process is typically done manually, with researchers first performing sequence

alignments between sequences in BGCs and tabulating the scores, before drawing visualisations

by hand in image manipulation software (e.g. Microsoft PowerPoint or Adobe Illustrator). The

tedious nature of this work has already driven the development of several tools and libraries
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(e.g. EasyFig; Sullivan et al., 2011), but these share several drawbacks; namely, the inability

to easily change the static images they produce, inflexibility of visualisation options, or the

requirement for users to have some level of programming expertise.

In this work, I present my gene cluster alignment pipeline clinker, as well as its companion

JavaScript visualisation library, clustermap.js, which can generate publication-quality BGC

comparison figures directly from sequence files. clinker automatically performs global sequence

alignments between every sequence of the input BGCs, performs hierarchical clustering to

determine their optimal display order (i.e. show most similar BGCs together), and then launches

a local web application where the BGC alignments are visualised using clustermap.js. The

clustermap.js visualisation is highly interactive, allowing users to change almost every aspect

of the plot, including (but not limited to) the order of clusters and loci, gene shape, size and

colours; once finalised, it can be exported directly to a scalable vector graphics (SVG) image file.

The ease-of-use of clinker makes it readily accessible to biologists without extensive bioinformatics

experience. Indeed, it has already become a staple in the genome mining work of our group

(Lacey et al., 2019; H. Li et al., 2019). Notably, we have also observed adoption by researchers

outside of the microbial natural products community, such as those working on phages (Rousset

et al., 2021; Hünnefeld et al., 2021; Forcone et al., 2021) and plants (Hendelman et al., 2021).

Taken together, clinker and clustermap.js represent a significant update to the existing suite of

comparative genome visualisation tools.

This work has resulted in the publication below:

Gilchrist, C. L. M., & Chooi, Y.-H. (2021). Clinker & clustermap.js: Automatic generation

of gene cluster comparison figures. Bioinformatics. https://doi.org/10.1093/bioinformatics/

btab007.

Author contribution: Gilchrist C. L. M. conceived the study (50%), developed the software

(100%) and wrote the manuscript (90%); Chooi Y-H. conceived the study (50%) and wrote the

manuscript (90%).
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Abstract

Summary: Genes involved in biological pathways are often collocalised in gene clusters, the comparison of which
can give valuable insights into their function and evolutionary history. However, comparison and visualization of
gene cluster similarity is a tedious process, particularly when many clusters are being compared. Here, we present
clinker, a Python based tool and clustermap.js, a companion JavaScript visualization library, which used together
can automatically generate accurate, interactive, publication-quality gene cluster comparison figures directly from
sequence files.

Availability and implementation: Source code and documentation for clinker and clustermap.js is available on
GitHub (github.com/gamcil/clinker and github.com/gamcil/clustermap.js, respectively) under the MIT license. clinker
can be installed directly from the Python Package Index via pip.

Contact: cameron.gilchrist@research.uwa.edu.au or yitheng.chooi@uwa.edu.au

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Genes involved in biological pathways are often collocalised in the
genome in gene clusters, the study of which is important given their
potential to encode traits such as the biosynthesis of bioactive small
molecules, virulence and drug resistance. Gene clusters are typically
conserved to some extent across taxa, and comparative analysis can
reveal significant insights into their evolution and potential differen-
ces in the pathways they encode. For instance, the conservation (or
lack thereof) of gene clusters encoding the biosynthesis of secondary
metabolites can guide the search for new drug compounds and bio-
activities (Gilchrist et al., 2018; Ziemert et al., 2016).

Comparative analysis of large genomic datasets has become in-
creasingly common in the post-genomics era, with visualizations of
gene cluster conservation across species often featured prominently
in such work (de Vries et al., 2017; Doroghazi and Metcalf, 2013;
Nielsen et al., 2017). This is a tedious process, and as such has
driven the development of numerous tools [e.g. EasyFig (Sullivan
et al., 2011), Artemis Comparison Tool (Carver et al., 2005),
GeneSpy (Garcia et al., 2019), Gene Graphics (Harrison et al.,
2018)] and libraries [e.g. GenomeDiagram (Pritchard et al., 2006),
genoPlotR (Guy et al., 2010)]. However, these tools have draw-
backs: most have limited interactivity, with clusters unable to be
repositioned, reordered or resized without changing input files; visu-
alization options are inflexible, if not fixed; some require sequence
comparison files to be generated externally using tools such as
BLAST (Camacho et al., 2009), complicating the process; and

libraries require some level of programming knowledge, making
them inaccessible to the average biologist. Thus in many cases,
researchers choose either to forgo specialist tools entirely, creating
figures manually in other software (e.g. Microsoft PowerPoint,
Adobe Illustrator), or directly use the output generated by analysis
tools such as MultiGeneBlast (Medema et al., 2013), cblaster
(Gilchrist et al., 2020) or antiSMASH (Blin et al., 2019). This quick-
ly becomes a daunting prospect when many clusters are to be com-
pared. There is therefore a need for tools which produce clear,
publication-quality visualizations, are more flexible and intuitive
than existing tools, and require no significant effort on the part of
the user other than providing sequence data.

Here, we describe clinker, a Python-based gene cluster com-
parison pipeline, and clustermap.js, a companion visualization
JavaScript library, which can automatically generate interactive, to-
scale gene cluster comparison figures directly from sequence files.

2 Gene cluster alignments using clinker

The clinker workflow is detailed inFigure 1a. clinker accepts
GenBank files as input: these would typically be generated by search
tools such as antiSMASH (Blin et al., 2019) or cblaster (Gilchrist
et al., 2020), extracted from in-house sequence data using software
such as SnapGene (snapgene.com) or Geneious (geneious.com), or
downloaded from web resources such as MIBiG (Kautsar et al.,
2019) or the NCBI. Multi-record GenBank files are also supported,
and are treated as gene clusters with multiple loci. Amino acid

VC The Author(s) 2021. Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oup.com 1
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translations of genes in each cluster are extracted and aligned using
the BioPython package (Cock et al., 2009). By default, global align-

ments are performed using the BLOSUM62 subsitution matrix, a
gap open penalty of -10 and extension penalty of -0.5, however
parameters can be changed when directly using the clinker Python

API. Any alignments not reaching the user-defined sequence identity
threshold are discarded.

Optimal ordering of clusters for visualization is determined
through hierarchical clustering. First, a cluster similarity score is cal-

culated for every pair of input clusters. clinker uses a modified ver-
sion of the formula implemented by Medema et al. (2013) in
MultiGeneBlast, which incorporates both sequence similarity and

syntenic conservation. Briefly, the similarity of two clusters is given
by S¼hþ i � s, where h is the number of similar sequences in each

cluster, s is the total number of shared contiguous sequence pairs,
and i is a weighting factor which determines the weight of synteny
compared to sequence similarity (0.5 by default). clinker rede-

fines h as the cumulative sequence identity of similar sequences in
each cluster, such that higher overall sequence identity is prioritized
over many low identity links. The resulting similarity matrix is then

hierarchically clustered using the Ward variance minimization algo-
rithm as implemented in the SciPy package (Virtanen et al., 2020).

The leaves of the dendrogram generated in this step are used as the
default order of clusters in the clustermap.js visualization.

3 Interactive visualizations using clustermap.js

Cluster alignments generated using clinker are visualized using
clustermap.js (Fig. 1b). Though designed in conjunction with

clinker, clustermap.js is a standalone library and can take

data generated elsewhere as long as it abides by the correct schema
(documented in the clustermap.js GitHub repository).

Clusters are drawn to scale based on a user-definable scaling fac-
tor (15 pixels per 1000 base pair by default). Clusters can be
renamed by clicking their labels and reordered by dragging them,
enabling comparisons between clusters outside of the computed op-
timal ordering.

clustermap.js is capable of displaying multi-locus clusters.
For example, the biosynthetic gene cluster for the burnettramic acids
(Li et al., 2019) is split over three contigs due to fragmented genome
assembly, but is readily visualized by our tool (top-most cluster in
Fig. 1b). Hovering over a locus displays a gray box with handles at
both ends; loci can be freely repositioned by clicking and dragging
the box, inverted by double clicking it, or resized (hiding genes) by
dragging the handles. Any changes in the visible area of specific loci
is reflected by the coordinates in the cluster label. Genes are drawn
as arrows, whose shape is easily altered using sliders for body height,
tip height and length. The visualization can be anchored around a
specific gene by clicking on it: clustermap.js will identify the
closest similar genes in other clusters and automatically reposition
them to align with the clicked gene. Gene labels can be resized, repo-
sitioned or hidden entirely.

Links are drawn between similar genes on neighboring clusters
and are shaded based on sequence identity (0% white, 100% black);
the identity value of each link can be shown in the visualization. By
default, all links above the identity threshold in clinker are
drawn; this threshold can be raised within the clustermap.js
visualization to dynamically hide links. Alternatively, one can
choose to show only the highest scoring links between clusters,
which is useful when multiple similar genes exist within a cluster,
resulting in many overlapping links. Groups of similar genes are
established via single linkage of gene links. Each similarity group is

(a)

(b)

Fig. 1. The clinker pipeline (a) and visualization of the burnettramic acid biosynthetic gene cluster (Li et al., 2019) and similar clusters generated by clinker using clustermap.js

(b). The gene cluster comparison figure in (b) is presented exactly as was achieved within the clustermap.js visualization, with only minor further editing of text labels done in

external software (italicising species names). The static HTML file used to generate (b) is provided in Supplementary Information
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assigned a unique color, which is used as the fill of both the genes in
the group and its corresponding entry in the figure legend.

The scale bar, color bar and similarity group legend are
embedded in the figure, and are automatically repositioned based on
cluster and locus placement. The length of the scale bar can be
changed by clicking on its text. Likewise, legend entries can be
renamed by clicking their text.

Figures generated by clinker and clustermap.js are easily
exported as scalable vector graphics (SVG) files that can be further
modified in vector image software.

clinker and clustermap.js can serve as a useful extension
of gene cluster search tools such as MultiGeneBlast (Medema et al.,
2013) or cblaster (Gilchrist et al., 2020).

In conclusion, clinker and clustermap.js enable the easy
creation of publication quality gene cluster comparison figures, and
can help facilitate and accelerate large-scale comparative genomic
analysis, visualization and presentation of gene clusters.

4 Software implementation and availability

clinker is implemented in Python 3 and can be freely installed
from the Python Package Index (pypi.org/project/clinker). cluster-
map.js is implemented in JavaScript and is built on top of the D3
visualization library (Bostock et al., 2011). Source code and docu-
mentation for both tools is freely available on GitHub (github.com/
gamcil/clinker and github.com/gamcil/clustermap.js).
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3.3 Addendum

Due to the restrictions placed on the article due to the application note format, full design and

implementation details of the tool were omitted for brevity. In this addendum, I outline the

clinker and clustermap.js pipeline, detailing the design, data flow and software implementation

of each tool. As most of the description in the article focuses on describing the clinker package,

here I particularly focus on clustermap.js.

3.3.1 General design

As discussed in the Section 3.1, the gene cluster (hereafter BGC) comparison workflow is

comprised of two distinct stages: sequence alignment and visualisation. Thus, clinker and

clustermap.js were developed as two separate tools which act together to form a cohesive

pipeline.

By itself, clinker is a BGC alignment pipeline. It takes as input files in GenBank or GFF

formats, extracts amino acid translations of the genes within them, then performs global sequence

alignments. clustermap.js, on the other hand, is a visualisation library which takes a dataset of

BGC alignments generated by clinker and produces the visualisation. In practice, end users

need only download clinker; after alignment of input BGCs, clinker then directly produces a

web application and visualisation using a bundled copy of the clustermap.js library.

Below, I detail the design and implementation of both tools.

3.3.2 The clinker cluster alignment pipeline

3.3.2.1 Implementation and usage

clinker is implemented in Python ≥3.5 and is available from the Python Package Index (PyPI;

https://pypi.org/project/clinker). It can be installed directly using the Python package man-

agement tool, pip (pip install clinker). Source code for clinker is freely distributed under

the MIT license on GitHub (https://github.com/gamcil/clinker). The following dependencies

are automatically installed when clinker is installed:

• disjoint-set (https://github.com/mrapacz/disjoint-set)
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• biopython (https://github.com/biopython/biopython)

• gffutils (https://github.com/daler/gffutils)

• scipy (https://www.scipy.org)

• numpy (https://numpy.org)

Once installed, clinker can be called from the command line. For example, to run clinker on a

set of GenBank files and generate a clustermap.js plot, one would enter the command:

clinker files/*.gbk -p

A full listing of available command line arguments is shown in Table 3.1.

Table 3.1: clinker arguments

Argument Default value Description

files Gene cluster files

-dc –decimals 2 Number of decimal places in output

-dl –delimiter Human readable Character to delimit output by

-f –force False Overwrite previous output file

-h –help Show the help menu

-ha –hide_aln_headers False Hide alignment cluster name headers

-hl –hide_link_headers False Hide alignment column headers

-i –identity 0.3 Minimum alignment sequence iden-

tity
-j –jobs 0 (all available cores) Number of alignments to run in par-

allel
-ji –json_indent None Number of spaces to indent JSON

-na –no_align False Do not align clusters

-o –output None Save alignments to file
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-p –plot None Plot cluster alignments using clus-

termap.js. If a path is given, clinker

will generate a portable HTML file

at that path. Otherwise, the plot

will be served dynamically using

Python’s HTTP server.
-r –ranges None Scaffold extraction ranges. If a range

is specified, only features within

the range will be extracted from

the scaffold. Ranges should be for-

matted like: scaffold:start-end (e.g.

scaffold_1:15000-40000)
-s –session None Path to clinker session

-ufo –use_file_order False Display clusters in order of input files

-v –version Print version number and exit

3.3.2.2 Design and architecture

Input files are parsed using the SeqIO module from the BioPython library (Cock et al., 2009).

clinker considers each file to be a unique cluster; sequence records within files are considered as

loci of the parent cluster, which in turn contain genes. An object oriented programming approach

was taken to model this hierarchy, with each distinct unit being represented by its own class

(Figure 3.1). During runtime, clinker creates a Cluster object for each parsed file; Cluster objects

contain information about themselves, as well as an array of child Locus objects. Similarly,

Locus objects store information about themselves (accession, start and end coordinates) as well

as an array of child Gene objects, which in turn store information about themselves (identifiers,

coordinates, translation sequence, and so on).

Cluster alignment is also modelled by a series of classes. Central to this process is the Globaligner

class, which acts as both a dispatcher for, and repository of, cluster alignments. After files

have been parsed into Cluster objects, clinker instantiates a Globaligner object and adds

the Cluster objects to it. A method call (align_stored_clusters()) then takes any stored
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Figure 3.1: Class diagram of the clinker Python package. Arrows with hollow heads indicate
inheritance; solid heads indicate association between classes.

Clusters and aligns every unique pair. When aligning Clusters, a new Alignment object is first

instantiated. Then, clinker iterates over the Gene objects stored in the Locus objects of each

Cluster, constructing global alignments of their stored sequences. Percent identity of each Gene

alignment is calculated; if this is above the identity threshold (default value 30%), a new Link

object is created, storing the percent identity value, as well as references to the query and target

Genes of the alignment. Link objects are stored in the Alignment, which is in turn stored in the

Globaligner after all Genes have been aligned.

After aligning all stored Clusters, hierarchical clustering is performed to compute their optimal

display ordering. This process consists of first calculating a similarity score for each Alignment

object, populating a distance matrix, and then performing clustering on the matrix using the

SciPy library (Virtanen et al., 2020, described in the article). The optimal display order is then

identified by taking the leaves of the resulting tree. This is done by the Globaligner object using

the order() method.

53



Link objects are used to calculate groups of related Genes. Each Link represents a unique Gene-

Gene pair; iterative merging of overlapping pairs (i.e. containing common Genes) eventually

leads to a collection of non-overlapping (disjoint) Gene sets. Thus, gene similarity groups can be

computed by a disjoint set data structure; this is done using the disjoint-set Python library.

Notably, all classes can be serialised to and from either Python dictionaries or JavaScript Object

Notation (JSON) files. The Globaligner object can be serialised through the command line

interface by using the session argument; this can be later reloaded to generate new output

summaries and visualisations.

In order to generate valid data for visualisation using clustermap.js, the Globaligner uses the

to_data() method. This generates a Python dictionary object following the schema presented

below in Listing 3.2, which is serialised to JSON format for use in the web application described

in Section 3.3.4.

3.3.3 The clustermap.js visualisation library

3.3.3.1 Implementation and usage

clustermap.js is implemented in JavaScript using the D3 visualisation library (Bostock et al.,

2011). The source code is distributed under the MIT license on GitHub (https://github.

com/gamcil/clustermap.js) along with bundles generated using the rollup.js library (https:

//rollupjs.org).

clustermap.js follows the reusable chart convention (as documented here: https://bost.ocks.

org/mike/chart). As such, it exports a single configurable chart function, ClusterMap, which

generates the entire visualisation. A ClusterMap can be instantiated by first importing the

D3 and clustermap.js libraries, creating an HTML div element to hold the visualisation, and

calling the ClusterMap function with the desired configuration values (listed in Table 3.2). A

working example of this process is shown in Listing 3.1.

Listing 3.1: Implementation of the ClusterMap object exported by clustermap.js in an example

HTML document.
1 <html >

2 <head >

3 <! -- Import d3 v6 and clustermap .js -->
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4 <script src="http :// d3js.org/d3.v6.min.js"></ script >

5 <script src=" clustermap .min.js"></ script >

6

7 <! -- Make div take up entire viewport -->

8 <! -- clustermap .js <svg > element has 100% width / height -->

9 <style >

10 div#plot {

11 width : 100 vw;

12 height : 100 vh;

13 }

14 #plot div {

15 width : 100 vw;

16 height : 100 vh;

17 }

18 </ style >

19 </ head >

20 <body >

21 <! -- Create a <div > container for the clustermap .js plot -->

22 <! -- clustermap .js will create child <svg > ( plot ) and <input > ( colour picker ) elements -->

23 <div id="plot"></div >

24 <script >

25 // Create and configure the ClusterMap function .

26 let chart = ClusterMap . ClusterMap ()

27 . config ({

28 cluster : {

29 spacing : 30,

30 alignLabels : true ,

31 }

32 })

33

34 // Load in data via d3.json , select <div > elements and call the

35 // chart function on the selection .

36 d3.json("data.json")

37 .then(data => {

38 d3. select ("#plot")

39 . datum (data)

40 .call( chart )

41 })

42 </ script >

43 </ body >

44 </ html >
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3.3.3.2 Overview of the D3 JavaScript library

D3.js is a visualisation library which allows data to be mapped to document object model

(DOM) elements within the web browser. As scalable vector graphics (SVG) images are actually

just documents in extensible markup language (XML) format, D3 can also map data directly

to SVG elements (e.g. circles, groups). This allows for highly bespoke visualisations to be

generated dynamically from arbitrary input datasets, making it perfect for use in clustermap.js.

The way in which data is mapped to DOM elements is controlled by the central D3 data joining

paradigm. At the core of D3 are selections, which are filtered sets of elements queried from the

DOM. During a data join, D3 queries the DOM for elements matching each data point (using

a unique key generated by a key function) within the input dataset (e.g. a (x, y) coordinate

mapped to a SVG <circle> element), generating a selection. The DOM allows for attributes to

be accessed even if they do not currently exist in the document; new data points are mapped to

uninitialised elements, forming the ‘enter’ subselection. Any data points which are mapped to

pre-existing elements form the ‘update’ subselection. Finally, missing data points (i.e. mapped

in a previous data join, but missing in the current data set) form the ‘exit’ subselection.

D3 allows us to control the logic for the enter, update and exit selections. Typically, SVG

elements are initialised in the enter selection. Extending the example above, we could specify the

logic for creating a <circle> element from a (x, y) coordinate by first appending the <circle>

to the document, and then modifying it’s appearance and behaviour using additional operators

(e.g. changing colour or size). If the same data point is present in the input dataset in the next

data join (i.e. an update to the data), D3 would then execute any logic specified for the update

selection (e.g. changing position); if it is missing, it would be placed in the exit selection and

removed from the document.

D3 additionally provides a system of scales and axes to control the layout of elements within

visualisations, as well as the ability to animate elements and attach event handlers to them.

The ability to map arbitrary, complex nested genomic data directly to visualisations, while

automatically handling all of the background data binding logic, made D3 an obvious choice of

framework in the development of clustermap.js. Thus, the development process consisted of two

stages: first, defining a data schema which can be mapped using D3; and second, defining the

56



rendering logic for each object in the data schema. Both stages are detailed below.

3.3.3.3 The clustermap.js data schema

The schema for valid clustermap.js input data is shown in Listing 3.2.

The base element of a clustermap.js visualisation is the cluster object. Cluster objects are stored

in the clusters attribute; each object is comprised of a name attribute (taken from the file name

in the clinker pipeline) as well as an array of locus objects. Clusters can contain any number

of loci; this is particularly useful in cases where clusters are split over multiple genomic loci

(e.g. due to fragmented genome assemblies). This functionality is unique to clustermap.js. Each

locus object is comprised of attributes for name, start and end coordinates, and an array of

gene objects. The start and end attributes of locus objects typically correspond to the start and

length of genomic scaffolds, respectively, unless the locus has been extracted from (and is thus

relative to) a larger genomic scaffold. Similarly, each gene object consists of attributes for name,

start and end coordinates, and strandedness. All start and end coordinates are zero-based,

as opposed to the one-based numbering common to genomic file formats (i.e. locus start of 1

in a GenBank file is equivalent to 0 in clustermap.js), though these will still be displayed as

one-based in the resulting plot.

Links between genes are stored in the links attribute. Each link object contains query and

target attributes, which in turn contain the names and identifiers of the gene objects whose

relationship is represented by the link. The percent identity of the two sequences are stored in

the identity attribute.

The final attribute in the schema is the groups attribute, which stores groups of related genes.

Each group object contains a label attribute (name given to the group), an array of gene

identifiers corresponding to the genes belonging to the group, a colour attribute specifying the

colour to use as the fill for member genes in the visualisation, and a boolean flag specifying if

this group should be visible in the plot (if false, genes of this group are not filled).

All objects contain a unique identifier (uid attribute).

Listing 3.2: clustermap.js JSON schema
1 {

2 " clusters ": [
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3 {

4 "uid ": <str: Unique ID >,

5 "name ": <str: Cluster name >,

6 "loci ": [

7 {

8 "uid ": <str: Unique ID >,

9 "name ": <str: Locus name >,

10 " start ": <int: Locus start position >,

11 "end ": <int: Locus end position >,

12 " genes ": [

13 {

14 "uid ": <str: Unique ID >,

15 "name ": <str: Gene name >,

16 " start ": <int: Gene start position >,

17 "end ": <int: Gene end position >,

18 " strand ": <int: Gene strand (0 or 1)>,

19 }

20 ]}

21 ]}

22 ],

23 " links ": [

24 {

25 " query ": {

26 "uid ": <str: Unique ID of query gene >,

27 "name ": <str: Name of query gene >

28 },

29 " target ": {

30 "uid ": <str: Unique ID of target gene >,

31 "name ": <str: Name of target gene >

32 },

33 " identity ": <float : Percent identity query - target alignment >

34 }

35 ],

36 " groups ": [

37 {

38 "uid ": <str: Unique ID of group >,

39 " label ": <str: Group label >,

40 " genes ": [<str: Gene UID >],

41 " colour ": <str: Colour code for gene fill >,

42 " hidden ": <bool: Hide group in the plot >

43 }

44 ]

45 }
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Figure 3.2: Data representation schematic for clustermap.js visualisation.

3.3.3.4 Rendering the visualisation

Initialising scales Before any element can be drawn, clustermap.js must first generate the

scales and axes controlling various aspects of the plot.

The first axes to be calculated are those that determine the position of plot elements, depicted

in Figure 3.2. The x-scale (top) controls the overall size of genes within the visualisation. This

works by correlating some scale factor in pixels to 1Kbp of DNA sequence; by default, this is

set to 15 pixels per 1Kbp (plot.scaleFactor).

The y-scale (left) is an ordinal scale which controls the vertical position of clusters in the plot.

One unique y position is assigned for each cluster; these are calculated using Equation (3.1):

F (n) = n · (s+ 2 · t+ h) (3.1)

Where n is the index of a cluster in the array of N clusters such that 0 < n < N , s is a constant

in pixels for vertical spacing between clusters (default 40px, set using cluster.spacing), t

is the height of gene arrow tips in pixels, and h is the height of gene arrow shafts in pixels.

Clusters will then use the calculated y-value based on their current index in the clusters array

during rendering.
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The locus scale (l in figure) determines the position of loci relative to the start of the parent

cluster. This is primarily for cases where a cluster contains more than one locus (i.e. second

locus will be shifted after the first locus). It is calculated using Equation (3.2):

F (n) =


0 if n = 0

F (n− 1) + L(n− 1) + s if n > 0
(3.2)

where n is the index of a locus in the parent cluster array of N loci such that 0 < n < N , s is a

constant in pixels for horizontal spacing between loci (default 50px, set using locus.spacing),

and L(n) is a function calculating the length of locus n, shown by Equation (3.3):

L(n) = endn − startn (3.3)

where start and end are the start and end coordinates of locus n, respectively.

The cluster scale (c in figure) determines the offset of a cluster relative to some anchor. This is

typically zero, and is only utilised when repositioning clusters after anchoring the figure on a

specific gene.

Finally, non-positional scales are initialised. This group consists of simple mapping scales,

including one which maps genes to their corresponding similarity groups and another which

maps group UID attributes to the corresponding group names, and colour scales, including one

for mapping group UIDs to their corresponding fill colours and one for mapping percent identity

values to shades of black (used as fill for links).

Clusters Cluster objects are the first to be rendered. Each cluster is represented by a single

SVG group containing all subelements mapped to data within the cluster. A translation transform

is applied to this group in order to render it at the vertical position in the y-scale corresponding

to its index in the clusters array. This translation also takes into account the horizontal offset

from the cluster scale. Then, a text element is drawn to the left of the cluster group, which shows

the name of the cluster, as well as a dynamically generated text element containing the labels of

child loci. Any changes to child loci coordinates are reflected in this label; for instance, if a locus
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is resized, the new relative coordinates are shown. Font size of both the cluster and loci labels

can be changed (cluster.nameFontSize and cluster.lociFontSize); loci coordinates can be

hidden entirely (cluster.hideLocusCoordinates). Labels of all clusters can either be aligned

in a single column (default) or set to directly attach to each cluster (cluster.alignLabels).

Finally, a mouse event is bound to the label which allows clusters to be reordered vertically

simply by clicking and dragging.

Loci Next, clustermap.js renders locus objects in the loci attribute of each cluster. These

are bound to SVG groups containing all subelements mapped to data within the locus. Like

clusters, a translation transform is also applied to loci; however, this only takes into account the

offset in the locus scale, which will have no effect unless there is more than locus in the cluster.

Each locus contains a track bar stretching the entire length of the locus; the colour and stroke

of the track bar can be changed (locus.trackBar.colour and locus.trackBar.stroke). A

hidden rectangle, also the length of the locus, with handles at either end is also rendered; these

are shown upon moving the mouse cursor over the locus, and fade out when the mouse is moved

away. Mouse event handlers are bound to allow loci to be resized by clicking and dragging the

handles, or flipped by double clicking the rectangle.

Genes Gene objects are bound to SVG groups containing a text label (hidden by default) and

a polygon element. The text label corresponds to the parameter gene.label.name specified

in the plot configuration (Table 3.2); by default, this is the UID of the gene. Gene labels

are disabled by default (gene.label.show). Several aspects of the label can be changed,

including font size (gene.label.fontSize), rotation (gene.label.rotation) and distance

from the gene (gene.label.spacing). Additionally, gene labels can be repositioned by changing

the anchor point (gene.label.anchor), position relative to the gene (i.e. top or bottom,

gene.label.position) and start of label relative to the anchor point (gene.label.start).

The polygon element draws the gene arrow. The shape and size of gene arrows is controlled by

several parameters, namely the height and length of the arrow tip, and height of the arrow body

(gene.arrow.tipHeight, gene.arrow.tipLength and gene.arrow.bodyHeight, respectively).

The stroke colour and width of the gene polygon can also be changed (gene.shape.stroke

and gene.shape.strokeWidth). The computation of pixel coordinates of gene arrows was
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adapted from the implementation in Arrower (Peter Cimermancic, https://github.com/petercim/

Arrower). Additionally, a mouse event handler is bound to the gene polygon such that when

a user mouses over the gene, a tooltip containing information about the gene is displayed

(Figure 3.3).

Figure 3.3: Gene polygon mouseover tooltip in clustermap.js

Links Once genes have been rendered, clustermap.js can draw the similarity links between

them. Each link object is bound to a SVG group. This group is comprised of a label showing

the percent identity value of the link (hidden by default, controlled by link.label.show),

as well as an SVG path element which draws the link. The label can be shown with a

background to aid visibility (link.label.background is true) and repositioned along the link

(link.label.position). The path element can be rendered as either a line attached to the

midpoint of each gene (link.asLine is true), or as a filled quadrilateral attached to either

end of each gene. Additionally, links can be drawn either straight (link.straight is true) or

curved, and coloured by the similarity group of the linked genes instead of by percent identity

(link.groupColour). Finally, users can hide links below some percent identity threshold

(link.threshold), or choose to only show the best links per gene (link.bestOnly).

Additional plot elements The clustermap.js visualisation also includes a legend, scale bar

and colour bar.

The legend is rendered to the right hand side of the plot (Figure 3.4); the distance between it and

the plot edge can be configured (legend.marginLeft). Each entry in the legend corresponds to

a gene similarity group and contains a coloured circle, denoting the current colour of the group,

as well as a text label. Several mouse event handlers are attached for functionality here: clicking

the circle produces a colour picker allowing group colours to be changed (exact implementation

differs between browsers); clicking the label allows groups to be renamed (Figure 3.5); and right
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clicking the label will ‘hide’ the group from the plot (i.e. set the show attribute of each group

to false so member genes have no fill). The font size and height of each legend entry can also be

changed (legend.fontSize and legend.entryHeight)

Figure 3.4: The clustermap.js legend.

Figure 3.5: Prompt for changing gene similarity group names from the figure legend. Launched
by clicking a group name.

The scale bar is rendered to the bottom left of the plot (Figure 3.6) and shows the current level of

scaling in the plot. It consists of a straight line representing some distance in base pairs (default

2500bp, set through scaleBar.basePair) as well as a label indicating the current length. The

font size, height, colour and stroke width of the scale bar can be changed (scaleBar.fontSize,

scaleBar.height, scaleBar.colour and scaleBar.stroke, respectively). Clicking on the

scale bar label allows for the length of the scale bar to be changed (Figure 3.7).

Figure 3.6: The clustermap.js scale bar

The colour bar is rendered to bottom of the plot and right of the scale bar (Figure 3.8), and shows

the percent identity of gene links. The distance from the bottom of the plot for both the scale
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Figure 3.7: Prompt for changing size of the scale bar launched by clicking the scale bar label.

and colour bars can be changed (scaleBar.marginTop and colourBar.marginTop); the colour

bar is dynamically positioned based on the current length of the scale bar. The font size, height

and width of the colour bar can also be changed (colourBar.fontSize, colourBar.height

and colourBar.width).

Figure 3.8: The clustermap.js colour bar.

