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Abstract
As the antimicrobial resistance crisis becomes evident, there is a strong need to search for novel
antibiotics and design engineered cell factories for improved production of antibiotics. However,
strain engineering for many antibiotics producing microorganisms, such as streptomycetes or other
actinomycetes, remains challenging, as we know little about their global metabolism and
regulation. Fortunately, microbial whole-genome sequence availability has opened new avenues
to understand microbial metabolism through large-scale system biology analysis, for example,
using genome-scale metabolic models. Fully sequenced microbial genomes also prove crucial to
discover novel secondary metabolites with antibiotic properties among other medicinal and
industrial applications. Thus, genome-scale science ushers a new era for antibiotics discovery and
production, demanding integrated computational workflows for genome analysis.

This thesis presents a comprehensive genome analytics workflow for secondary metabolite
producers, integrating many systems biology tools such as comparative genomics, genome mining,
and genome-scale metabolic models (chapter 2.1). This workflow was used for the comprehensive
characterization of the genome and phenome of non-model streptomycetes like Streptomyces
griseofuscus (chapter 2.2) and genome reduced Streptomyces collinus strains (chapter 2.3). The
workflow also investigated the BGC, genome, and phenome potential of the rare actinomycete
Streptoalloteichus sp. NAI 85712 (chapter 2.4). A high-quality genome-scale metabolic model of
E. coli Nissle 1917 was reconstructed, describing detailed biosynthetic pathways of five secondary
metabolites. The presented workflow provides a platform for studying global metabolism and
guiding the future engineering of antibiotics producers.

This thesis further expanded the computational workflows to investigate BGCs and genomes
across larger datasets. A comparative study of three different producers of the antibiotic
pyracrimycin detected a BGC responsible for its biosynthesis (chapter 3.1). Next, a large-scale
study involving the integrated phylogenetic analysis and BGC comparison highlighted the
evolutionary distribution of BGCs and variations among particular BGCs across the Bacillus
VII

subtilis complex group (chapter 3.2). Further, a large-scale BGC comparison provided insights
into the global distribution of diverse BGCs across enterobacteria and detected associated genes
of particular BGC using pangenome analysis.

The findings of this work will guide the future engineering of microbes for the production of
antibiotics and other secondary metabolites. The developed integrated workflows can lead to future
applications of large-scale genome mining and genome analytics in large drug discovery screening
programs across the world.
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Dansk Resume
Det står klart at verden lige nu befinder sig i en antibiotikaresistenskrise, og det er nødvendigt at
identificere nye antibiotika og designe cellefabrikker for at optimere produktionen af eksisterende
antibiotika. Stammeoptimering i mange antibiotikaproducerende produktionsorganismer som for
eksempel Streptomyces og andre Aktinobakterier er langsom og besværlig, da vi kun ved lidt om
deres metabolisme og regulering. De senere år har tilgængeligheden af hel-genomsekventering
åbnet nye veje til at forstå mikrobielle metabolismer gennem stor-skala systembiologianalyse, for
eksempel ved hjælp af genom-skala metabolske modeller. Komplette mikrobielle genomsekvenser
er også afgørende i opdagelsen af nye sekundære metabolitter med antibiotiske egenskaber og
andre stoffer som kan vise sig at være vigtige indenfor medicin eller industrielt. På disse måder er
genomskalastudier en forløber for en ny æra af antibiotikaopdagelse og –produktion, der vil kræve
integrerede computationelle løsninger for helgenomanalyse.

I denne afhandling præsenterer jeg et omfattende genomanalyseworkflow for sekundær metabolitproducerende organismer ved at integrere flere systembiologiværktøjer såsom komparativ genetik,
genome mining og genomskala metabolske modeller (Kapitel 2.1). Dette workflow beskriver den
omfattende karakterisering af genom og fænom i ikke-modelorganismerne Streptomyces
griseofuscus (kapitel 2.2) og også Streptomyces collinus (kapitel 2.3), hvor jeg analyserer
genomreducerede stammer. Herefter har jeg brugt samme workflow til at analysere biosyntetiske
gen-clusters, genomet og fænom-potentialet af den sjældne Actinomycet Streptoalloteichus sp.
NAI 85712 (chapter 2.4). En højkvalitets, genomskala metabolsk model af E. coli Nissle 1917 blev
rekonstrueret, og beskriver i detaljer de biosyntetiske pathways af fem sekundære metabolitter.
Det præsenterede workflow danner en platform for studier af totalmetabolisme og vil bane vejen
for fremtidig stammeoptimering af antibiotikumproducerence industrielle bakteriestammer.

Afhandlingen udvider også brugen af ovennævnte bioinformatiske workflow til at analysere BGCs
og genomer i store datasæt. I et komparativt studie af tre bakteriestammer, der alle producerer
pyracrimycin, identificerede jeg en BGC som findes i alle tre stammer, og som siden er vist at
være ansvarlig for pyracrimycinbiosyntesen (kapitel 3.1). Derefter viser jeg en sammenligning af
fylogeni og BGC-sammensætning i et genomisk datasæt. Dette studie understreger den
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evolutionære distribution af BGCs i Bacillus subtilis artskomplekset (kapitel 3.2). Endelig
undersøger jeg med en stor-skalaBGC analyse den distribution af alle BGC fundet i
enterobakterier, og identificerer ved pangenomanalyse BGC-associerede gener.

Resultaterne af arbejdet som præsenteres i denne afhandling vil bane vej for fremtidig udvikling
og stammeoptimering i produktionen af antibiotika og andre sekundære metabolitter. Det
udviklede workflow er frit tilgængeligt og kan også bruges til genome mining og genomanalyse
som led i at screene for nye lægemidler.
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Thesis aim and structure
This thesis aims to develop and use large-scale genome analysis workflows to understand
secondary metabolism by utilizing large microbial whole genome sequence datasets. This thesis is
organized into four main sections.

In the first section, the microbial secondary metabolites in the genomic era are introduced. The
concepts of metabolic engineering for important secondary metabolite producing actinomycetes
are summarized in a book chapter (manuscript 1). The status and challenges of genome-scale
models of actinomycetes are presented in a review article (manuscript 2).

In the second section, an integrated computational workflow to characterize the genomes of
secondary metabolite producers in presented. The first case study includes the genomic and
phenomic characterization of Streptomyces griseofuscus and its comparison to other common hosts
(manuscript 3). The second case study reports a deep characterization of Streptomyces collinus and
two of its engineered megabase pair deletion-variants (manuscript 4). The third case study includes
the characterization of the genome of the rare actinomycete Streptoalloteicus sp. that produces
Caerulomycin A and various aminoglycoside antibiotics (manuscript 5). The fourth case study
involves high-quality genome-scale reconstruction of Escherichia coli Nissle 1917, a well-known
probiotic strain and one of the few E. coli strains with complex secondary metabolite BGCs
(manuscript 6).

In the third section, the computational workflow is extended to include large-scale analysis of
biosynthetic gene clusters using the availability of a large number of genomes from public
databases. The first study explains the biosynthetic origins of antibiotic pyracrimycin A guided by
genome mining and comparative analysis (manuscript 7). The second study presents a detailed
analysis of BGC diversity across genomes from the Bacillus subtilis complex group to understand
the evolutionary mechanisms of BGCs and their variations (manuscript 8). Lastly, a large-scale
genome mining and pangenome analysis was applied on several enterobacterial genomes to
describe the BGC distribution, variations, and associated genes of particular BGC (manuscript 9).

XV

Finally, the findings of the various chapter of this thesis are discussed and concluded. The attached
Appendix provides supporting information on all the studies.
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1. Introduction
1.1. Microbial secondary metabolites
Microorganisms produce a plethora of natural products with diverse chemical structures. Many of
these compounds are useful for their growth and energy balance, whereas others have diverse
functionalities such as communication, defense, transport, and others. These microbial metabolites
not contributing directly to the essential functions can help microorganisms indirectly by giving
them an advantage when there is a competition of resources. Such metabolites that are not directly
essential for survival are known as ‘secondary metabolites’, as they are not directly involved in
growth related metabolism. Secondary metabolites are sometimes called ‘specialized metabolites,’
as they can display vital roles in communication or defense and play an important ecological role
despite not being directly involved in growth under laboratory conditions. Here, this group of
natural products is called secondary metabolites.

Soil dwelling microbes such as streptomycetes, bacilli, and myxobacteria are among the most wellknown producers of diverse secondary metabolites. In the natural environment, many secondary
metabolites produced by these soil bacteria provide various defense mechanisms, for example, by
killing other microbes in the environment 1. Secondary metabolites also play an important role in
communicating with the environment and other organisms in their environment. There are many
examples of bacterial secondary metabolites that have antibiotic and antifungal activities (Figure
1). In an interesting example, the leafcutter ants successfully recruit various antibiotic-producing
actinobacteria to protect their fungal gardens against fungal pest 2. These actinobacteria produce
secondary metabolites with antifungal activities specific towards the fungal pests but not towards
the farmed fungus. For example, strains of Pseudonocardia and Streptomycetes isolated from the
microbiota of fungus-farming ants produced antifungal compounds like dentigerumycin and
candicidin, respectively 3. Further, secondary metabolites produced by Streptomycetes constitute
a significant source of antibiotics used to treat many infectious diseases in human beings. In other
examples, plant-associated bacteria from the Bacillus subtilis group produce a range of
antimicrobial compounds as protection from plant-pathogens, making them crucial for the
agriculture industry

4,5

. In addition to antibiotics and antifungal properties, various secondary

1

metabolites also display anticancer, immunosuppressive properties making them highly relevant
in medicine (Figure 1).

Figure 1. Examples of bioactive microbial secondary metabolites
Chemical structures of a range of secondary metabolites with various biological activities such as antibiotics
(Erythromycin A, Vancomycin, Tetracycline, Streptomycin), antifungal (Canacidin, Amphotericin A),
anticancer and antitumor (Bleomycin, Daunorubicin), immunosuppressive/ anti-inflammatory (FK506),
insecticide (Spinosad, Avermectin B1a).

The biosynthesis of secondary metabolites involves a great diversity of mechanisms categorizing
them into various groups. Some of the common groups of secondary metabolites are polyketides
(PKs), non-ribosomal peptides (NRPs), hybrid PK-NRPs, ribosomally synthesized and posttranslationally modified peptide (RiPPs), terpenes, aminoglycosides, among others. RiPPs
represent further classified groups such as thiopeptides, lanthipeptides, bacteriocins, lassopeptides,
cyanobactins, bottromycins, microcins, and many others 6. The most widely used software,
antiSMASH v5 7, to mine microbial genomes for secondary metabolites can detect 52 different

2

types of secondary metabolites using a biosynthesis-rule-based logic. Generally, the biosynthesis
of type I PKs, NRPs, and hybrid PK-NRPs involves mega-enzymes with multiple modules that
assemble various precursor monomers into linear oligomer 8. The monomers usually come from
the primary metabolism, such as various acyl-CoA (primarily malonyl-CoA, methylmalonyl-CoA,
or ethylmalonyl-CoA) for PK synthases (PKSs) and proteinogenic or non-proteinogenic amino
acids for NRP synthetases (NRPSs). These monomers are assembled into a final product in an
assembly line biosynthetic logic. For example, the antibiotic kirromycin is biosynthesized by a
hybrid PKS-NRPS enzyme that assembles monomers like acetyl-CoA, malonyl-CoA,
methylmalonyl-CoA, ethylmalonyl-CoA, glycine, and β-alanine 9–13. After the precursor molecule
is released from the mega-enzyme, it is further modified by few tailoring enzymes to form the final
kirromycin antibiotic. The variations in the module organization of these megaenzymes,
assembling diverse building blocks, and various tailoring reactions result in remarkable diversity
in PKS and NRPS products (Figure 1). This naturally occurring diversity and complexity of the
molecules is very difficult to achieve through chemical synthesis.

3

Figure 2: Biosynthesis of the antibiotic kirromycin. The carbon skeleton of kirromycin is biosynthesized
by a huge enzyme assembly line enzyme consisting of the trans-AT PKS KirAI-V (interrupted by one NRPS
module encoded in kirAIII), the cis-AT PKS kirAVI and the final NRPS KirB. Kirromycin is derived from
simple building blocks like acetyl-CoA (loading to KirAI not yet known), malonyl-CoA, which are loaded
onto ACPs of all modules except module 5 of the transAT-PKS by the acyltransferase KirCII, ethylmalonylCoA which is loaded to the ACP of module 5 encoded by kirAII and glycine (inserted by NRPS KirAIII)
respective β-alanine (inserted by KirB). The precursor molecule is then cleaved-off KirB by the
Dieckmann-cyclase KirHI and further modified by various tailoring enzymes leading to the biosynthesis of
the final product, kirromycin.
(Adapted from the book chapter Metabolic engineering of filamentous actinomycetes in the book Metabolic
Engineering: Concepts and Applications (Advanced Biotechnology)’ by Sang Yup Lee (Editor), Jens
Nielsen (Editor) and Gregory Stephanopoulos (Editor). In press. 2021. Copyright Wiley-VCH GmbH.
Reproduced here with permission.)