All of these elements can be hidden entirely (legend.show, scaleBar.show or colourBar.show

set to false)

Table 3.2: All clustermap.js configuration parameters

Parameter Default value Description

plot.transitionDuration 250 Duration (ms) of transitions

plot.scaleFactor 15 Scale factor in pixels per 1Kbp

plot.scaleGenes true Draw genes to scale

plot.fontFamily sans-serif Font family of text in plot

legend.entryHeight 18 Height (px) of each legend entry

legend.fontSize 14 Font size (pt) of text in legend

legend.show true Show legend

legend.marginLeft 20 Distance (px) from end of plot

colourBar.fontSize 10 Font size (pt) of colour bar text

colourBar.show true Show colour bar

colourBar.height 12 Height (px) of colour bar

colourBar.width 150 Width (px) of colour bar
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colourBar.marginTop 20 Distance (px) from bottom of plot

scaleBar.colour black Colour of scale bar

scaleBar.fontSize 10 Font size (pt) of scale bar text

scaleBar.height 12 Height (px) of scale bar

scaleBar.basePair 2500 Total depicted base pairs

scaleBar.show true Show scale bar

scaleBar.stroke 1 Scale bar stroke width (px)

scaleBar.marginTop 20 Distance (px) from bottom of plot

link.show true Show gene links

link.asLine false Draw links as lines

link.straight false Draw links straight

link.threshold 0 Minimum identity for links

link.strokeWidth 0.5 Link stroke width (px)

link.groupColour false Colour links by group

link.bestOnly false Only show best links per gene

link.label.show false Show link labels

link.label.fontSize 10 Link label font size (pt)

link.label.background true Show link label background

link.label.position 0.5 Relative position of label

cluster.nameFontSize 12 Cluster label font size (pt)

cluster.lociFontSize 10 Locus label font size (pt)

cluster.hideLocusCoordinates false Hide locus coordinates

cluster.spacing 40 Vertical spacing (px) between clusters

cluster.alignLabels true Align cluster labels

locus.trackBar.colour #111 Track bar colour

locus.trackBar.stroke 1 Track bar stroke width (px)

locus.spacing 50 Horizontal spacing (px) between loci

gene.shape.bodyHeight 12 Gene arrow shaft height (px)

gene.shape.tipHeight 5 Gene arrow tip height (px)

gene.shape.tipLength 12 Gene arrow tip length (px)
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gene.shape.stroke black Gene stroke colour

gene.shape.strokeWidth 1 Gene stroke width (px)

gene.label.anchor start Anchor point of gene label

gene.label.fontSize 10 Gene label font size (pt)

gene.label.rotation 25 Gene label rotation (°)

gene.label.position top Position relative to gene

gene.label.spacing 2 Spacing (px) between gene and label

gene.label.show false Show gene labels

gene.label.start 0.5 Relative position of label

gene.label.name uid Gene attribute used as label

3.3.4 Interactive web application

In order to connect clinker to clustermap.js, I developed a web application that is launched

immediately upon completion of a clinker run (if specified by the user using the –plot argument).

This is implemented in HTML, CSS and JavaScript, and is distributed within the clinker source

code. After clinker has finished, a JavaScript Object Notation (JSON) format payload is

generated following the clustermap.js schema. This is then passed to the Python http library,

which serves it alongside the web application to an available port on localhost. If the user

specifies a file name to the –plot argument, clinker will generate a static HTML file containing

all necessary code and data to run the web application, thus making it portable across systems.

This application consists of a full page clustermap.js visualisation, overlayed with a collapsible

control panel (Figure 3.9). All configuration parameters listed in Table 3.2 can be changed

through this interface. Changes to these parameters trigger updates to the visualisation; elements

affected by the changes will be re-rendered using the new values (e.g. changing gene tip height

via gene.shape.tipHeight will update all rendered gene polygons).

Additionally, the web application allows for the saving or loading of clustermap.js data. When

the ‘Save Data’ button is clicked, a JSON format file is generated, containing all data used by

clustermap.js to draw the current visualisation. Any changes to configuration parameters or

data objects (e.g. resized loci, renamed similarity groups, etc) will be reflected in this file. This
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Figure 3.9: The clinker and clustermap.js web application control panel. All blocks of related
configuration parameters are rendered within the control panel (far left), which can be collapsed
by clicking the minus sign; these are shown separately (right hand side). Values correspond to
those in the parameter list shown in Table 3.2.

can be reloaded at a later date for further manipulation by clicking the ‘Load data’ button.

When the user is satisfied with the appearance of the figure, clicking the ‘Save SVG’ button

will generate a SVG format file. This file fully adheres to the SVG specification, and is readily

loaded into external vector image manipulation software (e.g. Adobe Illustrator, InkScape) for

any final touches.
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Chapter 4

synthaser: a Python toolkit for

analysing domain architecture of

secondary metabolite megasynthases

4.1 Preface

As discussed in Chapter 1, the two major classes of secondary metabolites are polyketides

and nonribosomal peptides, and their biosynthesis is driven by large, multi-domain proteins

called polyketide synthases (PKSs) and nonribosomal peptide synthetases (NRPSs), respectively.

These proteins, termed ‘megasynth(et)ases,’ synthesize the chemical backbone of a compound,

which is then further modified by other ‘tailoring’ enzymes within the biosynthetic gene cluster

(BGC).

In Section 1.1.2.2, I outlined several strategies for fruitful genome mining of secondary metabolites

in fungi. One strategy focuses on targeting analogues of known clusters; I presented my tools

cblaster, clinker and clustermap.js (Chapter 2 and Chapter 3, respectively) which excel for this

type of analysis. Another strategy is to instead target the ‘oddballs’: natural products with

rare or novel structural scaffolds that may possess new modes of action. We suggested that one

way of doing this may be to target megasynth(et)ases with unusual domain architectures, as

the incorporation of non-typical domains into a megasynth(et)ase may generate new scaffolds,
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and pointed to several examples where this has been the case (Hang et al., 2017; Baccile et al.,

2016).

However, our ability to accurately annotate and classify the domain architectures of secondary

metabolite megasynth(et)ases is confounded by several factors. Databases of functional domain

families are well established and typically offer search services for annotation of query sequences,

such as the CD-Search tool for the NCBI’s Conserved Domain Database (CDD; M. Yang

et al., 2020; Lu et al., 2020). However, while domain architectures are readily discernable from

visualisations generated by such tools, manually characterising architectures of larger sets of

query sequences (e.g. at genome scale) is time consuming. Tools specifically for analysis of

domain architecture have been developed, but have other drawbacks, such as inaccuracy or an

inflexible reliance on locally curated domain models.

In the subsequent manuscript I present synthaser, a Python package for the automatic charac-

terisation and classification of fungal megasynth(et)ase domain architectures using the NCBI

CD-Search web server. synthaser produces comprehensive output, with intuitive visualisations

that make interesting domain architectures immediately obvious. synthaser uses a flexible

rule-based system which can be readily modified using a web application, allowing for the

addition of new domain types and rules. We have already successfully applied synthaser in the

genomic characterisation of the fungus Aspergillus burnettii (Gilchrist et al., 2020, described

in Chapter 5). Given the flexible rule system, we can also envisage synthaser being adapted to

the analysis of other multi-domain protein families.

This work has resulted in the manuscript below:

Gilchrist, C. L. M. and Chooi, Y.-H. 2021. synthaser: a CD-Search enabled Python toolkit

for analysing domain architecture of secondary metabolite megasynth(et)ases. Submitted.

This has been accepted for publication in Fungal Biology and Biotechnology as part of a thematic

issue entitled “Beyond the assembly line - showcasing the complexities of fungal natural product

biosynthesis.”

Author contribution: Gilchrist C. L. M. conceived the study (50%), developed the software

(100%) and wrote the manuscript (90%); Chooi Y.-H. conceived the study (50%) and wrote the

manuscript (20%).
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Abstract

Background: Fungi are prolific producers of secondary metabolites (SMs), which are bioactive

small molecules with important applications in medicine, agriculture and other industries. The

backbones of a large proportion of fungal SMs are generated through the action of large, multi-

domain megasynth(et)ases such as polyketide synthases (PKSs) and nonribosomal peptide synthetases

(NRPSs). The structure of these backbones is determined by the domain architecture of the corre-

sponding megasynth(et)ase, and thus accurate annotation and classification of these architectures is an

important step in linking SMs to their biosynthetic origins in the genome.

Results: Here we report synthaser, a Python package leveraging the NCBI’s conserved domain

search tool for remote prediction and classification of fungal megasynth(et)ase domain architectures.

synthaser is capable of batch sequence analysis, and produces rich textual output and interac-

tive visualisations which allow for quick assessment of the megasynth(et)ase diversity of a fungal

genome. synthaser uses a hierarchical rule-based classification system, which can be extensively

customised by the user through a web application (http://gamcil.github.io/synthaser). We

show that synthaser provides more accurate domain architecture predictions than comparable tools

which rely on curated profile hidden Markov model (pHMM)-based approaches; the utilisation of the

NCBI conserved domain database also allows for significantly greater flexibility compared to pHMM

approaches. In addition, we demonstrate how synthaser can be applied to large scale genome mining

pipelines through the construction of an Aspergillus PKS similarity network.

Conclusions: synthaser is an easy to use tool that represents a significant upgrade to previ-

ous domain architecture analysis tools. It is freely available under a MIT license from PyPI

(https://pypi.org/project/synthaser) and GitHub (https://github.com/gamcil/synthaser).

Keywords: secondary metabolism, domain architecture, polyketide synthase, nonribosomal peptide

synthetase, bioinformatics, software
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1 Introduction

Domains are distinct functional and structural units that serve as the evolutionary building blocks

of proteins. The majority of proteins found across all kingdoms of life consist of multiple functional

domains, with the growth in number of multi-domain protein families far outpacing that of single

domain protein families (Vogel et al., 2004; Levitt, 2009). Multi-domain proteins predominantly arise

from the incorporation of new domains at the N or C terminus by genetic events such as gene fusion,

fission, duplication and exon shuffling (Marsh and Teichmann, 2010; Pasek et al., 2006; Moore et al.,

2008). Extensive domain rearrangement over time has led to the diversification of existing proteins,

as well as the emergence of novel protein families (Bornberg-Bauer and Albà, 2013). Through this

process, domains are placed into new molecular contexts where, via their interactions with different

combinations of domains, novel functionality can be birthed (Bashton and Chothia, 2007; Jin et al.,

2009). In eukaryotes, many multi-domain proteins have evolved from separate single domain proteins

catalysing successive steps of biological pathways in prokaryotes, resulting in improved flux and stability

of the pathway (Ostermeier and Benkovic, 2001). Thus, a study of functional domains, as well as a

broader analysis of the domain architectures of proteins in which they are found, can be a fruitful

approach for identifying novel functionality.

A good case study for the evolution of multi-domain proteins with domain architectures and functions

can be found in the biosynthesis of secondary metabolites, which are bioactive small molecules with

important applications in medicine, agriculture and other industries (Keller et al., 2005; Newman

and Cragg, 2016). Secondary metabolites are produced by many microorganisms and plants, but are

particularly abundant in filamentous fungi (Keller, 2015). Indeed, recent genomic work has made

obvious the extent of the biochemical arsenal encoded by microbial, and particularly fungal, genomes

(Vesth et al., 2018; de Vries et al., 2017). The biosynthesis of these compounds is orchestrated primarily

through the action of large, multi-domain megasynthases; polyketides are synthesized by polyketide

synthases (PKSs) and nonribosomal peptides by nonribosomal peptide synthetases (NRPSs). These

multi-domain megasynthases generate the chemical backbones of the compound, which are then

modified by ‘tailoring’ enzymes, typically encoded by genes neighbouring the megasynthases in the

genome, in what are referred to as biosynthetic gene clusters (BGCs). Much of the work done by

natural product researchers in past decades has been focused on the hunt for, and characterisation of,

novel BGCs, in hopes of finding the next great drug lead.

Megasynthases can be easily identified by the presence of key functional domains. For example,

PKSs typically contain a β-ketoacyl synthase (KS) domain, which is responsible for building the carbon
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backphone of polyketides through repetitive condensation of short-chain carboxylic acids (Chooi and

Tang, 2012). There are also deeper levels of classification based on the presence of other functional

domains. Iterative PKSs from fungi, for instance, can be classified as highly-, partially- or non-reducing

given the absence or presence of domains that catalyse reduction reactions of the polyketide chain.

A highly-reducing PKS will synthesize a reduced polyketide chain, whereas a non-reducing PKS

would synthesize an unreduced chain. Other domains present within the megasynthase also affect

the synthesized product. For example, the PKSs involved in lovastatin biosynthesis, LovF and LovB,

both contain methyltransferase domains which add methyl groups during synthesis of the polyketide

product (Hutchinson et al., 2000).

This link between domain architecture and compound has several useful applications. Firstly, given

some isolated metabolite, one can narrow down to the synthases likely responsible for its production

by looking for a domain architecture that matches the structure of that metabolite. This is one of

the first steps when taking a ‘retro-biosynthetic’ approach to identifying a BGC (Cacho et al., 2015).

Indeed, we have used this approach to identify the megasynthases encoding numerous compounds

isolated from Australian fungi (Lacey et al., 2019; Li et al., 2019, 2020a, 2021). Inversely, we can

predict that synthases with unique domain architectures could potentially produce unique compounds.

Previously we outlined genome mining strategies for the discovery of novel secondary metabolites

(Gilchrist et al., 2018). One strategy is to prioritise BGCs which have partial similarity to known

BGCs, in hopes of finding find new analogues of known bioactive compounds; another is to prioritise

completely unique BGCs in order to find novel compounds. In either case, analysis of the domain

architectures of secondary metabolite megasynthases plays a key role.

There are currently many databases dedicated to the analysis and functional classification of

domains. Pfam (Mistry et al., 2021), SMART (Letunic et al., 2021) and PROSITE (Sigrist et al., 2013)

are three such databases, each storing information about domain family structure and function. There

are also larger resources such as the Conserved Domain Database (CDD; Lu et al., 2020) from the

National Center for Biotechnology Information (NCBI), or the InterPro database (Blum et al., 2021),

which integrate many of the smaller domain databases. The CDD contains over 50,000 curated entries

taken from seven different sources, and the InterPro database stores over 30,000 entries from thirteen

different sources, thus making them the most comprehensive tools for domain analysis available today.

However, there are comparatively few resources dedicated to the analysis of domain architecture.

The NCBI offers several tools built on the CDD, most notably CD-Search (Marchler-Bauer and

Bryant, 2004), which searches protein sequences against the CDD to identify the functional domains
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they contain. CD-Search generates graphical outputs which make it easy to visually discern the

domain architectures of query sequences. Likewise, the InterPro database can be searched using

the InterProScan tool (Blum et al., 2021), generating similar output. While adequate for analysing

individual sequences, these tools quickly become cumbersome when dealing with larger collections

of sequences. Additionally, the output generated by these tools, particularly for larger enzymes, can

contain hundreds of conserved domain hits, making it difficult to parse. The NCBI also offers other

tools linked to CD-Search: the conserved domain architecture retrieval tool (CDART; Geer et al.,

2002), which can be used to find proteins with similar domain architectures; and the subfamily protein

architecture labeling engine (SPARCLE; Marchler-Bauer et al., 2017), which groups protein sequences

with similar domain architectures and links them to curated functional classifications. Sequences are

automatically placed into classification groups from SPARCLE after being analysed by CD-Search.

More recently, TREND was developed (Gumerov and Zhulin, 2020), which allows analysis of domain

architecture in an evolutionary context. TREND predicts domains by searching either the CDD or

Pfam databases, whilst also generating a phylogeny of the input sequences. However, these tools do

precisely annotate all domains within query sequences, with smaller domains often being obscured by

hits to larger fused multidomain profiles.

Several tools have been developed specifically for the analysis of secondary metabolite megasynthases.

One of the original tools built for this purpose was SEARCHPKS (Yadav et al., 2003), which was

subsequently rolled into NRPS-PKS (Ansari et al., 2004) and is now available as a part of the structure

based sequence analysis of PKS and NRPS (SBSPKS) webserver (Khater et al., 2017). It offers

prediction of domain architecture for up to 10 sequences at a time via alignment to curated hidden

Markov model (HMM) profiles, as well as predictions of substrate specificity and chemistry and

comparison to sequences in a database of characterised PKS and NRPS gene clusters. However, it

is not available for local installation, nor is it accessable programatically, and at the time of writing,

several pieces of functionality are unavailable. The antibiotics and Secondary Metabolite Analysis

Shell (antiSMASH) performs rule-based prediction of biosynthetic gene clusters in genomes based on

the presence of key seed domains (Blin et al., 2019). The domain architectures of megasynthases in

predicted BGCs are determined by searching a local database of curated profile HMMs. Occasionally

domains are missed in the predicted architecture, particularly smaller domains which typically achieve

lower scores during searches (e.g. acyl-carrier protein domains). Additionally, as antiSMASH takes

genome sequence as input, it may be unsuitable for analysis of single proteins. The use of internally

curated HMM profiles in both SBSPKS and antiSMASH, while greatly improving speed and specificity
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of predictions, also makes them inflexible to prediction of new domain types.

Here we describe synthaser, a Python based software package leveraging the NCBI’s CD-Search

API which can automatically annotate and classify the domain architectures of multi-domain proteins

based on a flexible, user-definable ruleset system. synthaser produces interactive visualisations of

proteins grouped by their classification, making proteins with interesting architectures immediately

apparent. Below, we extensively detail the synthaser search workflow and other functionality in the

package, including modules for downloading search databases and extracting domain sequences, as

well as a web application for easily building rule sets. As a proof of concept, we detail the process

of building a synthaser ruleset using the web application for the classification of fungal secondary

metabolite megasynthases, specifically polyketide synthases and nonribosomal peptide synthases. To

evaluate this rule set, we analyse all available PKS and NRPS sequences deposited in the MIBiG

repository (Kautsar et al., 2019) and compare the domain architectures predicted by synthaser to

the corresponding antiSMASH-generated predictions stored in each MIBiG entry. Finally, we build

a similarity network of polyketide synthases in publicly available Aspergillus genomes, and link it to

synthaser domain architecture predictions to demonstrate how synthaser can be used to quickly

identify interesting sequence groups for further investigation. We show synthaser to be a useful

addition to the genome mining toolbox, particularly within the context of natural products research;

however, given the programmable nature of synthaser, we can foresee much broader applications of

the software.

2 Materials and methods

2.1 Software implementation and availability

synthaser is implemented in Python 3, and only requires the requests library to perform remote

searches. synthaser is open source and is made freely available on GitHub (https://github.com/

gamcil/synthaser) and PyPI (https://pypi.org/project/synthaser) under a MIT license. To

perform local searches, synthaser requires that both Reverse Position Specific BLAST (RPS-BLAST)

as well as rpsbproc, the command line utility that formats local RPS-BLAST results to resemble

those returned by the CD-Search web service, are installed and accessable on the system $PATH.

(Marchler-Bauer et al., 2002).
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Figure 1: Outline of the synthaser workflow.

2.2 The synthaser search workflow

The synthaser search workflow is detailed in Figure 1. Briefly, query sequences are read from FASTA

files and sent to the NCBI’s CD-Search API to search for functional domains (or RPS-BLAST in local

searches). Domain architectures of query sequences are annotated based on an analysis of overlapping

domains. Sequences are classified according to a hierarchy of rules encoded in a programmable rule file.

Finally, synthaser produces comprehensive text and visual outputs. These steps are described in more

detail below.

2.2.1 Accepted input

synthaser accepts files in FASTA format, as well as collections of valid NCBI sequence identifiers

specified either in newline-separated text files or directly passed to the command line interface. Query

sequences are parsed directly from FASTA files using BioPython (Cock et al., 2009), whereas sequences

corresponding to NCBI identifiers are retrieved using the Entrez API (NCBI Resource Coordinators,

2014). Additionally, synthaser provides a module, genbank, which allows users to extract all PKS

and NRPS sequences from GenBank format files generated by antiSMASH (version 5.0 and above) to

a FASTA file ready for synthaser analysis.

2.2.2 Remote searches via NCBI Batch CD-Search API

In remote searches, query sequences are uploaded to the BATCH CD-Search API (Marchler-Bauer

et al., 2011). Every search is assigned a unique CD-Search identifier (CDSID) that is saved and

reported in the output. Each CDSID remains valid for 36 hours, and can be used to directly re-start a

synthaser run at any point during this period. The CDSID is polled against the API continuously

until the search has completed and results can be retrieved.
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2.2.3 Local searches using RPS-BLAST and rpsbproc

The underlying search for any remote CD-Search run is performed using Reverse Position Specific

BLAST (RPS-BLAST), a variant of Position-Specific Iterated BLAST (PSI-BLAST), which searches

protein sequences against a database of domain profiles (Marchler-Bauer and Bryant, 2004). By default,

RPS-BLAST output resembles the output of other BLAST variants. The NCBI offers another tool,

rpsbproc, which processes RPS-BLAST results to resemble those returned by the CD-Search web server

(Marchler-Bauer et al., 2017). synthaser provides a local search mode which wraps RPS-BLAST and

rpsbproc, enabling searches against local profile databases. Here, input sequences are searched against

a local profile database using RPS-BLAST, and search results are post-processed by rpsbproc such

that they can be analysed like remote CD-Search results. The domain family profile databases used in

CD-Search are available as pre-formatted RPS-BLAST databases from the NCBI FTP server, which

can be retrieved using the getseq module.

2.2.4 The central synthaser rule file

Once CD-Search results have been retrieved, synthaser undergoes two phases: identification of

domains in query sequences, and the classification of query sequences. Underlying these phases is a

central rule file in JSON format which specifies i) conserved domains that synthaser should attempt

to identify in query sequences, ii) rules for assigning classifications to sequences based on identified

domains, and iii) a hierarchy that determines the order of rule evaluation. The full schema of the rule

file is detailed in Figure S1.

2.2.5 Identification of functional domain ‘islands’

Domain hits in CD-Search results naturally segregate into distinct ‘islands’ of overlapping related

domain families (Figure 2). synthaser attempts to characterise the domain architecture of query

sequences by programmatically identifying these islands. This is done by defining sets of conserved

domain families that correspond to broader functional classes (as specified in the rule file). For example,

the KS island in Figure 2 consists of a variety of individual conserved domain families (e.g. PKS,

PKS_KS, KAS_I_II). These values are used at several stages in the synthaser workflow.

During the domain identification phase, synthaser discards domain hits not specified by any

broader domain class and filters remaining hits for quality. Every domain family in the CDD has an

underlying position-specific scoring matrix (PSSM) describing the amino acid makeup of the family, as

well as a threshold bit-score value used to determine if a given hit is a specific (i.e. high confidence)
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KS AT DH MT KR ACP C A T R

Figure 2: Naturally segragating ‘islands’ of functional domains found in CD-Search analysis of BuaA, the
hybrid PKS-NRPS involved in the biosynthesis of the burnettramic acids (Li et al., 2019). The islands
correspond to the domain architecture KS-AT-DH-MT-KR-ACP-C-A-T-R.

hit. By default, synthaser will discard hits that do not meet the thresholds for PSSM length (30% of

the family PSSM), or bitscore (30% of specific-hit bitscore); users can freely adjust these parameters.

After filtering, synthaser identifies groups of overlapping domain hits, choosing a representative hit

based on maximum length, maximum bitscore or minimum e-value.

Occasionally, a single-domain can be reported as short, discontiguous, low-scoring hits. To resolve

such cases, synthaser explicitly checks for adjacent, truncated domain hits of the same or equivalent

types. synthaser uses two threshold parameters to determine if merging should occur: i) the length

of each hit as a proportion of their corresponding PSSM lengths, termed coverage, and ii) the bitscore

of each hit as a proportion of the specific-hit PSSM. Two hits are merged if both occur within the

space of a single PSSM length (±10%), their combined bitscore is above the threshold bitscore, and

the combined lengths are above a given query coverage threshold.

Finally, synthaser reports the domain architecture of each query sequence.
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2.2.6 Functional classification based on domain architecture

Once the domain architectures of query sequences have been characterised, synthaser has the option

to evaluate the classification rules defined in the rule file. This allows for the division of multidomain

proteins into subgroups based on the absence or presence of specific domains, which can provide

additional insights into the functional differences between them. Each rule must contain i) a name,

ii) a list of domain types, and iii) a logical expression used to evaluate the rule, hereafter termed an

evaluator. The rule name is transferred to the sequence upon successful evaluation; each sequence

has a classification array which can contain any number of rule names (i.e. multiple rules satisfied in

hierarchy). The list of domain types contains domains which are referenced by, though not necessarily

required for satisfaction of, the rule. The evaluator is a logical expression which determines if a rule

is satisfied by a collection of domains. It is comprised of a series of numbers referring to the indices

of each domain in the list of domain types and logical operators that connect them. When a rule is

evaluated on a collection of domains, synthaser checks that domains referred to in the evaluator are

found, substituting the corresponding numerical index in the evaluator with the result (True if the

domain type is found, otherwise False). The final expression is then evaluated to determine if the rule

has been satisfied or not.

Continuing the example shown in Figure 2, we may wish to create a PKS-NRPS rule which requires

domain types KS and A. In this rule, the domains list may resemble 1:

[KS, A] (1)

As both domain types are required for the rule, the evaluator would then resemble 2:

0 and 1 (2)

Here, 0 refers to the KS domain and 1 refers to the A domain. If analysing a PKS containing a KS

domain but not an A domain, the evaluator after substitution would resemble 3:

True and False (3)

As 3 evaluates to False, the rule is not satisfied. However, classifying the sequence in Figure 2 would

yield the expression 4:

10



PKS

Hybrid PKS-NRPS

NRPS

NRPS-like

FAS

alpha subunit

beta subunit

HMG-CoA synthase

Thiolase Multi-modular PKS

Type I

Highly-reducing

Partially-reducing

Non-reducingType III

E
v
a
lu

a
ti

o
n

 o
rd

e
r

Figure 3: Evaluation hierarchy of sequence classification rules in fungal secondary metabolite megasynthases.
Rules in this hierarchy are evaluated top-to-bottom; if a rule evaluates unsuccessfully, the next rule in the
hierarchy is evaluated. If a rule with children (relationship depicted by arrows) is successfully evaluated,
the child rules will be evaluated. Upon successful evaluation, the full classification array, including the
parent and all child rules, is saved on the sequence.

True and True (4)

Thus successfully classifying the sequence as a PKS-NRPS.

Rules can additionally include domain type filters and renaming rules. Domain type filters indicate

that a rule only accepts a domain in a sequence if the representative hit is of a specific domain family.

This allows for differentiation between specific families that fall under the same broader classes (e.g.

KS domains from FAS and PKS). Renaming rules allow domain types to be renamed in synthaser

output. This is useful in cases where functionally equivalent domains have different nomenclature based

on context. For example, acyl carrier proteins (ACP) of PKSs and peptidyl carrier proteins (PCP) of

NRPSs are closely related and typically hit the same domain families in a CD-Search, but convention

dictates they are denoted by ACP in PKSs and T (thiolation) or PCP in NRPSs. Renaming rules

can optionally include before or after domains, which specify that the renaming target should only be

renamed if it is found before or after certain domains. For instance, an ACP in a hybrid PKS-NRPS

should only be renamed to T within the NRPS module, which can be accounted for in the rule by

adding key NRPS domains (e.g. A or C) as after domains.

The final element of the classification rule system is the hierarchy. This takes the form of a tree

structure, with each node in the tree containing the name of a classification rule as well as a list

of any child rules (Figure 3). synthaser uses this tree to determine the order of evaluation during
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sequence classification. If a rule is not satisfied, synthaser will proceed to the next rule of the same

depth within the tree; if it is satisfied, synthaser will recurse into the children of that rule, and so

on. During this stage of the synthaser workflow, the rule hierarchy is evaluated on each sequence,

which is then assigned a classification array containing the names of all rules which were succesfully

evaluated. For instance, the default rule file would assign a highly-reducing PKS the array: [PKS,

Type I PKS, Highly-reducing PKS.] After sequences have been classified, domain architectures of each

query sequence is reported, and an interactive visualisation is generated.

The generic nature of this rule system means that although synthaser was written primarily to

analyse secondary metabolite megasynthases, it can be readily repurposed for the analysis of any

multi-domain protein family.

2.3 Building rule files using the synthaser rule generator web appli-

cation

Given how cumbersome it is to manually assemble the synthaser rule file, we provide a web application

which can generate rule files in three easy steps (Figure 4).

In the leftmost pane, the collection of domain types are built by specifying names (e.g. KS)

and domain families (PKS and PKS_KS). The Families selection box is linked to a file containing

information about every family in the CDD, so families can be found simply by searching their names

or accessions in the box.

Once domain types have been created, classification rules can be built in the middle pane. Each

rule requires a name, a list of domain types it requires and the evaluator. The Domains box allows for

selection of the domain types created in the Domain types pane. Rule names and evaluators can be

added simply by writing in the relevant field. Domain type filters can be added inside the Domain

filters section of each rule. Within each filter, the domain type can be specified in the Domain name

selection field, and the domain families in the Domain types selection field. Renaming rules can be

added in the Rename domains section. Within each renaming rule, the renaming target domain can

be selected in the From field, any after domains in the After selection field, and the new name in the

To input field.

Finally, the classification rule hierarchy can be established in the rightmost pane. When a rule is

added or updated in the Classification rules pane, it is automatically added to, or updated in, the rule

hierarchy. Each rule can be dragged and dropped anywhere within the hierarchy, and can be easily
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Figure 4: Web application for designing and editing synthaser rule files. Rule files are built in three
stages: domain classes are defined in the ‘Domain types’ pane; sequence classification rules are built in the
‘Classification rules’ pane; and the hierarchy of rule evaluation is determined by re-arranging the rules in
the ‘Rule hierarchy’ pane. The web application is hosted at https://gamcil.github.io/synthaser.

nested to form parent-child rule relationships.

The default ruleset bundled with synthaser can be loaded by clicking the Load default rules button

(Figure 4d), so users can quickly understand how the rule generator system works. After building the

ruleset in the web application, the JSON rule file can be generated by clicking the Save rules button;

this can be easily loaded back into the application using the Load rules button, enabling easy updates

to pre-existing rule files. This file can be passed to the synthaser search module using the -uf /

–rule_file argument, where it will be loaded in place of the default ruleset.

The web application is implemented using the React framework and is hosted on GitHub pages

(https://gamcil.github.io/synthaser).

2.4 Reporting and visualisation

synthaser provides comprehensive textual and visual outputs. By default, textual results are generated

and printed to the command line. In this output, query sequences are listed alongside their predicted
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domain architecture, grouped by their classification groups and in descending order of sequence length.

Tabular, long form versions of this output can also be easily generated, allowing further analysis in

spreadsheet software.

synthaser can also generate an interactive visualisation by using the –plot argument (Figure 5).

Each query sequence is drawn to scale, grouped by classification and shown in descending sequence

length order. Box annotations are drawn for each classification group; nested classifications are shown

in reverse order (deepest classifications in the hierarchy shown first), making broader classification

groups immediately obvious. Each sequence contains a collection of domains; all unique domain types

within the visualisation are assigned a colour, which is used to colour both the domain element within

the sequence, as well as the corresponding entry within the legend. Hovering over a domain will

produce a tooltip which contains a summary of information about the domain hit, including the specific

CDD family, its superfamily (if applicable), the domain class as determined by the rule file, its position

within the query sequence, and the E-value and bitscore values from the CD-Search results. The

sequence of the domain hit within the query can be copied to the system clipboard directly by clicking

a button within the tooltip; the entire query sequence can also be copied in this way. FASTA files

containing all sequences of a certain domain type can easily be generated within the Download domain

sequences section of the settings panel, by first selecting the desired domain type and then clicking the

download button.

The synthaser visualisation has various settings available to tweak its appearance. The shape, size

and positioning of each synthase, as well as the vertical spacing between synthases, can be manipulated;

maximum sequence length in pixels can be adjusted to control the width of the plot; and the font size

of the various text elements within the plot, as well as text and box elements within the legend, can be

changed. Once the user is satisfied with the appearance of the plot, a scalable vector graphics (SVG)

image file can be generated by clicking the Save SVG button at the top of the settings panel. This file

can be directly imported into vector image software for further manual editing.

synthaser can also generate a static HTML document containing all data and code required to

display the visualisation when a file name is provided to the –plot argument. This enables synthaser

results to easily be shared between individual computers.