Interestingly, the genes responsible for the biosynthesis enzymes of secondary metabolites are
usually clustered together in the genome region. Such biosynthetic gene clusters (BGCs) often
include genes coding for tailoring enzymes, regulators, transporters, and additional precursor
biosynthetic enzymes. When the first genome of Streptomyces coelicolor A3(2) was fully
sequenced in 2002, far more BGCs were revealed in its genome than previously realized

14

. As

more genomes from Streptomyces genera were sequenced in the later years, the higher number of
BGCs with uncharacterized secondary metabolites became apparent. Many genome mining tools
were developed over the last years, such as antiSMASH 7, PRISM 15, ClusterFinder 16, ClustScan
17

, SMURF 18, ARTS 19, among many others 20. The central logic of genome mining is based on

the detection of clusters of genes in the genome data. Many genome mining tools identify highly
conserved protein motifs to detect the presence of secondary metabolite related biosynthetic
enzymes. For example, the protein-encoding genes are searched with profile Hidden Markov
Models (pHMMs) based on multiple sequence alignments of experimentally characterized
signature proteins or protein domains of various types of secondary metabolite biosynthetic
enzymes

21

. The antiSMASH is currently the most popular genome mining tool that

comprehensively detects up to 58 different types of BGCs 7. The growing number of genomes are
continuously mined to generate large-scale databases such as the antiSMASH database 22, IMGABC 23, etc. Curated databases like MIBIG include information of characterized BGCs with the

4

associated secondary metabolites

24

. Large-scale BGC comparison analysis by tools based on

sequence similarity, such as ClusterFinder 16, BiG-SCAPE 25, BiG-SLICE 26, detects gene cluster
families (GCFs). The detection of GCFs provides an overview of similar BGCs present across
genomes, for example in the database BiG-FAM 27.

In the 1970s, the golden age of antibiotics discovery using traditional screening methods ended as
it became increasingly difficult to find novel antibiotics that outcompete the existing drugs on the
market. However, over the last decades there is a growing resistance among the highly pathogenic
bacteria against the known antibiotics. As the antimicrobial resistance crisis is on the rise, there is
a pressing need to discover novel antibiotics. Excitingly, the recent progress over the last two
decades promises the second golden age of genomics and data-driven discovery of antibiotics 28–
30

. In addition to discovering antibiotics, it is also crucial to successfully design and engineer the

secondary metabolites producers. Engineering of these secondary metabolites producers usually
requires extensive characterization of them for optimizing the antibiotics production

31,32

.

Recently, CRISPR based tools are frequently applied to engineer secondary metabolites producers
33–35

. As strain engineering becomes increasingly popular, the need to characterize their global

metabolism using systems biology tools is more evident.

The availability of a complete repertoire of genes in a particular organism has led to many
bioinformatics and systems biology tools. For example, genome-scale metabolic models (GEMs)
provide a global metabolic overview and have useful metabolic engineering applications, among
others

36

. The progress in genome-scale sciences is significantly advancing our exploration of

microbial potential. Thus, it is of paramount interest to develop sophisticated workflows to
characterize the secondary metabolite producers' genomic potential.
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1.2. Metabolic engineering of filamentous actinomycetes
The industrial-scale production of secondary metabolites in native or heterologous hosts is very
challenging and usually requires engineering of the metabolism and regulation of the biosynthetic
pathways. Filamentous actinomycetes are one the most important sources of secondary metabolites
used as antibiotics and other drugs, for example, tetracyclines, erythromycin, rapamycin,
avermectin. This chapter includes a comprehensive book chapter of the book Metabolic
Engineering: Concepts and Applications in the series Advanced Biotechnology by Sang Yup Lee
(Editor), Jens Nielsen (Editor), and Gregory Stephanopoulos (Editor) (in the press, 2021,
Copyright Wiley-VCH GmbH). This book chapter summarizes the state-of-the-art techniques used
to screen for novel producer strains, mine their genomes for the biosynthetic gene clusters, and
introduce metabolic engineering strategies and tools for actinomycetes. The genomic and other
omics driven technologies are playing an important role in metabolic engineering of actinomycetes
for improved production of secondary metabolites. I have contributed to section 6, titled ‘Systems
Metabolic Engineering of filamentous actinomycete’ and gathering data for Figure 1 describing
key events of Streptomyces metabolic engineering and systems biology.

Copyright and credits:
“We hereby grant permission for the requested use expected that due credit is given to the original
source. The text may be used as part of the thesis, but not separately.” This statement was received
from Bettina Loycke, Senior Rights Manager, Rights & Licenses, Wiley-VCH GmbH, on 14
January 2021.
Book chapter titled ‘Metabolic engineering of filamentous actinomycetes’ by authors Charlotte
Beck., Kai Blin, Tetiana Gren, Xinglin Jiang, Omkar S. Mohite, Emilia Palazzotto, Yaojun Tong,
Pep Charusanti, and Tilmann Weber in the book titled ‘Metabolic Engineering: Concepts and
Applications (Advanced Biotechnology)’ by Sang Yup Lee (Editor), Jens Nielsen (Editor) and
Gregory Stephanopoulos (Editor). In press. 2021. Copyright Wiley-VCH GmbH. Reproduced here
with permission.
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Abstract
Filamentous actinomycetes, such as bacteria of the genus Streptomyces, are among the most
important producers of microbial secondary / specialized metabolites and the source of many
clinically used antibiotics and other drugs. Here, we summarize state-of-the-art techniques used to
screen for novel producer strains, mine their genomes for the biosynthetic gene clusters encoding
the biosynthesis of these natural products, and introduce metabolic engineering strategies and tools
successfully used for this group of bacteria. These include technologies to clone and
heterologously express natural product biosynthetic gene clusters, CRISPR-based strategies to
directly engineer the actinomycetes, synthetic biology inspired engineering of natural products
biosynthesis, and finally systems metabolic engineering to improve the production of selected
natural products.

1. Definition, subject and importance
Bacteria of the order Actinomycetales, and especially members of the Streptomyces genus, are
prolific producers of bioactive natural products, also referred to as “secondary metabolites” or
“specialized metabolites”. A remarkable number of these compounds have been developed into a
broad range of human medicines, for example as antibiotics (e.g. erythromycin, tetracycline),
antifungals (e.g. nystatin), anthelmintics (e.g. ivermectin), anticancer (e.g. bleomycin,
doxorubicin), cholesterol-lowering agents (e.g. lovastatin), and immunosuppressants (e.g.
tacrolimus, rapamycin), or are used in agriculture, for example, as insecticides (e.g. spinosyn). The
majority of these molecules were discovered between the early 1940s and late 1960s, after which
the rate of discovery tailed off due in large part to the increasingly frequent rediscovery of known
molecules. This development was one reason why many pharmaceutical companies abandoned
natural products screening as a means to discover new drug leads. Over the past two decades,
however, a number of new developments in molecular biology, metabolic engineering, chemical
analytics and DNA sequencing have led to renewed interest in novel bioactive natural products
from actinomycetes (Figure 1). Here we review the key developments and provide perspective on
what the future might hold for the field.
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Figure 1: Key events of Streptomyces metabolic engineering and systems biology development.
References to important studies: - A [1], C [2], D [3–6], E [7], F [8], G [9], H [10–12] , I [13–15], J [16,
17], K [18–20], L [21], M [22], N [23–25], P [26–28].

2. Recently developed tools and strategies to find novel bioactive natural
products
The discovery of penicillin in 1928 by Alexander Fleming ignited the idea that microbes (both
bacteria and fungi) might produce an immense number of bioactive compounds that could be
developed into medical and other commercial uses. A number of academic and industrial research
groups pursued this idea by isolating and screening large collections of microbes, primarily
isolated from soils collected worldwide. The general process by which bioactive microbial
metabolites are isolated has largely remained the same over the years: fermentation in one or more
liquid media; extraction with organic solvents; chromatography to fractionate the crude extract;
and bioassay-guided isolation of the molecule of interest. The primary change has been a shift
toward the use of smaller volumes for fermentation. In particular, the use of microtiter plates
allows a much higher screening throughput than that afforded by the use of much larger shake
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flask cultures. The recent past, however, has brought several promising tools and strategies that
have the potential to facilitate isolation of new natural products more easily.

One such tool is the iChip [29]. The iChip is a small, multi-channel device in which each channel
is inoculated in such a way as to contain only one microbe. The channels are enclosed within two
semi-permeable membranes. Once inoculated, the device is then placed into any natural
environment (such as soil) so that the bacteria within each channel can exploit nutrients and other
growth factors within the environment for growth. In this way, the iChip permits cultivation of a
much broader range of microbes, not just those that grow using standard laboratory growth media.
In a demonstration of the technology, the iChip led to isolation of a new species of Eleftheria,
which subsequently led to discovery of the new antibiotic teixobactin [29].

Another potential tool is microfluidics. Microfluidic droplets in theory could allow one to screen
larger numbers of microbes and in less time when compared to other methods. In one example of
its potential, an ultra-high throughput microfluidic droplet platform was developed to profile
microbial communities and applied to the oral microbiome from a Siberian bear [30]. The reporter
was a genetically modified strain of Staphylococcus aureus that expressed a fluorescent protein.
FACS sorting, sequencing, and bioinformatics analysis led to the identification of a Bacillus strain
producing the known antibiotic amicoumacin A. In another example, a microfluidic chip was
integrated with fluorescence and MS detectors to detect the presence of streptomycin from
Streptomyces griseus [31].

Sequencing-based approaches offer another promising strategy to discover novel microbial
secondary metabolites. Culturable microbes are first sequenced, after which various bioinformatic
programs are used to identify secondary metabolic gene clusters from the data. Metagenomic
samples are processed in a similar manner except that the DNA must initially be extracted and
cloned into a host strain to create a library prior to sequencing. Clusters of interest (see section 3)
are then expressed either within the native or heterologous host. This general strategy has led to
discovery of several new molecules, for example metatricycloene [32], malacidins [33],
turbomycins A and B [34], and terragines A-E [35].
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In the future, we expect the continued development of nanopore sequencing technology to have a
major impact on sequence-based discovery methods. Nanopore sequencing promises much longer
read lengths for much lower cost when compared to current technologies (see section 3). The
ability to sequence long reads is important since many secondary metabolic gene clusters are
several kilobases in length, with some exceeding 100 kilobases. When combined with short read
sequence data, for example from Illumina technology, the resulting data should result in many
more accurate, high quality whole genome sequences of producing bacteria and their secondary
metabolic gene clusters than what is currently available. In turn, the sequence data should facilitate
more cloning and heterologous expression, although expressing the cluster and detecting the
compound will remain significant challenges. As more and more genome sequences become
available, possibly along with sample-matched RNA-seq and metabolomics data as well [36], one
can imagine bringing computational tools such as machine learning to bear on the data and driving
further insight into cluster expression and secondary metabolite discovery.

3. Natural product biosynthetic pathways
The chemical diversity of these bioactive natural products is immense and also reflected in the
complexity of the biosynthetic pathways involved in their biosynthesis. However, despite the high
number of different known and predicted natural products, their biosynthesis often is based on
highly conserved biochemistry, which is also reflected in the enzymes encoded by the pathways.
In actinomycetes and also other bacteria and many fungi, all enzymes required for the biosynthesis
of a specific compound are encoded in so-called secondary metabolite biosynthetic gene clusters
(BGCs). These BGCs usually contain all the genes coding for enzymes, specific regulators,
transporters and often resistance determinants located side-by-side on the genome.
For most of the known natural products, their biosynthesis can be divided into three distinct steps.
In the first step, the producers need to provide simple precursors for their molecules. These often
are key primary metabolites such as glucose, proteinogenic amino acids or malonyl-CoA. In cases
where “special” precursors are required as building blocks, for example non-proteinogenic amino
acids, the enzymes required for their biosynthesis usually are part of the BGCs. In a second step,
these simple building-blocks are connected by specialized enzymes. In the case of natural products
like erythromycin, an antibiotic synthesized by the actinomycete Saccharopolyspora erythraea
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and many chemically related molecules, the assembly of the erythromycin skeleton is catalyzed
by huge multi-modular polyketide synthase (PKS) complexes that connect (methyl)malonyl-CoA
extender units into the polyketide precursor by biochemical reactions that closely resemble fatty
acid biosynthesis. Conceptually similar enzymes, non-ribosomal peptide synthetases (NRPS),
catalyze the non-ribosomal biosynthesis of peptides like vancomycin, a last resort antibiotic
produced by Amycolatopsis orientalis. Also for many other classes of natural products, such “core”
enzymes have been identified and characterized. In the third and final step, often the precursors
are further modified by a huge variety of chemical reactions, including oxidations, reductions,
halogenations, methylations, intra-molecular ring formations, multimerization and many more. An
example of such a complex biosynthetic pathway is kirromycin biosynthesis (Figure 2) [37].
Kirromycin is a potent inhibitor of elongation factor TU leading to an arrest of ribosomes and a
block of translation. The precursors for kirromycin biosynthesis are all derived from primary
metabolism: acetyl-CoA, (methyl)malonyl-CoA, glycine, ethylmalonyl-CoA and β-alanine. The
latter two are primary metabolites, but the kirromycin BGC codes for an additional copy of isoenzymes catalyzing the final steps in their biosynthesis: The gene kirD codes for an aspartate-1decarboxylase that generates β-alanine directly from aspartate [38]; kirN codes for a crotonyl-CoA
reductase/carboxylase that synthesizes the building block ethylmalonyl-CoA from crotonyl-CoA
and CO2. These building blocks are interconnected by a huge enzyme complex comprising of
trans-AT type I PKS, cis-AT type I PKS and NRPS [39]. Finally, the kirromycin precursor
molecule is cleaved-off the PKS/NRPS complex and modified by hydroxylations and a
methylation yielding the bioactive kirromycin [40] (Figure 2).
Although the biosynthesis of many natural products often includes a high number of tightly
controlled enzymatic steps, the organization of the genes coding for these enzymes in gene clusters
and their involvement in either precursor biosynthesis, scaffold assembly or tailoring of the
precursor molecules enables a wide variety of metabolic engineering and synthetic biology
approaches to optimize yields, introduce chemical modifications into the target molecules and in
a future perspective even rationally design pathways.
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Figure 2: Biosynthesis of the antibiotic kirromycin. The carbon skeleton of kirromycin is biosynthesized
by a huge enzyme assembly line enzyme consisting of the trans-AT PKS KirAI-V (interrupted by one NRPS
module encoded in kirAIII), the cis-AT PKS kirAVI and the final NRPS KirB. Kirromycin is derived from
simple building blocks like acetyl-CoA (loading to KirAI not yet known), malonyl-CoA, which are loaded
onto ACPs of all modules except module 5 of the transAT-PKS by the acyltransferase KirCII, ethylmalonylCoA which is loaded to the ACP of module 5encoded by kirAII and glycine (inserted by NRPS KirAIII)
respective β-alanine (inserted by KirB). The precursor molecule is then cleaved-off KirB by the
Dieckmann-cyclase KirHI and further modified by various tailoring enzymes leading to the biosynthesis of
the final product, kirromycin.

4. Genome Mining for biosynthetic gene clusters
The genome for the model actinomycete Streptomyces coelicolor was sequenced in 2002 [16], and
the sequence information revealed that the genome contained far more secondary metabolite
biosynthetic gene clusters (BGCs) than was previously suspected. At that point, BGCs encoding
four secondary metabolites had been identified, the blue polyketide actinorhodin, the red
oligopyrrole prodigiosin, the Ca-dependent cyclic lipopeptide CDA, and a gray spore pigment, but
the sequence data revealed the presence of another 18 BGCs encoding molecules with unknown
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structure and function. Similar observations were made after sequencing Streptomyces avermitilis
in 2003 [41], and Streptomyces griseus in 2008 [42]. In 2010, it was estimated that, based on the
knowledge gap between known and predicted compounds in sequenced strains, about 90% of the
biosynthetic production potential was still untapped [43]. This observation led to greatly renewed
interest in screening actinomycetes and mining their genomes for novel natural products.

4.1 Current software for secondary metabolite genome mining
The Secondary Metabolite Bioinformatics Portal [44], a manually curated collection of secondary
metabolite-related bioinformatics tools, currently lists 25 genome mining tools. These range from
tools dedicated to a few specific secondary metabolites such as SMURF (fungal NRPS and PKS
clusters, [45]) and BAGEL (RiPPs, [46]), more comprehensive pipelines like antiSMASH [24]
and ARTS [47], and cluster comparison and visualisation tools like BiG-SCAPE [25]. Of these
tools, antiSMASH (Figure 3) currently is the most popular, and a good starting point when genome
mining for secondary metabolites.

Figure 3: Genome Mining for secondary metabolite biosynthetic pathways. A: Schematic workflow of
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a typical antiSMASH (bacteria) or fungiSMASH (fungi) genome mining run. In a first step, the “Cluster
detection” stage, potential secondary metabolite BGCs are identified using a set of manually curated “rules”
that describe the individual types of biosynthetic pathways. Currently antiSMASH has rules for 59 different
types of BGCs. In the second “Analysis” stage, these BGCs then are subjected to various analyses, including
function prediction for the genes, detection of enzymatic domains for PKS and NRPS, predictions of
specific BGC features and comparative methods that can identify if similar BGCs have been described in
BGC databases [48] or the manually curated MIBiG repository [49]. B: Screenshot of a typical antiSMASH
result. The example shown is the CDA BGC of S. coelicolor A3(2) (NCBI RefSeq-ID: NC_003888). C:
Summarized feature overview of antiSMASH 5 [24].

4.2 How genome mining works
The core logic of genome mining tools is based on the ability to detect clusters in genome data.
Most tools use protein motifs to detect the presence of bioactive enzymes related to secondary
metabolites. After detection, a ruleset of which enzymes are required to form a metabolic pathway
of a specific type drives the prediction of biosynthetic gene clusters.

When a biosynthesis pathway has been well-characterized, genome mining tools will often also
use the biochemical data to predict additional details about the produced metabolites. In the multimodular biosynthesis non-ribosomal peptides, for example, the components that make up the final
product can be predicted from the activity of the individual modules of the synthase. The presence
or absence of enzymes performing tailoring reactions can be detected and used to derive further
information about the final metabolite. For a more in-depth explanation of genome mining, we
recommend several recent reviews on the topic [50, 51].

4.3 Caveats
Genome mining tools have two major limitations: they require the genome sequence to be
reasonable quality and that core steps of the biosynthesis of a compound are understood. When
provided with a low quality draft genome assembly that splits the BGC over multiple contigs, any
rules that rely on gene adjacency will fail to detect that cluster. When indel errors break reading
frames, important enzymes might not be identified by gene finding tools. As a result, genome
mining tools will not be able to identify the full cluster.
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If the biosynthetic pathway leading to a compound of interest has not been described previously,
rule-based genome mining tools will not be able to find it. A number of machine-learning
approaches were proposed to side-step the problem [52, 53], but these methods are also tied to
already known clusters as the training datasets only cover clusters covered by the rule-based
approaches. Tools like antiSMASH also offer “loose rules” that can identify some proteins
frequently found in a BGC context, but again this approach is limited. Moreover, both the machine
learning and loose rules approaches produce many false positive predictions [54].

5. Engineering secondary metabolite biosynthesis
Due to their immense potential to produce bioactive natural products, most metabolic engineering
work on filamentous actinomycetes focuses on the identification of novel compounds or the
production optimization of specific target molecules. Cloning and heterologous expression of
BGCs is a widely used approach (sections 4.1 and 4.2) as many actinomycetes, especially outside
the Streptomyces genus, are difficult or even impossible to genetically manipulate. Nevertheless,
methods have emerged in recent years that allow direct engineering of many actinomycete species
more easily (section 4.3) and pave the way to synthetic biology-inspired approaches to (re)design
the complex secondary metabolite BGCs (section 4.4).

5.1. Selection of host strains for heterologous expression
There are several traits that normally make a particular actinobacterial strain attractive for use as
a heterologous host, namely a) the possibility to readily transform the strain via intergeneric
conjugation, electroporation or protoplast transformation; b) deficiency of native restriction
systems that might modify or destroy foreign DNA fragments; c) fast and disperse growth in
common growth media; d) small genome size; e) production of the target compounds at levels that
can be readily detected; f) availability of efficient genetic engineering tools for the particular strain.
Hosts that possess all or most of these traits can be further improved through genome minimization
and knockouts of indigenous BGCs. This leads to a cleaner background during chemical
extraction, simplifying detection of the target compound. Initially, this strategy was implemented
in large-deletion mutants of S. avermitilis [55] and strains of S. coelicolor M145, where the BGCs
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encoding actinorhodin, prodiginine, CPK and CDA were deleted [56], which have been previously
described to be beneficial to secondary metabolite production. More recent examples for such
chassis strains are the genome minimized hosts S. albus Del14 [57] and S. chattanoogensis L321
[58]. The former strain, S. albus, is a good example of strain development that reaches beyond the
means of genome minimization. For example, Kallifidas et al., rationally engineered S. albus by
modifying genes affecting NADPH availability, precursor flux, cell growth and biosynthetic gene
transcriptional activation [59]. Other Streptomyces species that have been used as hosts for
secondary metabolite production include S. ambofaciens, S. fradiae, S. roseosporus, and
Saccharopolyspora erythraea [60]. Many of these strains were developed by industry using
classical mutagenesis techniques to boost production of one particular industrially relevant
compound.

Beyond streptomycetes, several other organisms have been used as platforms to produce secondary
metabolites. This list includes E. coli, which was used to express the erythromycin gene cluster
[61, 62], multiple ribosomally synthesized and post-translationally modified peptide (RIPP)
clusters [63] and siderophores [64]; Pseudomonas putida [65]; and even eukaryotic organisms
such as S. cerevisiae and unicellular algae [66–68]. Non-actinomycetal strains, however, have
several notable disadvantages as secondary metabolite production hosts. Among several factors,
there is a mismatch between the GC content of actinomycete BGCs and the genome of nonactinomycetal hosts, and non-actinomycetes do not always contain the full machinery needed for
secondary metabolite biosynthesis, for example a sufficient supply of necessary precursors. Use
of non-actinomycete hosts would therefore necessitate first engineering these systems into the host.

It is important to note, however, that heterologous expression has significant limitations as well. It
has been estimated that the success rate for heterologous expression is around 10% for nonStreptomyces BGCs and 30% for Streptomyces-originating BGCs [69]. The molecular reason for
this is still poorly understood, but likely is influenced by multiple factors including incompatible
regulatory systems, lack of triggering signals or their receptors, availability of precursor molecules
or high toxicity. In the future, we expect that data derived from expression studies employing
multiple expression hosts and large-scale -omics data obtained from these experiments may shed
light into this obstacle.
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5.2 Cloning of BGCs for heterologous expression
Heterologous expression of BGCs can be generally defined as cloning, transfer and expression of
the putative BGC to a new or a set of new host strains that possesses traits superior to the native
host. There are several advantages to heterologous expression versus working with the native host.
First, heterologous expression can be used to detect compounds not produced at all or produced at
low levels by the native host, especially if the native host is difficult to genetically manipulate.
Many “rare” actinomycetes, for example Actinomadura spp., Actinoplanes spp., Nonomuraea
spp., and others, have been relatively poorly explored in comparison to streptomycetes. In such
strains, even basic methods like gene transfer protocols need to be adapted or newly developed
[70]. As an alternative approach, heterologous expression is frequently deployed to resolve this
issue [71, 72]. Heterologous expression becomes necessary when the native host is not even known
or cannot be cultured, for example when BGCs are obtained through metagenomic samples [73,
74]. Second, heterologous expression has been used to improve production of compounds in cases
where the amount produced by the native host is too low to be detected in laboratory conditions
[57, 75, 76]. Third, heterologous expression helps to confirm that a particular genetic region
contains all genes necessary for the biosynthesis of a particular compound and/or to perform
multiple gene knockouts in order to decipher the biosynthetic pathway of this compound [72, 76]
Fourth, heterologous expression is often used to detect the products of combinatorial biosynthesis,
a technique whereby domains and modules from different secondary metabolite BGCs are
combined to produced a novel compound [66, 77].

Prior to heterologous expression, however, the cluster of interest must first be cloned. Small BGCs
can be directly amplified by PCR [78], but most gene clusters are larger than 20 kb. Moreover, the
GC content of actinobacterial DNA is normally about 65-75%, which often causes problems when
trying to obtain error-free long-range PCR products. Traditionally, large gene clusters are cloned
by library construction. The genomic or environmental DNA of interest is broken down into
random pieces within a certain size range and cloned into E. coli to be stored as a genomic library.
Cosmid/fosmid library vectors are capable of carrying fragments up to 45kb, and BAC vectors can
take fragments up to 200 kb. Specialized E.coli-Streptomyces shuttle vectors, for example pESAC
[79], have been developed for library construction. Next, the E. coli colonies carrying the desired
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gene cluster can be screened out using in situ colony hybridization [80–83] or colony PCR [84].
As the DNA is randomly fragmented, large clusters might be split into different library colonies
and therefore need to be reassembled by restriction–ligation or homologous recombination [85–
87]. Even though library construction and screening are time-consuming and the cloned fragments
do not have well-defined starting and ending points [85], this approach has the advantages that
multiple clusters can be obtained from one library. Library construction is also the first choice
when working with environmental and metagenomic DNA samples [88].

There are three cloning methods in wide use that do not require PCR amplification or library
construction. In transformation-associated recombination (TAR) [89] and linear plus linear
homologous recombination (LLHR) [90], fragmented genomic DNA together with linearized
plasmid vector with arms homologous to the ends of the target cluster are co-transferred into S.
cerevisiae or Red/ET recombinase expressing E. coli. The target cluster and the vector are
assembled into replicable circular plasmids by homologous recombination.The efficiency of
LLHR can be further improved by including a preassembly step before the cotransformation [91].
TAR can be further improved by cutting the target cluster from the rest of the genomic DNA by
RNA-guided Cas9 nuclease [92]. In Cas9-Assisted Targeting of CHromosome segments
(CATCH), genomic DNA is prepared within an agarose gel. The target cluster is then excised from
the genome DNA by RNA-guided Cas9, recovered from the gel, assembled with a cloning vector
(e.g. by Gibson cloning) and transferred into E. coli [93]. All three methods are capable of cloning
gene cluster above 100 kb. Once a cluster is inside yeast or E. coli, further editing of the gene
cluster can be done by standard recombination techniques [90].

Another cloning strategy is to assemble the gene cluster from smaller fragments. Techniques such
as Gibson assembly [94], ligation-independent cloning (SLIC) [95], DNA assembler [96], USER
fusion [97], ligase cycling reaction (LCR) [98] and successive hybridization assembling (SHA)
[99] can assemble multiple DNA fragments in one step and do not introduce scars. This approach
is favored over direct cloning methods when a cluster needs to be refactored. The DNA fragments
of genes and other DNA elements can be viewed as independent modules that can be rearranged
and refactored as desired [100].
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In the future, it might become possible to reduce the amount of cloning and instead synthesize
either large parts of or the entire cluster. The price of DNA synthesis continues to drop and DNA
synthesis technology, especially for longer fragments, is expected to improve. At the moment,
however, DNA synthesis technology is still too expensive and not mature enough for widespread
use to clone BGCs [101].