The visualisation is implemented using the D3 JavaScript library (Bostock et al., 2011), and is

available as a standalone reusable chart library under the MIT license (https://www.github.com/

gamcil/synthaser.js).
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2.5 Analysis of characterised synth(et)ases

Characterised PKS clusters of fungal origin were obtained from MIBiG 2.0 (Medema et al., 2015). The

corresponding GenBank and JSON files (obtained from the full database dumps for each format) were

then parsed for PKS and NRPS sequences, as well as their corresponding domain architectures as

annotated on MIBiG, using a Python script (available from https://github.com/gamcil/synthaser_

scripts) and then added to the dataset. Sequences were then analysed using synthaser with default

settings (maximum E-value 1.0, domain family PSSM length threshold percentage 40%, domain family

bitscore threshold percentage 40%, domain family coverage 60%, tolerance 10%), and compared to

the antiSMASH domain architecture predictions shown by MIBiG. Sequences were compared for

overall domain architecture matches between synthaser and antiSMASH predictions stored in MIBiG.

Discrepencies were sorted into groups based on the specific type of mismatch between each prediction:

domains identified in synthaser but not in MIBiG; equivalent domains found but mis-named in MIBiG;

and mis-named in synthaser predictions. Count data was analysed and visualised using R.

2.6 Building a network of Aspergillus polyketide synthases

Sequences containing ketosynthase (KS) domains were identified by querying the NCBI Protein database

for entries linked to the cond_enzymes (CDD UID: 238201) superfamily using Entrez Direct (Kans,

2019). The results were filtered to only include GenBank sequences from Aspergillus species. All

remaining sequences were retrieved, and were analysed for PKS domains with the built-in ruleset using

default settings with the command synthaser search -qf sequences.fa. Regions corresponding

to KS domains in the identified sequences were extracted using the extract module in synthaser.

The extracted sequences were formatted as a DIAMOND database and aligned against themselves

using DIAMOND 0.9.17 with the –more-sensitive flag (Buchfink et al., 2021-04). An edge table was

generated by summing the bitscores of individual high-scoring segment pairs (HSPs) of each unique

query and target sequence pair using a custom Python script. This table was imported into Cytoscape

3.7.2, and a Prefuse Force Directed Layout using the summed bitscores of domain-domain BLAST

alignments was applied to the generated network. Representative domain architectures of each cluster

were identified by mapping synthaser results to the extracted domains in the Cytoscape network. A

discrete colour scheme based on an alphabetical ordering of all domain architectures in the network

was generated in CytoScape and applied to the network (resulting colours shown in Figure 6). A full

explanation of the creation of the network, as well as custom Python scripts and intermediate analysis
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files, has been provided on a GitHub repository (https://github.com/gamcil/synthaser_scripts).

3 Results

3.1 A classification framework for fungal megasynthases

Two of the major classes of natural products are polyketides and nonribosomal peptides, synthesized

by polyketide synthases (PKS) and nonribosomal peptide synthetases (NRPS), respectively (Keller

et al., 2005). There is significant interest in the genome mining of new polyketide and nonribosomal

pathways for their potential in making new drugs (Newman and Cragg, 2016). These megasynthases

are large enzymes consisting of multiple functional domains, each responsible for a different step in the

biosynthesis of the products backbone.

PKSs, similar to fatty acid synthases (FAS), build the carbon backbone of polyketides through

repetitive condensation of short-chain carboxylic acids, catalyzed by a β-ketoacyl synthase (KS) domain

(Chooi and Tang, 2012). KS domains belong to a broader family of condensing enzymes, which includes

enzymes catalysing decarboxylating and non-decarboxylating reactions (Heath and Rock, 2002). The

decarboxylating enzymes are further broken into the ‘initiation’ enzymes, which include chalcone

synthases (CHS) of Type III PKSs and hydroxymethylglutaryl (HMG)-CoA synthases, and ‘elongation’

enzymes, which include β-ketoacyl-ACP synthases (type I and II) of FAS and KS domains of PKS.

The non-decarboxylating enzyme group is comprised of biosynthetic and degradative thiolases.

PKSs are generally classified as types I, II or III (Table 1), though only types I and III are found

in fungi. A minimal PKS consists of the KS, as well as acyltransferase (AT) and acyl-carrier (ACP)

domains required for chain extension. While bacterial type I PKS are typically modular, with each

chain extension step encoded by a distinct module, fungal PKS are typically iterative, with a single

module being used repeatedly; though examples of modular PKS have been identified in fungi (Keller

et al., 2005; Thynne et al., 2019). Iterative type I PKS are further classified as highly-reducing (HR),

partially-reducing (PR) or nonreducing (NR) based on the presence of reductive β-keto processing

domains. HR-PKSs typically produce aliphatic or alicyclic compounds, and will contain enoylreductase

(ER), ketoreductase (KR) and dehydratase (DH) domains, which catalyze reduction reactions on

the β-keto group during each chain extension step. Notable HR-PKSs include LovF, the lovastatin

diketide synthase involved in the biosynthesis of lovastatin in Aspergillus terreus (Xie et al., 2009)

and the prosolanapyrone synthase (PSS) involved in biosynthesis of solanapyrones in Alternaria

solani (Kasahara et al., 2010). PR-PKS contain at least one, but not all, of these reductive domains

16



(Kroken et al., 2003). For instance, the well known 6-methylsalicylic acid synthase (6-MSAS) from

Penicillium patulum (Beck et al., 1990) and mellein synthase responsible for production of (R)-mellein

in Parastaganospora nodorum (Chooi et al., 2015) possess DH and KR domains but no ER domains.

NR-PKSs have no reductive domains, and typically contain a starter unit:ACP transacylase (SAT),

a product template (PT) and a releasing domain (thioesterase (TE) or thioreductase (R) domain)

(Chooi and Tang, 2012). NR-PKSs almost always produce aromatic compounds, where cyclisation is

mediated by the PT domain. For example, pksA, involved in the biosynthesis of aflatoxin in Aspergillus

parasiticus is an NR-PKS (Chang et al., 1995). Such classifications are useful as it gives an indication

as to the type of compound that may be produced by the PKS.

Type III PKS are distinguished by their lack of ACP domain and are related to the chalcone and

stilbene synthases found in plants (Hertweck, 2009). They are observed mostly in bacteria, though

several have been characterised in fungi and have been shown to produce α-pyrones, resorcylic acids

and resorcinols (Hashimoto et al., 2014; Navarro-Muñoz and Collemare, 2020).

NRPSs typically consist of multiple modules, each possessing a binding specificity to a specific

amino acid, which can be proteinogenic or non-proteinogenic. A nonribosomal peptide is synthesized

through the formation of peptide bonds between amino acids attached to adjacent modules (Keller

et al., 2005). A minimal NRPS consists of adenylation (A), peptidyl carrier protein (PCP)/thiolation

(T), condensation (C) and thioesterase (TE) domains, and can be modular or iterative.

Finally, it is possible to have hybrid enzymes that contain both PKS and NRPS modules (denoted

PKS-NRPS, or NRPS-PKS depending on module order) which in turn produce polyketide-peptide

metabolites, or pathways of a mixture of PKS types (Hertweck, 2009). Notable examples include the

PKS-NRPSs involved in the biosynthesis of the burnettramic acids in Aspergillus burnettii (Li et al.,

2019), the cytochalasins in Aspergillus clavatus (Qiao et al., 2011), and phomacins in Parastaganospora

nodorum (Li et al., 2020b).

3.2 Building a synthaser ruleset

Multidomain protein families can often be divided into subgroups based on the absence or presence

of certain domains, which can facilitate further functional predictions. Likewise, fungal type I PKSs

have been subdivided into HR, PR and NR-PKS based on the absence or presence of reductive β-keto

processing domains. This information provides insights into the nature of the polyketide products

encoded by the PKS genes; for instance, NR-PKS are most likely to make aromatic compounds,

while HR-PKS can make alicyclic or aliphatic compounds. As a proof of concept for the synthaser
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Table 1: Classification scheme of polyketide synthases (PKS) and nonribosomal peptide synthetases (NRPS).

Classification
Level 1 Level 2 Level 3 Key domains
Hybrid PKS-NRPS KS, A or C
NRPS A, T, C
NRPS-like A
Fatty acid synthase (FAS) β-ketoacyl-ACP synthase

alpha subunit ACP, KR, KS
beta subunit SAT, ER, DH

HMG-CoA synthase HMG-CoA synthase
Thiolase Thiolase
Polyketide synthase (PKS) KS

Multi-modular Multiple KS
Type I KS, AT

Highly-reducing ER, KR, DH
Non-reducing SAT, PT
Partially-reducing ER, KR or DH

Type III CHS

workflow, we designed a rule file for the classification of fungal megasynthases, namely PKS-NRPS,

FAS, PKS and NRPS. Using the rule generator web application, we built the rule file according to

the classification scheme shown in Table 1. A synthaser ruleset is comprised of three elements: the

domain classes that we wish to identify, rules to classify sequences based on the domain classes that

are identified, and a hierarchy which determines the order in which rules are evaluated. The domain

classes, as well as the domain families that comprise them and scoring information is shown in Table 2.

In sum, 58 domain families were placed into 16 different domain classes, covering domains frequently

observed in fungal secondary metabolite megasynthases. This included classes for adenylation (A), acyl-

carrier protein (ACP), ACP synthase (ACPS), acyltransferase (AT), condensation (C), dehydrogenase

(DH), epimerization (E), enoylreductase (ER), ketoreductase (KR), beta-ketoacyl synthase (KS),

methyltransferase (MT), product template (PT), starter unit:acyl carrier protein transacylase (SAT),

thioesterase (TE), thioester reductase (TR) and carnityl acyltransferase (cAT). Domain families for each

class were manually chosen by performing online CD-Search searches with characterised megasynthase

sequences and analysing which domain families appear in each domain ‘island’ observed in the visual

output (see Figure 2).

Once domain classes had been established, functional classification rules could be created. Following

the framework outlined in Table 1, we generated a collection of rules covering each unique megasynthase

classification (Table 3). In total, 15 rules were created, covering the spectrum of fungal PKS, fatty acid

synthase (FAS) and NRPS sequences. These consist of 7 top-level rules, including those for Hybrid

PKS-NRPS, Thiolases, HMG-CoA synthases, FAS, NRPS, NRPS-like and PKS sequences.
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Table 2: Domain classes and domain families defined in the default synthaser rule file.
Domain family

Domain class Accession Name PSSM ID PSSM Length Threshold bitscore
A cd05930 A_NRPS 341253 444 356.838

pfam00501 AMP-binding 366135 361 184.727
ACP smart00823 PKS_PP 214834 86 33.3777

CHL00124 acpP 177047 82 85.8428
pfam14573 PP-binding_2 373139 96 112.899
pfam00550 PP-binding 376348 67 29.814

ACPS COG0736 AcpS 223807 127 88.0777
PRK00070 acpS 234610 126 87.108

AT smart00827 PKS_AT 214838 298 201.477
C cd19535 Cyc_NRPS 380458 423 348.324

cd19533 starter-C_NRPS 380456 419 482.254
cd19538 LCL_NRPS 380461 432 638.54
cd19531 LCL_NRPS-like 380454 427 287.329
cd20480 ArgR-Cyc_NRPS-like 380470 406 714.278
cd19543 DCL_NRPS 380465 423 420.456
cd19544 E-C_NRPS 380466 413 476.159
cd19532 C_PKS-NRPS 380455 421 402.605
pfam00668 Condensation 334202 455 345.862

DH pfam14765 PS-DH 379688 291 132.479
smart00826 PKS_DH 214837 167 76.8814

E cd19534 E_NRPS 380457 428 363.495
ER COG4981 COG4981 227314 717 1062.53

smart00829 PKS_ER 214840 287 250.768
cd05195 enoyl_red 176179 293 129.997
cd08270 MDR4 176231 305 268.471
cd05282 ETR_like 176645 323 224.079

KR smart00822 PKS_KR 214833 180 83.3005
cd08950 KR_fFAS_SDR_c_like 187653 259 368.441

KS smart00825 PKS_KS 214836 298 241.079
cd00833 PKS 238429 421 167.35
cd00829 SCP-x_thiolase 238425 375 147.795
TIGR01833 HMG-CoA-S_euk 273826 457 790.507
cd00751 thiolase 238383 386 222.354
PLN02287 PLN02287 215161 452 632.955
PRK07314 PRK07314 235987 411 601.393
TIGR03150 fabF 274452 407 525.512
COG0304 FabB 223381 412 152.8
cd00832 CLF 238428 399 503.431
cd00834 KAS_I_II 238430 406 285.201
cd00831 CHS_like 238427 361 242.515
cd00830 KAS_III 238426 320 212.4

MT pfam08241 Methyltransf_11 369777 93 53.4302
pfam08242 Methyltransf_12 369778 96 37.7331
pfam13489 Methyltransf_23 372616 162 59.7422
pfam13649 Methyltransf_25 379312 96 36.008
pfam13847 Methyltransf_31 316372 150 67.449
cd02440 AdoMet_MTases 100107 107 29.3203
smart00828 PKS_MT 214839 224 133.695

PT TIGR04532 PT_fungal_PKS 275325 324 202.466
SAT pfam16073 SAT 374347 239 110.757
TE smart00824 PKS_TE 214835 212 155.846

pfam00975 Thioesterase 366397 223 155.591
COG0657 Aes 223730 312 59.5636
pfam00561 Abhydrolase_1 366166 245 93.3378

TR TIGR01746 Thioester-redct 273787 367 305.493
cd05235 SDR_e1 187546 290 229.845

cAT pfam00755 Carn_acyltransf 376382 577 255.551

19



Table 3: Overview of rules for classification of fungal secondary metabolite megasynthases used in synthaser.
Each rule is comprised of a name, a set of domain classes, an evaluator, domain filters which specify valid
domain families for a given domain class, and rename rules, which specify domain classes which should be
renamed in certain contexts.

Domain rules Rename rules
Rule name Domains Evaluator Class Families From To Before After
Hybrid PKS-NRPS KS, A, C, ACP 0 and (1 or 2) ACP T A, C

T ACP A, C KS
Thiolase KS 0 KS cd00829, cd00751,

PLN02287
HMG-CoA synthase KS 0 KS TIGR01833
beta subunit AT, ER, DH 0 and 1 and 2 ER COG4981
alpha subunit AT, KR, ACPS 0 and 1 and 2 KR cd08950
FAS KS 0 KS COG0304, cd00834,

cd00830, TIGR03150
NRPS-like A, C, ACP 0 or 1 ACP T
NRPS A, ACP, C 0 and 2 ACP T
Type III KS 0 KS cd00831
Non-reducing PKS SAT, PT 0 and 1
Partially-reducing PKS DH, ER, KR 0 or 1 or 2 KR smart00822, cl00100

ER smart00829, cd05195
DH smart00826

Highly-reducing PKS DH, ER, KR 0 and 1 and 2 KR smart00822, cl00100
ER smart00829, cd05195

Type I PKS AT 0 AT smart00827, cl08282
Multi-modular PKS KS, KS 0 and 1
PKS KS 0 KS smart00825, cd00833,

cd00831

Within these top-level rules, there are further child rules. For example, FAS sequences are further

classified as alpha or beta subunit. Similarly, PKS sequences can be classified as multi-modular

(containing multiple KS domains), Type I or Type III; Type I sequences can be further classified into

highly-, partially- or non-reducing PKS.

Finally, a rule evaluation hierarchy was created (Figure 3). synthaser evaluates from the first

listed rule to the last, recursing into child rules if successful. This makes it simple to define hierarchies

with any number of levels where rules incrementally build on other rules to assign more specific

classifications.

The final rule file is distributed alongside the source code and is freely available from the GitHub

repository.

3.3 Analysis of megasynthases in characterised biosynthetic gene

clusters

In order to verify the accuracy of our fungal secondary metabolite megasynthase rule set, we decided to

test it against previously characterised megasynthases deposited in the MIBiG database (Kautsar et al.,

2019). BGCs of fungal origin were retrieved from the MIBiG database, and 284 sequences covering the
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spectrum of fungal megasynthase classifications were extracted (Table S1). Domain architectures of a

subset of these sequences is shown in Figure 5. This collection consisted of 137 PKS, 61 NRPS, 31

NRPS-like, 24 FAS and 31 hybrid PKS-NRPS sequences (as determined by synthaser classification).

Of the 137 PKS sequences, 48 were further classified as highly-reducing, 70 as non-reducing and 16

as partially-reducing. Similarly, of the 24 FAS sequences, 23 could be further classified into separate

alpha (12 sequences) and beta-subunit (11 sequences) encoding genes, typical of the Ascomycetes,

with the remaining sequence, fas2 from the ustilagic acid BGC in Ustilago maydis, being a complete

single-chain FAS (Teichmann et al., 2010), common to the Basidiomycetes and mycobacteria (Maier

et al., 2010).

All sequences were correctly classified; domain architectures predicted by synthaser either matched

completely or identified more domains than the antiSMASH predictions reported on MIBiG; different

naming schemes for equivalent domains, for example ACP, PCP and T domains, were not considered

mismatches in this comparison. In total, 182 (64.08%) antiSMASH-generated domain architecture

predictions exactly matched those from synthaser. Of the remaining 102 predictions (35.92%), 101

were mismatched due to domains being present in the synthaser predictions but not in the MIBiG

records; synthaser reported one extra domain in 75 (26.41%) cases, two in 38 (13.38%) cases, and

three in 24 (8.45%) cases. The most frequent of these extra domains were ACP/T domains, in PKS

and NRPS, respectively, which were absent in 32 (11.27%) of the antiSMASH-generated predictions,

as well as TE domains (16, 5.63%), KR domains (14, 4.93%) and SAT domains (14, 4.93%).

Notably, synthaser architecture predictions for the sordarin HR-PKS from Sordaria araneosa

(Kudo et al., 2016), and the AF-toxin HR-PKS from Alternaria alternata (Ruswandi et al., 2005), both

contain carnitine acyltransferase (cAT) domains, which are not present in the antiSMASH-generated

domain architecture predictions. The cAT domain was recently shown to be capable of esterification of

polyketide products in Trichoderma virens (Hang et al., 2017). While the Pfam database contains a

profile HMM corresponding to the cAT domain (accession: PF00755), the NRPS/PKS analysis module

in antiSMASH currently does not. The extensibility of the synthaser rule system allows for new

domains to be easily added, provided an entry is available within the CDD.

Another notable case study is the starter unit:acyl carrier protein (ACP) transacylase (SAT) domain,

a characteristic feature of NR-PKSs that is sometimes missed in both the synthaser and antiSMASH-

generated domain architecture predictions. For instance, the PKS involved in the biosynthesis of the

meroterpenoid paraherquonin in Penicillium brasilianum (Matsuda et al., 2016), prhL, though correctly

classified as non-reducing, lacks an SAT domain in both the synthaser and antiSMASH predictions.
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Figure 5: synthaser visualisation of a subset of the analysed synthase sequences sourced from the MIBiG
database covering a spectrum of classification groups.

This is also observed in trt4, involved in the biosynthesis of another meroterpenoid compound, terretonin,

in Aspergillus terreus (Guo et al., 2012). On the other hand, predictions for the NR-PKSs of the

related andrastin A and novofumigatonin biosynthetic pathways in Penicillium roqueforti (Rojas-

Aedo et al., 2017) and Aspergillus novofumigatus (Kjærbølling et al., 2018), respectively, do contain

SAT domains. Closer inspection of the sequences with missing SAT domains showed annotation

gaps in N-terminal regions, indicating that there were likely SAT domains that were missed (Figure

S2). Sequence alignment of the N-terminal regions of NR-PKSs involved in fungal meroterpenoid

biosynthesis, annotated both with and without SAT domains, revealed the presence of the characteristic

SAT domain active site GXCXG motif (Crawford et al., 2006) in all sequences, confirming that the

underlying CD-Search predictions did in fact miss the SAT annotations (Figure S3). In cases where

a domain is missed due to low quality, this problem can be alleviated by simply raising the E-value

cutoff used during a synthaser search; in other cases, missing domains may persist due to other

reasons (e.g. structural variation, poor domain curation). That the quality of synthaser predictions

and classifications is reliant upon the quality of the underlying search databases is a limitation of the

tool. However, as the quality of domain profile HMMs in the CDD increases, so to will the power of

synthaser to predict and classify domain architectures.
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3.4 Network analysis of PKS domain architectures in Aspergilli re-

veals interesting variation

synthaser can rapidly extract PKS and NRPS genes and generate domain annotations from genome

files, making it extremely useful in providing an overview of the diversity of PKS/NRPS domain

architectures encoded in an organism. For instance, we recently used synthaser to analyse synthases

found in the genome of A. burnettii, which facilitated the linkage of expressed metabolites to their

corresponding synthases (Gilchrist et al., 2020). However, we hypothesized that synthaser could also

be incorporated into larger scale genome mining pipelines to guide the discovery of novel metabolites.

To test this hypothesis, we constructed a similarity network of ketoacyl synthase (KS) domains

in PKS sequences from Aspergillus genomes (Figure 6). While the size and complexity of full PKS

sequences complicates phylogenetic analyses, KS domains exhibit tight clustering patterns and are

a useful proxy for exploring the evolutionary relationship of PKSs (Ziemert et al., 2012). To build

the network, we first retrieved any sequences in the NCBI protein database from Aspergillus species

containing hits to the cond_enzymes superfamily (accession: cd00327). This superfamily contains

a variety of enzymes catalyzing decarboxylating and non-decarboxylating Claisen-like condensation

reactions, covering the spectrum of FASs and PKSs. In total, 2923 sequences were retrieved. Using

synthaser, we predicted and classified the domain architectures of each retrieved sequence, then

extracted the sequence of each KS domain. This consisted of 95 FAS (25 alpha subunit), 292 hybrid

PKS-NRPS, 1991 PKS (35 Type III, 221 PR-PKS, 583 NR-PKS and 960 HR-PKS, with 36 furthest

annotation Type I, 156 furthest PKS) and 545 thiolases. This dataset was then extended with the PKS,

PKS-NRPS and FAS sequences from the MIBiG database analysed above (137 PKS, 31 PKS-NRPS

and 24 FAS).

All versus all sequence comparisons of the extracted KS domains were performed using DIAMOND

(Buchfink et al., 2021-04), which were then used to construct a similarity network in CytoScape (Morris

et al., 2011). Mapping of orthogonal data to sequence similarity networks has been shown to be a

powerful approach for revealing themes within biological sequence data (Atkinson et al., 2009). Thus,

we mapped domain architecture predictions of the parent PKS sequences generated using synthaser

to the KS domain network (depicted in Figure 6 by colour scheme) to explore their relationships.

Four distinct subnetworks were formed within the KS domain network, corresponding to the four

broad classification groups of KS domain-containing sequences. One subnetwork contained mostly

highly-reducing and partially-reducing PKS (Figure 6 top-left), and was clearly separate from, but
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related to, another subnetwork consisting of hybrid PKS-NRPS sequences (top-right). Non-reducing

PKS formed another clear subnetwork (bottom-left), as did domains from fatty acid synthases (bottom-

right).

Perhaps the most powerful aspect of the similarity network approach is its ability to reveal outliers;

a characteristic we wished to exploit for the purpose of genome mining for biosynthetic novelty. We

were immediately drawn to two specific sequence clusters, which were clearly demarcated from the other

members of their respective subnetworks thanks to the architecture-mapped colour scheme (circled in

Figure 6). The first cluster falls within the hybrid PKS/NRPS subnetwork and consists of sequences

where the NRPS module precedes the PKS module, instead of the typical PKS-NRPS arrangement.

Comparatively few NRPS-PKS have been characterised in the literature. The first reported fungal

NRPS-PKS was the synthase involved in the biosynthesis of tenuazonic acid in Magnaporthe oryzae,

TAS1, which has an NRPS module before a PKS module containing only a KS domain (Yun et al., 2015).

Later, Cook et al. (2017) characterised the swainsonine BGC, containing the NRPS-PKS SwnK, in

several fungal species. More recently, Hai et al. (2020) characterised a NRPS-PKS enzyme, AnATPKS,

capable of producing the amino acid derived α-pyrone natural products pyrophen and campyrone

B in Aspergillus niger. While the cluster contains sequences matching the domain architectures of

TAS1, SwnK and AnATPKS, it also includes more variation that could be explored in further studies.

Perhaps more interesting was the second cluster, which fell within the non-reducing PKS subnetwork

and consisted of non-reducing PKSs with ketoreductase (KR) domains at the N-terminal. As previously

outlined, a typical NR-PKS sequence starts with a SAT domain and contains a product template (PT)

domain and no reductive (DH, ER, KR) domains (Keller et al., 2005). The sequences within this cluster

match this template almost exactly, with SAT domains being substituted with KR domains, making

them very abnormal. While outliers such as this could result from incorrect gene annotation (i.e.

through fusion of separate coding regions), given the otherwise textbook NR-PKS domain architectures,

proximity of the KR domain to the KS domain, and the number of homologues that were identified, we

do not believe this to be the case. One biosynthetic hypothesis might be that the KR domain performs

similar reductive processing steps as they do in HR-PKS and PR-PKS. Future work is required to

further characterise these synthases; however, the discovery of such sequences highlights the value of

synthaser to genome mining pipelines.
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Figure 6: Ketosynthase (KS) domain similarity network of polyketide and fatty acid synthases in Aspergillus
genomes (a) and synthaser domain architecture analysis of representative sequences taken from two groups
of interest identified in the network (b). Colours of nodes correspond to the full domain architectures of
each synthase.
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4 Discussion

In this paper we describe synthaser a Python-based software package for automatic prediction,

classification and visualisation of domain architectures of multi-domain proteins. synthaser is capable

of fully remote searches using the NCBI’s CD-Search tool, which searches query sequences against

domain families stored in the conserved domain database (CDD). This is advantageous to other tools

which rely on manually curated local profile HMMs for domain searches, as new domains can be added

just by referencing the corresponding CDD identifier. Moreover, as the CDD and its sub-databases

are continually curated, any improvements to domain profiles will automatically filter through to

predictions generated by synthaser.

synthaser takes a unique approach in that it explicitly searches for specific domain ‘islands’ during

domain architecture prediction (Figure 2). This differs from other tools that select purely for top

scoring domains, which can include broader domain families encompassing multiple smaller domains.

For instance, a CD-Search of any Type I PKS sequence will contain the domain family PksD, which

consists of both KS and AT domains (visible in Figure 2). While this may be preferable when looking

at the overall similarity of two proteins, the goal of synthaser is to instead predict exact domain

architectures, reporting every distinct domain found within each sequence. Thus, synthaser can be

superior when precise labelling of domains within a sequence is desired.

Another advantage of synthaser is its ability to analyse fungal megasynthases at (pan-)genomic

scale. There is currently no tool available that can characterise, classify and display the domain

architectures of all PKSs and NRPSs either within a genome or across multiple genomes. As we

demonstrate above in our similarity network of KS domains, this can form the basis of a genome

mining strategy for uncovering unique synthases encoding potentially novel metabolites.

Domain architecture prediction and classification in synthaser is controlled by an underlying rule

file, which can be freely modified by the user. The rule file consists of three components: classes

containing CDD domain families which correspond to domain islands, classification rules, and the

rule evaluation hierarchy. This allows for a level of flexibility not possible in tools which rely on

manually curated profile HMMs. In addition, we provide a web application (https://gamcil.github.

io/synthaser) which allows users to easily add, delete or modify domains and classification rules.

The default rule file can be loaded for editing by the click of a button, enabling users to tweak it

as necessary for their purposes. Moreoever, we can foresee synthaser being completely repurposed,

via its rule system, for the analysis of other multi-domain protein families, outside of the scope of

secondary metabolites.
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In the current paper, we extensively demonstrated the use of this system above in the context of

fungal secondary metabolite megasynthases; the corresponding rule file is distributed with, and is the

namesake of, the tool. Indeed, synthaser has already seen use in the analysis of fungal biosynthetic

gene clusters in our own group (Li et al., 2019; Gilchrist et al., 2020). We previously outlined strategies

for genome mining for BGCs encoding novel small molecules, or those encoding new or improved

bioactivities (Gilchrist et al., 2018). Analysis of domain architecture is a key step in uncovering

such molecules, as unusual domain architectures could potentially encode unusual chemistry. Such

an approach has already been fruitful across several classes of synthase, including PKS, NRPS and

terpene synthases (Hang et al., 2017; Baccile et al., 2016; Okada et al., 2016). synthaser makes this

analysis significantly more convenient, automating both the prediction and classification stages for

sequences in batch, without the need for curation of local domain profiles, or maintenance of local

profile databases. In addition, synthaser provides the genbank module, which is capable of directly

parsing antiSMASH-generated GenBank format files for megasynthase sequences. If local analysis is

desired, synthaser does possess the ability to both download profile databases from the NCBI using

its getdb module, as well as perform local searches using RPS-BLAST (provided it it is installed on

the system).

synthaser generates comprehensive visual and text result outputs. The visualisations are fully

interactive, allowing for changes to sequence size and shape, as well as other convenient functionalities

such as the extraction of domain sequences to FASTA files. The text output reports the length

and domain architectures of each query sequence, grouped by their classifications. This can also

be generated in tabular formats, such that it can be easily imported into spreadsheet software or

incorporated into larger bioinformatic pipelines.

The synthaser approach does have some caveats. While synthaser’s remote search capabilities

are its biggest advantage, this also means that an internet connection is required to use the tool.

Moreover, certain sequence features indicated by the web CD-Search tool, such as the active sites of

certain domains, are not available in synthaser results. Perhaps the largest drawback is that the

specificity of domain predictions is limited by the domain profiles within the CDD. This has a couple of

consequences. Firstly, distinct but functionally related domains generally cannot be separated during a

search. For example, acyl carrier protein (ACP) domains in FAS and PKS and peptidyl carrier protein

(PCP)/thiolation (T) domains in NRPS, which are structurally and functionally related, hit the same

CDD profiles in a CD-Search run. synthaser attempts to alleviate this issue by allowing domains to

be renamed based on the classification of the protein; in the previous example, synthaser will keep
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the ACP name within a PKS or FAS, but change it to a T (thiolation) if found in a NRPS. Secondly,

certain domains may fail to be detected if the corresponding domain profiles are weakly defined. In

these scenarios, synthaser will also fail to report the missing domains. However, this is made very

clear in the synthaser visual output, as large gaps in sequence can be seen where missing domains

should be (e.g. the NR-PKS N-terminal SAT domain, as shown in Figure S2), hopefully prompting

further investigation. As curation of the CDD continues, and the quality of domain profiles improves,

so to will the predictions given by synthaser.