5.3 Genome editing of actinomycetes
While cloning and heterologous expression is one method to access the compound produced by a
cluster of interest, another strategy is to engineer the native producer, which requires robust
transformation and genetic manipulation protocols. While the first transformation and mutagenesis
protocols for the model actinomycete S. coelicolor A3(2) were described in the 1970s [3], the
generation of mutations remained a laborious, slow and relatively inefficient process. The
implementation of PCR-targeting protocols that first generate the desired mutations in cosmids in
E. coli, followed by use of the mutated cosmids as homologous recombination targets proved to
be a major progress [21]. However, this method required a complete genome sequence and a fully
characterized and mapped cosmid library, which is a drawback of this method [50].

A major increase in the editing efficiency was achieved through implementation of CRISPR-based
genome editing techniques in actinomycetes. CRISPR-Cas (Clustered Regularly Interspaced Short
Palindromic Repeats-CRISPR-associated) systems originated from the bacterial adaptive immune
systems for phage defense. By re-programming the Cas proteins, such as Cas9 and Cas12a (Cpf1)
to target the genomes in a select organism with a single guide RNA (sgRNA), the proteins are able
to edit the target DNA. The classic CRISPR-Cas9/Cas12a-based genome editing methods involve
two steps: introducing a Cas9/Cas12a-mediated DNA double-strand break (DSB), and then
achieving the desired genome edit during repair of the DSB through homologous recombination,
incomplete non-homologous end joining (NHEJ), or reconstituted NHEJ [26, 27, 102, 103]. Such
systems have been successfully adapted to edit the genomes of organisms from bacteria to humans
[104, 105].

5.3.1 CRISPR genome editing applications for metabolic engineering of actinomycetes
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In recent years, several DSB-based CRISPR-Cas systems have been established for filamentous
actinomycetes (Table 1) [106, 107]. Many of the reported applications of the various CRISPRCas systems in actinomycetes are more proof-of-concept demonstrations than large-scale
metabolic engineering applications. However, several studies have already used these genome
editing techniques to optimize production of a target compound. For example, pristinamycin is a
streptogramin antibiotic composed of pristinamycin I (PI) and pristinamycin II (PII). The titer of
pristinamycin in the wild-type producer S. pristinaespiralis HCCB10218 is very low, especially
the PI component. The BGC encoding these two components is 210 kb in length, making cloning
and heterologous expression very challenging.

Table 1. A brief summary of the major CRISPR-mediated gene manipulation systems for filamentous
actinomycetes (up to Oct. 2019).

Name

DSB
Potential
requir application
ement

pCRISPR-Cas9

Yes

Editing
template
requirement

Random
sized No
deletion library
precise deletion
precise insertion
Yes

Addgene no.

Ref.

125686

[27]

Yes
pCRISPR-Cas9-

Yes

indel introduction

No

125688

[27]

Yes

precise deletion
precise insertion

Yes

61737

[26]

62552

[102]

Not available

[103]

ScaligD
pCRISPomyces-2

Yes
pKCcas9dO

Yes

precise deletion
precise insertion

Yes
Yes

pWHU2059
(CRISPR/Cas9-

Yes

precise deletion
precise insertion

Yes
Yes

CodA(sm))
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pKCCpf1

Yes

indel introduction
precise deletion
precise insertion

No

Not available

[108]

Yes
Yes

pSETddCpf1

No

Modulation of gene No
transcription

Not available

[108]

pCRISPR-dCas9

No

Modulation of gene No
transcription

125687

[27]

pCRISPR-cBEST

No

C to T base editing

No

125689

[28]

pCRISPR-aBEST

No

A to G base editing

No

131464

[28]

By using CRISPR-Cas9 genome editing tools, Meng et al. boosted production of the pristinamycin
I component by deleting the two key biosynthesis genes of pristinamycin II, snaE1 and snaE2, and
a repressor gene papR3. In addition, an extra copy of the PI BGC was integrated into the
chromosome, all of which led to an approximately 2.4-fold higher production of PI [109]. By
integrating artificial bacteriophage attachment/integration (attB) sites, five copies of the PII BGC
were subsequently inserted, resulting in the highest reported PII titers in flask and batch
fermentations, 2.2 and 2 g/L, respectively [110].

Even though CRISPR-Cas9/Cas12a dramatically improved genetic manipulation protocols, some
concerns and challenges still remain [106, 107]. In some strains, the expression of active Cas9 is
toxic. Furthermore, many streptomycetes have linear chromosomes with in some cases Mbp-sized
inverted terminal repeats that can tolerate large chromosomal deletions and rearrangements
triggered by the DSB introduced by the Cas nuclease [28]. This was the motivation to develop new
genetic manipulation tools, for example CRISPR-BEST (CRISPR base editing system) [28], that
are not based on DSB but still maintain the same high editing efficiency as classical CRISPR
applications. The CRISPR-BEST system is based on a fusion of a cytidine or adenosine deaminase
with Cas9 nickase (D10A), which efficiently converts C:G base pairs to T:A base pairs or A:T
base pairs to G:C base pairs within the editing window of the target sequence, respectively. Since
the system doesn’t rely on DSB, Tong et al. demonstrated that it can not only be used efficiently
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for normal genome editing, such as inactivating the actinorhodin ketosynthase subunit alpha (the
KS domain of type II polyketide synthase) coding gene SCO5087 (actIorf1) by introducing an
early stop codon (Figure 4), but also for difficult edits, such as the create knockouts of the two
identical copies of the crotonyl-CoA reductase/carboxylase encoding gene kirN that are encoded
in the duplicated kirromycin biosynthetic gene clusters at the ends of the linear chromosome of S.
collinus Tü 365. With the base editing technology, it was possible to simultaneously introduce a
STOP codon in both copies of kirN. In contrast, a kirN mutant could not be obtained even after
many attempts using conventional CRISPR-Cas9 [28].

In another demonstration of the uses of the CRISPR system in actinomycetes, Zhang et al.
developed a strategy to active silent BGCs based on a CRISPR-Cas9 promoter knock-in system
[112]. As a proof of concept, they successfully activated the actinorhodin (ACT) and
undecylprodigiosin (RED) clusters in Streptomyces lividans by replacing the upstream promoter
regions of the main biosynthetic operon ActII-Orf3 and the pathway-specific activator RedD with
the constitutive promoter kasO*, respectively. By using the same strategy in the non-model strain
Streptomyces viridochromogenes, the BGC encoding the biosynthesis of a novel pentangular type
II polyketide could also be activated [112].

Another recent example uses CRISPR for the systematic inactivation of several widely distributed
known secondary metabolites that often mask screening results. Culp et al. established a CRISPRCas9 based gene knock out system to delete genes that encode two of the most frequently
rediscovered antibiotics, streptothricin and streptomycin, in 11 actinomycete strains, which
allowed them to detect novel antibacterials that normally would have been overlooked in screening
due to the high streptothricin or streptomycin activities [113].
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Figure 4. An example of using CRISPR-BEST to edit genes coding for the biosynthesis of the blue
antibiotic actinorhodin in S. coelicolor. A: Organization of the actinorhodin BGC [111]. Genes assigned
to functional groups are bracketed underneath. The target gene is indicated by a red arrow. B: Simplified
biosynthesis of actinorhodin [111]. The antibiotic is derived from one Acetyl-CoA and seven malonyl-CoA
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units, which are assembled to a polyketide precursor by the type II PKS encoded by the genes actIorf1-3.
Already during the PKS synthesis, the carbon backbone is cyclized and further modified yielding a threering intermediate, which in the final step is dimerized. C: Illustration of the principle behind CRISPR base
editing systems [28]. D: Sanger-sequencing traces of the target region in SCO5087 demonstrating that an
early stop codon was successfully introduced into the target gene by the base editing system CRISPR-BEST
[28]. It should be noted that wild type S. coelicolor produces two pigmented antibiotics, the diffusible blue
antibiotic actinorhodin and the non diffusible red antibiotic undecylprodigiosin. When both compounds
exist, the non diffusible red color will be masked by the diffusible blue color. Only when the blue
actinorhodin is not produced, the red undecylprodigiosin can be seen.

5.4 Synthetic biology approaches to engineer actinomycetal natural product biosynthesis
pathways

5.4.1 Biological parts for synthetic biology
One of the key concepts of synthetic biology is to rationally combine natural biological parts in
new “synthetic” ways. Complex combinations for control of transcription and translation are often
called gene circuits. These can be built from natural or modified biological parts and are often
regarded with some of the same logic as electric circuits. In silico design tools to assist the
engineering of complex secondary metabolite pathways continue to be developed, for example
ClusterCAD for the in silico design of type I PKS [114]. Moreover, an increasing number of
biological parts for actinomycete pathway refactoring are available. These biological parts include
cloning vectors, promoters, transcriptional terminators, ribosomal binding sites (RBSs), and other
elements for regulation of gene expression (Figure 5AB).
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Figure 5. Examples of Synthetic Biology approaches to engineer natural product biosynthetic
pathways. A: One strategy to optimize the expression of BGCs in their native, or especially heterologous
hosts, is the systematic replacement of promoters and RBSs that control the expression of the pathways. B:
Various promoter libraries containing promoters with different strengths have been developed for such
approaches. C: Modular type I PKS assembly lines offer access to rationally engineer their biosynthetic
products. The replacement of individual domains, for example a malonyl-CoA specific AT with a
methylmalonyl-CoA specific AT can lead to novel polyketide products. D: Targeted inactivation of
reductive domains, e.g., a KR domain impacts the reduction of the target molecule. E: Instead of
manipulating individual PKS domains, whole modules can be replaced resulting in different polyketide
products.

Promoters used in actinomycetes to control gene expression are mostly based on natural promoters,
for example from the gene ermE responsible for erythromycin resistance [115], but recently
stronger natural promoters have been identified [116] and systematic efforts to construct promoter
libraries have also been employed [117–121]. Constitutive and inducible promoters with different
promoter strengths may be required for optimal fine tuning of expression of a gene or BGC. In
some cases, the strongest promoter leads to new challenges, for instance with toxicity [122].
Promoter engineering has been used both to control the level of gene expression and to activate
the expression of silent biosynthetic gene clusters [123, 124]. For Streptomyces, numerous
promoter control elements have been previously described and reviewed [125].

Terminators are important when working with metabolic engineering and synthetic biology
because incomplete termination of transcription of a gene or gene cluster can result in read-through
of genes where expression is unwanted [126]. Only a few terminators are commonly used in
Streptomyces and other actinomycetes [127], e.g. Fd [128] and TB1 [129], and thus efforts to
expand the available set are underway [130].

RBSs are factors that contribute to the control of translation and thus often a target for engineering
[131, 132]. The nucleotides surrounding the Shine-Dalgarno domain can also affect the efficiency
of translation initiation, which can be predicted by a developed genetic tool named in vivo RBSselector, that was verified in Streptomyces albus J1074 with gusA as a reporter [130]. A list of such
biological parts is presented in Table 2.
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Several reports demonstrate the utility of these tools during efforts to activate silent BGCs or
metabolically engineer actinomycetes. For instance, Horbal et al. showed that the biosynthetic
pathway for bottromycin could be engineered, resulting in a 5-50 fold increase in titers and several
new bottromycin derivatives [122]. The approach involved substitution of all native promoters in
the gene cluster with randomly generated constitutive synthetic promoters and expression of the
cluster in a host strain. Bai et al. developed a quantitative method based on flow cytometry and
green fluorescent protein to characterize regulatory modules of 200 synthetic and native promoters
and 200 ribosomal binding sites (RBSs) in high throughput [133]. From this library, seven
synthetic promoters with different strengths were used in a proof-of-concept study to show that
they could activate a cryptic BGC and overproduce the compound lycopene in Streptomyces
avermitilis.

Table 2: Biological parts used in actinomycete synthetic biology; for a more extensive list and
discussions, please see [125] and [134].

Study

Ref.

Promoters and promoter engineering
ermE* constitutive promoter

[115]

SF14P constitutive promoter

[135]

kasOP constitutive promoter

[136]

tipA inducible promoter

[137]

S. albus constitutive promoters

[116]

Transcriptional BGC refactoring by promoter engineering

[122]

Activation of cryptic BGC by promoter engineering

[123]

Activation of clusters in S. albus by promoter engineering

[124]
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RBSs and RBS engineering
RBS of S. coelicolor

[138]

Engineering of RBSs in S. coelicolor

[131]

Engineering of promoters and RBSs in S. coelicolor aided by multi-omics data

[132]

in vivo RBS-selector for Actinobacteria

[130]

Native and synthetic promoters and RBSs

[133]

It should be noted that, before the term “synthetic biology” became popular, the term
“combinatorial biosynthesis” was used to describe various approaches to randomly or rationally
engineer secondary metabolite BGCs by combining “parts” derived from other pathways. Many
of such studies have been carried out in actinomycetes [139–144]. As one example, individual
enzymatic domains or full modules of big modular assembly-line enzymes, such as PKSs and
NRPSs were deleted, inserted or re-organized (Figure 5C-E). In 2005, Menzella and colleagues
showed that PKS modules can be synthetically synthetized and combined in different ways to
create “unnatural” natural products in a rational way [145]. Other examples are listed in Table 3.