In summary, synthaser is a powerful tool for the characterisation and classification of multi-domain

protein architecture. synthaser offers both local and remote search capabilities, which utilise the

curated domain profiles in the NCBI’s conserved domain database. Its intuitive visualisations, as well

as text summaries, allow interesting domain architectures to become immediately obvious. While

synthaser is distributed with the fungal megasynthase rule set detailed in this paper, the flexibility of

the rule system, as well as the easy to use rule generator web application, means synthaser could

readily be repurposed for the study of any multi-domain protein family. Thus, synthaser is a valuable

addition to not only the natural products genome mining toolbox, but potentially to any area where

multidomain proteins are of interest.
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{
"domains": [

"name": <string: name of the domain island>,
"domains": [

{
"pssm": <integer: PSSM number>,
"accession": <string: accession>,
"name": <string: family name>,
"length": <integer: PSSM length>,
"bitscore": <float: threshold bitscore>,
"superfamily": <string: superfamily>,

}
]

],
"rules": [

{
"name": <string: name of classification rule>,
"domains": [<string: domain island name>],
"filters": [

{
"type": <string: domain island name>,
"domains": [<string: domain family accession to select>]

}
],
"renames": [

{
"from": <string: domain island being renamed>,
"before": [<string: islands that must occur after renaming island>],
"after": [<string: islands that must occur before renaming island>],
"to": <string: new domain island name>

},
],
"evaluator": <string: rule evaluation string>,

}
],
"hierarchy": [

{
"title": <string: name of classification rule>,
"children": [
{

"title": <string: name of child classification rule>,
"children": [ ... ]

}
]

}
]

}

Figure S1: Schema of the synthaser JSON rule file. Fields used by the rule generator web application
(unique identifiers, labels for HTML elements, etc) but not synthaser itself have been ommitted for clarity.
A more complete example is the fungal megasynthase rule set, which is distributed alongside the source code
at https://github.com/gamcil/synthaser (rules.json).
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Domain architecture of 7 sequences
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Figure S2: synthaser visualisation of domain architectures of non-reducing polyketide synthase (NR-PKS)
sequences involved in meroterpenoid biosynthesis showing gaps in N-terminal regions of BAV69313.1 and
EAU29529.1.
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            |        |         |         |         |         |         |  

AWM95789.1   RQSPTGLA--EGKEALGFCTGILSAF-AVASSHDVCDLAKYGAAAMRLGMLVGLVVDCED 

 Q5ATJ7.1   ELKEDK-N-YDVCDIQGFCVGFLAAIAAACWSDNEDEFGKVVSTVLRLAVYIGAAVDLDE 

EAU29529.1   ------------KKSPGFCVGYLAAV-AACWETDQTEFPKAVATMLRIAVCIGAVVDLDE 

BAV69313.1   EFKEAGVN-CDIKSMQGFCAGYLAAV-AACWEKDQSEFSKVVATMVRTAIFIGAAVDLDE 

ART41209.1   KFKEESQNRCRIVDAQGFCVGFLAAV-AVASSNDSNEFEDIASTMIRLAVCIGAAVDLDG 

BAP81867.1   RLRKRGSS-LQIKDVQGFCVGFLAAT-AVASAHDETQFRSIVAKVIRLAVCVGALVDLNE 

PKX88487.1   KVKETMKG-FQARDVQGFCVGFLAAT-AVAASCDETAFRALVSKIIRLAVCIGGLVDLDE 

 

Figure S3: Extract from multiple sequence alignment of N-terminal regions of non-reducing polyketide
synthase (NR-PKS) sequences involved in meroterpenoid biosynthesis showing conservation of the starter
unit:ACP transacylase (SAT) domain active site GXCXG motif.
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Chapter 5

Comprehensive chemotaxonomic and

genomic profiling of a biosynthetically

talented australian fungus, Aspergillus

burnettii sp. nov.

5.1 Preface

As part of an ongoing collaboration with Microbial Screening Technologies (MST) and Dr.

Andrew Piggott at Macquarie University, our group has been studying novel microbes isolated

in Australia to discover new antibiotics. Fungi from the genus Aspergillus are particularly

talented producers of secondary metabolites, including important clinical drugs such as the

cholesterol-lowering lovastatin, or carcinogenic mycotoxins such as aflatoxin. Analysis of fungal

genomes has also revealed the substantial number of secondary metabolite gene clusters that

these organisms possess.

H. Li et al., 2019 previously reported the biosynthetic pathway of a novel family of bolaam-

phiphilic antifungal compounds, the burnettramic acids, in Aspergillus burnettii, a novel As-

pergillus species isolated in the Burnett region of Northern Queensland. In the subsequent

manuscript, we describe the broader morphotaxonomy, genomic and chemical profiles of A.
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burnettii.

Morphotaxonomic analysis of A. burnettii performed by Dr. John Pitt from MST placed A.

burnettii in the A. alliaceus clade of Aspergillus subgenus Circumdati section Flavi; this was

further supported by molecular phylogenetic analyses. Seventeen metabolites produced by A.

burnettii were isolated and purified by Dr. Ernest Lacey and his team at MST; these included

previously reported metabolites ochratoxin A, anominine, (+)-isokotanins A-C, (+)-kotanin,

(+)-desmethylkotanin, 14α-hydroxypaspaline, hirsutide, paspaline, emindole SB and asperlicin E,

as well as novel metabolites including the burnettramic acids, burnettides A-C and burnettiene

A. Despite some overlap of secondary metabolites between A. burnettii and A. alliaceus, side by

side comparison of type strains confirmed the unique chemotaxonomic profiles of both species.

An enzyme activity profile showed that A. burnettii could utilise a wide variety of carbon

sources; further analysis of its carbohydrate active enzyme (CAZyme) repertoire by Dr. Lene

Lange and her group from Denmark Technical University mirrored the carbon utilisation profile,

and comparison to A. alliaceus supported the close phylogenetic relationship suggested by the

taxonomic and chemical analysis. The genome of A. burnettii was sequenced and was found

to be rich in biosynthetic gene clusters, containing 51 polyketide synthases, 28 nonribosomal

peptide synthetases and 19 terpene synthases. We identified substantial overlap of gene cluster

families between A. burnetttii and A. alliaceus compared to other members of section Flavi,

again supporting their close phylogenetic relationship.

Using the tools that I developed and presented in this thesis, I was able to identify candidate

gene clusters for the majority of the metabolites isolated from A. burnettii. For metabolites

whose biosynthetic pathways had been reported previously, cblaster (Chapter 2) was used to

quickly identify the corresponding BGCs in the A. burnettii genome. For others, structure-based

retrobiosynthetic analysis in combination with cblaster searches and prediction of domain

architecture of megasynthases identified in the A. burnettii genome using synthaser (Chapter 4)

allowed us to narrow down to likely candidates. Further comparative analysis, as well as

visualisation, of identified BGCs was performed using clinker (Chapter 3). This work is

indicative of the typical work of our group, and represents the precise needs these tools were

developed to meet. It demonstrates the utility of specialised bioinformatics tools for the genome

mining of fungal natural products.
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A B S T R A C T

Aspergillus burnettii is a new species belonging to the A. alliaceus clade in Aspergillus subgenus Circumdati section
Flavi isolated from peanut-growing properties in southern Queensland, Australia. A. burnettii is a fast-growing,
floccose fungus with distinctive brown conidia and is a talented producer of biomass-degrading enzymes and
secondary metabolites. Chemical profiling of A. burnettii revealed the metabolites ochratoxin A, kotanins, iso-
kotanins, asperlicin E, anominine and paspalinine, which are common to subgenus Circumdati, together with
burnettiene A, burnettramic acids, burnettides, and high levels of 14α-hydroxypaspalinine and hirsutide. The
genome of A. burnettii was sequenced and an annotated draft genome is presented. A. burnettii is rich in sec-
ondary metabolite biosynthetic gene clusters, containing 51 polyketide synthases, 28 non-ribosomal peptide
synthetases and 19 genes related to terpene biosynthesis. Functional annotation of digestive enzymes of A.
burnettii and A. alliaceus revealed overlapping carbon utilisation profiles, consistent with a close phylogenetic
relationship.

1. Introduction

Deciphering the nexus between genomic diversity and biochemical
diversity is one of the frontiers in microbial biodiscovery. For many
decades, bioactivity-guided discovery has dominated microbial natural
products research, largely driven by a desire to identify new and more
potent “actives” against pharmaceutically and agriculturally relevant
targets (Davies, 2006). However, with the advancement of genome
sequencing technologies and the development of new and more pow-
erful analytical tools, there is now a far greater appreciation of the vast
biosynthetic potential of microorganisms, especially fungi. Biosynthetic
gene clusters (BGCs) occupy a significant percentage of fungal genomes
and vary enormously, even between closely related species. A typical
fungus may contain 50–100 BGCs, yet few organisms produce this
number of active compounds in laboratory culture conditions. Indeed, a
facile analysis of actives as a function of total metabolites suggests as
many as 95% of metabolites currently have no known function and
therefore ipso facto represent a window into unexplored biology (Li
et al., 2016; Walsh and Tang, 2017). Unravelling the true biological and

ecological roles of these natural products is challenging and often re-
quires a multifaceted approach drawing on intimate knowledge of the
chemistry, biology and ecology of the producing organism (Piggott and
Karuso, 2004; Chooi and Solomon, 2014; Piggott and Karuso, 2016).

Among the filamentous fungi, the genus Aspergillus is particularly
endowed with biosynthetic capabilities to generate structurally diverse
natural products including clinical drugs, e.g. the cholesterol-lowering
polyketide-derived lovastatin (Endo, 2004) and antifungal lipopeptide
echinocandin (Denning, 2003), and pharmaceutical leads, e.g. the an-
tiangiogenic meroterpenoid fumagillin (Lefkove et al., 2007) and an-
ticancer alkaloid phenylahistin (Kanoh et al., 1997). The biosynthetic
talent of the Aspergilli is further demonstrated by recent genomic
analyses, which unveiled the large number of BGCs encoded in their
genomes (de Vries et al., 2017; Vesth et al., 2018). Therefore, sys-
tematic chemotaxonomic and genomic studies of rare or novel Asper-
gillus species is a fruitful strategy for discovering novel bioactive natural
products, as exemplified by our recent work (Lacey et al., 2016; Pitt
et al., 2017; Chaudhary et al., 2018; Li et al., 2019).

In addition to bioactive secondary metabolites, Aspergilli are also
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important producers of industrial enzymes with applications in food,
textile, recycling and other industries (Cairns et al., 2019), many of
which belong to various carbohydrate-active enzyme (CAZyme) fa-
milies. Fungal genomes possess an array of CAZyme genes (typically
400–1000 CAZyme genes, as per the JGI MycoCosm database). Having
an armament of enzymes capable of breaking down different carbon
sources is critical for fungal growth on diverse substrates and is es-
sential for species fitness and competitiveness (Barrett et al., 2020).
Indeed, possessing such a flexible set of enzymes is one of the main
reasons why ruderal Aspergilli dominate in unpredictable and disturbed
habitats. An understanding of CAZymes is also relevant for elucidating
the evolution of the microbial interaction secretome, composed of se-
creted metabolites and enzymes. Several Aspergilli, such as Aspergillus
niger, are important for the production of organic acids and serve as
hosts for recombinant production of secreted enzymes for use in in-
dustrial biotechnology (Lange, 2017).

Despite their biotechnological potential, Aspergilli are known to
produce several important mycotoxins, such as aflatoxins and ochra-
toxins that are harmful to human health and threaten food security.
Contamination of post-harvest food crops with mycotoxins contributes
to significant losses in crop productivity and consequently economy in
many countries (Pitt and Hocking, 2009). One of the major affected
crops is peanut, which is often contaminated with two aflatoxigenic
Aspergillus species, A. flavus and A. parasiticus. One approach for redu-
cing aflatoxin occurrence in peanuts is via competitive inhibition or
exclusion by nontoxigenic Aspergillus strains (Pitt and Hocking, 2006).
Therefore, the interactions between A. flavus and A. parasiticus and
native Aspergilli already present in the soil of the cultivation area are of
interest in the search for such biocontrol strains. Herein, we describe a
novel species Aspergillus burnettii, which was isolated during an ecolo-
gical survey of Aspergillus species in the South Burnett peanut-growing
region of Southeast Queensland in 1982. A. burnettiiwas recovered from
arable soil at Coalstoun Lakes that had previously been under peanut
(Arachis hypogaea) cultivation.

We recently reported a novel family of bolaamphiphilic antifungal
compounds, the burnettramic acids, from A. burnettii, along with the
biosynthetic gene cluster encoding their biosynthesis, (Li et al., 2019).
However, the broader morphotaxonomic, chemical and genomic pro-
files of the fungus have not been thoroughly investigated. In the present
paper, we present a comprehensive analysis of the phenotype, genotype
and chemotype of A. burnettii to fully characterise this new species.
Additionally, we updated the draft genome assembly and functional
annotation of A. hancockii FRR 3425, which we recently described (Pitt
et al., 2017), for comparison with A. burnettii along with A. flavus.
Chemical analyses revealed a number of structurally diverse metabo-
lites produced by A. burnettii, including several unique metabolites and
metabolites shared with closely related Aspergilli. However, this
number pales in comparison to the biosynthetic potential encoded in
the genome. We also investigated the interplay between indigenous A.
burnettii and three strains of A. flavus isolated from the same environ-
ment. This provided an opportunity to observe the adaptive strategies
of native microbial species in agricultural systems impacted by plant
monoculture and their pathogens.

2. Materials and methods

2.1. Morphotaxonomical characterisation

Isolates of Aspergillus burnettii were grown for 7 days on the standard
regimen (Pitt and Hocking, 2009) of Czapek yeast extract agar (CYA),
malt extract agar (MEA) and glycerol nitrate agar (G25N) at 25 °C, and
CYA at 37 °C, and morphological descriptions were prepared. Colours
mentioned are taken from the Methuen Handbook of Colour (Kornerup
and Wanscher, 1978). Colonies on CYA and MEA were photographed
after growth for 7 days on CYA and MEA, and photomicrographs were
prepared from colonies on CYA after 7 days incubation at 25 °C.

Cultures were accessioned into the culture collection at Microbial
Screening Technologies, Smithfield, NSW, as MST FP2249, and the
collection at CSIRO Agriculture and Food, North Ryde, NSW, as FRR
5400. The type was deposited with NSW Department of Agriculture
Herbarium, Orange, NSW, under accession code DAR 84902.

2.2. Carbon utilisation profiling

A. burnettii MST FP2249, grown on potato dextrose agar (Pitt and
Hocking, 2009) was used to inoculate 5 mL of liquid wheat bran
medium (5% wheat bran (Finax, Denmark) in deionised water). The
culture was incubated at 20 °C, 175 rpm on an orbital shaker for 7 days.
The supernatant was harvested by centrifugation. The supernatant was
tested on 11 AZurine Cross-Linked (AZCL) substrates (Megazyme, Ire-
land) for establishing an enzyme activity profile of A. burnettii grown on
liquid wheat bran medium. The AZCL substrates were prepared as
earlier described (Pitt et al., 2017). Enzyme activity was confirmed by a
blue halo around the sample well, indicating the presence of active
enzymes, which can break down the specific AZCL substrate, thereby
releasing the blue soluble dye. Measurable blue halos ranged from
0.5 mm to 12 mm radius, providing a sensitive, semi-quantitative assay.

2.3. Secondary metabolite profiling and characterisation

2.3.1. General experimental details
NMR spectra were obtained on a Bruker Avance DRX600 spectro-

meter in the solvents indicated and referenced to residual signals in the
deuterated solvents. High resolution electrospray ionisation mass
spectra (HRESIMS) were obtained on an Agilent G6538A Q-TOF mass
spectrometer by direct infusion. Electrospray ionisation mass spectra
(ESIMS) were acquired on an Agilent 1260 UHPLC coupled to an
Agilent G6130B single quadrupole mass detector. Chiroptical mea-
surements ([α]D) were obtained on a JASCO P-1000 polarimeter in a
100 × 10 mm cell. UV–vis spectra were acquired in MeCN on a Varian
Cary 300 spectrophotometer in a 10 × 10 mm quartz cell. Analytical
HPLC was performed on a gradient Shimadzu HPLC system comprising
a LC-10AT VP gradient chromatograph, SPD-M10A VP diode array
detector and SCL-10A VP system controller. The column was an Alltima
C18 “rocket” format column (100 Å, 53 × 7 mm, 3 μm; Grace
Discovery, Deerfield, IL, USA) eluted with a 3 mL/min gradient of
10–100% MeCN/H2O + 0.01% TFA over 7 min. Preparative HPLC was
performed on a gradient Shimadzu HPLC system comprising two LC-8A
preparative liquid pumps with a static mixer, SPD-M10AVP diode array
detector and SCL-10AVP system controller with a standard Rheodyne
injection port. The column was a preparative Vydac C18 (150 × 50 mm,
5 μm; Grace Discovery) eluted isocratically at 60 mL/min. Further
purification was undertaken using a preparative Platinum EPS C18
column (150 × 22 mm, 5 μm; Grace Discovery) eluted isocratically at
10 mL/min.

2.3.2. Growth optimisation
A. burnettii was cultivated on a range of agar, liquid and grain-based

media to identify optimal conditions for production of secondary me-
tabolites. Czapek-dox agar (CZA), malt extract agar (MEA), yeast ex-
tract sucrose agar (YSA), oatmeal agar (OMA), and casein glycerol agar
(CGA), were prepared according to the recipes in Table S25. Liquid
cultures were based on the agar recipes, omitting agar. The grains, pearl
barley (PB) and cracked wheat (BL), and the rices, jasmine (JR) and
basmati (BS), were prepared by hydration (50 g with 30 mL water in a
250 mL flask) during sterilisation (120 °C for 40 min). The agar and
grains were inoculated with a suspension of fungal spores and in-
cubated at 24 °C for 14 days. The cultures were sub-sampled (1 g) and
extracted with methanol (2 mL) for 1 h on a wrist shaker, centrifuged
(15,700g for 3 min) and analysed by HPLC (Figure S1). The HPLC traces
were accessioned into our in-house co-metabolite databases, COMET
(Lacey and Tennant, 2003) and NovaC. The metabolite profile of each
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extract was analysed for retention time, UV–vis and MS fit against
known standards isolated in this project (Table S26).

2.3.3. Preparative cultivation and isolation
A spore suspension of A. burnettii from a 7-day-old Petri plate was

used to inoculate 40 × 250 mL Erlenmeyer flasks, each containing 80 g
of the hydrated and autoclaved pearl barley. The barley was incubated
at 24 °C for 21 days, by which time the culture had grown extensively
throughout the grain reaching maximal metabolite productivity. The
grains from individual flasks were pooled into 2 × 5 L Erlenmeyer
flasks for processing. The pooled grains (3.2 kg) were extracted with
acetone (2 × 3 L), evaporated to an aqueous residue in vacuo (132 g).
The residue was partitioned against ethyl acetate (2 × 2 L) to give
crude organic (15 g) and aqueous (116 g) extracts. The crude organic
extract was redissolved in 90% aqueous methanol (300 mL) and par-
titioned over hexane (2 × 300 mL) to remove the lipids and provide an
enriched fraction (9.4 g). Sephadex LH-20 chromatography
(24 × 5.5 cm column; MeOH; 20-mL fractions) and analytical HPLC
analysis resolved the enriched material into three pooled fractions
(Fractions 12–20, 21–25 and 26–30).

Fraction 12–20 (5.3 g) was fractionated by preparative reversed
phase HPLC (Vydac C18, isocratic 60% MeCN/H2O, 60 mL/min) to yield
ochratoxin A (tR 6.3 min; 401 mg), (+)-kotanin (tR 8.3 min; 10.8 mg)
and a mixed fraction (tR 12.1 min, 321 mg), which was resolved by
further preparative reversed phase HPLC (Platinum EPS C18, isocratic
62.5% MeCN/H2O + 0.01% TFA, 10 mL/min) to yield hirsutide (tR
11.7 min; 113.3 mg) and burnettiene A (tR 14.1 min; 27.2 mg).

Fraction 21–25 (0.73 g) was fractionated by preparative reversed
phase HPLC (Vydac C18, isocratic 60% MeCN/H2O, 60 mL/min) to af-
ford a mixed polar fraction (35.3 mg), (+)-isokotanin B (tR 7.3 min;
75.8 mg), (+)-isokotanin A (tR 8.6 min; 14.9 mg) and anominine (tR
16.6 min; 37.7 mg), together with an uncharacterised red pigment (tR
13.5 min; 1.7 mg). Flushing the column with 100% MeCN afforded a
mixed fraction of anominine analogues, which were resolved by pre-
parative reversed phase HPLC (Platinum EPS C18, isocratic 90% MeCN/
H2O + 0.01% TFA, 10 mL/min) to yield, paspaline (tR 3.0 min; 3.9 mg)
and emindole SB (tR 4.5 min; 6.8 mg). The mixed polar fraction was
further purified by silica gel column chromatography using a stepwise
gradient of 0, 1, 2 4, 8, 16, 32 and 100% MeOH in CHCl3 to yield
asperlicin E (2.1 mg) in the 2% fraction.

Fraction 26–30 (0.52 g) was separated by size-exclusion chroma-
tography (Sephadex LH-20, MeOH, 28 × 3 cm, 20-mL sub-fractions)
and further purified by preparative reversed phase HPLC (Platinum EPS
C18, isocratic 65% MeCN/H2O + 0.01% TFA, 10 mL/min) to give 14α-
hydroxypaspalinine (tR 12.0 min; 193 mg). The crude aqueous extract
was fractionated on a C18 SPE cartridge using a 25% stepwise gradient
of MeOH in H2O. The fraction eluting with 75% MeOH/H2O was fur-
ther purified by preparative reversed phase HPLC (Vydac C18, isocratic
40% MeCN/H2O + 0.01% TFA, 60 mL/min) to yield burnettide A (tR
5.6 min; 2.1 mg) and burnettide B (tR 8.43 min; 9.8 mg). Burnettramic
acid A was recovered in an insoluble fraction at the solvent interface of
the aqueous ethyl acetate partition and its purification has been re-
ported elsewhere (Li et al., 2019). For a full isolation scheme, see Figure
S2. The metabolites were formally characterised by NMR (Table S1-S11
and Figure S3-S24) and UV–vis (Figure S25-S30) spectroscopy.

2.3.4. Bioassays
Purified metabolites were dissolved in DMSO to provide stock so-

lutions (10 mg/mL or 5 mg/mL depending on the amount of material
available). An aliquot of each stock solution was transferred to the first
lane of Rows B to G in a 96-well microtitre plate and two-fold serially
diluted with DMSO across the 12 lanes of the plate to provide a 2048-
fold concentration gradient. Bioassay medium was added to an aliquot
of each test solution to provide a 100-fold dilution into the final
bioassay, thus yielding a test range of 100 to 0.05 μg/mL in 1% DMSO.
Row A contained no test compound (as a reference for no inhibition)

and Row H was uninoculated (as a reference for complete inhibition).
CyTOX is an indicative bioassay platform for discovery of anti-

tumour actives. NS-1 (ATCC TIB-18) mouse myeloma and NFF (ATCC
PCS-201) human neonatal foreskin fibroblast cells were each inoculated
in 96-well microtitre plates (190 μL) at 50,000 cells/mL in DMEM
(Dulbecco's Modified Eagle Medium + 10% fetal bovine serum
(FBS) + 1% penicillin/streptomycin (10,000 U/mL / 10,000 µg/mL,
Life Technologies Cat. No. 15140122), together with resazurin (250 μg/
mL; 10 μL) and incubated in 37 °C (5% CO2) incubator. The plates were
incubated for 72 h during which time the positive control wells change
colour from a blue to pink colour. The absorbance of each well was
measured at 605 nm using a Spectromax plate reader (Molecular
Devices).

ProTOX is a generic bioassay platform for antibiotic discovery. In
the present study Bacillus subtilis (ATCC 6633) and Staphylococcus
aureus (ATCC 25923) were used as indicative species for Gram positive
antibacterial activity. A bacterial suspension (50 mL in 250 mL flask)
was prepared in nutrient media by cultivation for 24 h at 250 rpm,
28 °C. The suspension was diluted to an absorbance of 0.01 absorbance
units per mL, and 10 μL aliquots were added to the wells of a 96-well
microtitre plate, which contained the test compounds dispersed in nu-
trient broth (Amyl) with resazurin (12.5 μg/mL). The plates were in-
cubated at 28 °C for 24 h during which time the positive control wells
change colour from a blue to light pink colour. MIC end points were
determined visually. The absorbance was measured using Spectromax
plate reader (Molecular Devices) at 605 nm.

EuTOX is a generic bioassay platform for antifungal discovery. In
the present study, the yeasts Candida albicans (ATCC 10231) and
Saccharomyces cerevisiae (ATCC 9763) were used as indicative species
for antifungal activity. A yeast suspension (50 mL in 250 mL flask) was
prepared in 1% malt extract broth by cultivation for 24 h at 250 rpm,
28 °C. The suspension was diluted to an absorbance of 0.005 and 0.03
absorbance units per mL for C. albicans and S. cerevisiae, respectively.
Aliquots (20 μL and 30 μL) of C. albicans and S. cerevisiae, respectively,
were applied to the wells of a 96-well microtitre plate, which contained
the test compounds dispersed in malt extract agar containing bromo-
cresol green (50 μg/mL). The plates were incubated at 28 °C for 24 h
during which time the positive control wells change colour from a blue
to yellow colour. MIC end points were determined visually. The ab-
sorbance was measured using Spectromax plate reader (Molecular
Devices) at 620 nm.

2.4. Genome sequencing and analysis

A. burnettii was grown in liquid malt extract medium for 7 days with
gentle shaking (40 rpm) at room temperature. DNA was extracted from
mycelia (200 mg) using the PowerSoil DNA Isolation Kit (Mo Bio
Laboratories, Carlsbad, CA). For genomic sequencing, Nextera XT li-
braries were prepared using Illumina kits (Sample Prep Kit, Illumina,
San Diego, CA), then subjected to quality control using a Bioanalyzer
2100 (Agilent Technologies) before whole genome sequencing was
carried out using 100 bp paired-end Illumina HiSeq 2000.

Raw sequencing reads were processed and assembled using the
AAFTF pipeline (Stajich and Palmer, 2018). Briefly, BBDuk (Bushnell,
2014) was used to trim adapter sequences as well as filter reads for
common contaminants and mitochondrial DNA. Reads were then as-
sembled using SPAdes v.3.13.0 (Bankevich et al., 2012). Assembly
scaffolds containing non-ascomycete sequences identified by sourmash
(Pierce et al., 2019), low-coverage scaffolds identified by BWA (Li and
Durbin, 2009) and SAMtools (Li et al., 2009), and duplicate scaffolds
identified by Minimap2 (Li, 2018), were removed. Genome size was
estimated using kmercountexact from the BBTools package (Bushnell,
2014).

Gene model prediction and functional annotation was performed
using the Funannotate v1.5.2 pipeline (Palmer and Stajich, 2019). Re-
petitive elements were identified using RepeatModeler open-1.0.11
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(Smit and Hubley, 2015) and masked using RepeatMasker open-4.0
(Smit et al., 2015). Genes were predicted and translated using both
AUGUSTUS v3.2.3 (Stanke et al., 2008) trained by BUSCO v2.0 (Simão
et al., 2015), and self-trained GeneMark-ES v4.32 (Ter-Hovhannisyan
et al., 2008). Functional annotation was performed using InterProScan
v5.29–68.0 (Jones et al., 2014), eggNOG-mapper v1.0.3 (Huerta-Cepas
et al., 2017), Phobius v1.01 (Käll et al., 2004) and SignalP v4.1
(Petersen et al., 2011). Further functional annotations were added via
querying the Pfam v31.0 (Finn et al., 2016), BUSCO v2.0 and dbCAN
v6.0 (Zhang et al., 2018) databases using HMMER v3.1b2 (Mistry et al.,
2013), and the MEROPS v12.0 (Rawlings et al., 2014) and UniProt
2018_03 (Bateman et al., 2017) using DIAMOND v0.8.36 (Buchfink
et al., 2015). The fully annotated draft genome was deposited on NCBI
under accession SPNV00000000 (BioProject: PRJNA516074, Bio-
Sample: SAMN10782537).

2.5. Molecular phylogenetic analysis

A phylogenetic tree was inferred from combined Internal
Transcribed Spacer region (ITS), β-tubulin (BenA), calmodulin (CaM)
and second largest RNA polymerase II subunit (RPB2) sequences.
Sequences were obtained from NCBI where available, and otherwise
extracted manually via tBLASTn searches against the corresponding
genome. Accessions of marker sequences are listed in Table 3. Sequence
alignments of each marker were constructed separately using MAFFT
v7.273 (Katoh and Standley, 2013), trimmed to the first and last non
gap-containing columns and then concatenated. Best-fit nucleotide
substitution models were chosen using PartitionFinder 2.1.1 (Lanfear
et al., 2017), with each marker sequence considered a separate parti-
tion. A GTR + I + G model was used for the ITS partition, and a
SYM + G model was used for both a merged BenA and CaM partition,
as well as the RPB2 partition. Bayesian inference was performed using
MrBayes v3.2.7a with 2 independent runs over 1 million generations,
each with four Markov chains (3 heated, 1 cold) which were sampled
every 1000 generations. Runs were analysed for convergence using
Tracer v1.7.1 (Rambaut et al., 2018); effective sample size for all
parameters was greater than 200. Posterior probabilities were calcu-
lated after discarding the first 25 percent of generations as burn-in.
Maximum likelihood trees were constructed using RAxML-NG v0.9.0
(Kozlov et al., 2019) with 1000 bootstrap replicates. Marker-based
analysis was performed using a custom Python toolkit (fungphy;
https://www.github.com/gamcil/fungphy), and trees were visualised
using the ETE3 toolkit (Huerta-Cepas et al., 2016).

2.6. Biosynthetic gene cluster analysis

Secondary metabolite biosynthetic gene clusters (BGCs) were pre-
dicted using antiSMASH v4.3.0 (Blin et al., 2017) using the arguments
‘–minimal –smcogs –inclusive’. The KnownClusterBlast module was

enabled to compare predicted BGCs with those validated and char-
acterised BGCs deposited on the Minimal Information about a Biosyn-
thetic Gene cluster (MIBiG) database (Medema et al., 2015). The con-
served functional domains present in PKSs and NRPSs predicted by
antiSMASH were further confirmed using synthaser (Gilchrist, 2020).
BGCs predicted by antiSMASH from A. burnettii MST FP2249, A. han-
cockii FRR 3425, A. alliaceus CBS 536.65, A. oryzae 3.042, A. flavus
AF70 and A. parasiticus SU-1 were placed into gene cluster families
(GCFs) using the Biosynthetic Genes Similarity Clustering and Pro-
specting Engine (BiG-SCAPE) (Navarro-Muñoz et al., 2018). Candidate
BGCs encoding isolated compounds were identified using cblaster
(Gilchrist, 2020), with pairwise amino acid alignments and visualisa-
tion using MUSCLE (Edgar, 2004) v3.8.31 and custom Python scripts
(https://github.com/gamcil/crosslinker), respectively.

2.7. Assignment of CAZyme families

Protein sequences were extracted from the genomes of A. burnettii
MST FP2249, A. hancockii FRR 3425, A. alliaceus CBS 536.65, A. oryzae
3.042, A. flavus AF70, A. parasiticus SU-1 and analysed for the presence
of CAZyme families using the dbCAN 2.0 webserver (Zhang et al.,
2018). The total number of copies of specific CAZyme families and
subfamilies, as well as a full listing of family assignments per query
protein is available in Table S23.

Table 1
Enzyme activity profile of liquid culture of Aspergillus burnettii MST FP2249.

AZCL Substrate Enzyme activity Average zone radius (mm);
A. hancockii FRR 3425
activities in parentheses

Amylose α-Amylase 6 (2)
β-Glucan β-Glucanase 3 (3)
HE-Cellulose Endo-1,4-β-glucanase 2 (2)
Galactomannan Endo-1,4-β-mannanase 4 (1)
Xyloglucan Xyloglucanase 0.5 (1)
Xylan Endo-1,4-β-xylanase 6 (5)
Arabinoxylan Arabinoxylanase 6 (6)
Curdlan and Pachyman Endo-1,3-β-glucanase 0 (0)
Galactan Endo-1,4-β-galactanase 2 (0)
De-branched arabinan Endoarabinanase 0 (0)
Rhamnogalacturonan I Rhamnogalacturonase 0 (0)

Table 2
In vitro bioassay of A. burnettii metabolites against the bacteria Bacillus subtilis
(Bs) and Staphylococcus aureus (Sa), the yeasts Candida albicans (Ca) and
Saccharomyces cerevisiae (Sc), the murine myeloma cell line NS-1 (Mm) and non-
tumour neonatal foreskin fibroblasts (Nff).