Table 3: Examples of combinatorial biosynthesis / synthetic biology applications in actinomycetes
for engineering the biosynthesis of secondary metabolites.
Study

Year

Genetic engineering of Streptomyces for production of new “hybrid” 1985

Ref.
[9]

antibiotics
Engineered trimodular DEBS PKS for production of diverse tetraketides in 1996

[146]

S. coelicolor
Engineering of a recombinant S. coelicolor stain for production of a new 18- 1997
carbon aromatic polyketide
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[147]

[148]
Swap of PKS domains and modules to create statin analogues

1999

Effect of replacing acyl transferase (AT) domains of DEBS with homolog 2003

[149]

AT domains from other DEBS modules or from other PKS modules
NRPS module fusion for production of daptomycin analogues

2008

[150]

Module extensions of NRPS assembly lines for production of new NRP 2008
backbones of balhimycin

[151]

Generation of allyl- and propargyl-kirromycins by exploiting a promiscuous 2017
discrete acyl transferase

[152]

Development of methods to engineer biology by aiming to produce 10 new 2018

[153]

compounds in 90 days
Combination of NRPS genes from S. scabies and a tryptophan synthase gene 2018

[154]

from Salmonella to produce new thaxtomin phytotoxins in a Streptomyces
albus heterologous host
Plug-and-play pipeline for production of PKs from phylogenetically distant 2019
species in E. coli

[155]

5.4.2 Biosensors
A major bottleneck in metabolic engineering is to evaluate the phenotype of a microorganism, e.g.
for screening and detection of the best clones. Novel biosensors are being developed to help
overcome this bottleneck. Biosensors combine transcriptional regulators and reporters to sense
intracellular metabolites and convert this reaction into an easily detectable and measurable signal.
Traditionally, this had to be done with analytical chemistry techniques, such as liquid
chromatography coupled with mass spectrometry, to detect the output of the biosensor. The
downside is that such analytical techniques are expensive and difficult to implement in highthroughput, so efforts have been made to construct sensors with outputs that can be read more
easily. One example of a Streptomyces biosensor with a easily screened reporter was developed
by Sun and colleagues, who constructed a repressor based biosensor for the detection of activated
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secondary metabolite BGCs in Streptomyces [156]. They identified TetR-like repressors in the
BGC of interest, and put the gene bpsA, coding for the indigoidine synthetase under the control of
these repressors. Production of the deep-blue indigoidine pigment then was used as a reporter to
detect the production of the metabolite. A biosensor was also constructed to detect coelimycin in
S. lividans TK24, but it is possible that intermediates might affect the signal. Rebets and colleagues
also showed that TetR repressors can be used effectively in a whole-cell based antibiotic-specific
biosensor to identify and optimize antibiotic producers [157]. They improved the production of
the polyketide antibiotic pamamycin in Streptomyces alboniger and formulated their experiences
into design recommendations for the construction and tuning of biosensors for better performance.
Biosensors can also be used to activate silent BGCs and select mutants that developed and
employed reporter-guided mutant selection (RGMS) as a method for activating and detecting
BGCs [158]. RGMS combines cloning promoters on integrative reporter plasmids with genomescale random mutagenesis with UV, followed by selection of mutants with higher expression. As
an example, this method was used to activate a silent jadomycin biosynthesis (jad) gene cluster
from S. venezuelae ISP5230 and a silent angucycline-type gene cluster pga from Streptomyces sp.
PGA64.

5.4.3 Other regulatory elements
Riboswitches are an alternative technique to control gene expression [159]. One example is a
theophylline responsive riboswitch that employs a helix slippage to control gene expression in S.
coelicolor [160]. Another recent strategy is to use transcription factor decoys, where the idea is
that many BGCs are silent because of repressors. In one example, Wang and colleagues designed
DNA molecules mimicking regulatory DNAs that are bound to regulators and thus prevent the
latter from binding to their cognate DNA targets. By providing a multicopy plasmid carrying such
well-designed regulatory DNAs, they successfully activated eight large silent polyketide synthase
and non-ribosomal peptide synthetase gene clusters ranging from 50 to 134 kb in multiple
streptomycetes, and characterized a novel oxazole family compound produced by a 98-kb
biosynthetic gene cluster [161].

5.4.4 Full pathway refactoring
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In addition to engineering specific parts of a biosynthetic pathway, the full pathway can also be
refactored to activate silent BGCs or produce new compounds. For instance, Shao and colleagues
decoupled pathway expression from complex native regulation by refactoring the full pathway of
the spectinabilin gene cluster [162]. By doing so, it was possible to express a gene cluster that was
silent under routine culture conditions. The refactoring is based on a plug-and-play scaffold
accompanied by a set of heterologous promoters that are functional in a heterologous host. Three
different modules make up the scaffold: promoter modules of strong constitutive promoter, gene
modules, and helper modules such as plasmid origin of replication and selection markers. As a
proof-of-concept the spectinabilin gene cluster from Streptomyces orinoci was refactored and
successfully produced spectinabilin in the heterologous host Streptomyces lividans. In another
example, Casini and colleagues carried out a timed “pressure test” sponsored by the U.S. Defense
Advanced Research Projects Agency (DARPA) with the aim to build microorganisms and produce
10 small molecule compounds previously unknown to them within 90 days [153]. For six out of
ten compounds, they managed to produce the molecule or a closely related one. The different
molecules require different strategies, but all were based on DNA synthesis and automated
assembly. This was followed by genome mining for missing steps in pathways, retrosynthetic
approaches of artificially combined enzymes to synthesize the desired target molecule from a
central metabolite, alterations to the regulatory networks, finding new strains producing the
compound or development of cell-free systems for toxic compounds. This “pressure test”
identified some of the limitations and challenges of engineering biology.

6. Systems Metabolic Engineering of filamentous actinomycetes
6.1 Multi-omics studies as a basis to optimize the production of natural products
The expression of BGCs encoding natural products is a complex process highly regulated through
the interactions of both pleiotropic and pathway-specific regulators. In recent years, the
development of high-throughput (-omics) measurement techniques and computational resources
have allowed the fast and cost-efficient generation of a large amount of data characterizing these
interactions at multiple levels and under different conditions. The results of the -omics analysis
importantly increased understanding of complex cellular physiology in actinomycetes, contributed
to the identification of key pathways affecting secondary metabolite production, and helped
35

scientists to circumvent major bottlenecks to overproduce compounds of interest [163, 164]
(Figure 6).

Figure 6. Generalized Systems metabolic engineering workflow for actinomycetes. A: Schematic
representation of the metabolic switch between primary metabolism and secondary metabolism in
actinomycetes. B: Omics analysis, reaction/pathway databases are used to for in silico pathway
prediction/design strategies. C: Systems biology and synthetic biology engineering tools are used to
accelerate metabolic flux and to maximize target chemical production. D: Fermentation and purification of
products are optimized to facilitate scale-up from laboratory scale to full-scale.

In the last few years, the integration of different -omics approaches have enabled the prediction of
new engineering targets and the discovery of new natural products. An example is represented by
Jensen and colleagues working with four strains of the marine actinomycete Salinispora [165]. A
comparative genomic analysis was carried out to select the four strains, carrying 49 different
orphan BGCs with no identifiable products, among 119 Salinispora genomes. Global
transcriptome analyses were performed to detect the activation of BGCs during different stages of
growth. Finally, a metabolomic analysis was performed to assess the relationships between gene
expression and the detection of a specific compound. Altogether these results suggested that
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differentially expressed BGCs could be distinguished based on subtle differences in regulatory
elements. Comparative genomics coupled with transcriptomics analysis can help prioritize strains
and identify key regulatory elements.

Another example of the use of multi-omics approach to study the expression of orphan BGCs in
actinomycetes is the work conducted by S. Bugni and colleagues [166]. The production of keyicin,
a new glycosylated anthracycline, was detected only in co-culture of Micromonospora sp.
WMMB235 and Rhodococcus sp. WMMA185. Genome mining analysis revealed that only
Micromonospora sp. WMMB235 harbored a large type II PKS BGC encoding keyicin. To
understand the transcriptional regulation of the kyc BGC, differential gene expression analysis was
performed on WMMB235 in co-culture. The results of the transcriptomics analysis showed that
during co-cultivation the kyc cluster is upregulated, suggesting a possible quorum sensing (QS)
regulation of kyc BGC. To demonstrate the QS regulation of kyc BGC, and to understand the
metabolic changes occurring in WMMB235 during the co-cultivation with WMMA185,
proteomics and metabolomics analyses were performed. The results showed a significant increase
of enzymes involved in the biosynthesis of keyicin precursors, carbohydrate metabolism, energy
metabolism, and global changes in BGC expression. Finally, by genomics, transcriptomics, and
proteomics analyses the authors demonstrated how interspecies interaction can modulate the
activation of silent BGCs such as kyc and identified the biosynthetic bottlenecks of the keyicin
pathway in WMMB235 monoculture.

Primary metabolic pathways, directly or indirectly, provide the building blocks and energy for the
biosynthesis of secondary metabolites. Understanding metabolism changes occurring during the
shift from growth to secondary metabolite production, represent a key point to optimize metabolic
engineering in actinomycetes.
Results of -omics studies have been used to optimize precursor supply and intracellular redox
balances for the improvement of product yield in industrial producer strains [167, 168].

The relationship between intracellular metabolites and polyketide production during the stationary
phase was recently investigated by Zhang and colleagues [169]. A multi-omics approach was
applied to identify triacylglycerols (TAGs) as a key intracellular metabolite contributing to

37

polyketide production during the stationary phase in various Streptomyces antibiotics producers.
A comparative metabolomic and transcriptomic analysis performed on S. coelicolor strain M145
and a mutant that overproduces actinorhodin, showed an increased TAGs degradation in the
mutant strain during the stationary phase. These results suggested that carbon flux from TAGs
metabolism can be used as a substrate for polyketide biosynthesis. Based on the demonstration
that mobilization of cellular TAG enables carbon flux to be redirected to polyketide biosynthesis,
the authors devised a new dynamic degradation of TAG’ (ddTAG) strategy that increases
polyketide titers. A cumate-inducible promoter was used to control the expression of the fattyacid-CoA ligase sco6196, a key gene in TAGs degradation. Using ddTAG the yields of
actinorhodin (Act), jadomycin B, oxytetracycline and avermectin B1a were increased.
Wen and colleagues used comparative proteomics and metabolomics to explain the metabolic
changes of fermentation cultures of Streptomyces tsukubaensis overproducing FK506 (tacrolimus)
when supplemented with soybean oil [170]. The integration of proteomics and metabolomics data
revealed that the production of the polyketide macrolide FK506 is increased by soybean oil due to
the enhancement of cell growth and the enrichment of precursors acetyl-CoA, succinyl-CoA, and
shikimic acid. These global analyses also revealed that the combination of various carbon sources
improved FK506 production. Supplementation with soybean oil increases the production of
various metabolic intermediates through activation of the Embden-Meyerhof-Parnas (EMP),
pentose phosphate, TCA and amino acid metabolism pathways. In addition, the higher abundance
of stress proteins and metabolites such as trehalose in cultures supplemented with soybean oil
suggested this one as a better carbon source for the induction of the stringent response and thus
FK506 biosynthesis.

6.2 Genome-scale metabolic modeling of filamentous actinomycetes

With the availability of genome sequences and other -omics data, it is now possible to examine
the interaction between the diverse biological parts that make up a cell or an organism in silico
[171]. In particular, genome-scale metabolic models (GEMs) integrate knowledge of these
biological parts to present a global metabolic network in a detailed mathematical framework. The
firm establishment of GEMs has accelerated the growth of systems metabolic engineering
strategies to facilitate the development of high-performance strains [172]. In particular, the
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availability of whole genome sequences, functional annotation pipelines and gene-protein-reaction
associations allow reconstruction of such GEMs for different organisms [173]. Development of
constraint-based analysis methods, for example, flux balance analysis [174], provide a platform to
predict biological capabilities of different organisms using GEMs [175–177]. Importantly, GEMs
help to identify gene manipulation targets to optimize growth rate or production of specific
metabolites of interest [178, 179].

In actinomycetes, the last few years have seen the rise in GEM-based applications to engineer
strains for optimal production of secondary metabolites, including antibiotics [180]. The first GEM
of Streptomyces coelicolor was reconstructed in 2005 and covered 971 reactions and 500
metabolites [22]. This GEM was used to demonstrate that targeting phosphofruktokinase, an
enzyme involved in glycolysis, resulted in increased fluxes in the pentose phosphate pathway, and
thereby greater production of the pigmented antibiotics actinorhodin and undecylprodigiosin
[181]. Several updates of this GEM followed over the last decade, subsequently expanding the
scale of a metabolic network as well as improving its model quality and prediction capabilities
[182–186]. Similarly, GEMs of other actinomycetes have also been reconstructed multiple times
including Streptomyces clavuligerus, Saccharopolyspora erythraea [187, 188], Streptomyces
lividans and Streptomyces tsukubaensis [180].

GEMs of different actinomycetes have assisted experimental efforts to engineer strains and boost
production of target compounds. For example, analysis of a GEM for S. tsukubaensis led to the
prediction that deletion of gcdh (glutaryl-CoA dehydrogenase) combined with overexpression of
tktB (transketolase), msdh (methylmalonate-semialdehyde dehydrogenase) and ask (aspartate
kinase) would lead to increased tacrolimus production. Indeed, the predicted mutant had a 129.8%
increase in tacrolimus production titer [189]. In another similar study, a mutant of S. hygroscopicus
harboring a knockout in pfk (6-phosphofructokinase) and overexpressing dahP (3-deoxy-darabino-heptulosonate-7-phosphate synthase) and rapK (chorismatase) had a 142.3% increase in
rapamycin production titer [190]. The three genetic targets were predicted through analysis of a
GEM for S. hygroscopicus. GEMs also present a platform for integration of information from other
-omics data for more high-throughput systems engineering. For example, integration of
transcriptomics data with the GEM of S. coelicolor has shown 2- and 1.8-fold increases in
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actinorhodin yield via overexpressions of rpe (ribulose 5-phosphate 3-epimerase) and ME2
(NADP-dependent malic enzyme), respectively [191]. Combining metabolomic data with the
GEM of S. tsukubaensis resulted in 1.64-fold increase in tacrolimus production titer via
overexpression of aroC (chorismate synthase) and dapA (dihydrodipicolinate synthase) [192].