Metabolite MIC (µg/mL)

Bs Sa Ca Sc Mm Nff

anominine 0.4 > 100 >200 >200 6.3 25
14α-hydroxypaspalinine 6.3 > 100 >200 >200 12.5 50
(+)-isokotanin B 25 >100 >200 >200 12.5 100
(+)-isokotanin A 12.5 100 >200 >200 25 >100
(+)-kotanin >100 >100 >200 >200 100 >100
hirustide 25 > 100 >200 >200 25 50
ochratoxin A 50 >100 >200 >200 25 >100
paspaline 12.5 > 50 >100 >100 50 >50
burnettramic acid A 3.1 6.3 0.4 0.8 25 12.5
emindole SB 0.8 > 100 >200 >200 0.4 50
Controls 0.2a 3.1a 1.6b 0.4c 0.2d 0.6d

a ampicillin;
b nystatin;
c clotrimazole;
d sparsomycin

Table 3
NCBI accessions for marker sequences used in phylogenetic analyses in this
study.

Organism ITS BenA CaM RPB2

Aspergillus burnettii MK429758 MT211761 MT211762 MT211763
Aspergillus alliaceus EF661551 EF661465 EF661534 MG517825
Aspergillus avenaceus AF104446 FJ491481 FJ491496 JN121424
Aspergillus coremiiformis EF661544 EU014104 EU014112 EU021623
Aspergillus flavus AF027863 EF661485 EF661508 EF661440
Aspergillus hancockii KX858342 MT211764 MT211765 MT211766
Aspergillus lanosus EF661553 EF661468 EF661539 EU021642
Aspergillus leporis AF104443 EF661499 EF661541 EF661459
Aspergillus magaliesburgensis MK450649 MK451116 MK451511 MK450802
Aspergillus neoalliaceus MH279420 MG517763 MG518133 MG517954
Aspergillus nomius AF027860 AF255067 AY017588 EF661456
Aspergillus togoensis AJ874113 FJ491477 FJ491489 JN121479
Aspergillus vandermerwei EF661567 EF661469 EF661540 MG517838
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A more thorough investigation of the potential ability of A. burnettii
to produce a spectrum of enzymes of specific functions was undertaken
using a new sequence analysis method Conserved Unique Peptide
Patterns, CUPP (Barrett & Lange, 2019). The CUPP method has been
validated, characterised to be on par or beyond state- of-the-art
methods for functional annotation with respect to precision, sensitivity
and speed. CUPP facilitates assignment of enzymes to protein family
and subfamily as well as predicting enzyme function directly from se-
quence. Based on sharing similar unique peptide patterns, the enzymes
can be assigned to CUPP groups, a level of subdivision lower than
subfamily, validated to coincide with and hereby facilitate prediction of
enzyme function for the CUPP group in question. CUPP was also used to
analyse the genome of A. alliaceus CBS 536.65 for comparison with A.
burnettii. An extended table with CUPP results for both species is pro-
vided in Table S24.

3. Results and discussion

3.1. Taxonomic description – Aspergillus burnettii Pitt sp. nov

CYA, 25 °C, 7 days: Colonies 55–60 mm diameter, plane, deep and
floccose; margins entire; mycelium white; conidial production sparse to
moderate, coloured brown, between 4B4 and 5B4; sclerotia character-
istically produced on the agar surface at the interface between colonies,
initially white, becoming black and rock hard; clear exudate produced,
visible at colony interfaces; soluble pigment not produced; reverse
uncoloured to pale brown.

MEA, 25 °C, 7 days: Colonies covering the whole Petri dish, plane,
very floccose and deep, but not reaching the Petri dish lid; margins
inconspicuous; mycelium white to off-white; conidial production
sparse, coloured pale yellow (4A3); exudate and soluble pigment not
produced; reverse pale yellow brown.

G25N, 25 °C, 7 days: Colonies 30–35 mm diameter, lightly floccose,
irregularly wrinkled; margins wide, often subsurface, entire; conidial
production sparse, pale yellow (4A3); reverse uncoloured.

CYA, 37 °C, 7 days: Colonies 40–45 mm diameter, plane, velutinous;
conidial production heavy, coloured as on CYA at 25 °C or darker
brown; exudate and soluble pigment not produced; reverse pale brown.

Conidiophores borne from aerial hyphae, stipes mostly
750–1000 × 9–11 μm, with smooth walls; vesicles spherical 50–70 μm
diameter, bearing metulae and phialides around the entire cir-
cumference; metulae closely packed, 9–10 × 2.2–2.5 μm; phialides
acerose, 9–10 × 2.0–2.2 μm; conidia spherical or near 2.5–3.0 μm
diameter, with thin, smooth walls, borne in radiate heads, in age
splitting into 2–6 columns.

Typification. Holotype DAR 84902 from cultivated soil, Coalstoun
Lakes, Queensland, 2004, A.-L. Markovina. Ex-type FRR 5400, MST
FP2249, CBS 146237. MycoBank No. MB835453. ITS barcode:
MK429758 (alternative markers: BenA = MT211761;
CaM = MT211762; RPB2 = MT211763).

Etym.: named for the South Burnett region of Queensland, which
includes the small town of Coalstoun Lakes.

Isolates examined. FRR 5400, MST FP2249 from cultivated soil,
Coalstoun Lakes, Queensland, 2004, A.-L. Markovina. FRR 6110, MST
FP2304, from cultivated soil, Kingaroy, Queensland, 2006, J.I. Pitt. The
two isolates were collected from soils 150 km apart, both under culti-
vation with peanuts (Arachis hypogea).

3.2. Morphotaxonomy of Aspergillus burnettii indicates placement in
section Flavi

Morphologically, the new species Aspergillus burnettii produced ra-
pidly growing, loosely textured floccose colonies, lightly sporing on
yellow brown fruiting structures indicative of the A. alliaceus clade in
Aspergillus subgenus Circumdati section Flavi (Fig. 1). Species strains
within this clade produce bullet shaped sclerotia, a distinctive feature

seen elsewhere only in A. nomius in section Flavi. A. burnettii is closely
related to A. alliaceus, which was isolated from a dead blister beetle in
Washington DC, USA (Thom and Church, 1926). A. alliaceus differs
from A. burnettii by the production of yellow to ochre conidia.

3.3. A. burnettii can utilise a variety of carbon sources

The semi-quantitative AZCL enzyme activity profile indicates A.
burnettii possesses the ability to utilise a wide spectrum of natur-
al, complex substrates. Eleven substrates were used to test the pro-
duction of carbohydrate-active enzymes by A. burnettii (Table 1). A
well-induced culture broth of A. burnettii, grown on wheat bran liquid
media, was shown to have strongest activity on starch, xylan and ara-
binoxylan. Good activities were also observed on galactomannan, β
glucan and HE-cellulose. Interestingly, only very low activity was ob-
served on xyloglucan, even though this substrate is commonly found in
dicot plants. When comparing the enzyme activity profile of A. burnettii
with the activity profile of A. hancockii, significant differences were
found. For example, A. hancockii showed only limited activity on starch
and galactomannan and no activity on galactan (Table 1).

3.4. Chemotaxonomy: Metabolite profiling reveals diverse biosynthetic
capabilities

3.4.1. Cultivation
Cultivation of A. burnettii on agar, liquid and grain-based media

resulted in ready production of secondary metabolites (Figure S1).
Productivity and metabolite diversity for A. burnettii was superior on
grains compared with agars and stationary and shaken liquids, with
barley superior to wheat, basmati rice and jasmine rice (Figure S2). The
methanol extract from A. burnettii grown on barley for 21 days was
separated by gradient HPLC (Fig. 2) and analysed using diode array
detection and ESI(± )MS total ion current traces (Figure S33). As-
sessment of the secondary metabolite diversity was undertaken using
UV detection at 210 nm, revealing 58 peaks responsible for the total
area under the curve (AUC) from 0.5 to 14.0 min. Analysis of the re-
lative abundance of the secondary metabolites revealed a hyperdis-
persed distribution, with 20, 30 and 48 peaks accounting for 90%, 95%
and 99% of the total metabolite AUC, respectively, and the remaining
10 metabolites present at only trace levels.

3.4.2. Isolation and characterisation of metabolites
Seventeen of the 20 metabolites constituting 90% of the total me-

tabolite AUC for A. burnettii were purified and formally identified
(Fig. 2). An initial search of our in-house database of microbial meta-
bolites using COMET (Lacey and Tennant, 2003) tentatively identified
the previously reported metabolites ochratoxin A (van der Merwe et al.,
1965), anominine (Dowd et al., 1989), (+)-isokotanins A-C (Laakso
et al., 1994), (+)-kotanin and (+)-desmethylkotanin (Buechi et al.,
1971), and 14α-hydroxypaspalinine (Staub et al., 1993). The identities
of these metabolites were confirmed by comparison with known stan-
dards and by purification and formal structure elucidation (Tables S1-
S11 and Figures S3-S30). The major non-polar metabolites for which
standards were unavailable were purified and analysed by 1D and 2D
NMR, revealing previously reported compounds hirsutide (Lang et al.,
2005), paspaline (Fehr and Acklin, 1966), emindole SB (Nozawa et al.,
1988), and asperlicin E (Goetz et al., 1988; Liesch et al., 1988). Two
additional non-polar metabolites with highly diagnostic UV–vis spectra
included a poorly soluble tetramic acid, which we recently reported as
burnettramic acid A (Li et al., 2019) and a hitherto unreported poly-
ketide pentaene, burnettiene A, which will be reported elsewhere.
Three additional members of the burnettramic acid family (burnet-
tramic acids B, A-aglycone and B-aglycone) formed an insoluble layer
during solvent extraction and consequently were not detected in the
crude extract. In the polar region, three putative cyclic peptides, bur-
nettides A-C, were isolated in small quantities and will be reported
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elsewhere. Three minor metabolites, eluting at tR 0.55, 0.72 and
1.70 min, and four unresolved grain lipids, eluting at 11.06, 11.56,
12.01 and 13.68 min, were not isolated (Figure S33). The structures of
the major secondary metabolites of A. burnettii isolated and elucidated
are shown in Fig. 3. Compounds derived from A. burnettii cultures are of
similar types to A. alliaceus and closely related species in Aspergillus
section Flavi (Frisvad et al., 2019). The production of anominine,
ochratoxin A, paspalinines, kotanins and isokotanins by A. burnettii
demonstrate a significant metabolite overlap with A. alliaceus (NRRL
315T = CBS 536.65T) (Laakso et al., 1994; Nozawa et al., 1994; Junker
et al., 2006). It is also relevant that anominine and paspalinine have
been reported from A. nomius NRRL 13,137 (Gloer et al., 1989; Staub
et al., 1993), while A. nomius NRRL 6552 produces anominine and re-
lated indole diterpenes (Staub et al., 1992). Interestingly, while pas-
palinine-related metabolites are present in many related species, it is
only in A. burnettii that 14α-hydroxypaspalinine is a dominant meta-
bolite. The production of ochratoxin A by A. burnettii represents a fur-
ther overlap with metabolites from A. alliaceus NRRL 315 and NRRL
4181 (Ciegler, 1972; Bayman et al., 2002). Hirsutide is a cyclic tetra-
peptide that has been reported as a metabolite of the entomogenous
hyphomycete, Hirsutella sp. (Lang et al., 2005), but has not previously
been recognised as an Aspergillus metabolite. A. burnettii also produced
three additional chemotaxonomic markers: the burnettramic acids,
burnettiene A and burnettides A-C.

The response of A. burnettii and its adjacent species A. alliaceus to
changes in growth media were manifestly different. While both cultures
could sustain robust growth and media coverage, A. alliaceus gave
lower levels of secondary metabolite production, even on grains, unless
cultivated for long periods (Figure S32). Despite the lower productivity,

the results agreed with literature reports with A. alliaceus sharing
ochratoxin A, (+)-isokotanins A and B, (+)-desmethylkotanin, anom-
inine-related metabolites, and low levels of paspalinine-related meta-
bolites, but not 14α-hydroxypaspalinine and hirsutide. We can also
confirm the previously unrecognised presence of trace levels of bur-
nettramic acids, burnettiene A and burnettide A in A. alliaceus. Despite
the close overlap of secondary metabolites in both A. burnettii and A.
alliaceus, each species possesses a co-metabolite repertoire unique to
that species. In a side by side comparison of the type strains, A. alliaceus
is a high producer of the kotanin and isokotanin families, while A.
burnettii is dominated by 14α-hydroxypaspalinine and hirsutide. In
summary, A. burnettii is a talented producer of an abundant and diverse
array of secondary metabolites, with a chemotaxonomic profile that
establishes the species as a distinct member of the A. alliaceus clade
(Figure S32).

3.4.3. Bioassay
Compounds isolated from A. burnettii in sufficient amount were

tested on a range of organisms for bioassay, including bacteria (Bacillus
subtilis, Staphylococcus aureus), yeasts (Candida albicans, Saccharomyces
cerevisiae), and mammalian tumour (murine myeloma NS-1) and non-
tumour (neonatal foreskin fibroblasts, NFF) cell lines. The majority of
the compounds tested displayed antibacterial effects against B. subtilis
and cytotoxicity against murine myeloma NS-1 cells (Table 2). Com-
pounds with notable activity include anominine with antibacterial ef-
fect against B. subtilis (MIC = 0.4 µg/mL) and cytotoxicity against NS-1
(MIC = 6.3 µg/mL) and NFF (MIC = 25 µg/mL). 14α-Hydro-
xypaspalinine also displayed antibacterial effect against B. subtilis
(MIC = 6.3 µg/mL) and cytotoxicity against NS-1 (MIC = 12.5 µg/mL)

Fig. 1. Aspergillus burnettii MST FP2249 (a) colonies on CYA (left) and MEA (right), 7 days, 25 °C, (b)–(d) fruiting structures, bars 20 μm, (e) conidia, bar 5 μm.
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and NFF (MIC = 50 µg/mL). Burnettramic acid A displayed potent
activity against C. albicans (MIC = 0.4 µg/mL) and S. cerevisiae
(MIC = 0.8 µg/mL), antibacterial activity against B. subtilis
(MIC = 3.1 µg/mL) and S. aureus (MIC = 6.3 µg/mL), and cytotoxicity
against NS-1 (MIC = 25 µg/mL) and NFF (MIC = 12.5 µg/mL).
Emindole SB displayed potent antibacterial activity against B. subtilis
(MIC = 0.8 µg/mL) and potent cytotoxicity against NS-1
(MIC = 0.4 µg/mL) whereas low cytotoxicity against NFF
(MIC = 50 µg/mL).

3.5. Draft genome assembly and functional annotation of A. burnettii

The enzymatic and metabolic diversity of A. burnettii inspired us to
sequence the complete genome of the organism to better understand its
taxonomy and explore its genetic potential for carbohydrate and sec-
ondary metabolism. Based on the frequencies of unique 31-mers in the
raw sequencing reads, the genome size of A. burnettii was estimated to
be 43,158,911 bp. The final assembly consists of 1258 contigs and 1211
scaffolds for a total assembly size of 41,001,558 bp, making up 95% of
the estimated genome size. Other assembly quality metrics are listed in
Table S22. In total, 12,706 gene models were predicted using the fu-
nannotate pipeline (Palmer and Stajich, 2019). BUSCO analysis re-
vealed that 95.7% of single copy orthologs from the eurotiomycete

dataset are present. In total, 13,956 Pfam, 21,975 COG/eggNOG, 391
MEROPS, 941 CAZy, 1237 BUSCO, 1034 SignalP, 2899 Phobius and
89,019 InterProScan annotations were added. The A. burnettii genome
has been deposited on GenBank under accession SPNV00000000.

Additionally, the previously published Aspergillus hancockii genome
(FRR 3425) has been re-assembled and annotated and is deposited on
GenBank under accession MBFL00000000. Briefly, the updated as-
sembly is made up of 1226 scaffolds for a total size of 39,691,269 bp,
compared to 2628 scaffolds and 39,903,795 bp total size in the previous
assembly (GCA_001696595.1). The maximum scaffold length is
397,609 bp and N50 is 83,265 bp, compared to 165,236 bp and
42,584 bp in the previous assembly, respectively. Further comparison
of assembly quality metrics is shown in Table S22. 12,583 gene models
were predicted and functionally annotated. 91.2% of single copy or-
thologs from the BUSCO eurotiomycete dataset are present.

3.6. Molecular phylogenetic analysis places A. burnettii closest to A.
alliaceus within section Flavi

A phylogenetic tree was inferred from concatenated multiple se-
quence alignments (MSA) of the internal transcribed spacer (ITS) re-
gion, β-tubulin (BenA) and calmodulin (CaM) genes, and the second
largest RNA polymerase II subunit (RPB2) (Fig. 4 and Table 3). A.

Fig. 2. HPLC profile (210 nm) and major metabolites isolated from crude methanol extract of Aspergillus burnettiiMST FP2249 after cultivation on barley for 21 days.
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burnettii is a member of Aspergillus subgenus Circumdati section Flavi and
clades closest to A. alliaceus. Notably, A. burnettii, A. alliaceus, A. la-
nosus, A. neoalliaceus and A. vanderwermei form a distinct non-afla-
toxigenic group within section Flavi, separate to the aflatoxin-producing
species A. flavus and A. nomius (Frisvad et al., 2019). This agrees with
the initial tentative taxonomic assignment above based on morpholo-
gical characterisation and metabolic profiling. Furthermore, it mirrors
the functional annotation of the CAZyme secretome portfolios, in which
A. burnettii and A. alliaceus are closely aligned, while significant dif-
ferences are found when comparing to A. hancockii.

3.7. Biosynthetic gene cluster analysis

3.7.1. A. burnettii genome encodes an extensive biosynthetic gene cluster
repertoire

Analyses of the A. burnettii genome revealed that the organism en-
codes 51 polyketide synthases (PKS, Table S13), of which 25 are highly
reducing (HR-PKS), 15 non-reducing (NR-PKS) (including three con-
taining a C-methyltransferase (MT) domain), and 7 partially-reducing
(PR-PKS), as well as 3 hybrid polyketide synthase-nonribosomal peptide
synthetases (PKS-NRPSs) and one truncated PKS homologous to NR-
PKSs (Fig. 5). The genome also encodes 22 nonribosomal peptide syn-
thetases (NRPS), and 6 NRPS-like synthetases (Table S14), as well as 19
proteins predicted to play a role in terpene biosynthesis (Table S15).
When compared to other common species of Aspergillus, A. burnettii can
be considered as particularly biosynthetically talented (Fig. 6A and B).

Use of the antibiotics and Secondary Metabolite Analysis Shell
(antiSMASH) (Blin et al., 2017) enabled the prediction of 101 BGCs
(Table S16) potentially capable of producing a diverse array of meta-
bolites. Only 18 of these BGCs share any homology to those deposited
on the “Minimum Information about a Biosynthetic Gene Cluster”
(MIBiG) database, suggesting A. burnettii may possess unique secondary
metabolite production machinery. Use of the ClusterFinder
(Cimermancic et al., 2014) module in antiSMASH resulted in the pre-
diction of an additional 68 potential BGCs, 6 of which sharing
homology to BGCs on MIBiG. A. burnettii is significantly enriched in
BGCs compared to other model Aspergillus species (Table 4). For ex-
ample, A. hancockii and A. alliaceus, which clade closely to A. burnettii
within Aspergillus section Flavi, contain 10 and 17 less predicted BGCs,
respectively. Other model Aspergilli differ more substantially, with 21,
37, 56 and 66 less BGCs in A. niger, A. oryzae, A. nidulans and A. fu-
migatus, respectively.

The secondary metabolite repertoire of a species can reflect its
taxonomy, especially when comparing with closely related species. The
BCG prediction highlights that A. burnettii contains many 'silent' BGCs

Fig. 3. Metabolites isolated from Aspergillus burnettii.

Fig. 4. Maximum likelihood tree of A. burnettii MST FP2249 (=FRR 5400)
inferred from combined internal transcribed spacer (ITS), beta-tubulin (BenA)
gene, calmodulin (CaM) gene and RNA polymerase II second largest subunit
(RPB2) sequences. Maximum likelihood bootstrap values derived from 1000
bootstrap replicates (left) and posterior probabilities (right) are used as branch
support values; asterisks indicate full support. Superscript T denotes ex-type
strain. A. burnettii clades within subgenus Circumdati section Flavi, clading
closest to A. alliaceus CBS 536.65T. A. avenaceus CBS 109.46T is used as an
outgroup.
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not expressed under laboratory cultivation conditions. Tools such as
antiSMASH and Clusterfinder provide an expanded perspective of the
metabolic capability of a strain than typically observed by chemo-
taxonomic analysis. Indeed, the number of BGCs identified in the
genome exceeds the number of metabolites we have isolated from A.
burnettii in various agar, liquid and grain-based growth media. The
availability of genome sequences allowed us to extend the analysis of
secondary metabolism to all BGCs encoded in each Aspergillus genome.

As molecular phylogenetic analysis placed A. burnettii within section
Flavi alongside A. hancockii, which we published previously (Pitt et al.,
2017), and is most closely related to A. alliaceus, we decided to look
more closely at the overlap in secondary metabolism between these
species. Due to the prevalence of important mycotoxins amongst
members of section Flavi, we extended this set to include A. oryzae
3.042, A. flavus AF70 and A. parasiticus SU-1, known primarily as
producers of aflatoxin, and investigated the presence of carbohydrate

Fig. 5. Synthaser plot of polyketide synthases (PKS) in the A. burnettii genome. Synthases are separated into highly-reducing (HR; synthases with enoyl-reductase,
keto-reductase and dehydratase domains), partially-reducing (PR) PKS (synthases with at least one reducing domain), non-reducing (NR) PKS (synthases with no
reducing domains) and hybrid PKS-NRPS (synthases with both ketosynthase and adenylation domains).
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active enzymes (CAZymes). BGCs were first predicted by antiSMASH
v4.3; as above, A. burnettii possesses a greater BGC arsenal than other
species (Fig. 6B, Table 4). For example, A. burnettii encodes 15 more
PKS BGCs, 2 more NRPS BGCs and 3 more terpene BGCs than A. flavus.
This trend is also observed when comparing to A. oryzae and A. para-
siticus.

BGCs were grouped into gene cluster families (GCFs) using the
Biosynthetic Genes Similarity Clustering and Prospecting Engine (BiG-
SCAPE) (Navarro-Muñoz et al., 2018). Out of the 1040 BGCs predicted
by antiSMASH, 681 GCFs were predicted across the six species, the
distribution of which noticeably mirroring the phylogenetic relation-
ships of each species (Fig. 6A). Notably, though encoding less PKS,
NRPS and terpene synthases overall, A. flavus, A. oryzae and A. para-
siticus were predicted to contain more GCFs than A. burnettii, A. han-
cockii and A. alliaceus. This is likely due to the use of the ClusterFinder
module in the antiSMASH prediction, whereby many putative BGCs are
identified that are unrelated to known pathways. For example, A. flavus
has 69 predicted BGCs satisfying the core prediction rules, and 117
from ClusterFinder; by contrast, A. burnettii has 101 and 68, respec-
tively. A. burnettii and A. alliaceus share 61.31% (103/168) and 59.88%
(103/172) of their GCFs, respectively, of which 79 GCFs are exclusive
to the two species. When extended to include A. hancockii, the set of
shared GCFs drops to just 15; individually, A. burnettii and A. hancockii
share only 15.48% (26/168) and 13.9% (26/187) of their GCFs, re-
spectively (Table S18). Similarly, A. oryzae and A. flavus share 61.96%
(101/163) and 55.19% (101/183) of their GCFs, with the total of

shared GCFs dropping to 50 when A. parasiticus is included. Re-
markably, though all species considered here clade within a single
section, just 9 GCFs are shared amongst all of them, suggesting that
there is a substantial level of metabolic diversity even among closely
related species. The insights afforded here provide an interesting
glimpse at how secondary metabolite BGCs can serve as sensitive in-
dices of taxonomy.

3.7.2. The search for mycotoxin BGCs confirms A. burnettii is incapable of
aflatoxin biosynthesis

A. burnettii, like A. hancockii, was originally isolated during a survey
for aflatoxin-producing fungi in areas under peanut cultivation and has
since only been found in the same area as its initial isolation. The BGC
encoding biosynthesis of aflatoxins is well characterised and is a hall-
mark feature of section Flavi, having been observed in many species of
that section (Frisvad et al., 2019). Like A. alliaceus, A. burnettii was not
shown to produce aflatoxins in the various growth substrates and
conditions we tested above. Conversely, ochratoxin A is actively pro-
duced by A. burnettii, and a putative BGC was readily identified in its
genome via comparison to the previously reported BGC in A. carbo-
narius ITEM 7444 (Gallo et al., 2012; Gallo et al., 2014; Ferrara et al.,
2016). This is typical of species in section Flavi which, to current
knowledge, all possess either the aflatoxin BGC or ochratoxin A BGC,
but never both (Frisvad et al., 2019). Biosynthesis of ochratoxin A re-
quires a PKS to synthesise dihydroisocoumarin (acOTApks); a chlor-
inating enzyme (i.e. halogenase; acOTAhal); and a NRPS to attach the
phenylalanine moeity to the dihydroisocoumarin ring (acOTAnrps). A
tBLASTn search against the A. burnettii genome using these sequences as
a query revealed a BGC located on scaffold 152 (Fig. 7). Pairwise amino
acid alignments with the predicted proteins in this BGC (Table S21)
revealed a well-conserved PKS (ETB97_009021; 76% identity to AcO-
TApks), NRPS (ETB97_009023; 64% identity to AcOTAnrps), halo-
genase (ETB97_009024; 81% identity to AcOTAhal) and cytochrome
P450 (ETB97_009025; 74% identity to AcOTAp450), as well as a pu-
tative transcription factor (ETB97_009026; 52% identity to
OTA4_ASPC5). Additionally, BGCs homologous to those encoding the
production of patulin and citrinin were able to be identified in the A.
burnettii genome, though production of neither compound was detected
in the various growth conditions tested (Fig. 6C).

3.7.3. Linking isolated metabolites to BGCs
Like the BGC for ochratoxin biosynthesis above, most of the

Fig. 6. Summary of biosynthetic gene cluster (BGC) and CAZyme repertoire in A. burnettii MST FP2249 and other Aspergilli. (A) Dendrogram of shared gene cluster
family (GCF) sets in A. burnettii, A. alliaceus, A. hancockii, A. oryzae, A. flavus and A. parasiticus as predicted by BiG-SCAPE; text in white bubbles at tree nodes indicate
the number of GCFs shared by all descendants of that node. B) Total polyketide synthase (PKS), nonribosomal peptide synthetase (NRPS) and terpene-type BGCs in
each genome, as predicted by antiSMASH v4.3; each category is inclusive of hybrid BGCs containing a category-specific synth(et)ase. (C) Absence/presence plot of
BGCs encoding the production of mycotoxins aflatoxin, ochratoxin A, patulin and citrinin. (D) Total genes mapped to CAZy categories using dbCAN 2.0 (AA: auxiliary
activity, CE: carbohydrate esterase, GT: glycosyltransferase, CB: carbohydrate binding module, GH: glycoside hydrolase, PL: polysaccharide lyase).

Table 4
Number of predicted PKS, NRPS, terpene biosynthetic genes and total biosyn-
thetic gene clusters (BGCs). Number of BGCs are given as those predicted by
antiSMASH and the number of additional BGCs predicted using the
ClusterFinder module is shown in parentheses.

Organism PKS NRPS Terpene Predicted BGCs

Aspergillus burnettii 51 28 19 101 (68)
Aspergillus hancockii 37 26 13 91 (94)
Aspergillus alliaceus 46 22 17 80 (89)
Aspergillus niger 42 26 18 80 (80)
Aspergillus oryzae 30 18 13 70 (95)
Aspergillus nidulans 26 16 9 45 (74)
Aspergillus fumigatus 14 16 8 35 (58)
Aspergillus flavus 30 24 13 69 (117)
Aspergillus parasiticus 24 7 8 65 (98)
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compounds identified in the culture extracts could be traced back to
BGCs using bioinformatics approaches and knowledge derived from
prior studies on identical or related compounds using methods detailed
previously (Cacho et al., 2015). The asperlicins are a family of peptidyl
alkaloids produced by several strains of A. alliaceus known to be potent
antagonists of the cholecystokinin receptor CCKA (Chang et al., 1985;
Houck et al., 1988). The biosynthetic pathway for asperlicin E has
previously been characterised in A. alliaceus ATCC 20656, and consists
of an anthranilate-activating bimodular NRPS (AspA), a FAD-dependent
oxygenase (AspB) and a valine-activating monomodular NRPS (AspC)
(Haynes et al., 2012). Of these, the only publically available amino acid
sequence is for AspB. Searching the AspB sequence against the A. bur-
nettii genome returned a hypothetical protein containing a FAD binding
domain (ETB97_010954) situated in a predicted BGC on scaffold 91
(Fig. 7). ETB97_010954 shares 99.8% identity with AspB and is im-
mediately flanked by a bimodular NRPS (ETB97_010955) and a
monomodular NRPS (ETB97_010953), both of which share identical
domain architectures with AspA (A-T-C-A-T-C) and AspC (A-T-C), re-
spectively. To further confirm this link, a search was performed against
the A. alliaceus CBS 536.65 genome (publicly available on the Joint
Genome Institute (JGI) Genome Portal). This also resulted in the
identification of a FAD binding domain containing protein flanked by
bimodular and monomodular NRPSs (Fig. 7, Table S20).

The indole-diterpene paspaline is a key intermediate in the bio-
synthesis of paxilline and related indole diterpenoids and the genes
involved in its biosynthesis have been well-characterised in Penicillium
paxilli (Saikia et al., 2006; Tagami et al., 2013). This pathway consists
of a geranylgeranyl diphosphate synthase (PaxG), a prenyltransferase
(PaxC) and a FAD-dependent monooxygenase (PaxM) that together

synthesise an epoxide-containing indole diterpene precursor, and an
indole diterpene cyclase (PaxB) responsible for cyclisation of the pre-
cursor to afford the polycyclic scaffold in paspaline. Besides Penicilli,
Aspergilli are also well-known to produce indole diterpene alkaloids. In
A. flavus, the biosynthesis of paspaline-derived aflatrem is encoded by
split gene clusters across two genetic loci, ATM1 and ATM2 (Nicholson
et al., 2009). Interestingly, in A. burnettii, a region highly homologous
and syntenic to the A. flavus ATM1 locus can be identified on scaffold
184 (Fig. 7), but the corresponding ATM2 locus is missing. In A. flavus,
the copy of the indole diterpene cyclase gene (atmB*) in ATM1 is mu-
tated and exists as a non-functional relic, while a functional copy of
atmB is located in ATM2 (Nicholson et al., 2009). Conversely, a closer
examination of the gene cluster on scaffold 184 in A. burnettii showed
that the atmB homolog ETB97_003558 is likely to be functional.
Therefore, together, ETB97_003556-3558 and ETB97_12949, consists of
the gene ensemble (functionally analogous to PaxG/C/M/B) required
for biosynthesis of paspaline and emindole SB (Saikia et al., 2006; Tang
et al., 2015), but not the more advanced 14α-hydroxypaspalinine.
Curiously, using the P. paxilli pax cluster genes as query sequences, we
uncovered that A. burnettii encodes another set of indole diterpene
biosynthetic genes, which correspond to the complete set of genes in
the pax cluster, except paxD (paxG/A/M/B/C/P/Q). Unfortunately, due
to a fragmented assembly the A. burnettii pax gene homologs were
scattered across multiple small scaffolds, some containing only parts of
genes. However, they could all be mapped on to the P. paxilli pax
cluster, with the exception of paxD (Fig. 7, Table S21). The higher
homology of these homologs to the pax cluster in P. paxilli compared to
the ATM1/ATM2 loci in A. flavus suggest that this second cluster has a
different origin to ETB97_003556-3558/12949. The absence of a paxD/

Fig. 7. Putative biosynthetic gene clusters (BGCs) for compounds isolated from A. burnettii culture extracts and their homology previously characterised BGCs. All
genes are drawn to scale; grey boxes linking genes are shaded based on amino acid identity (0% white, 100% black). All gene numbers in A. burnettii represent locus
tags (prefixed ETB97_). White vertical bars in A. burnettii paxilline cluster represent break points where scaffolds were concatenated. Red asterisk indicates a non-
functional relic.
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atmD homolog, which encodes an aromatic prenyltransfase, correspond
to the lack of indole diterpene that contains a prenyl group attached to
the indole moiety, as in the case of aflatrem and prenylpaxilline bio-
synthesis (Nicholson et al., 2009; Scott et al., 2013). Importantly, A.
burnettii contains the homologs for paxP/atmP and paxQ/atmQ, which
based on previous studies (Nicholson et al., 2009; Scott et al., 2013), are
likely involved in the biosynthesis of 14α-hydroxypaspalinine from
paspaline.