The reconstruction of high-quality GEMs follows a standard protocol [173], and many automated
reconstruction pipelines are starting to streamline the reconstruction of draft GEMs [193]. This
opens avenues to compare GEMs of a large number of species or design strain-specific GEMs. For
example, comparative analysis of GEMs of 38 actinomycetes suggested that species possessing a
wide range of BGCs in their genomes do not necessarily have metabolic networks optimized for
secondary metabolite overproduction [194]. Recently, strain-specific GEMs have allowed panreactome analysis of the metabolic traits of closely related organisms [195]. For secondary
metabolism, a pan-reactome analysis of 24 Penicillium species was carried out to study the
diversity of secondary metabolites produced [196].

When constructing GEMs for actinomycetes, one current limitation is that existing metabolic
databases do not sufficiently cover information on secondary metabolism, and thus automated
reconstruction pipelines often produce GEMs that only partially cover secondary metabolite
pathways. As a result, other computational resources specific to secondary metabolism are often
included in the construction of GEMs for actinomycetes, for example genome mining tools for
BGC detection, cheminformatic tools for compound identification and dereplication, and
databases for BGCs and secondary metabolites (see ref. [197] for review on these resources).
Another big challenge of using GEMs is that most constraint-based methods are based on a pseudosteady state assumption, which properly captures the features of only exponential phase of
microbial growth, whereas many secondary metabolites are produced in stationary phase. To
account for this, different approaches have been developed that include changing the objective
function, use of two different objective functions using time‐resolved transcriptome data [198],
and flux variability analysis to identify precursors critical for the biosynthesis of a target secondary
metabolites [199].

7. Outlook and perspectives
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Screening of actinomycete extracts from the 1940s to 1970s resulted in the discovery and
development of many important antibiotics that are still used today. Several of these antibiotics
are regarded as some of the world’s essential medicines [200]. Since the 1970s, however, there has
been a steady decline in the discovery of new antibiotics from actinomycetes, in part because large
pharmaceutical companies have exited the field and the current marketplace for antibiotics does
not encourage much financial investment. Other more scientific reasons include the lack of
innovative screening technologies and the high re-discovery rates of known molecules. On the
other hand, several promising technologies might stimulate the discovery of new, bioactive
molecules in the future by providing novel ways to access the biosynthetic potential of
actinomycetes. Genome mining of a large number of actinomycete genomes has clearly shown
that there are a plethora of BGCs for which no corresponding secondary metabolite has yet been
found. Moreover, many of these molecules likely have novel structures. Modern synthetic biology
approaches, improved cluster cloning and heterologous expression techniques, innovative
screening tools, together with advanced modeling and computational tools will help to tap into this
large, unexploited pool and accelerate the discovery of new bioactive compounds.
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1.3. Genome‐scale metabolic reconstruction of actinomycetes for
antibiotics production
As discussed in chapter 1.3, systems metabolic engineering strategies provide important means to
improve secondary metabolite production in actinomycetes. Among them, genome-scale
metabolic models (GEMs) have been frequently used for design and engineering of microbes for
metabolic engineering purposes. Most of the GEM-based predictions depend on steady state
assumption of exponential phase, and thus it is challenging to predict engineering targets for
secondary metabolites production, which occurs mostly during stationary phase. However, there
is increased growth in the GEM applications for antibiotics production in last few years, which has
opened avenues to study the interaction between primary and secondary metabolism at the systems
level. This chapter is a reproduction of a review article published in Biotechnology Journal,
Volume14, Issue1, Special Issue: Methods and Advances in January 2019. Here, the status of
actinomycetes’ GEMs and their applications for designing antibiotics‐overproducing strains, along
with perspectives, are presented.
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enzymes in secondary metabolism of these
soil bacteria, for example, nonribosomal
peptide synthetases and polyketide synthases, and a few tailoring enzymes.[2] In
most bacteria, these enzymes are encoded
by genes clustered together in genome,
often called as a biosynthetic gene cluster
(BGC). Analysis of increasing volumes of
genome data using genome mining tools
has revealed the untapped potential of
actinomycetes to produce novel classes of
antibiotics.[3]
Systems biology approaches are increasingly applied to explore the potential of
actinomycetes for the discovery and optimal production of antibiotics. In particular,
high-quality genome sequences and genome annotation pipelines have allowed
constructing computational models that
comprehensively describe metabolism for
the systems-level analyses. Genome-scale
metabolic models (GEMs) are used extensively to predict metabolic capabilities of
different organisms ranging from bacteria
to human cells.[4] Constraint-based ﬂux
analysis of these GEMs helps in identifying
gene manipulation targets for metabolic
engineering,[5] drug targets, and a wide range of biological
discoveries, such as identiﬁcation of gene functions and
underlying principles of the cell’s operation of metabolism.[6]
In last few years, there has also been a growing interest in using
GEMs to characterize and design actinomycetes for the optimal
production of antibiotics.[2,7–10] Here, we review the status,
applications, and perspectives of GEMs of antibiotics-producing
actinomycetes with emphasis on studies published last 2 years
(Table 1).

Systems biology approaches are increasingly applied to explore the potential
of actinomycetes for the discovery and optimal production of antibiotics. In
particular, genome-scale metabolic models (GEMs) of various actinomycetes
are reconstructed at a faster rate in recent years, which has opened avenues
to study interaction between primary and secondary metabolism at systems
level, and to predict gene manipulation targets for overproduction of
important antibiotics. Here, the status of actinomycetes’ GEMs and their
applications for designing antibiotics-overproducing strains are presented.
Despite advances in the practice of GEM reconstruction, actinomycetes’
GEMs still remain incomplete in describing a full set of biosynthetic
pathways of secondary metabolites. As to the GEM-based strategies, various
simulation methods are deployed to better describe secondary metabolism by
introducing changes in constraints and/or objective function as well as by
using omics data. Gene manipulation targeting algorithms developed for
metabolic engineering of model organisms have also been actively applied to
actinomycetes for the antibiotics production. Further consideration of
computational resources dedicated to secondary metabolites in addition with
automated GEM reconstruction tools will further upgrade GEMs of actinomycetes for antibiotics discovery and development.

1. Introduction
Growing microbial resistance has posed serious problems in
treatments of infectious diseases, and this has also triggered a
strong need for ﬁnding novel antibiotic compounds. After
decades of investigation, actinomycetes still remain one of the
most important sources for the discovery of novel antibiotics.[1]
Most of the antibiotics are synthesized by a set of specialized
O. S. Mohite, Prof. T. Weber, Prof. S. Y. Lee
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Technical University of Denmark
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2. Status of Genome-Scale Metabolic
Reconstruction of Actinomycetes
GEMs of multiple actinomycetes have been released for more
than last 10 years, largely for the optimization of antibiotics
production. Among all the GEMs of twelve actinomycetes
reconstructed so far, GEMs of nine species have been released
since 2017, which stresses the increasing industrial or medical
importance of actinomycetes (Table 1). In particular, GEMs of
several representative species have been reconstructed multiple
times over the years, including Streptomyces coelicolor,[11–15]
Streptomyces clavuligerus,[16,17] Saccharopolyspora erythraea,[18,19]
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Streptomyces lividans,[20,21] and Streptomyces tsukubaensis.[22,23]
Recently, two different versions of GEMs have been released for
S. coelicolor, namely Sco4[14] and iAA1259.[15] For Sco4, GEM
reconstruction was carried out by implementing the software
program RAVEN Toolbox 2[14] where three different GEMs, each
reconstructed using KEGG, MetaCyc, and a previous S. coelicolor
GEM iMK1208[13] as a reference, respectively, were merged
together, and manually curated to give an upgraded GEM Sco4.
Sco4 includes description on biosynthetic pathways of a total of
eleven secondary metabolites, such as ﬂaviolin, geosmin,
albaﬂavenone, 2-methylisoborneol, hopane, and desferrioxamine;[14] the previous version iMK1208 covers ﬁve secondary
metabolites.[13] Reconstruction of iAA1259, based on iMK1208,
includes updates in biosynthetic pathways and model annotations by incorporating identiﬁers from multiple databases of
genes, metabolites, and reactions, which enabled integrative
analysis of multi-omics data.[15] iAA1259 covered an additional
biosynthetic pathway of coelimycin P1 in comparison with the
iMK1208.[15] In general, some of the commonly observed
upgrades in actinomycetes’ GEMs include incorporating
information from updated metabolic databases, improving
gene-protein-reaction associations, resolution of metabolic gaps,
updates in biomass compositions, and more extensive description of biosynthetic pathways of secondary metabolites
(Figure 1).[14,17,23]
A challenge with the GEM reconstruction of secondary
metabolite-producing microorganisms is to describe BGCs
that are often unknown at metabolic level (Figure 1). Genome
mining analyses of many actinomycetes have shown a greater
potential for expressing multiple BGCs, typically 30-40 BGCs,
present in a single actinomycetal species. However, many of
them remain silent under a wide range of normal growth
conditions.[24,25] For this reason, application of actinomycetes’
GEMs has been conﬁned to overproduction of already known
antibiotics, as manifested by the GEMs mentioned above,
rather than antibiotics discovery. Sco4 includes biosynthetic
pathways of eleven secondary metabolites,[14] but it is still far
from fully covering the information on 27 BGCs predicted
using a genome mining tool antiSMASH[26] (Table 1). Such
dearth of information on secondary metabolism is observed
even more in GEMs of other actinomycetes, most of which
cover biosynthetic pathway of only one target antibiotics, for
example rapamycin in Streptomyces hygroscopicus,[27] tacrolimus (FK506) in S. tsukubaensis,[23] spinosad in Saccharopolyspora spinosa[28] and balhimycin in Amycolatopsis
balhimycina.[29] In this regard, computational resources
dedicated to studies on secondary metabolites should
additionally be considered to more comprehensively describe
secondary metabolism in the GEMs of actinomycetes,
including genome mining tools for the BGC detection,
cheminformatic tools for compound identiﬁcation and
dereplication, and databases for BGCs and secondary
metabolites.[30] As recently released high-quality GEMs
started to be supported with automatic GEM reconstruction
technologies, such as ModelSEED for GEMs of Streptomyces
ambofaciens and S. clavuligerus,[17,31] and RAVEN Toolbox 2 for
S. coelicolor,[14] additional use of the abovementioned secondary metabolite-relevant computational resources will allow
more streamlined GEM reconstructions that cover both
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primary and secondary metabolism systematically and
comprehensively.
In addition to the GEM reconstruction of individual species,
comparative genome-scale metabolic modeling of multiple
species facilitates characterization of conserved and strainspeciﬁc metabolic capabilities of actinomycetes. This pangenome analysis can be particularly useful to study actinomycetes because individual species have a broad range of
genome contents even within a single genus, in part caused by
the presence of multiple BGCs.[32] In this context, comparative
genome-scale metabolic modeling was performed for 37
actinomycetes using ModelSEED.[33] In this study, a collection
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Table 1. Features and applications of genome-scale metabolic models of actinomycetes reported so far.
Features of the latest version of GEM

Organism

Studies reporting
different versions
of GEMs (Total
number of relevant
studies shown at
the beginning)

Statistics (Number of:
genes/reactions/metabolites/BGCs
predicted using antiSMASH)

Resources and
reconstruction
methods used

Applications for all the version of GEMs
Secondary
metabolites
considered in GEM
(Total number of
secondary
metabolites covered
shown at the
beginning)

10: Borodina et al.
(2005);[11] Bushell
et al. (2006);[53]
Borodina et al.
(2008);[54]
Khannapho et al.
(2008);[37] Alam
et al. (2010);[12]
Kim et al.
(2014);[13] Kim
et al. 2016;[41]
Menendez-Bravo
et al. (2017);[55]
Wang et al.
(2018)[14]; and
Amara et al.
(2018)[15]

1522/2304/1927/27[14]

RAVEN Toolbox 2;
MetaCyc; KEGG;
iMK1208; and
manual curation[14]

11: Actinorhodin;
calcium-dependent
antibiotic;
undecylprodigiosin;
ectoine; germicidin;
flaviolin; geosmin;
glbaflavenone; 2methyllisoborneol;
hopanoid; and
desferrioxamine

1259/1912/1470/27[15]

S. coelicolor
iMK1208; KEGG;
ScoCyc; SEED;
Annotation
identifiers from
ChEBI; HMDB;
CAS; IUPAC;
ChemSpider;
Metlin; PubChem;
SMILES; InChi;
GO; RefSeq; EMBLENA; Ensembl;
UniProt; Pfam;
Panther; and
manual curation[15]

6: Actinorhodin;
calcium-dependent
antibiotic;
undecylprodigiosin;
ectoine; germicidin;
and coelimycin P1

Streptomyces
clavuligerus ATCC
27064

4: Medema et al.
(2010);[16] Medema
et al. (2011);[56]
Toro et al.
(2018);[17] and
Ramirez-Malule
et al. (2018)[38]

1021/1494/1360/43

Streptomyces
tsukubaensis NRRL
18488

4: Huang et al.
(2013);[22] Huang
et al. (2013);[57]
Wang et al.
(2017);[23] and
Wang et al.
(2017)[42]

NAa)/ 1042/ 625/ 62b)

Streptomyces
coelicolor A3(2)

Simulation methods
applied

Experimental strain
design based on
predictions
(comparison with a
control strain)

FSEOF for all the
secondary
metabolites
production;[14] FBA
for the triacylglycerol
accumulation;[55]
tSOT for the
actinorhodin
production;[41] FBA
for the actinorhodin
production;[12]
MOMA with gene
expression data for
the metabolic
analysis of a
phosphofructokinase
knockout mutant;[54]
and FVA for feed
formulation for the
actinorhodin
production using a
zwf knockout
strain[53]

4.3-Fold increase in
the triacylglycerol
content via fadAB
knockouts;[55] 2and 1.8-fold
increases in the
actinorhodin yield
via overexpressions
of ribulose 5phosphate 3epimerase and
NADP-dependent
malic enzyme,
respectively;[41] and
3-fold increase in
the actinorhodin
yield via zwf
knockout, which
was further
improved by 18%
via glutamate
feed[53]

Model SEED;
2: Clavulanic acid;
KEGG; StrepDB;
and cephamycin C
BioCyc; PATRIC; S.
coelicolor GEM
iLB711; S.
clavuligerus GEM by
Medema et al.
(2010); and manual
curation[17]

RobOKoD for the
clavulanic acid
production;[17] FBA
for the analysis of
relationship between
TCA cycle and
clavulanic acid
production;[38] and
FBA for the analysis
of growth and
clavulanic acid
production
capabilities[16,17,56]

NAa)

S. tsukubaensis
GEM by Huang
et al. (2013); NCBI;
KEGG; UniProt;
and manual
curation[23]

Dynamic FBA and
MOMA for the
tacrolimus
production;[23] and
GEM-based
prediction of
knockout and
overexpression
targets for the
tacrolimus
production[22]

129.8% Increase in
the tacrolimus
production titer as
a result of gcdh
knockout and
overexpression of
tktB, msdh and
ask;[23] 1.64-fold
increase in the
tacrolimus
production titer via
overexpression of

1: Tacrolimus
(FK506)

(Continued)
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Table 1. (Continued)
Features of the latest version of GEM

Organism

Studies reporting
different versions
of GEMs (Total
number of relevant
studies shown at
the beginning)

Statistics (Number of:
genes/reactions/metabolites/BGCs
predicted using antiSMASH)

Resources and
reconstruction
methods used

Applications for all the version of GEMs
Secondary
metabolites
considered in GEM
(Total number of
secondary
metabolites covered
shown at the
beginning)

Simulation methods
applied

Experimental strain
design based on
predictions
(comparison with a
control strain)
aroC and dapA;[42]
1.47 fold increase
in the tacrolimus
titer via gdhA
knockout and
overexpression of
dahp, accA2, and
zwf2;[22] 146%
increase in the
tacrolimus
production titer via
overexpression of
fkbOPLMD, and
70% further
increase via feed
optimization[57]

Streptomyces
lividans TK24

4: D’Huys et al.
(2012);[20] Lule
et al. (2013);[58]
Daniels et al.
(2016);[43] and
Valverde et al.
(2018)[21]

1220/ 1446/ 1867/ 27

S. lividans GEM
iIL708; S. coelicolor
GEM iMK1208; and
manual addition of
reactions for
protein production
and plasmid
propagation[21]

3: Actinorhodin;
calcium-dependent
antibiotic; and
undecylprodigiosin

FBA, FVA and
minimization of total
flux (MTF) to analyze
protein secretion
mechanisms;[21] FBA
for the genome
reduction;[43]
geometric FBA for
assessing metabolic
burden of
heterologous protein
production;[58] and
hierarchical FBA and
random sampling for
the growth on a
complex medium[20]

NAa)

Saccharopolyspora
erythraea NRRL
23338

3: Licona-Cassani
et al. (2012);[18]
Marcellin et al.
(2013);[59] and
Zhuang et al.
(2018)[19]

1342/1684/1614/33

S. erythraea GEM
by Licona-Cassani
et al. (2012); the
latest genome
annotation data;
KEGG; UniProtKB,
BioCyc; IMG;
GapFind; and
transcriptome
data[19]

4: Erythromycin;
germicidin;
rhamnosylflaviolin;
and erythrochelin

FBA for predicting
essential gene
targets;[19] and FBA
for optimizing media
for the erythromycin
production[18]

50% Increase in the
erythromycin yield
via
supplementation of
valine[18]

Streptomyces
leeuwenhoekii C34

1: Razmilic et al.
(2018)[60]

1007/1772/1463/33b)

KEGG;
transportDB; and
manual curation[60]

4: Chaxamycins;
chaxalactins;
desferrioxamines;
and ectoine

FSEOF for the
production of
chaxamycins and
chaxalactins[60]

NAa)

Streptomyces
ambofaciens ATCC
23877

1: Fondi et al.
(2017)[31]

1244/1473/1283/26

Model SEED; and
manual curation[31]

4: Spiramycin;
stambomycin;
antimycin; and
congocidine

FSEOF for the
spiramycin
production[31]

Increase in the
spiramycin titer by
a factor of 4.336 via
overexpression of

(Continued)
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Table 1. (Continued)
Features of the latest version of GEM

Organism

Studies reporting
different versions
of GEMs (Total
number of relevant
studies shown at
the beginning)

Statistics (Number of:
genes/reactions/metabolites/BGCs
predicted using antiSMASH)

Resources and
reconstruction
methods used

Applications for all the version of GEMs
Secondary
metabolites
considered in GEM
(Total number of
secondary
metabolites covered
shown at the
beginning)

Simulation methods
applied

Experimental strain
design based on
predictions
(comparison with a
control strain)
the ccr paralog
srm4[31]

Streptomyces
hygroscopicus
ATCC 29253

1: Dang et al.
(2017)[27]

NAa)/1003/711/47

KEGG; BRENDA;
BiGG; GapFind;
GapFill; and
manual curation[27]

1: Rapamycin

FBA and MOMA for
the rapamycin
production[27]

142.3% Increase in
the rapamycin
production titer via
knockout of pfk and
overexpression of
dahP and rapK[27]

Streptomyces
hygroscopicus var.
ascomyceticus

1: Wang et al.
(2017)[36]

NAa)/1767/1362/NAa)

S. coelicolor GEM
iMK1208 and
manual addition of
ascomycin
biosynthetic
pathway[36]

1: Ascomycin

FBA and MOMA for
the ascomycin
production[36]

1.43-Fold
improvement in the
ascomycin
production titer via
combined
overexpression of
hcd and ccr[36]

Salinispora tropica
CNB-440

1: Contador et al.
(2015)[61]

908/1507/1317/16

S. tropica GEM by
Alam et al. (2011);
Model SEED;
KEGG; PATRIC;
ExPASy; NCBI; and
manual curation[61]

4: Salinosporamides
A and B; and
sporolides A and B

NAa)

NAa)

Saccharopolyspora
spinosa NRRL
18395

1: Wang et al.
(2014)[28]

NAa)/1576/1737/35

KEGG; NCBI and
manual curation[28]

1: Spinosad

FBA and robustness
analysis for the
spinosad
production[28]

86.5% Increase in
the spinosad
production titer via
overexpression of
pntAB[28]

Amycolatopsis
balhimycina FH
1894

1: Vongsangnak
et al. (2012)[29]

583/1363/647/28

S. coelicolor GEM
iLB711; EFICAz;
PRIAM; BRENDA;
KEGG; MetaCyc;
and manual
curation[29]

1: Balhimycin

FBA, MOMA and
OptGene for the
balhimycin
production[29]

NAa)

a)

[61]

Information not available; b)Genome sequence has multiple contigs instead of one, which may affect the number of BGCs predicted by antiSMASH.

optimized for the secondary metabolites overproduction.[34]
In the case of fungi, also producing secondary metabolites, 24
Penicillium GEMs were recently reconstructed using MetaCyc
database and a Penicillium rubens GEM as references.[35]
Analysis of the resulting Penicillium GEMs revealed that
metabolic diversity across the species was observed in
secondary metabolism, not primary metabolism, which was
consistent with the metabolic conservation analysis of 31
Streptomyces species from another study.[36] GEM-based pangenome analysis will allow better understanding of not just how
secondary metabolism works across species, but also evolutionary processes of individual species, including habitats and
speciﬁc growth conditions.

of the actinomycetes’ GEMs was used to construct a global
metabolic network with nodes representing enzymes and edges
for shared metabolites, which helped understand topological
properties of the metabolic network.[33] For example, lowdegree enzymes (nodes) were found to be more essential than
high-degree ones, suggesting enzymes in a linear pathway to be
likely more essential than in metabolic hubs.[33] In another
study, a software platform MultiMetEval, which stands for
Multi-Metabolic Evaluator, was developed that allowed comparative ﬂux balance analysis (FBA) of 38 GEMs of actinomycetes.[34] This comparative FBA suggested that species, such
as Streptomyces possessing a wide range of BGCs in their
genomes, do not necessarily have metabolic networks
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3. Recent Applications of GEM-Based
Strategies to Enhance the Antibiotics
Production

phase. Therefore, choosing a right objective function becomes
critical in constraint-based analysis when simulating the
metabolic switch from primary metabolism to secondary
metabolism or the production of secondary metabolites.[12,37]
One earlier study implemented changing an objective function
of maximizing the biomass generation to antibiotics production along with constraints derived from cell cultivation data in
order to simulate stationary phase; use of the two different
objective functions was validated in comparison with timeresolved transcriptome data.[12] Another approach was to use
ﬂux variability analysis to examine correlations between the ﬂux
span of each reaction and a target secondary metabolite
production rate so as to identify precursors critical for the
biosynthesis of a target secondary metabolite.[37] More recently,
a study evaluated two linear objective functions (i.e., maximization of biomass or ATP yields) and another two non-linear
objective functions (i.e., maximization of ATP or biomass yield
per unit ﬂux) for the simulation of S. clavuligerus GEM.[17]
Maximization of ATP yield appeared to be the best objective
function to capture the secondary metabolites biosynthesis in S.
clavuligerus, especially during chemostat cultivations.[17] Another approach implemented to overcome the limitation of the

Despite the challenges of modeling the structure of secondary
metabolism, currently available GEMs of antibiotics producers
have served important roles in predicting ﬂuxes through
biosynthetic pathways of already known secondary metabolites.
GEMs continue to serve as a key metabolic engineering tool in
predicting gene manipulation targets for the optimal supply of
precursor metabolites in order to enhance the production of a
target secondary metabolite (Figure 1). Here, we discuss recent
studies demonstrating the strengths of using GEMs to improve
the antibiotics production (Table 1).

3.1. Consideration of Stationary Phase in Constraint-Based
Flux Analysis
Constraint-based ﬂux analysis relies on a pseudo-steady state
assumption, which is not ideal for simulating secondary
metabolite biosynthesis that often takes place during stationary

Figure 1. Schematic representation of the reconstruction and applications of high-quality GEMs of actinomycetes for the optimal antibiotics production.
Dotted arrows indicate steps with major challenges.
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pseudo-steady state assumption was dynamic ﬂux balance
analysis (DFBA), which is an extension of FBA that allows
analyzing dynamic metabolic responses to perturbations.[23]
Genome-scale DFBA model of S. tsukubaensis was developed
and simulated with a set of dynamic constraints for biomass
generation, glucose uptake and secretion of ammonium ion
and tacrolimus production, which ultimately suggested the
knockout of gcdh gene encoding glutaryl-CoA dehydrogenase,
and overexpression of tktB encoding transketolase, msdh
encoding methylmalonate-semialdehyde dehydrogenase and
ask encoding aspartate kinase.[23] Simultaneous manipulation
of the genes predicted above resulted in the best engineered
strain showing 2.3-fold increase in the tacrolimus production,
compared to the wild-type strain.[23] Finally, a two-stage
optimization was conducted using an updated GEM of S.
clavuligerus wherein biomass generation and clavulanic acid
(CA) production were ﬁrst maximized, and the total sum of
intracellular ﬂuxes was subsequently minimized along with
experimentally obtained constraints for the key metabolites.[38]
This simulation allowed explaining a strong association
between TCA cycle and CA production, and suggested potential
engineering targets in metabolism, such as glutamate
dehydrogenase and aspartate aminotransferase, for the enhanced CA overproduction.[38]
Despite the efforts made so far, modeling highly complex
secondary metabolism should be further systematically challenged. Relevant examples include parsimonious FBA[39] and
probabilistic regulatory modeling.[40] Parsimonious FBA could
be used with cultivation proﬁle data (i.e., metabolite concentrations along the time) to model secondary metabolism by
minimizing the total sum of ﬂuxes at each critical time point.
Also, probabilistic regulatory modeling can be considered to
model relationship between transcriptional regulators and their
target metabolic genes. In this case, availability of a large volume
of omics data obtained from the secondary metabolite
biosynthesis phase is highly valuable.

3.2. Integrative Analysis of Omics Data with GEMs of
Actinomycetes
Analysis of omics data, including transcriptome and metabolome data, together with GEMs in various forms allows further
improved prediction of intracellular ﬂuxes during stationary
phase in comparison with simulation without experimental
data. In a recent study, a transcriptomics-based strain
optimization tool (tSOT) was newly developed to predict
gene/reaction overexpression targets by ﬁrst creating a contextspeciﬁc GEM using iMAT and a transcriptome data, and
restoring inactive reactions one by one as follows;[41] if the
target bioproduct yield increases as a result of restoring the
inactive reaction in the context-speciﬁc GEM, then the reaction
(and its relevant gene) was considered an overexpression target.
tSOT was experimentally validated by applying to the enhanced
production of actinorhodin using S. coelicolor.[41] iMAT was also
used to integrate transcriptome data obtained from four
different time points of the cultivation proﬁle with the GEM
of S. ambofaciens in order to understand changes in overall

Biotechnol. J. 2019, 14, 1800377

metabolic ﬂux distributions during mycelial growth and
spiramycin production along the time.[31] In another study,
metabolome data together with the GEM simulation were
useful in narrowing a list of candidate gene manipulation
targets.[42] Analysis of metabolome data covering 93 metabolites suggested that pentose phosphate pathway, shikimate
pathway, and aspartate pathway need to be better streamlined
for the enhanced production of tacrolimus using S. tsukubaensis.[42] This initial information from the metabolome data
was further analyzed using the S. tsukubaensis GEM in order to
pinpoint individual rate-limiting reactions in the abovementioned metabolic pathways; simultaneous overexpression of
two newly identiﬁed targets, aroC and dapA from shikimate and
lysine biosynthetic pathways, respectively, led to 1.64-fold
increase in the tacrolimus production in comparison with the
wild-type.[42] Taken together, integrative analysis of omics data
with GEMs certainly helps clarify primary metabolic pathways
that are highly associated with secondary metabolism, which is
difﬁcult to capture purely through constraint-based ﬂux
analysis without experimental data.