Besides paspaline-related indole diterpenes, several Aspergilli, such
as Aspergillus tubingensis, A. nomius and A. flavus, are also known to
concurrently produce other indole diterpenes, such as anominine and
aflavinine, which have different polycyclic scaffolds (Frisvad et al.,
2014; Frisvad et al., 2019). A more recent study showed that in A. tu-
bingensis and A. flavus, in addition to the gene clusters required for
biosynthesis of paspaline-derived indole diterpenes, an unclustered
gene encoding a different indole diterpene cyclase (AtS2B or AfB) was
shown to be involved in directing the indole diterpene precursor to
biosynthesis of anominine and aflavinine (Tang et al., 2015). Indeed, a
gene (ETB97_001471) encoding a homolog of the A. flavus cyclase AfB
can be identified in the A. burnettii genome (64% protein identity).
Thus, like in A. flavus, the cyclase could direct the indole diterpene
precursor biosynthesised by the enzymes encoded in the other clusters
toward the biosynthesis of anominine. In the case of A. burnettii, there
are two complete sets of atm/paxGCM homologs in different genetic loci
that could biosynthesise the required indole diterpene precursor. These
findings on the genetic basis of indole diterpene biosynthesis in A.
burnettii add an additional layer of complexity to the already known
complex evolution of indole diterpene biosynthesis in fungi and high-
light the modular and combinatorial nature of BGCs in evolution.

A series of kotanins/isokotanins were produced by A. burnettii. The
BGC encoding the bicoumarin kotanin has previously been reported in
A. niger FGSC A1180 (Gil Girol et al., 2012). A non-reducing PKS (ktnS;
ANI_1_2226184) synthesises the pentaketidic dihydroxycoumarin
backbone, which is then O-methylated by an O-methyltransferase (ktnB;
ANI_1_1410184), before an oxidative phenol coupling reaction is cat-
alysed by a cytochrome P450 monooxygenase (ktnC; ANI_1_2228184).
This gene cluster also includes a methyltransferase (ktnA;
ANI_1_1408184) and a FAD-binding monooxygenase (ktnD,
ANI_1_2230184), though it is unclear if these are involved in kotanin
biosynthesis. The amino acid sequences of these proteins were retrieved
from NCBI and searched against the A. burnettii genome. This revealed a
BGC located on scaffold 278 consisting of a non-reducing PKS
(ETB97_006286) that shares the same domain architecture and 63%
protein identity with ktnS, an O-methyltransferase (ETB97_006287)
homologous to ktnB, a methyltransferase (ETB97_006288) homologous
to ktnA and a cytochrome P450 (ETB97_006289) homologous to ktnC
(Table S20).

Hirsutide is an N-methylated cyclic tetrapeptide, first isolated from
the spider-infecting entomopathogenic fungus Hirsutella sp. (Lang et al.,
2005). It is similar to the onychocins previously isolated from another
Australian fungus, A. hancockii FRR 3425, which are N-methylated
cyclic tetrapeptides possessing two pairs of similar amino acid moieties
(L-Phe and L-Val or L-Ile) (Pitt et al., 2017). We previously hypothesised
that the onychocins would be produced by either a tetramodular NRPS,
following the same co-linearity observed in other NRPS (Schwarzer
et al., 2003), or a non-canonical NRPS able to act iteratively. Moreover,
our inability to identify any NRPS in the A. burnettii genome with a N-
methyltransferase domain, as present in enniatin synthetase (Haese
et al., 1993) or cyclosporin synthetase (Zocher et al., 1986), led us to
explore the possibility of a trans-acting standalone N-methyltransferase.
Since then, such a combination has been demonstrated to be required
for the biosynthesis of the cyclic peptapeptide cycloaspeptides A1 and
E2 in Penicillium soppii and Penicillium jamesonlandense (de Mattos-
Shipley et al., 2018). Unfortunately, the sequences in P. soppii and P.
jamesonlandense are unavailable for comparison. A search for NRPS
clusters conserved across both A. burnettii and A. hancockii revealed two

homologous pairs of a tetramodular NRPS situated next to a putative
methyltransferase. Both NRPSs, ETB97_007099 and BBP40_001644,
share identical domain architecture (C-A-T-C-A-T-C-C-A-T-C-A-T-C) and
78% pairwise identities; both N-methyltransferases, ETB97_007098 and
BBP40_001643, are also highly conserved, sharing 72% identity. Un-
fortunately, no further identifying information is known for the Hirsu-
tella sp. shown to produce hirsutide. Presently, the only publicly
available Hirsutella genomes on NCBI are H. minnesotensa, H. thompsonii
and H. rhossiliensis; a tBLASTn search returned no proteins with any
significant homology in any of these genomes. The identity of the two
NRPS gene clusters in both A. burnettii and A. hancockii warrant further
investigation.

3.8. CAZyme repertoire of A. burnettii reflects its carbon utilisation profile
as well as its taxonomic/phylogenetic position

The CAZyme repertoire of A. burnettii was analysed using dbCAN 2.0
(Zhang et al., 2018) and compared to other members of Aspergillus
section Flavi (Fig. 6D and Table S23). As in the molecular phylogeny, A.
burnettii is most like A. alliaceus, with the greatest difference observed in
the number of auxiliary activity enzymes (3). In comparison to A. flavus
and A. hancockii, A. burnettii possesses less of all CAZyme families be-
sides glycosyl transferases (112 compared to 108, 104 and 102 for A.
flavus, A. hancockii and A. oryzae, respectively). A. oryzae also possesses
more of each family besides glycosyl transferases, carbohydrate-binding
modules and carbohydrate esterases. Notably, A. flavus is particularly
rich in glycoside hydrolases, with 304 enzymes identified compared to
the 259 found in A. burnettii.

Due to the similarity between the CAZyme repertoires of A. burnettii
and A. alliaceus, a more thorough investigation was performed using the
conserved unique peptide pattern (CUPP) method. Peptide-based
functional annotation via the CUPP method allows for robust assign-
ment to protein CAZy families and subfamilies as well as prediction of
enzyme function of the identified enzyme proteins. Given enzyme
function predictions, it is possible to deduce the carbohydrate utilisa-
tion capabilities of the species under study. Results of the CUPP analysis
of A. burnettii is given in Table 7. The strongest enzyme function di-
versity is found among enzymes breaking down cellulose, followed by
enzymes modifying their own fungal cell wall and enzymes breaking
down pectin and hemicellulose. In addition, several enzyme functions
are represented by more than one type of enzymes (belonging to dif-
ferent protein families but having the same enzyme function). This type
of profile pattern has been found earlier among strong fungal biomass
degraders (Busk et al., 2014). Busk et al. interpreted that such secre-
tome composition, where the assumed most essential enzyme functions
are represented by several different types of enzyme proteins, allows
the organism to adapt to and cope with varying environmental condi-
tions (e.g. protein stability, enzyme/substrate accessibility, pH and
temperature tolerance, varying substrate-recalcitrance, humidity, etc).
We also compared the functional annotation of the CAZyme secretome
of A. burnettii to that of A. alliaceus (Table 5 and Table S24). The high
similarity of the CAZyme secretome between the two species supports
their close phylogeny. In contrast, both similarities and differences are
found when comparing the secretome enzyme-function profile of these
two species with that of A. hancockii. Notably, the types of enzyme
function, having duplicate and triplicate types of proteins assigned to
the same function, are close to identical among all three species.
However, significant differences are found in A. hancockii with respect
to which types of enzyme proteins are assigned to the various functions.
As an interlink between armaments of metabolites and enzyme profiles,
it is interesting to note that A. burnettii in this study was shown to have
an enzyme, tomatinase, originally described to overcome host defence
by breaking down plant toxins (Sandrock et al., 1995).
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Table 5
Family assignment and predicted function of CAZymes of A. burnettiiMST FP2249 using the CUPP peptide-based functional
annotation method. The selected 80 enzyme CAZyme functions are sorted according to types of complex growth substrates
they act on in the majority of reports according to the BRENDA database (Jeske et al., 2019) and CAZypedia (Consortium,
2018). Summarised number of genes for each enzyme function is given as a heat map indicator in the column Number of
genes. An extended version of this table including comparison to A. alliaceus CBS 536.65 is given in Table S24.
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4. Conclusions

Our traditional view of the microbial world as a battleground of
microbes with potent chemical arsenals fighting for supremacy has
unsurprisingly been shaped by the success of the antibiotic era. As our
knowledge of microbial ecology continues to grow, it is now apparent
that these interactions are far more nuanced. However, decoding this
cryptic language of complex microbial interactions is highly challen-
ging and requires intimate knowledge of the chemistry and biology of
the microorganisms. Exploring the interface between taxonomy/phy-
logeny and (bio)chemical diversity is a powerful approach for eluci-
dation of evolution of the fungal interacting secretome (metabolites and
digestive enzymes) as well as for the discovery of new chemical entities,
and the integration of genomic analyses further facilitates the naviga-
tion of this space. In this study, we have employed taxonomy, genomics,
secretome profiling and natural products chemistry to generate a
comprehensive chemical and biological profile of A. burnettii as an ex-
emplar of such a multidisciplinary approach to microbial biodiscovery.
A. burnettii is an endemic Australian species that has adapted to an
imported agricultural crop (peanuts) and its commensal mycobiota,
most notably the pathogen A. flavus. The comprehensive data and
analyses generated here will serve as a foundation for future explora-
tion of the hidden biosynthetic potential of A. burnettii and for further
investigation of the complex ecological interactions with peanut-asso-
ciated Aspergilli. The comparative analysis of both metabolites and
enzymes provides a broader understanding of their importance in mi-
crobial evolution and as an integrated part of speciation. The re-
lationship between genome, metabolome and secretome compositions
provides a more complete picture of the classification and phylogeny of
A. burnettii as a new recognised species.
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SUPPLEMENTARY PROCEDURES 

1. General Experimental Details 

 
1H NMR and 13C NMR spectra were recorded in 5 mm Pyrex tubes (Wilmad, USA) on a Bruker 

Avance II DRX-600K 600 MHz spectrometer. All NMR spectra were obtained at 25 C, processed 

using Bruker Topspin 3.5 software and referenced to residual solvent signals (DMSO-d6 H 2.49 / 

C 39.5 ppm). High resolution electrospray ionization mass spectra (HRESIMS) were obtained on a 

Q Exactive Plus hybrid quadrupole-Orbitrap mass spectrometer (Thermo Fisher Scientific, Bremen, 

Germany) by direct infusion. Electrospray ionization mass spectra (ESIMS) were acquired on an 

Agilent 1260 UHPLC coupled to an Agilent 6130 single quadrupole mass detector. Chiroptical 

measurements ([]D) were obtained on a JASCO P-1000 polarimeter in a 100 × 10 mm cell. UV-vis 

spectra were acquired in MeCN on a Varian Cary 300 spectrophotometer in a 10 × 10 mm quartz 

cell. 

 

Analytical HPLC was performed on a gradient Agilent 1260 Infinity quaternary HPLC system. The 

column was an Agilent Zorbax SB-C18 (2.1 × 50 mm, 1.8 m) eluted with a 0.6 mL/min gradient 

of 10-100% acetonitrile/water (0.01% TFA) over 8.33 min. Preparative HPLC was performed on a 

gradient Shimadzu HPLC system comprising two LC-8A preparative liquid pumps with static 

mixer, SPD-M10AVP diode array detector and SCL-10AVP system controller with standard 

Rheodyne injection port. The columns used in the purification of the metabolites were selected from 

either a Vydac C18 column (50 × 100 mm, 5 m; Grace Discovery), a Zorbax SB-C18 column (50 × 

150 mm, 5 m; Agilent) or an Alltima C18 (22 × 250 mm, 5 m, Grace Discovery) isocratically 

with acetonitrile/water mixtures containing 0.1% TFA modifier. 

 

For the A. nidulans strains, the analyses of the metabolite profiles were performed on an Agilent 

1260 liquid chromatography (LC) system coupled to a diode array detector (DAD) and an Agilent 

6130 Quadrupole mass spectrometer (MS) with an ESI source. Chromatographic separation was 

performed at 40 C using a Kinetex C18 column (2.6 m, 2.1 mm × 100 mm; Phenomenex). The A. 

nidulans cells from liquid culture were extracted with acetone. For liquid cultures, the metabolites 

were extracted from the liquid culture with an organic solvent mixture containing ethyl 

acetate/methanol/acetic acid at 89:10:1 ratio. The crude extracts were dried down in vacuo and re-

dissolved in methanol for LC-MS analysis. Chromatographic separation was achieved with a linear 

gradient of 5-95% MeCN-H2O (0.1% (v/v) formic acid) in 10 min followed by 95% MeCN for 3 

min then 5% MeCN-H2O for 3 min, with a flow rate of 0.75 mL/min. The MS data were collected 

in the m/z range 100–1000. 

 

 

2. Collection of Fungus 

 

A. burnettii MST-FP2249 was isolated from a sample of cultivated soil from a property at 

Coalstoun Lakes in the South Burnett region of Queensland in 2004. On isolation the fungus 

displayed an interesting phenotype and chemotaxonomic profile indicative of the new species 

belonging to the A. alliaceus clade in subgenus Circumdati section Flavi. Cultures were freeze dried 

and accessioned into the FRR collection (FRR 5400), the culture collection at CSIRO Agriculture 

and Food, North Ryde, NSW, Australia. 
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3. Cultivation and Extraction and Purification 

 

Agar squares taken from 10-day-old Petri plates of A. burnettii were used to inoculate 40 × 250 mL 

Erlenmeyer flasks each containing 48 g of sterile pearl barley (+ 35 mL water; autoclaved 120 °C 

for 40 min). The flasks were incubated at 24 °C for 21 days, after which the grains were pooled 

from individual flasks and extracted with acetone (2 × 3 L). The combined acetone extracts were 

concentrated in vacuo to give an aqueous residue (1.2 L). The residue was then partitioned against 

ethyl acetate (2 × 1.5 L) and the combined organic layer was dried in vacuo to give a crude extract 

(18.11 g). An insoluble phase (5.79 g) was also isolated from the partition.  

 

The crude extract was redissolved in 90% MeOH/H2O (500 mL) and partitioned against hexane (2 

× 500 mL) to remove lipids and provide an enriched extract (9.11 g). The enriched extract was 

dissolved in MeOH (35 mL) and fractionated by size exclusion chromatography (Sephadex LH-20, 

5.5 cm × 24 cm column) to give 30 × 20 mL vials. Analysis by analytical HPLC identified an 

unusual family of UV spectra in the early eluting fractions (F8-11). These fractions were pooled and 

reduced to dryness in vacuo (1.78 g) then further fractioned by isocratic preparative HPLC (Vydac 

C18, isocratic 70% MeCN/H2O + 0.1% TFA, 60 mL/min) to give 24 × 20 mL with the late eluting 

fraction (F22-24) pooled and evaporated to dryness (161 mg). Highly enriched fractions were 

purified by isocratic preparative HPLC (Alltima C18, isocratic 77.5% MeCN/H2O + 0.1% TFA, 20 

mL/min) to yield burnettramic acid B aglycone (4) (tR 17.9 min; 22.3 mg) and burnettramic acid A 

aglycones (3) (tR 20.7 min; 20.8 mg). 

 

The insoluble phase from the ethyl acetate partition was triturated with MeOH (3 × 50 mL) and the 

soluble portion (2.00 g) was fractionated by size exclusion chromatography (Sephadex LH-20, 5.5 

cm × 45 cm) and 44 × 20 mL fractions were collected. Analysis by analytical HPLC identified an 

unusual family of UV spectra in the early eluting fractions (F8-14). These fractions were pooled and 

reduced to dryness in vacuo (548 mg) then purified by isocratic preparative HPLC (Zorbax SB-C18, 

isocratic stepwise 60%-100% MeCN/H2O + 0.1% TFA, 60 mL/min) to yield burnettramic acid A (1) 

(tR 18.4 min; 57.2 mg) with only traces of burnettramic B (2) detectable (< 1 mg). (See flow chart 

Figure S10). 
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4. Acid Hydrolysis 

 

A solution of burnettramic acid A (70 mg, 9.1 mmol) in 0.1 M hydrochloric acid (7 mL; 15% 

H2O/MeCN) was heated to 60 °C for 2 h. The reaction mixture was diluted with water (100 mL) 

and applied to a 10 g C18 SPE column. The column was flushed with H2O (200 mL) and then eluted 

with MeOH (100 mL). The MeOH eluate was reduced to dryness in vacuo (50 mg) then purified by 

isocratic preparative HPLC (Zorbax C18, isocratic 60% MeCN/H2O + 0.1% TFA, 20 mL/min) to 

yield unreacted burnettramic acid A (1) (tR 16.5 min; 9.0 mg) and burnettramic acid B (2) (tR 14.2 

min; 2.0 mg). A final elution of the column with 100% MeCN + 0.1% TFA gave burnettramic acid 

B aglycone (4) (tR 23.1 min; 3.1 mg) and burnettramic acid A aglycone (3) (tR 23.7 min; 11.1 mg). 

The H2O flush from the SPE column was lyophilized and the residue was triturated with MeOH. 

The MeOH-soluble material was reduced to dryness under a stream of nitrogen to give D-mannose. 

 

5. Characterisation of Compounds 

 

Burnettramic acid A (1): off-white solid; []D
23 –41 (c 0.04, MeOH). UV (MeCN) max (log ) 

248 (3.68), 281 (3.69) nm. NMR (600 MHz, DMSO-d6) see Table S6. HRESI(–)MS m/z 768.4898 

[M–H]– (calcd. for C41H70NO12
– 768.4904).  

 

Burnettramic acid B (2): off-white solid; []D
23 –30 (c 0.04, MeOH). UV (MeCN) max (log ) 228 

(3.59), 249 (3.64), 280 (3.77) nm. NMR (600 MHz, DMSO-d6) see Table S7. HRESI(–)MS m/z 

768.4898 [M–H]– (calcd. for C41H70NO12
– 768.4904).  

 

Burnettramic acid A aglycone (3): off-white solid; []D
23 –7 (c 0.02, MeOH). UV (MeCN) max 

(log ) 224 (3.53); 280 (3.75) nm. NMR (600 MHz, DMSO-d6) see Table S8. HRESI(–)MS m/z 

606.4370 [M–H]– (calcd. for C35H60NO7
– 606.4375).  

 

Burnettramic acid B aglycone (4): off-white solid; []D
23 –18 (c 0.01, MeOH). UV (MeCN) max 

(log ) 248 (2.93); 279 (3.06) nm. NMR (600 MHz, DMSO-d6) see Table S9. HRESI(–)MS m/z 

606.4373 [M–H]– (calcd. for C35H60NO7
– 606.4375). 
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6. Bioassay of Compounds 

 

Bioassays[1] 

 

Purified metabolites were dissolved in DMSO to provide stock solutions (10,000 g/mL or 5,000 

g/mL depending on the amount of material available). An aliquot of each stock solution was 

transferred to the first lane of Rows B to G in a 96-well microtitre plate and two-fold serially diluted 

with DMSO across the 12 lanes of the plate to provide a 2,048-fold concentration gradient. 

Bioassay medium was added to an aliquot of each test solution to provide a 100-fold dilution into 

the final bioassay, thus yielding a test range of 100 to 0.05 g/mL in 1% DMSO. Row A contained 

no test compound (as a reference for no inhibition) and Row H was uninoculated (as a reference for 

complete inhibition). 

CyTOX: NS-1 (ATCC TIB-18) mouse myeloma cells and Neonatal Foreskin Fibroblast (NFF) 

cells were inoculated in 96-well microtitre plates (190 L) at 50,000 cells/mL in DMEM 

(Dulbecco's Modified Eagle Medium + 10% fetal bovine serum (FBS) + 1% penicillin/streptomycin 

(10,000 U/mL / 10,000 µg/mL, Life Technologies Cat. No. 15140122) and incubated in 37 °C (5% 

CO2) incubator. At 48 h, resazurin (250 g/mL; 10 L) was added to each well and the plates were 

incubated for a further 48 h. Finally, the absorbance of each well at 605 nm was measured using a 

Spectromax plate reader (Molecular Devices). 

ProTOX: Bacillus subtilis (ATCC 6633) and Staphylococcus aureus (ATCC 25923) were used as 

indicative species for Gram positive and negative antibacterial activity, respectively. A bacterial 

suspension (50 mL in 250 mL flask) was prepared in nutrient media by cultivation for 24 h at 250 

rpm, 28 °C. The suspension was diluted to an absorbance of 0.01 absorbance units per mL, and 10 

L aliquots were added to the wells of a 96-well microtitre plate, which contained the test 

compounds dispersed in nutrient broth (Amyl) with resazurin (12.5 g/mL). The plates were 

incubated at 28 °C for 48 h during which time the positive control wells change colour from a blue 

to light pink colour. MIC end points were determined visually. The absorbance was measured using 

Spectromax plate reader (Molecular Devices) at 605 nm and the IC50 values determined graphically. 

EuTOX: Candida albicans (ATCC 10231) and Saccharomyces cerevisiae (ATCC 9763) were 

usedas indicative species for antifungal activity. A yeast suspension (50 mL in 250 mL flask) was 

prepared in 1% malt extract broth by cultivation for 24 h at 250 rpm, 24 °C. The suspension was 

diluted to an absorbance of 0.005 and 0.03 absorbance units per mL for C. albicans and S. 

cerevisiae, respectively. Aliquots (20 L and 30 L) of C. albicans and S. cerevisiae, respectively 

were applied to the wells of a 96-well microtitre plate, which contained the test compounds 

dispersed in malt extract agar containing bromocresol green (50 g/mL). The plates were incubated 

at 24 °C for 48 h during which time the positive control wells change colour from a blue to yellow 

colour. MIC end points were determined visually. The absorbance was measured using Spectromax 

plate reader (Molecular Devices) at 620 nm and the IC50 determined graphically.  

TriTOX: Tritrichomonas foetus (strain KV-1) was used as an indicative species for antiprotozoal 

activity. T. foetus was inoculated in 96-well microtitre plates (200 µL) at 4×104 cells/mL in T. 

foetus medium (0.2% tryptone, Oxoid; 0.1% yeast extract, Difco; 0.25% glucose; 0.1% L-cysteine; 

0.1% K2HPO4; 0.1% KH2PO4; 0.1% ascorbic acid; 0.01% FeSO4.7H2O; 1% penicillin/streptomycin 

(10,000 U/mL / 10,000 µg/mL, Life Technologies Cat. No. 15140122), 10% new born calf serum 

(NBCS), Life Technologies). The plates were incubated in anaerobic jars (Oxoid AG25) containing 

Anaerogen satchel (Oxoid AN25) in 37 °C (5% CO2) incubator. At 72 h, T. foetus proliferation was 

counted and % Inhibition graphed to determine the IC50 values. 
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7. Heterologous expression of the bua cluster in A. nidulans LO7890 

 

All bua genes were cloned into the pYFAC episomal vector by yeast transformation-assisted 

recombination. Full length of buaA was amplified by PCR with three sets of primers from A. 

burnettii gDNA (Table S1). Then Saccharomyces cerevisiae strain BJ5464-NpgA competent cells 

were transformed by the three overlapping DNA fragments and PacI-digested pYFAC-pyrG and 

generated pYFAC-CL10 by yeast homologous recombination. BuaC, buaE, and buaG were 

amplified with the designed primers and ligated into the PacI, NotI and AsisI site of pYFAC-ribo, 

respectively, to get pYFAC-CL13 plasmid. BuaB, BuaD and buaF were amplified with the 

designed primers (Table S1) and ligated into the PacI and AscI site of pYFAC-pyrO, respectively, 

to get pYFAC-CL14 plasmid (Table S11). Plasmids were confirmed by restriction enzyme 

digestion and DNA sequencing and plasmids maps were shown below. The resulting heterologous 

expression plasmids were introduced into A. nidulans LO7890 by polyethylene glycol protoplast 

transformation as described previously.[2] 

 

 

8. Genome sequencing and bioinformatics 

 

The A. burnettii genome was sequenced with Illumina HiSeq 2000. Sequencing reads were trimmed 

for quality using Trimmomatic v0.38 and then assembled using SPAdes v3.10.1. [3] Gene prediction 

and functional annotation was performed using the Funannotate v1.3.3 pipeline 

(https://github.com/nextgenusfs/funannotate). All pairwise amino acid alignments were constructed 

using MUSCLE v3.8.31. [4] Protein similarity was calculated based on MUSCLE alignment using 

the BLOSUM62 matrix with threshold 1. Gene cluster similarity figures were generated using 

custom Python scripts (available online: https://bitbucket.org/clmgil/cluster-crosslinker). Internal 

Transcribed Spacer region nucleotide sequences were retrieved from the NCBI GenBank database. 

A multiple sequence alignment was constructed using MAFFT v7.407 and manually trimmed for 

length using Geneious 10.2.6. [5] Phylogenetic trees were constructed using RAxML-NG v0.6.0 and 

MrBayes v3.2.6 and visualised using the ETE3 toolkit. [6] 

 

The sequence data of the ITS sequence (accession number MK429758) and the bua gene cluster 

(accession number MK425157) have been deposited in the GenBank.  
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SUPPLEMENTARY TABLES 

 
Table S1. Primers used in this study.  

 

Primer Sequence 

PalcA-buaA-F 
GTTAATTAGAACTCTTCCAATCCTATCACCTCGCCTTAATATGTC

CTTCAGCTACAACAG 

Frag1-buaA-R TCTAATGGCCCCTTCAACAT 

Frag2-buaA-F TACCTGAAGCAGCTCCACGA 

Frag2-buaA-R ACGCTGTTTGCACATGACAT 

Frag3-buaA-F AGAAGTACGTGTTTAATATT 

pKW-pyrG-

buaA-R 

CTTCAACACAGTGGAGGACATACCCGTAATTTTCTGGGCTTAAT

CCTCCGCAGTTCCAAT 

PalcA-buaB-F 
GTTAATTAGAACTCTTCCAATCCTATCACCTCGCCTTAATATGCC

GGGCCAAAAACCAGT 

T1-buaB-R 
CGCGCTCCACGGGGACTCGCTTCAATTTGTTCCGCTTAATCGCCG

TGATCATGTCCAATA 

PalcA-buaC-F 
GTTAATTAGAACTCTTCCAATCCTATCACCTCGCCTTAATATGGG

GATCCAACATATGCT 

T1-buaC-R 
GGCTCGCGCTCCACGGGGACTCGCTTCAATTTGTTCCGCTTAATC

GCTGATCTCTCCCTT 

PalcSM-buaD-F 
TGAGATACCAAAGCATTGAGCCCAGAAACAGCAGAAGCATGAA

AGATGTCCCCAATAAGG 

T1-buaD-R 
TTAGTCTAAAGGTCTACAATCAATTCAGGCCGTATTCAGGGCCT

ACCAGCCCTCCAGCAC 

PalcSM-buaE-F 
TTTGAGATACCAAAGCATTGAGCCCAGAAACAGCAGAAGCATG

GAGGTTGAACGACTCGA 

T1-buaE-R 
TTAGTCTAAAGGTCTACAATCAATTCAGGCCGTATTCAGGGCGT

ATGTCTGCAAGAGACG 

PalcSM-buaG-F 
CCCTTTTCCTTATTAAACCATATATCTCCAGCAGAGCGATATGTT

TCTTTTGATCCTATA 

T2-buaG-R 
AAGCCAACTTCGATCTCAACTAAATTATCTCCTCCCGCGATTCCC

TCTACATGCCGCAAG 

PladA-buaF-F 
ACTCTCCTCTCCCAAGATACCCATATTTCCCGCTCACCGGATGGT

GGTAGTTCTAGAGAG 

T2-buaF-R 
TTAGGGAGCGGCGGATGCCTACTTACTTCTGGGAACGAGGTCAT

CCCTTTGCAGCCTCAG 

N454-N741-F TGCACGCACAAATACACAGC 

N741-N454-R TCGCCCATCCGTTCTGTAAC 

N741-N386-F GAGCGTGTGAGGGTGAATCA 

N386-N741-R CGGGACCATCACTTTGCTCT 
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Table S2. Genes within the bua BGC and conservation with A. alliaceus CBS 536.65. Identity and 

similarity values are taken from pairwise amino acid alignments constructed with MUSCLE 

v3.8.31. 

 
 

A. burnettii FRR 5400 A. alliaceus CBS 536.65 Predicted function 
Identity 

(%) 

Similarity 

(%) 

Scaffold 454     

buaB 

 

buaC 

jgi.p_Aspalli1_77391 Glycosyltransferase 98.98 99.39 

buaC jgi.p_Aspalli1_319470 Enoyl reductase 69.76 69.96 

Scaffold 741     

buaD 

 

- 

jgi.p_Aspalli1_319471 Cytochrome P450 82.56 83.3 

- jgi.p_Aspalli1_310750 Ankyrin-repeat containing 98.38 98.92 

Scaffold 386     

buaE 

 

buaF 

 

buaG 

 

- 

 

buaA 

 

jgi.p_Aspalli1_274973 Oxidoreductase 100 100 

buaF jgi.p_Aspalli1_274975 Hypothetical protein 97.62 97.86 

buaG jgi.p_Aspalli1_319472 Cytochrome P450 98.81 99.01 

- jgi.p_Aspalli1_310754 Hypothetical protein 98.88 100 

buaA jgi.p_Aspalli1_310755 PKS-NRPS 99.17 99.32 
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Table S3. Identity (%) matrix of the MUSCLE pairwise protein alignment of proline hydroxylases. 

 

 BuaE AniF HtyE 

BuaE  49.85 48.94 

AniF 49.85  94.22 

HtyE 48.94 94.22  

GloF 20.87 22.35 22.64 

 

 

 

Table S4. Similarity (%) matrix of pairwise protein alignment of proline hydroxylases.  Generated 

by MUSCLE v using the BLOSUM62 matrix with threshold 1.  

 

 BuaE AniF HtyE 

BuaE  64.44 63.53 

AniF 64.44  97.87 

HtyE 63.53 97.87  

GloF 36.52 38.68 38.4 
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Table S5. Signature residues for amino acid selection by adenylation (A) domains 
 

 

Note: The 10 signature residues were based on the bacteria A domain as established previously. Sequence 

numbering is according to A domain of BuaA as predicted by antiSMASH 4.0 [7] (corresponds to amino acid 

2935 – 3345 of the full length BuaA) and were based on homology modelling with bacterial A domain as 

performed previously by Stachelhaus et al.[8] The signature residue table above is an expansion the table in 

this previous study.[9]  

Sequence Selectivity 
Signature position 

171 172 175 214 237 238 270 278 279 393 

Fus1 Hse D M T F V W G I I K 

FusA Hse D M T F V W G I N K 

NGS1 Hse D M T F S W G I N K 

EqiS Ser D F E S H W N I A K 

Pks3 Ser D L L M T W W I V K 

ATEG_00325 Leu D A S L Q W A I M K 

MycA Leu D L W G T W C V G K 

ApdA Tyr D M V I Y W C A A K 

TenS Tyr D M V I T W C A A K 

DmbS Tyr D M V I T W C A A K 

ACE1 Tyr D M A Q S W G I N K 

CpaS  
(A. flavus) 

Trp D M A L T W S A C K 

CpaS  
(A. oryzae) 

Trp D M A L A W S A C K 

PsoA Phe D A Y T S W A I C K 

CcsA Phe D M S E S W C F C K 

UcsA 
3-

methylproline 
D V W F S W I I P K 

BuaA 
4-

hydroxyproline 
D V Q H K W V V I K 
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Table S6. NMR data (600 MHz) for burnettramic acid A (1) in DMSO-d6 
Pos. H, mult (J in Hz) C HMBC COSY ROESY 

1  Not observed    

2  Not observed    

3  190.8 (br)    

4 3.62, br m 32.8 4-Me, 5, 6 4-Me, 5a/b  

4-Me 1.04, d (6.8) 16.9 3, 4, 5 4  

5a 1.43, m 40.2 4-Me, 6, 6-Me, 7 4  

5b 1.35, m  4-Me, 6, 6-Me, 7 4  

6 1.36, m 30.0 5, 6-Me, 7, 8 6-Me  

6-Me 0.81, d (6.4) 19.4 5, 6, 7 6  

7a 1.26, m 36.11 6, 6-Me, 8, 9   

7b 1.03, m  6, 6-Me, 8, 9   

8a 1.25, m 26.2    

8b 1.16, m     

9 1.14-1.31, m 28.8-29.2    

10 1.14-1.31, m 28.8-29.2    

11 1.21, m 28.5    

12 1.14-1.31, m 28.8-29.2    

13 1.14-1.31, m 28.8-29.2    

14 1.14-1.31, m 28.8-29.2    

15 1.93, dt (6.7, 6.0) 32.0 13/14, 16, 17 14, 16  

16 5.35, dt (15.4, 6.0) 131.5 14, 15, 17, 18 15  

17 5.39, dt (15.4, 6.3) 127.2 15, 16, 18, 19 18  

18 2.01, dd (6.3, 6.0) 40.6 16, 17, 19, 20 17, 19  

19 3.37, m 69.9 17, 18, 20, 21 18, 20a/b  

20a 1.33, m 36.6  19  

20b 1.20, m   19  

21a 1.46, m 21.5 19, 20, 22, 23 20b, 21b  

21b 1.20, m  19, 20, 22, 23 21a  

22a 1.29, m 37.4  23  

22b 1.21, m   23  

23 3.33, m 69.6 21, 22, 24, 25 22a/b, 24a/b  

24a 1.30, m 37.2  23  

24b 1.24, m   23  

25a 1.34, m 25.3  24b, 25b  

25b 1.23, m   24a  

26 1.27, m 25.6 28 27  

27 1.49, p (6.9) 29.3 25, 26, 28 26, 28a/b  

28a 3.74, dt (9.6, 6.9) 68.4 26, 27, 1ʹʹ 27, 28b 1ʹʹ 

28b 3.39, dt (9.6, 6.9)  26, 27, 1ʹʹ 27, 28a 1ʹʹ 

1ʹ  194.8 (br)    

2ʹ 4.22, br s Not observed  3ʹa/b 3ʹa 

3ʹa 1.92, m 36.17 4ʹ, 5ʹ 2ʹ, 3ʹb, 4ʹ 2ʹ 

3ʹb 1.59, br t (12.9)   2ʹ, 3ʹa, 4ʹ 4ʹ 

4ʹ 4.47, br t (4.9) 72.1 5ʹ 3ʹa/b, 4ʹ-OH, 5ʹa/b 3ʹb, 5ʹa 

4ʹ-OH 5.24, br s   4ʹ  

5ʹa 3.76, br m 52.5 4ʹ 4ʹ, 5ʹb 4ʹ 

5ʹb 2.96, br d (12.0)  4ʹ 4ʹ, 5ʹa  

1ʹʹ 4.32, d (0.7) 100.2 28, 2ʹʹ, 3ʹʹ, 5ʹʹ 2ʹʹ 28a/b, 2ʹʹ, 3ʹʹ, 5ʹʹ 

2ʹʹ 3.60, dd (3.1, 0.7) 70.6 1ʹʹ, 3ʹʹ, 4ʹʹ 1ʹʹ, 3ʹʹ 1ʹʹ 

3ʹʹ 3.23, dd (9.3, 3.1) 73.7 2ʹʹ, 4ʹʹ, 5ʹʹ 2ʹʹ 1ʹʹ, 5ʹʹ 

4ʹʹ 3.27, dd (9.3, 9.0) 67.2 2ʹʹ, 3ʹʹ, 5ʹʹ, 6ʹʹ 5ʹʹ 6ʹʹa/b 

5ʹʹ 2.99, ddd (9.0, 6.4, 2.3) 77.5 1ʹʹ, 3ʹʹ, 4ʹʹ, 6ʹʹ 4ʹʹ, 6ʹʹa/b 1ʹʹ, 3ʹʹ 

6ʹʹa 3.67, dd (11.7, 2.3) 61.4 4ʹʹ, 5ʹʹ 4ʹʹ, 6ʹʹb 4ʹʹ 

6ʹʹb 3.43, dd (11.7, 6.4)  4ʹʹ, 5ʹʹ 4ʹʹ, 6ʹʹa 4ʹʹ 
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Table S7. NMR data (600 MHz) for burnettramic acid B (2) in DMSO-d6  

Pos. H, mult (J in Hz) C HMBC COSY ROESY 

1  Not observed    

2  Not observed    

3  192.5    

4 3.64, br m 33.8 4-Me, 5, 6 4-Me, 5a/b  

4-Me 1.04, d (6.8) 16.9 3, 4, 5 4  

5a 1.43, m 40.2 4-Me, 6, 6-Me, 7 4  

5b 1.35, m  4-Me, 6, 6-Me, 7 4  

6 1.36, m 30.0 5, 6-Me, 7, 8 6-Me  

6-Me 0.81, d (6.4) 19.4 5, 6, 7 6  

7a 1.26, m 36.11 6, 6-Me, 8, 9   

7b 1.03, m  6, 6-Me, 8, 9   

8a 1.25, m 26.2    

8b 1.16, m     

9 1.14-1.31, m 28.8-29.2    

10 1.14-1.31, m 28.8-29.2    

11 1.21, m 28.5    

12 1.14-1.31, m 28.8-29.2    

13 1.14-1.31, m 28.8-29.2    

14 1.14-1.31, m 28.8-29.2    

15 1.93, dt (6.7, 6.0) 32.0 13/14, 16, 17 16  

16 5.35, dt (15.4, 6.0) 131.5 14, 15, 17, 18 15  

17 5.39, dt (15.4, 6.3) 127.2 15, 16, 18, 19 18  

18 2.01, dd (6.3, 6.0) 40.6 16, 17, 19, 20 17, 19  

19 3.37, m 69.9 17, 18, 20, 22 18, 20a/b  

20a 1.33, m 36.6  19  

20b 1.20, m   19  

21a 1.46, m 21.5 19, 20, 22, 23 20b, 21b  

21b 1.20, m  19, 20, 22, 23 21a  

22a 1.29, m 37.4  23  

22b 1.21, m   23  

23 3.33, m 69.6 21, 22, 24, 25 22a/b, 24a/b  

24a 1.30, m 37.2  23  

24b 1.24, m   23  

25a 1.34, m 25.3  24b, 25b  

25b 1.23, m   24a  

26 1.27, m 25.6 28 27  

27 1.49, p (6.9) 29.3 25, 26, 28 26, 28a/b  

28a 3.74, dt (9.6, 6.9) 68.4 26, 27, 1ʹʹ 27, 28b 1ʹʹ 

28b 3.39, dt (9.6, 6.9)  26, 27, 1ʹʹ 27, 28a 1ʹʹ 

1ʹ  Not observed    

2ʹ 4.05, dd (10.0, 5.7) Not observed  3ʹa/b 3ʹa, 4ʹ 

3ʹa 2.18, ddd (15.0, 10.0, 5.0) 35.5 4ʹ, 5ʹ 2ʹ, 3ʹb, 4ʹ 2ʹ, 4ʹ 

3ʹb 1.58, dm (15.0)   2ʹ, 3ʹa, 4ʹ  

4ʹ 4.30, br s 71.1 5ʹ 3ʹa/b, 4ʹ-OH, 5ʹa/b 2ʹ, 3ʹa, 5ʹa/b 

4ʹ-OH 4.93, br s   4ʹ  

5ʹa 3.59, br d (11.7) 53.4 4ʹ 4ʹ, 5ʹb 4ʹ 

5ʹb 3.08, br d (11.7)  4ʹ 4ʹ, 5ʹa 4ʹ 

1ʹʹ 4.32, d (0.7) 100.2 28, 2ʹʹ, 3ʹʹ, 5ʹʹ 2ʹʹ 28a/b, 2ʹʹ, 3ʹʹ, 5ʹʹ 

2ʹʹ 3.60, dd (3.1, 0.7) 70.6 1ʹʹ, 3ʹʹ, 4ʹʹ 1ʹʹ, 3ʹʹ 1ʹʹ 

3ʹʹ 3.23, dd (9.3, 3.1) 73.7 2ʹʹ, 4ʹʹ, 5ʹʹ 2ʹʹ 1ʹʹ, 5ʹʹ 

4ʹʹ 3.27, dd (9.3, 9.0) 67.2 2ʹʹ, 3ʹʹ, 5ʹʹ, 6ʹʹ 5ʹʹ 6ʹʹa/b 

5ʹʹ 2.99, ddd (9.0, 6.4, 2.3) 77.5 1ʹʹ, 3ʹʹ, 4ʹʹ, 6ʹʹ 4ʹʹ, 6ʹʹa/b 1ʹʹ, 3ʹʹ 

6ʹʹa 3.67, dd (11.7, 2.3) 61.4 4ʹʹ, 5ʹʹ 4ʹʹ, 6ʹʹb 4ʹʹ 

6ʹʹb 3.43, dd (11.7, 6.4)  4ʹʹ, 5ʹʹ 4ʹʹ, 6ʹʹa 4ʹʹ 
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Table S8. NMR data (600 MHz) for burnettramic acid A aglycone (3) in DMSO-d6 

 
Pos. H, mult (J in Hz) C HMBC COSY KEY ROESY 

1  Not observed    

2  Not observed    

3  192.8 (br)    

4 3.62, br m 32.8 4-Me, 5, 6 4-Me, 5a/b  

4-Me 1.04, d (6.8) 16.9 3, 4, 5 4  

5a 1.43, m 40.2 4-Me, 6, 6-Me, 7 4  

5b 1.35, m  4-Me, 6, 6-Me, 7 4  

6 1.36, m 30.0 5, 6-Me, 7, 8 6-Me  

6-Me 0.81, d (6.4) 19.4 5, 6, 7 6  

7a 1.26, m 36.11 6, 6-Me, 8, 9   

7b 1.03, m  6, 6-Me, 8, 9   

8a 1.25, m 26.2    

8b 1.16, m     

9 1.14-1.31, m 28.8-29.2    

10 1.14-1.31, m 28.8-29.2    

11 1.21, m 28.5    

12 1.14-1.31, m 28.8-29.2    

13 1.14-1.31, m 28.8-29.2    

14 1.14-1.31, m 28.8-29.2    

15 1.93, dt (6.7, 6.0) 32.0 13/14, 16, 17 14, 16  

16 5.35, dt (15.4, 6.0) 131.5 14, 15, 17, 18 15  

17 5.39, dt (15.4, 6.3) 127.2 15, 16, 18, 19 18  

18 2.01, dd (6.3, 6.0) 40.6 16, 17, 19, 20 17, 19  

19 3.37, m 69.9 17, 18, 20, 21 18, 20a/b  

20a 1.33, m 36.6  19  

20b 1.20, m   19  

21a 1.46, m 21.5 19, 20, 22, 23 20b, 21b  

21b 1.20, m  19, 20, 22, 23 21a  

22a 1.29, m 37.4  23  

22b 1.21, m   23  

23 3.33, m 69.6 21, 22, 24, 25 22a/b, 24a/b  

24a 1.30, m 37.2  23  

24b 1.24, m   23  

25a 1.34, m 25.3  24b, 25b  

25b 1.23, m   24a  

26 1.27, m 25.6 28 27  

27 1.49, m 32.6 25, 26, 28 26, 28  

28 3.35, t (6.6) 60.7 26, 27 27  

1ʹ  194.9 (br)    

2ʹ 4.22, br s Not observed  3ʹa/b 3ʹa 

3ʹa 1.92, m 36.17 4ʹ, 5ʹ 2ʹ, 3ʹb, 4ʹ 2ʹ 

3ʹb 1.59, br t (12.9)   2ʹ, 3ʹa, 4ʹ 4ʹ 

4ʹ 4.47, br t (4.9) 72.1 5ʹ 3ʹa/b, 4ʹ-OH, 5ʹa/b 3ʹb, 5ʹa 

4ʹ-OH 5.24, br s   4ʹ  

5ʹa 3.76, br m 52.5 4ʹ 4ʹ, 5ʹb 4ʹ 

5ʹb 2.96, br d (12.0)  4ʹ 4ʹ, 5ʹa  
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Table S9. NMR data (600 MHz) for burnettramic acid B aglycone (4) in DMSO-d6 

 
Pos. H, mult (J in Hz) C HMBC COSY KEY ROESY 

1  Not observed    

2  Not observed    

3  Not observed    

4 3.66, br m Not observed 4-Me, 5, 6 4-Me, 5a/b  

4-Me 1.05, d (6.5) 16.9 5 4  

5a 1.39, m 40.4 4-Me, 6, 6-Me, 7 4  

5b 1.33, m  4-Me, 6, 6-Me, 7 4  

6 1.33, m 30.2 5, 6-Me, 7, 8 6-Me  

6-Me 0.81, d (6.4) 19.4 5, 6, 7 6  

7a 1.26, m 36.11 6, 6-Me, 8, 9   

7b 1.03, m  6, 6-Me, 8, 9   

8a 1.25, m 26.2    

8b 1.16, m     

9 1.14-1.31, m 28.8-29.2    

10 1.14-1.31, m 28.8-29.2    

11 1.21, m 28.5    

12 1.14-1.31, m 28.8-29.2    

13 1.14-1.31, m 28.8-29.2    

14 1.14-1.31, m 28.8-29.2    

15 1.93, dt (6.7, 6.0) 32.0 13/14, 16, 17 16  

16 5.35, dt (15.4, 6.0) 131.5 14, 15, 17, 18 15  

17 5.39, dt (15.4, 6.3) 127.2 15, 16, 18, 19 18  

18 2.01, dd (6.3, 6.0) 40.6 16, 17, 19, 20 17, 19  

19 3.37, m 69.9 17, 18, 20, 22 18, 20a/b  

20a 1.33, m 36.6  19  

20b 1.20, m   19  

21a 1.46, m 21.5 19, 20, 22, 23 20b, 21b  

21b 1.20, m  19, 20, 22, 23 21a  

22a 1.29, m 37.4  23  

22b 1.21, m   23  

23 3.33, m 69.6 21, 22, 24, 25 22a/b, 24a/b  

24a 1.30, m 37.2  23  

24b 1.24, m   23  

25a 1.34, m 25.3  24b, 25b  

25b 1.23, m   24a  

26 1.27, m 25.6 28 27  

27 1.49, m 32.6 25, 26, 28 26, 28  

28 3.35, t (6.6) 60.7 26, 27 27  

1ʹ  Not observed    

2ʹ 4.05, dd (10.0, 5.7) Not observed  3ʹa/b 3ʹa, 4ʹ 

3ʹa 2.18, ddd (15.0, 10.0, 5.0) 35.5 4ʹ, 5ʹ 2ʹ, 3ʹb, 4ʹ 2ʹ, 4ʹ 

3ʹb 1.58, dm (15.0)   2ʹ, 3ʹa, 4ʹ  

4ʹ 4.30, br s 71.1 5ʹ 3ʹa/b, 4ʹ-OH, 5ʹa/b 2ʹ, 3ʹa, 5ʹa/b 

4ʹ-OH 4.93, br s   4ʹ  

5ʹa 3.59, br d (11.7) 53.4 4ʹ 4ʹ, 5ʹb 4ʹ 

5ʹb 3.08, br d (11.7)  4ʹ 4ʹ, 5ʹa 4ʹ 
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Table S10. Orthologous gene clusters identified in other fungal species. (NCBI accession number. of bua cluster MK425157) 

A. burnettii  

FRR 5400        
BGC Similarity 

(%) 

BGC 

Conservation 

(%) 

bua cluster designation buaB buaC buaD buaE buaF buaG buaA 

(sum(protein 

length * identity) / 

maximum score) 

* 100  

where maximum 

score = sum(100 * 

protein length) 

(number of 

homologs / 7) * 

100 

Protein length (AA) 490 427 455 319 412 503 3987 
Maximum score = 

657000 
 

A. alliaceus  

CBS 536.65        
  

Gene 
jgi.p_Aspalli1 

_77391 

jgi.p_Aspalli1 

_319470 

jgi.p_Aspalli1 

_319471 

jgi.p_Aspalli1 

_274973 

jgi.p_Aspalli1 

_274975 

jgi.p_Aspalli1 

_319472 

jgi.p_Aspalli1 

_310755 
  

Identity (%) 98.98 69.76 82.56 100 97.62 98.81 99.17 96 100 

Similarity (%) 99.39 69.96 83.3 100 97.86 99.01 99.32   

A. mulundensis  

DSM 5745       

 
 

Gene 
DSM5745 

_02080 

DSM5745 

_02081 

DSM5745 

_02082 

DSM5745 

_02084 

DSM5745 

_02085 

DSM5745 

_02086 

DSM5745 

_02088 
  

Identity (%) 74.65 62.92 87.37 70.27 80.33 72.41 79.36 78 100 

Similarity (%) 81.69 65.29 91.43 75.08 85.55 80.84 86.34   

A. versicolor  

CBS 583.65        
  

Gene 
ASPVEDRAFT 

_97195 

ASPVEDRAFT 

_126247 

ASPVEDRAFT 

_50570 

ASPVEDRAFT 

_80633 

ASPVEDRAFT 

_25846 

ASPVEDRAFT 

_80635 

ASPVEDRAFT 

_162657 
  

Identity (%) 62.73 60.16 67.7 70.86 71 72.87 79.84 75 100 

Similarity (%) 70.88 64.10 73.18 76.38 78.31 81.98 86.85   

E. nigrum  

ICMP 19927        
  

Gene B5807_02540 B5807_02539 
   

B5807_02536 B5807_02542   

Identity (%) 39.88 38.89 
   

42.00 48.90 38 57.14 

Similarity (%) 54.31 50.19 
   

57.80 63.45   

P. cf. Hyalina  

BP 5553        
  

Gene BP5553_05151 BP5553_05146 
    

BP5553_05145   

Identity (%) 35.47 40.43 
    

47.57 34 42.86 

Similarity (%) 51.94 52.47 
    

63.99   
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Table S11. Plasmids used in this study. 

 

Plasmid Name Plasmid backbone Description of plasmid 

pYFAC-CL10 pYFAC-pyrG 
Aspergillus nidulans expression vector containing gene 

buaA under the alcA promoter. 

pYFAC-CL11 pYFAC-ribo 
Aspergillus nidulans expression vector containing 

genes buaC under the alcA promoter. 

pYFAC-CL12 pYFAC-ribo 

Aspergillus nidulans expression vector containing 

genes buaC under the alcA promoter and alpE under 

the alcS promoter. 

pYFAC-CL13 pYFAC-ribo 

Aspergillus nidulans expression vector containing 

genes buaC under the alcA promoter, alpE under the 

alcS promoter and alpG under the aldA promoter. 

pYFAC-CL14 pYFAC-pyrO 

Aspergillus nidulans expression vector containing 

genes buaB under the alcA promoter, alpD under the 

alcS promoter and alpF under the aldA promoter. 
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SUPPLEMENTARY FIGURES 
 

 

 
 

 

Figure S1. Phylogenetic analyses of Internal Transcribed Spacer (ITS) regions of Aspergillus 

species in sections Flavi and Nidulantes constructed using a) RAxML-NG v0.6.0 and b) MrBayes 

v3.2.6. A. burnettii clades with section Flavi, with its closest neighbour being A. alliaceus. (A. 

burnettii ITS sequence NCBI accession number. MK429758) 

  



S20 

 

 
Figure S2. 2D NMR correlations for (A) burnettramic acid A (1) and (B) burnettramic acid B (2) 

 

 

 

Figure S3. HPLC trace (280 nm) of reaction mixture following treatment of burnettramic acid A (1) 

with 0.1 M HCl for 2 h at 60 °C. The new peak at 7.17 min corresponds to burnettramic acid B (2). 
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Figure S4. Primer positions used to verify the connection between scaffolds N386/N454 and 

N454/N741, respectively and PCR products of 896 bp linking scaffolds N454/N741 and of 789 bp 

linking scaffolds N741/N386.  
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        1        10        20        30        40        50        60 

        |        |         |         |         |         |         | 

 BuaE   ---------MEVERLDYTDFLNEAPGRQEAFVQHLYAALSRVGFAKITNHPIPESVIL-- 

 AniF   ---------MAITTLDFNQFRSTSADERQKFCADLRETLSVYGFAKIRNTTLSNELID-- 

 HtyE   ---------MAITTLDFNQFRSTSADERQIFCADLCETLSVYGFAKIRNTTLSNELID-- 

 GloF   MDYIKQAESTQLSSLSLSRLEGNNAEESKR----LLEACAQDGFFYLDLRDHKQLLVDYE 

 

 BuaE   QLFAWTKGFFTLPLEHKRKAAHPPQPNPHRGWSCIGQEKLSVIA---QGKAVLD----LK 

 AniF   EVFKYTRSFFALPDDIKAKAKHPKAPNPHRGWSAIGQERVWRISGFEQNKQRTDSYNEFR 

 HtyE   EIFKYTRSFFALPNDIKAKAKHPNAPNPHRGWSAIGQERVWKISGFEQNKERTDSYNEFR 

 GloF   ALLEIIKQYFNEPLDQKMKD--------DRKSDTIGYEPVATSAGVLDG--LPDYYESFK 

 

 BuaE   ESFDMGPGDDELYPNIWTDEGDLPGFRAFMEDFYGRCQSLHLQLLSAIARSM-QLPDSYF 

 AniF   ESFDQGAADDQLFPNKWVDEDDLPGFRAFMEEFYKSCDELHAHLLRAISTGL-KLPDTLL 

 HtyE   ESFDQGAADDQLFPNRWVDEDDLPGFQAFMEGFYKSCDELHAHLLRAISTGL-KLPDTLL 

 GloF   VSWNQLRDHVQELPT--VVETNIEVF----DRFAKYVHSILLMILSRLSQTMGRNNDNRF 

 

 BuaE   APLCSQNSSELRLNHYPAVSRHDLTTGTMRISSHTDFGTITLLFQDSVGGLEVEDQTRPG 

 AniF   PSKHRHNTSELRLVHYPPIPCSALRSN-MRIGEHSDFGTLTLLLQDSVGGLQVEDQRNPG 

 HtyE   PSKHRHNTSELRLLHYPPIPCSALRSN-MRIGEHSDFGTLTLLLQDSVGGLQVEDQRNPR 

 GloF   ESYHRDSIATRTNLTFLKYPKQDTTEHGVGHNKHTDVGTLTFLLSGQRG----LQRLTPE 

 

 BuaE   HYMPVAADDCTDIIVNVGDCLQRWTNDRLRSANHRVTLPRGL---THGMVDDRYSIAYFG 

 AniF   SFIPVEPEDGYEVVINIGDCLQRWTNRRLCSANHRVRLPEGKDVESDEMLDDRYSVAYFG 

 HtyE   SFIPVEPEDGYEVVINIGDCLQRWTNRRLCSANHRVMLPEGKDVDSEEVLDDRYSVAYFG 

 GloF   GWCHVEPRSGF-AVVNVGDSLRFLSDCVLSSVIHRV-LPVGA-----HQTEDRYTLAYFL 

 

 BuaE   KPSRDVSVRTLS--------------ALLRANEEAKYREE--MTAWQYNQSRLLQTY-- 

 AniF   KPDRDVLVDTLP--------------ECVGVGEKVEYGDH--LTALQYNQLKLTRTYG- 

 HtyE   KPDRDVLVDTLP--------------ECVEVGERVEYGDH--LTALQYNQIKLTRTYG- 

 GloF   RPEDDAVFKDINGNLVSARSWHDRKFDHFRASHNQQKNDTILMGGMEENQKFLQYKFQA 

Figure S5. Multiple sequence alignment of proline hydroxylases constructed using MUSCLE. 

BuaE from the bua cluster in the present study; AniF from the echinocandin B BGC in A. nidulans 

NRRL 8112; HtyE in the echinocandin B BGC in Emericella rugulosa NRRL 11440; and GloF 

from the pneumocandin BGC in Glarea lozoyensis ATCC 74030.  
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        1        10        20        30        40        50        60 

        |        |         |         |         |         |         |  

 UcsA   -ALTGASGFLGLELVRQLVRLPEVKTVHALAVRSQSKLA-----QV----SSPKLVIHPG 

Tens   ILLTGATGFLGGQLLERLVQSPRVSTVHCVAVPVDEQSLLEPFLQQQADGTRRKVRCYIG 

 MycA   VILTGATGFIGRELLARLLSSPDVAEVRCIAVRDPSR------LADVVESNPGRVSVHAG 

 Fus1   -ALTGATGFLGVSILKTLLEDKRVSKVHCLAVRSSSN-------TSDPVFSSSRVACYPG 

 CpaS   ILLTGSTSFLGRVLVQVLLQVPEVERVHCIAVEKEQ---------EHVLPTSDKVSLYYG 

 CheS   VVLTGSTGFLGRHLLERLLRTSHIEKVYCVAVRKQPA-------ELPGIFNDPRVEVFPG 

 CcsA   VVLTGATGFLGRAIVNRLLKDCSVQKIHCVAVRRDPS-------SLPDDFKSPKVVLHRG 

 BuaA   VVLTGATGYLGSRIMKALIASEQVSQIHCVAVRGHSAG-----VPRELAHSSDKLILHGG 

 ApdA   ILLTGSTSFLGKNILQSLLHNPLVERVHCVAVPAED---------IPRLPASEKISIYTG 

 ACE1   VLLTGATGFLGRQLMAFLLRQPSVKRIHCLAVRGGAP------PSSAAPFSDPRVSIHAG 

 

UcsA   DLSKPQLGLTDTAATEVFKTSHAVIHNGADVSFLKAYGSVRRTNLESTKDIVKLALQHGN 

Tens   NLAAPALGLTAADQTALSQTADVIVHAGSMGHCLNTYATLSAPNFASTRHLCALALSRSP 

 MycA   DLTSVEETVGEEDEQRLFADAHAVIHCGADVSFLKTYATLRRANVGSTKALARLA--LRH 

 Fus1   DLSLPRLGLSQEQFDQLAKTVERIIHNGADVSFLKTYQSLKRSNVSSSRELARMA--ITR 

 CpaS   SLLDPNLGLSTAEWASLQDRIDVVIHNGSNGHCLNTYNSLKGPNLGSTHRLAEFA--LQS 

 CheS   DLSLAGLGLSDADTERVFSTADAVLHNGADVSFMKTYISLRPTNVAATQQLAALAQRQGR 

 CcsA   DLTLPQLGLTDRAATEIFAEADAVIHNGADVSFMKTYQSLKQANLEATKELVRLS--APH 

 BuaA   HLEDPLLGMSEEEFTFVARETDLVIHSGANRSFWDHYERLRGPNVLSTKTLVDLA--LQN 

 ApdA   SLLTPSLGLTKTEIAVLQSSLDVIIHAGSTGHCLNNYSSLRASNVDSTKFLAAIA--LLC 

 ACE1   DLNAPHLGLGEAVAELLFAQADVIIHNGADVSFLKTYATLRATNVGSTRELARLA--APR 

 

 UcsA   VRHLHYISTAGIATM----------L--GHDLYEESLGAFPP---TSSPEG----YVLSK 

Tens   PIPLAFASSNRVALL----------T-GSTAPPPGSAAAFPP---PPGAQ----GFTASK 

 MycA   GLDFHYVSTAATGRLLLVADPSSSPTARGDVFGEESVAAYPP---PPGWLDH---YVASK 

 Fus1   RIPVHFVSTGGVVQLT-----------GQDGLDEVSVADSVP---PTDGSLG---YVASK 

 CpaS   QIPLHYISSGRVILQS-----------GQTALGPTSVSFHPP---PLDGSDG---LTATK 

 CheS   RIPFHFVSSAAVTQLT-----------PLDEVGEVSVAAYPPAVSSPSSSSSAGGYVAAK 

 CcsA   RLSFHYISSASVTRLA-----------GQESFDQSSVSAFPP---SAED-----GYVASK 

 BuaA   QAPLHFISSGGVHLLC-----------SGEDYAAESLASYLP---PTDGSN---GFIASK 

 ApdA   RIPIHFISSNRVTLLS-----------GSTSLPPASVSSSLP---NTDGSE---GFTASK 

 ACE1   RIPFHFVSSASITQLT-----------GLDEFGEASMAAWAP---PADPRGMSGGYAAAK 

 

 UcsA   WASELYLERASAVTG-----------L-P---VTIHRPTAIVGENAPHLDVMSNILHYSR 

Tens   WASEAFLEKLTASMSDVSKTKTKTTTTVMPWRVSIHRPCALISDRAPNSDALNAILRYST 

 MycA   WASEAFLERAAARLG----------L-----RVWVHRPTSVTGPGAGETDVMSTVMRFAK 

 Fus1   WASEVILEKYASQYN-------L--------PVWIHRPSNITGPNAPKADLMQNIFHYSV 

 CpaS   WASEVFLERLAEHTDI------S---------ISIHRPCTPIGDQAPAQDALNSLLRYSV 

 CheS   WVSERHLEQVAQAHGL-------P--------VTIHRPSSILGNDASDVDLMGNLFRYVE 

 CcsA   WASERYLEKVSDQCGL------P---------IWIHRPSSIVGEGAPDTDMMASLLGYSR 

 BuaA   WASEVYLEKAAQKTSL------P---------VYVHRLT--------------------- 

 ApdA   WASERLLESVANLASGL-----P---------VTIHRPCAVFGEEAPNEDALNALLKYSK 

 ACE1   WASEVLLEKAARAWGL------P---------VVIHRPSSITGEGTNSLDLMGNMFKYIE 

 

 UcsA   QMATVPSM-SA-LEGTFQFVPVEDVAGGI- 

Tens   SMRCVPSLPEHRAEGYLDFGQVDKVVEEMV 

 MycA   KLRAVPV--SSRWRGSLDFVPVETVADGIV  

Fus1   KTASLPDLAS--WSGCFDFVPVDVVAAGIA 

 CpaS   NLGATPRLTR--MEGYLDFQKVEIIAQEIA 

 CheS   RLQAVPESRD--WKGYFDLISVHTVAAAIV 

 CcsA   TLRAIPQTDG--WTGWLDFVSADRVAMQIA 

 BuaA   ------------------------------ 

 ApdA   LTRCVPRFEN--FEGYLDFEDVHRVAATIA 

 ACE1   QLEAVPESDS--WKGNFDFVSVENVAADIV 

 

Figure S6. Sequence alignment of the R domain from fungal PKS-NRPSs utilizing both the DKC 

mode of release (TenS, CpaS, and ApdA) and a predicted reductive release (ACE1, Fus1, CcsA, 

CheS, UcsA and MycA).  
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Note: Sequences were obtained from NCBI and submitted to antiSMASH4 to identify domain 

boundaries.[10] The resultant C-terminal domains were aligned using Geneious. The blue dashed box 

indicates the conserved NADH/NADPH binding domain; the blue solid squares indicate the SDR 

Ser-Tyr-Lys catalytic triad; the yellow square indicates the Tyr -> Phe / Leu mutation which 

abolishes the reductase activities. R represents the abbreviation of reductase. Protein name 

abbreviations: TenS (tenellin synthase), CpaS (cyclopiazonic acid synthase, A. flavus NRRL3357), 

ApdA (aspyridone synthase), Fus1 (fusarin synthase), CcsA (cytochalasin synthase, ACLA_078660, 

CheS (chaetoglobosin synthase, CHGG_01239), MycA (myceliothermophin A synthase, M. 

thermophile ATCC 42462), UcsA (UCS1025A synthase, Myceliophthora thermophila ATCC 

42464). 
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Figure S7. (A) The structures of epicoccamides (top) and pyrrolizidinone alkaloids from fungi 

(pyrrolizidinone core highlighted in red) (B) the proposed PKS-NRPS-derived biosynthetic 

pathway of UCS-1025A.[11] 
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Figure S8. Comparison of the extracted ion chromatogram (EIC) of the metabolite profiles of 

Aspergillus alliaceus and Aspergillus burnetti indicating the presence of burnettramic acid A (1). 

The production of 1 in A. alliaceus is much lower than A. burnetti on Czapek-Dox agar extracted 

after 14 days of growth. 
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Figure S9. Chromatograms of A. nidulans expressing bua genes compared to standards. A) HPLC 

traces at 280 nm. B) Extracted ion chromatograms (EIC) at m/z 608 and 770.   
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Figure S10. Flow chart of the isolation of burnettramic acids from A. burnettii 
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Figure S11. 1H NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid A (1)   
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Figure S12. 13C NMR spectrum (150 MHz, DMSO-d6) of burnettramic acid A (1)  
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Figure S13. 1H-13C HSQC NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid A (1)  
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Figure S14. 1H-13C HMBC NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid A (1)  
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Figure S15. 1H-1H COSY NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid A (1)  
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Figure S16. 1H-1H ROESY NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid A (1)  
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Figure S17. 1H NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid B (2)  
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Figure S18. 13C NMR spectrum (150 MHz, DMSO-d6) of burnettramic acid B (2)  
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Figure S19. 1H-13C HSQC NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid B (2)  
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Figure S20. 1H-13C HMBC NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid B (2)  



S39 

 

 
 

Figure S21. 1H-1H COSY NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid B (2)  
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Figure S22. 1H-1H ROESY NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid B (2)  
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Figure S23. 1H NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid A aglycone (3)  
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Figure S24. 13C NMR spectrum (150 MHz, DMSO-d6) of burnettramic acid A aglycone (3)  
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Figure S25. 1H-13C HSQC NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid A aglycone (3)  
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Figure S26. 1H-13C HMBC NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid A aglycone (3)  
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Figure S27. 1H-1H COSY NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid A aglycone (3)  
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Figure S28. 1H-1H ROESY NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid A aglycone (3)  
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Figure S29. 1H NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid B aglycone (4)  



S48 

 

 
 

Figure S30. 13C NMR spectrum (150 MHz, DMSO-d6) of burnettramic acid B aglycone (4)  



S49 

 

 
 

Figure S31. 1H-13C HSQC NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid B aglycone (4)  
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Figure S32. 1H-13C HMBC NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid B aglycone (4)  
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Figure S33. 1H-1H COSY NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid B aglycone (4)  
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Figure S34. 1H-1H ROESY NMR spectrum (600 MHz, DMSO-d6) of burnettramic acid B aglycone (4)  
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Figure S35. HRESI(–)MS spectrum of burnettramic acid A (1)  
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Figure S36. HRESI(–)MS spectrum of burnettramic acid B (2)  

180504_AP_5402_Neg_1 #47 RT: 0.59 AV: 1 NL: 1.95E7
T: FTMS - p ESI Full ms [150.0000-1800.0000]
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Figure S37. HRESI(–)MS spectrum of burnettramic acid A aglycone (3)  

180504_AP_5399_Neg_1 #47 RT: 0.59 AV: 1 NL: 3.28E7
T: FTMS - p ESI Full ms [150.0000-1800.0000]
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Figure S38. HRESI(–)MS spectrum of burnettramic acid B aglycone (4) 

 

180504_AP_5398_Neg_1 #47 RT: 0.59 AV: 1 NL: 4.67E7
T: FTMS - p ESI Full ms [150.0000-1800.0000]
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Figure S39. UV spectrum (MeCN) of burnettramic acid A (1) 

 

 

 

 
 

Figure S40. UV spectrum (MeCN) of burnettramic acid B (2) 
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Figure S41. UV spectrum (MeCN) of burnettramic acid A aglycone (3) 

 

 

 

 
 

Figure S42. UV spectrum (MeCN) of burnettramic acid B aglycone (4) 
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Figure S43. Fitted dose-response curves for the in vitro bioassays. 
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Chapter 6

Developing bespoke bioinformatics

pipelines for diverse genome mining

applications

Given the highly interdisciplinary nature of our group, I have had the opportunity to develop

bespoke pipelines enabling various bioinformatics analyese in several other projects. In this

small chapter, I briefly outline each of these contributions and their resulting publications (if

applicable).

6.1 The genomic compartmentalisation of fungal plant

pathogens

In the 1940s, farmers in the United States favoured oat varieties with ‘Victoria type’ resistance to

Crown Rust disease, caused by the biotrophic fungal pathogen Puccinia coronata. However, this

led to the outbreak of a new disease, Victoria Blight, caused by the necrotrophic fungal pathogen

Cochliobolus victoriae (Meehan & Murphy, 1946). It was later discovered that the gene conferring

resistance to Crown Rust, Pc2, is linked to another gene, Vb, which confers susceptibility to

Victoria Blight (Wolpert & Lorang, 2016). Vb is targeted by victorin, a host-specific toxin (HST)

produced by C. victoriae. Victorin was assumed to be produced by an NRPS, however, its
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biosynthetic origins had not yet been uncovered. Recently, a PhD student in our group, Simon

Kessler, demonstrated that victorin is actually a ribosomally-synthesized and post-translationally

modified peptide (RiPP), and reported the BGC, vic, encoding its biosynthesis in C. victoriae.

This resulted in the following publication (included in Appendix A.7):

Kessler, S. C., Zhang, X., McDonald, M. C., Gilchrist, C. L. M., Lin, Z., Rightmyer, A.,

Solomon, P. S., Turgeon, B. G., & Chooi, Y.-H. (2020). Victorin, the host-selective cyclic peptide

toxin from the oat pathogen Cochliobolus victoriae, is ribosomally encoded. Proceedings of the

National Academy of Sciences, 117 (39), 24243–24250. https://doi.org/10.1073/pnas.2010573117

The genomes of plant pathogenic fungi contain genes encoding secreted effector proteins, which

act as virulence factors allowing the fungi to infect the host. These are typically found in

dynamic regions of the genome that are rich in repeats and transposable elements (Haas et al.,

2009; Raffaele & Kamoun, 2012). This has led some to propose a ‘two-speed genome’ model,

whereby the genomes of fungal pathogens have a bipartite architecture with gene sparse, repeat

rich regions enabling fast adaptive evolution (Dong et al., 2015). The genes in vic are loosely

clustered over two loci, vic1 and vic2, that are gene sparse and rich in repeats and transposons.

It mirrors regions containing biosynthetic genes for other HSTs in Cochliobolus species, such

as HC-toxin and T-toxin (Ahn et al., 2002; Inderbitzin et al., 2010). This prompted us to

investigate whether the architecture of the C. victoriae genome resembled the two-speed model.

Thus, I contributed some bioinformatics analysis to the work in this regard.

This was done using a two dimensional data binning approach, previously described by Saunders

et al. (2014). The lengths of the flanking intergenic regions (FIRs) of genes within the genome are

roughly log-normally distributed, varying proportionally to the logarithm of the corresponding

gene frequencies. We can therefore visualise genomic compartmentalisation by plotting a heatmap

of logarithmically binned FIR lengths. I adapted this method to Python in order to analyse the C.

victoriae genome (code available from https://github.com/gamcil/C_victoriae_gene_density).

Genomes which fit the two-speed genome model show a very distinct bipartite pattern, which

is typified by the potato pathogen Phytophthora infestans (Figure 6.1a). When analysing the

genome of C. victoriae, however, no such pattern was observed (Figure 6.1b). This is in line

with more recent work in which the two-speed genome model has been challenged (Frantzeskakis
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b)a)

Figure 6.1: Gene density plots of the Phytophthora infestans (a) and Cochliobolus victoriae
(b; as shown in Kessler et al., 2020) genomes. Genes were binned based on the length of their 5’
and 3’ flanking intergenic regions. White dots in (b) represent putative victorin biosynthesis
genes.

et al., 2019; Torres et al., 2020). However, we were able to identify that genes involved in victorin

biosynthesis (represented by white dots in Figure 6.1b) were located in relatively gene-sparse

regions of the genome.

6.2 Analysis of protospacer adjacent motifs in fungal

genomes

As most BGCs are not expressed under standard laboratory growth conditions, we typically

need to perform intensive genetic manipulation involving the cloning of all genes within the

BGC to trigger their expression. However, with a CRISPR-mediated transcriptional activation

(CRISPRa) system, promoter regions of BGC genes can instead be directly targeted with

activation domains in order to upregulate expression of those genes. Moreover, such a system

can be multiplexed, allowing multiple genes to be targeted simultaneously. During my Honours

year, I worked on developing a proof of concept CRISPRa system in filamentous fungi for

this purpose. This work was continued by another member of our group, Dr. Indra Roux,

who recently reported the first working CRISPRa system in filamentous fungi (included in

Appendix A.3). This resulted in the following publication:

Roux, I., Woodcraft, C., Hu, J., Wolters, R., Gilchrist, C. L. M., & Chooi, Y.-H. (2020).
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Number
of genes

5'UTR length (bp)

Figure 6.2: Length of 5’UTR regions of A. nidulans genes in entire genome (blue) and genes
located in BGCs (red). Adapted from Roux et al. (2020).

CRISPR-Mediated Activation of Biosynthetic Gene Clusters for Bioactive Molecule Discovery in

Filamentous Fungi. ACS Synthetic Biology, 9 (7), 1843–1854. https://doi.org/10.1021/acssynbio.

0c00197

I contributed some bioinformatics analysis to this work (code is available as a Jupyter notebook

on GitHub (https://github.com/gamcil/5_UTR_analysis).

CRISPR systems have two components: a guide RNA which recognise a target region, and a

CRISPR-associated endonuclease (e.g. Cas9) which does something to the target region (e.g.

cleavage). The guide RNA contains a short (~20 bp) nucleotide sequence (a spacer) that is

complementary to the sequence being targeted (the protospacer). The protospacer is located

upstream to the transcriptional start site (TSS) of the targeted gene, in the 5’ untranslated

region (5’UTR). In order for the endonuclease to bind the target sequence, the protospacer must

be immediately followed by a short (2-6 bp) nucleotide sequence called a protospacer adjacent

motif (PAM). The broader applicability of CRISPRa systems in fungal genomes is therefore

determined by how frequently these PAM sites appear within the targetable regions of BGC

genes.

CRISPR-mediated activation is stronger when targeting closer upstream of the TSS (Jensen,

2018). However, many genes in fungal genomes do not contain an annotated TSS, making it
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Number
of genes

Number of PAM sites

Figure 6.3: Number of PAM sites identified in targetable window of A. nidulans genes in
entire genome (blue) and genes located in BGCs (red). Adapted from Roux et al. (2020).

difficult to determine where exactly to target the guide RNA. Thus, I first analysed the lengths

of 5’UTRs in A. nidulans genes with an annotated TSS. We found that most genes have a

relatively short 5’UTR, with the majority being less than 100bp, and some extending up to

600bp (Figure 6.2). This analysis guided the design of guide RNAs targeting micA, a NRPS-like

enzyme responsible for biosynthesis of microperfuranone in A. nidulans.

Next, I explored the prevalence of targetable PAM sites corresponding to the endonucleases

currently used in various CRISPR systems (Figure 6.3). These included 5’-NGG-3’, the canonical

PAM of Cas9, as well as 5’-TTTV-3’, the canonical PAM of LbCas12a. Additionally, as LbCas12a

can also recognise the non-canonical PAM, 5’-TTCN-3’, this was also included in the analysis.

LbCas12a is preferable to Cas9 due to its portability across organisms and superior multiplexing

ability. We observed that genes within the A. nidulans genome on average contain 10 LbCas12a

PAMs in their 5’UTRs (more when including the non-canonical PAM). We were thus able to

determine that, while lower than the total number of Cas9 PAMs per gene, there were still

sufficient LbCas12a PAMs for use of the presented CRISPRa system.
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6.3 Building a toolkit for fungal multi-locus phylogenies

In our exploration into the SM diversity of Australian fungi in collaboration with Dr. Ernest

Lacey and Dr. John Pitt at MST and Dr. Andrew Piggott from Macquarie University, we

have been sequencing and characterising novel species of Aspergillus stored in the MST strain

collection. As part of this process, we have contributed taxonomic descriptions of several species

to the Fungal Planet description sheets initiative of the Persoonia journal (relevant excerpts are

included in Appendix A.9). These include descriptions of Aspergillus banksianus, Aspergillus

kumbius, Aspergillus luteorubrus, Aspergillus malvicolor and Aspergillus nanangensis. This has

resulted in the following publication:

Crous, P., Wingfield, M., Chooi, Y.-H., Gilchrist, C., Lacey, E., Pitt, J., Roets, F., Swart,

W., Cano-Lira, J., Valenzuela-Lopez, N., Hubka, V., Shivas, R., Stchigel, A., Holdom, D.,

Jurjević, Ž., Kachalkin, A., Lebel, T., Lock, C., Martín, M., . . . Groenewald, J. (2020). Fungal

Planet description sheets: 1042–1111. Persoonia : Molecular Phylogeny and Evolution of Fungi,

44pmid 33116344, 301–459. https://doi.org/10.3767/persoonia.2020.44.11

These articles consisted of morphological descriptions as well as molecular phylogenetic analysis.

The initial morphological characterisation of each species was performed by Dr. John Pitt,

who placed them into their respective taxonomic sections. I further confirmed these taxonomic

classifications using molecular phylogenetic analysis of closely related species.

The first hurdle we face is in deciding which species to include in the phylogenetic tree. Taxonomic

classifications are constantly changing as new species are reported, known species are reclassified,

and taxonomic sections are created, split or merged. Thus knowing which species to include

relies on a current understanding of fungal taxonomy; it is easy to miss the newest species that

has been classified into the section of interest.

Once organisms have been chosen, the next step is to reconstruct their phylogenetic relationships.

This is done through the comparison of known barcode sequences. Historically, molecular

phylogenies of fungi were built using the internal transcribed spacer (ITS) region, as it is

universally present in fungi and can be amplified from generic primers (Schoch et al., 2012).

However, ITS sequences alone often cannot adequately resolve close species, and so several more

barcodes are now widely used, such as the β-tubulin (BenA) and calmodulin (CaM) genes, and
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DNA-directed RNA polymerase II largest (RPB1) and second largest (RPB2) subunits (Lücking

et al., 2020). These markers frequently appear in fungal taxonomic literature, for instance in the

species descriptions of Aspergillus and Penicillium species (Samson et al., 2014; Visagie et al.,

2014, compiled at https://www.aspergilluspenicillium.org), but there is currently no central

database cataloguing all fungal barcode sequences in an organised way outside of efforts such as

UNITE, which focuses purely on ITS sequences (Nilsson et al., 2019). Researchers therefore

must first track down marker sequences for any of the species they wish to include before any

phylogeny can be built. Additionally, many species do not have a full suite of barcode sequences

deposited in public databases, such that their inclusion can lower the resolution of the final

phylogenetic tree. All of the above issues led me to initially maintain a spreadsheet of species,

their taxonomic classifications to the subgenus and section level and a list of NCBI accessions

for their barcode sequences, such that I could easily retrieve relevant sequences when preparing

a tree for a new species.

Construction of a tree with multiple loci is itself a tedious process. First, sequences for each

marker sequence must be aligned to form multiple sequence alignments (MSAs), which are then

trimmed of non-valuable columns. At this stage there are two main strategies: MSAs can be

concatenated in order to form a supermatrix from which the phylogeny is reconstructed; or the

phylogeny can be estimated from a set of phylogenies built from each individual MSA under the

multi-species coalescent model (Carstens & McVay, 2013; Simmons & Gatesy, 2015). There

are also numerous ways to generate phylogenetic trees, mainly maximum likelihood methods

such as RAxML-NG (Kozlov et al., 2018), and Bayesian inference methods such as MrBayes

(Ronquist et al., 2012). Finally, generated trees must be visualised such that the relationship

between the species can be observed; there is a wealth of different tools and libraries available

for this purpose, for instance the ETE toolkit (Huerta-Cepas et al., 2016). Thus a significant

amount of work is involved in generating even a single multi-locus phylogeny. This is particularly

inconvenient given that we often wish to prototype many combinations of species to include in,

or exclude from, the tree.

This drove me to develop a database-based library, named fungiphy (https://github.com/gamcil/

fungiphy), which is capable of rapidly generating multi-locus phylogenies of fungal species from

a single command. fungiphy scrapes the Aspergillus and Penicillium species description website
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A. nomius CBS 260.88T

A. flavus CBS 569.65T

A. togoensis CBS 205.75T

A. coremiiformis CBS 553.77T

A. burnettiiA. burnettii MST FP2249MST FP2249TT

A. alliaceus CBS 536.65T

A. neoalliaceus CBS 143681T

A. vandermerwei CBS 612.78T
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A. avenaceus CBS 109.46T
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Figure 6.4: Phylogenetic tree of Aspergillus burnettii and closely related species from subgenus
Circumdati section Flavi inferred from combined ITS, BenA, CaM and RPB2 sequences. Tree
was generated using the fungiphy library. Branch support values are maximum likelihood
bootstrap values (left) and posterior probabilities (right); asterisks indicate full branch support;
superscript T denotes ex-type strain. Taken from Gilchrist et al. (2020).

(shown above) for the species name, bibliographic information, type (herbarium) strains, ex-type

strain designations, taxonomic section and NCBI accessions of marker sequences (ITS, BenA,

CaM and RPB2). All information is then inserted into a SQLite3 database. Once the database

has been populated, a user can use either the command line interface or a configuration file in

JSON format to query the database for organisms they wish to include, filtering by name, strain

or section, the phylogenetic marker sequences to use, species names to bold or italicise, or species

to use as an outgroup in the final tree. The queried sequences are extracted and then aligned

using MAFFT (Katoh & Standley, 2013) to generate multiple sequence alignments (MSAs) for

each marker sequence. MSAs are automatically trimmed to the first and last non-gap containing

alignment columns (strictness can be controlled via a user-defined threshold) and concatenated

to generate the supermatrix. Finally, FastTree (Price et al., 2010) is used to quickly construct a

phylogenetic tree from the supermatrix, which is visualised using the ETE toolkit.

fungiphy can load MSAs or trees generated by other tools, provided the names of sequences

within them corresponds to numeric identifiers in the database. This facilitates a workflow

resembling:
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1. Query fungiphy for marker sequences in separate FASTA files

2. Build MSAs of each marker in other alignment tools such as MUSCLE (Edgar, 2004) or

ClustalOmega (Sievers et al., 2011)

3. Load MSAs back into fungiphy for trimming and concatenation

4. Build a phylogenetic tree in tools such as MrBayes (Ronquist et al., 2012) or raxml-ng

(Kozlov et al., 2018)

5. Load tree back into fungiphy for visualisation

Notably, fungiphy can also merge support values from multiple separate trees, which is useful

when wanting to combine multiple trees built using different methods (e.g., maximum likelihood

and Bayesian inference). This is done by overlaying the support values of a secondary tree onto

the primary tree, as determined by the order in which they are given to fungiphy.

I successfully utilised fungiphy in all of the above Fungal Planet description sheets to construct

multi-locus phylogenetic trees for each species that we described. Additionally, I used fungiphy

when creating the phylogenetic tree for Aspergillus burnettii, which I described in Chapter 5

(tree shown in Figure 6.4).

6.4 Detecting RiPP BGCs in fungal genomes

Ribosomally synthesized and post-translationally modified peptides (RiPPs) are a class of

natural products with a diverse array of structural variation and bioactivities, and have been

reviewed extensively elsewhere (Arnison et al., 2013; Montalbán-López et al., 2021). While

RiPPs from bacteria and plants have been known for decades, RiPPs produced by fungi have

only relatively recently been characterised. The first reported fungal RiPPs were the major

toxins of Amanita mushrooms, the amatoxins and phallotoxins, in 2007 (Hallen et al., 2007).

Over the past decade, many more have been discovered, such as the ustiloxins (Umemura et al.,

2013; Umemura et al., 2014), epichloëcyclins (Johnson et al., 2015), asperipin-2a (Nagano et al.,

2016; Ye et al., 2019), phomopsins (Ding et al., 2016) and borosins (Quijano et al., 2019). As

discussed in Section 6.1, the host-specific toxin responsible for causing Victoria Blight in Crown

Rust resistant oats, victorin, is also a RiPP (Kessler et al., 2020). Preliminary research into a
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broader dataset of fungal genomes has revealed many more putative RiPP BGCs, suggesting

that fungi may be rich with these compounds (Nagano et al., 2016; Ding et al., 2016).

The general biosynthesis of RiPP compounds has been reviewed extensively (Arnison et al.,

2013; X. Yang & van der Donk, 2013; Vogt & Künzler, 2019). Typical RiPP BGCs consist of a

short precursor peptides and several post-modification enzymes. Precursor peptides contain a

N-terminal leader peptide, important for recognition by the post-modification enzymes, and a

C-terminal core peptide, which forms the backbone structure of the RiPP. In fungi, precursor

peptides generally include a N-terminal signal peptide sequence which controls the subcellular

localisation of the RiPP (Umemura, 2020). Additionally, core peptides are typically found

as a series of repeats within the precursor peptide, flanked by protease recognition sequences

(Rubin & Ding, 2020). Processing by proteases (e.g. Kex2) releases the core peptide, which can

then be cyclised and modified by post-modification enzymes to produce the RiPP. Another key

characteristic of currently fungal RiPP BGCs is the presence of DUF3328 domain-containing

enzymes, which are now known to be involved in macrocyclisation (Ye et al., 2019). Fungal

RiPP BGCs can therefore be identified by searching for a precursor peptide which contains

i) a signal peptide and ii) core peptide repeat motifs flanked by protease cleavage sites and is

colocalised with enzymes containing the DUF3328 domain.

The gap in knowledge between fungal RiPPs and those in other kingdoms is also reflected in the

landscape of available bioinformatics tools. There are already many established tools for the

detection and classification of RiPP clusters in bacteria, which have been reviewed elsewhere

(Hetrick & van der Donk, 2017; Russell & Truman, 2020; Zhong et al., 2020). Tools such as

RODEO (Tietz et al., 2017) or RiPPMiner (Agrawal et al., 2021) utilise sophisticated machine

learning approaches to identify RiPP BGCs and predict the structures of the products that

they encode. However, having been trained on bacterial datasets, these tools are generally

not applicable to fungal genomes; for example, though Vignolle et al. (2020) were able to

successfully implement RiPPMiner in their analysis of Trichoderma spp., the tool generated

incorrect classifications and structural predictions of the detected RiPP BGCs.

On the other hand, fungal-specific RiPP detection methods are still relatively rudimentary.

Fungi produce unique subclasses of RiPPs, making their discovery computationally independent

to those in other kingdoms (Kloosterman et al., 2021). As of version 5, antiSMASH can
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detect fungal RiPP BGCs based on the presence of key known domains, including DUF3328,

cytochrome P450s and various peptidase domain families; however, RiPP BGCs that do not

contain these enzymes will not be predicted (Blin, Shaw, Steinke, et al., 2019). Function-agnostic

BGC prediction tools such as ClusterFinder (Cimermancic et al., 2014), DeepBGC (Hannigan

et al., 2019) or TOUCAN (Almeida et al., 2020) could potentially be repurposed for fungal RiPP

discovery when the number of characterised fungal RiPP BGCs becomes substantial enough to

train reliable machine learning models. Transcriptomics-based methods such as MIDDAS-M

have also been successful (Umemura et al., 2013; Umemura et al., 2014), as have custom in-house

pipelines based on specific key RiPP features (Umemura, 2020). However, there are currently

no publicly available pipelines designed specifically for the discovery of RiPP BGCs in fungal

genomes.

DUF3328

R H K D E S T N Q C U G P A K R  L M F Y W
S H K D E S T N Q C U G P A K R  L M F Y W
S H K D E S T N Q C U G P A K R  L M F Y W
R H K D E S T N Q C U G P A K R  L M F Y W

Identify RiPP
cluster anchors

Analyse genomic
neighbourhoods

DUF3328 Signal peptide Internal repeat

Query
genomes

GBKGBKGBK

Report clusters

GBKGBKTXT

a)

b)

Figure 6.5: The fRiPPa pipeline (a) and schematic representation of a typical RiPP BGC
prediction (b).

As part of our exploration into the SM diversity of Australian fungi, we wanted to investigate

whether the genomes that we had sequenced contained any RiPP BGCs. To this end, I developed

a Python-based tool called the fungal RiPP assayer (fRiPPa). fRiPPA is freely available under

the MIT license from its GitHub repository (https://github.com/gamcil/frippa). The fRiPPa

pipeline is detailed in Figure 6.5. fRiPPa accepts genome sequences in GenBank format as

input, which are parsed using the BioPython package (Cock et al., 2009). The first step in the
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A. flavus NRRL 3357
BGC0001306
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A. burnettii FRR 5400
SPNV01000328.2:37914-31935

Precursor peptide

DUF3328 oxidase

Transporter

Isoflavone reductase

Identity (%)0 1001kb

Figure 6.6: Comparison of the asperipin-2a BGC in A. flavus NRRL 3557 (MIBiG accession
BGC0001306) to the RiPP BGC in A. burnettii predicted using fRiPPa. Comparison figure was
generated using clinker (Chapter 3).

analysis is the detection of proteins containing DUF3328 functional domains, which catalyse the

cyclisation of fungal RiPPs (Ye et al., 2019). This is done by searching the proteome of the

input genome sequence with the DUF3328 profile hidden Markov model (HMM) from the Pfam

database (Mistry et al., 2021) using hmmsearch from the HMMER software package (Mistry

et al., 2013). Proteins in the genomic neighbourhood (as specified by the user in kilobases)

surrounding DUF3328-containing proteins are extracted, and analysed for the presence of signal

peptides using SignalP 5.0 (Almagro Armenteros et al., 2019). Proteins with signal peptides

found at this stage are then analysed for tandem repeats using RADAR (Heger & Holm, 2000).

RADAR matches with at least three repeats of length 8-40bp are saved. fRiPPa then generates

a summary of search results containing the detected repeat sequences of the precursor peptides,

as well as the presence of other useful sequence features (DUF3328, signal peptide, tandem

repeats) in the surrounding genomic neighbourhood.

Using fRiPPa, I analysed our in-house database of fungal genomes from the MST strain collection.

In keeping with the biosynthetically rich genome of A. burnetii presented in Chapter 5, I was

able to identify two BGCs likely encoding RiPP compounds. One of the BGCs struck a

significant resemblance to the asperipin-2a BGC, apr, in Aspergillus flavus (Nagano et al.,

2016). It consists of four genes encoding the precursor peptide (aprA), an isoflavone reductase

(aprR), a transporter (aprT ) and a DUF3328 oxidase (aprY ). Likewise, the A. burnettii BGC

predicted using fRiPPa contains four genes, ETB97_007532, ETB97_007531, ETB97_007530,

ETB97_12950, which are homologous to aprR, aprT, aprY and aprA, respectively (Figure 6.6).
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The relatively low level of sequence similarity led me to hypothesize that this BGC may encode

a novel RiPP compound. Moreover, the precursor peptide gene of the apr BGC, AprA, contains

the core peptide repeat sequence FYYTGY, in contrast to the FYYQHYP sequence found in the

precursor peptide of the A. burnettii BGC. As a proof of concept, I decided to experimentally

investigate this BGC to identify the compound it would produce.

Figure 6.7: Extracted ion chromatograms (EIC) at m/z 1001-1002 and 1014-1015 showing
heterologous production of A. burnettii RiPP compounds in A. nidulans.

In order to identify the product of this BGC, I took a whole pathway reconstruction approach

as utilised in other work done by our group (H. Li et al., 2018; Hu et al., 2019). Briefly, the

BGC was cloned onto a yeast-fungal hybrid artificial chromosome (YFAC) system derived

from an episomal expression vector described previously (Sato et al., 2015; Chooi et al., 2017).

This allows for yeast transformation-mediated homologous recombination cloning and episomal

expression in A. nidulans. Each gene was placed under the control of an alcohol-inducible

promoter. A genetic dereplication strain of A. nidulans in which the most highly expressed

BGCs have been deleted, LO7890, was used as the heterologous expression host (Chiang et al.,

2016). Finally, transformation cultures were incubated with alcohol in order to induce the

expression of the BGC.

LC-DAD-MS analysis from a post-induction culture showed that the transformed A. nidulans

harbouring the expression vector produced two new compounds (Figure 6.7). Another member

of our lab, Dr. Zhuo Shang, was then able to solve the chemical structures of both compounds

using the core peptide sequences and tandem mass spectrometry (Figure 6.8). Notably, the
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Figure 6.8: High resolution mass spectra of A. burnettii RiPP compounds (top) and validated
chemical structures established by tandem mass spectrometry and gene prediction (bottom).

two structures correspond to two variations of the repeat motif present within the precursor

peptide (FYYQHYP and FYYHDYP). Neither structure have previously been reported in the

literature, indicating that fRiPPa is indeed a useful tool for the discovery of novel RiPPs. The

other BGC identified in A. burnettii is currently being analysed in a similar manner by another

PhD student in our group, Coco Xie. This work forms the basis of another manuscript which is

currently in preparation for future publication.
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Chapter 7

Conclusion and Discussion

7.1 Summary of key contributions

Filamentous fungi are talented producers of bioactive small molecules, known as secondary

metabolites, and are responsible for many of the important therapeutics and agrochemicals

discovered throughout the last century. The biosynthesis of these molecules is encoded in

biosynthetic gene clusters, which we now know far outnumber the number of metabolites

isolated under standard laboratory growth conditions. Exploration of this untapped biosynthetic

potential offers immense opportunity for the discovery of novel SMs and bioactivities, which

could lead to the next antibiotics, drugs or herbicides. As part of an ongoing collaboration with

Dr. Ernest Lacey at Microbial Screening Technologies, and Dr. Andrew Piggott at Macquarie

University, our group have been investigating the SM diversity of Australian fungi. This effort

has included the sequencing and assembly of close to one hundred fungal genomes and extensive

in silico bioinformatics analysis in order to mine fungal genomes for BGCs and link them to

the compounds that they encode. Though many bioinformatics tools have been developed for

fungal genome mining (as outlined in Section 1.1.3), there remain several significant bottlenecks

in the typical genome mining workflows employed by our group.

In this thesis, I have presented three new bioinformatics applications which seek to address

three of the key bottlenecks that I have identified. In Chapter 2, I presented cblaster, a tool for

detecting homologous BGCs across remote sequence databases in order to address the limitations

of previous tools which required the creation of local search databases (Gilchrist et al., 2021).
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