3.3. Application of Gene Manipulation Targeting Algorithms
Using GEMs of Actinomycetes
Apart from modeling unique features of secondary metabolism, constraint-based algorithms for predicting gene manipulation targets developed for metabolic engineering purpose
have also actively been applied to engineering actinomycetes
for the enhanced secondary metabolites production. Examples
include “Flux Scanning based on Enforced Objective Flux”
(FSEOF) method for the optimal production of a group of
secondary metabolites (e.g., actinorhodin, undecylprodigiosin,
calcium-dependent antibiotic, and geosmin) using Sco4, the
latest version of S. coelicolor GEM,[14] as well as spiramycin
using the S. ambofaciens GEM;[31] “Robust, Overexpression,
Knockout, and Dampening” (RobOKoD) method for the
production of CA using S. clavuligerus GEM;[17] FBA,
minimization of metabolic adjustment (MOMA), and OptGene
for the balhimycin production using the A. balhimycina
GEM;[29] and ﬁnally simple FBA for the production of spinosad
and erythromycin using the GEMs of S. spinosa and S.
erythraea, respectively,[18,28] as well as for the genome reduction
of S. lividans, an attractive host for heterologous protein
secretion.[43] Despite increasing examples of applying gene
targeting algorithms to actinomycetes’ GEM for the secondary
metabolites production, more experimental validations await as
future challenges.

3.4. Comparison with Other Modeling and Metabolic
Engineering Strategies
Different modeling strategies other than GEM reconstructions
have also been applied for the improved antibiotics production.
For example, a kinetic metabolic model was constructed for a
genetically engineered S. lividans to optimize the cultivation
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medium (i.e., having glycerol and glucose as dual carbon
sources) by considering relevant enzymatic reaction rates, which
GEMs cannot address, and to optimally produce xiamenmycin.[44] In another study, a small-scale metabolic network of a
non-model organism S. hygroscopicus was ﬁne-tuned using 13Clabeling experiments, and subjected to elementary ﬂux modes
analysis to predict gene manipulation targets for the overproduction of ascomycin.[45] These additional modeling approaches
can be highly useful when examining a small number of speciﬁc
reactions in detail after the initial analysis using GEMs at a
network level.
Apart from all the modeling approaches, genome sequencing,
gene editing tools, omics-based approaches, heterologous
expression and further metabolic engineering strategies play
the most important roles in the enhanced production of
antibiotics and other secondary metabolites.[10,46–48] For example, heterologous production, omics analysis, and synthetic
modules optimization were sequentially conducted to enhance
the production of spinosad using Streptomyces albus.[49] This
combined approach led to the successful heterologous production of spinosad with an increase of about 1000-fold greater than
the original strain of S. albus. Use of a GEM can be useful at this
point to consider additional non-intuitive gene manipulation
targets.[2] Furthermore, GEM can serve as a platform for
validating the observations made from the omics analysis and
suggesting further model-driven hypotheses. In this regard, use
of GEMs can be useful in different stages of the strain
development campaign.

With continued interests in secondary metabolites including
antibiotics as well as advances in relevant computational
resources, it is expected that the coverage application scope of
GEMs for actinomycetes will continue to increase in coming
years. All these efforts are expected to lead to the industrially
competitive production of antibiotics using actinomycetes.

4. Conclusion

Conflict of Interest

The number of studies reporting actinomycetes’ GEMs started to
increase past 2 years, many of which have comprehensive
information on primary metabolism and biosynthetic pathways
of key antibiotics. GEMs of actinomycetes have so far been
applied to understand principles of communication between
primary and secondary metabolism, and to predict gene
manipulation targets for the improved antibiotics production.
In such GEM-based approaches, applications of various
constraints and/or objective functions, especially together with
omics data, have played important roles in enhancing our
knowledge of secondary metabolism.
However, “next-generation GEMs” further need to be
developed to expand the knowledge of a biological network
beyond metabolism.[50] GEMs of some well-studied microorganisms have already seen such improvements, such as
incorporating protein structure data in Escherichia coli GEM
iML1515[51] and enzyme kinetics and abundances in Saccharomyces cerevisiae GEM Yeast7.[52] The same upgrade can be made
with GEMs of various actinomycetes by incorporating kinetic
and regulatory information in the GEM. The latest version of the
S. coelicolor GEM, iAA1259,[15] can serve as a good starting point
for the development of next-generation GEMs in this case. If a
sufﬁciently large volume of omics data are available, use of
machine learning technologies can also be considered in
combination with the GEM to better understand complex
genetic regulations that take place in secondary metabolism.
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2. Results I
2.1. Genome analytics of secondary metabolite producers
This chapter described various analysis steps of the integrated genome analytics workflow applied
to design other manuscripts included in this thesis and deviates from the other chapters in its
format. The proposed computational workflow integrated various systems biology and genome
mining tools to characterize various secondary metabolite producers’ genomic potential. The
analysis was carried out at two stages. The first stage was designed for the detailed characterization
of the genome and phenome of secondary metabolite producers. Whereas the second stage
included the analysis of BGCs encoded in the genome via large-scale comparison. This workflow
served as a platform to answer various scientific questions exemplified by the case studies
described in chapters 2.2 to 2.5. Further, the workflow was extended to large-scale comparative
analyses of BGCs across genomes in chapters 3.1 to 3.3. The genome analytics workflows
presented here could be easily extended to include a wider range of tools and techniques to analyze
multi-omics datasets.
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A. Detailed characterization of the genome and phenome of secondary metabolite
producers
A.1. Complete genome assembly as an input
The presented workflow relies on high-quality complete genome assembly. We first annotated the
assembled genome to detect regions coding for genes. Different annotation tools for microbial
genomes include NCBI Prokaryotic Genome Annotation Pipeline (PGAP) 1, RAST Server 2,
Prokka 3, DIYA 4, and others. These annotation pipelines integrate various tools for finding genes,
usually based on multiple sequence alignments and profile Hidden Markov Models (pHMMs). For
example, Prokka uses gene feature prediction tools such as prodigal 5, RNAmmer 6, Aragorn 7, etc.
In this workflow, we used Prokka for annotating the genetic features of the assembled genome.

A.2. Overview of biological functions encoded in the genome
Given the complete genome assembly of the secondary metabolite producer of interest, we
performed functional characterization of the genome of the secondary metabolites producer of
interest (Step 2, Figure 1). We used KEGG Automatic Annotation Server (KAAS) to predict the
biological functions of all the genes in the given genome 8. KAAS annotated the genome with
KEGG Orthology (KO) identifiers by comparing sequences of all the genes against the database
of KEGG GENES

9

by calculating the bi-directional best hit (BBH) relationships. These KO

identifiers are mapped to KEGG pathways and BRITE hierarchies 8. The KO identifiers can also
be linked to KEGG REACTIONs, which give an overview of the reactions automatically predicted
to occur in the entire cell. Thus, using these annotations, we provided a general overview of the
genes and reactions distributed across various pathways (Step 2, Figure 1). Additional important
tools for gene functional annotation include the COG database 10, eggNOG 11, and others. Some
other metabolic reactions resources include MetaCyc 12, MetaNetX 13, BiGG 14, Pathway Tools 15,
and others. This step of the workflow can be extended to enrich the genome annotations with the
above resources, depending on the purpose. Although many of these metabolic pathways lack
information related to secondary metabolism, the recent update of MetaCyc saw many upgraded
in secondary metabolite biosynthetic pathways

12

. Also, the genome mining tools such as

antiSMASH provide a comprehensive overview of secondary metabolite biosynthetic genes in the
genome 16.
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A.3. Phenotype characterization of the organism
Genomics and other omics technologies developed over the last two decades generated important
datasets that provide a cell-wide overview and help in the global analysis of the cells. Phenotype
microarray (PM) technologies further allowed the generation of high-throughput data for cellular
phenotyping 17. For example, Biolog, Inc. provides multiple 96-well plates covering up to 2000
phenotypes in a single experiment for metabolic characterization and chemical sensitivity analysis.
We used the first four plates of the Biolog system, PM1 to PM4, providing growth data using cell
respiration of microbes on as many as 379 nutrients covering various carbon, nitrogen, sulfur, and
phosphorous sources (Step 3, Figure 1.3). At this stage of the workflow, the Biolog raw kinetic
data was analyzed using DuctApe 18. Depending on the kinetic growth data, a growth activity index
between 0 to 9 was assigned for each of the nutrients. To define if the microbes show growth
phenotype on a particular nutrient, a cutoff on activity index, for example, 3, was used. Various
visualizations of the distribution of the growth activity were generated using DuctApe

18

. The

detailed overview of microbial phenotype can provide a great resource for media optimization,
especially for actinomycetes that remain underexplored in high-throughput metabolic
characterization.

A.3. Assessment of genome to phenome relationship
At this step, we generated an overview of the genome and phenome relationship for the given
strains using DuctApe 18. The list of KO identifiers present in the genome, which were detected
during the KEGG annotation step, was used to map onto KEGG reactions and KEGG pathways.
The nutrients from Biolog PM plates were also mapped to KEGG pathways. DuctApe generated
maps for each of the KEGG pathways, where the reactions encoded in the genome and the nutrients
with growth activity were highlighted. These maps provided a good resource to investigate the
links between genotype and phenotype observations. In particular, a matrix was calculated, where
each cell represented a growth activity index for a particular nutrient (as rows in the matrix) and
the corresponding KEGG metabolic pathways consisting of that nutrient (as columns) (Step 4,
Figure 1). Such mapping gave a starting point to compare the genome to phenome correlations. A
more prominent tool for investigating the genome to phenome relation is based on genome-scale
metabolic models (GEMs) (Step 5,6, Figure 1).
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Figure 1. Steps in the workflow for the detailed characterization of genome and phenome
of secondary metabolite producers
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A.5. Reconstruction of genome-scale metabolic models
The high-quality reconstruction of GEMs typically involves a tedious process with many steps
such as gap-filling of missing reactions, validation with experimental observation, curation based
on high throughput phenotype microarray datasets, updating the annotation to the most recent
updates in metabolic databases, among others

19

. As high-quality GEMs are readily already

available for many diverse microbes 14,20, it is now possible to use comparative genomics to build
draft models based on template models 21. However, secondary metabolites biosynthetic reactions
are not systematically addressed in currently available automatic metabolic modeling tools

22

.

Recently, there has been already a growth in resources for integrating secondary metabolism in
genome scale models 23,24. We have developed a software platform called Genome-scale Metabolic
modeling with Secondary Metabolism (GMSM) (Step 5, Figure 1) 25. The main lead on this project
is Prof. H. U. Kim, KAIST, South Korea. Further validation of this software is in preparation, and
the manuscript is not included in this thesis. This automated software generates GEMs models
with secondary metabolism by using an output file of antiSMASH

16

. Apart from secondary

metabolism modeling, GMSM can also be routinely used for general high-throughput GEM
reconstructions in a Python environment. This automated draft GEMs can further be curated and
validated to generate high-quality GEMs. Overall, GEMs provide a very important platform to
analyze the global metabolic potential of the selected organism, predict gene manipulation targets
for strain engineering, and integrate multi-OMICs datasets.

A.6. GEM validation and curation
Further, PM data was used to validate the growth under various media as predicted by GEMs (Step
6, Figure 1). Here, a confusion matrix of prediction was calculated to estimate the accuracy of
GEMs. Further, in the cases where the model failed to predict growth observed in PM data (false
negatives), gap filling analysis on GEMs was carried out by adding missing reactions from the
databases. For the cases where the model predicted growth that was not observed in PM data (false
positives), it is likely that the organism has more regulatory constraints that are not represented
well within GEM. Integration of enzymatic data or regulatory information in the GEMs may
resolve such inconsistencies by inactivating the reaction flux even though the gene is present in
the genome.
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A.7. Phylogenetic analysis of the genome
In order to understand the evolutionary background of the organism of interest, a phylogenetic
analysis of the organism was carried out. Multiple methods exist to carry out such phylogenetic
analysis depending on the desired resolution of delineating the organism. Conventionally,
sequencing of highly conserved regions of the genome such as 16S ribosomal DNA sequences is
used to get species-level resolution of the isolates

26,27

. More recently, as whole-genome

sequencing becomes cheaper, genome-level similarity-based methods such as Average Nucleotide
Identity (ANI); DNA-DNA hybridization methods (DDH); and Multi-Locus Sequence Analysis
(MLSA) provide more detailed resolution of the phylogenetic tree. In this step of the workflow,
the Automated Multi-Locus Species Tree (autoMLST) tool based on MLSA to produce highresolution species trees was used to understand the evolutionary background of the strain of
interest (Step 7, Figure 1) 28. The phylogenetic tree is further used as a guide to select the publically
available genomes for the analysis in the next steps of the workflow.

A.8-10. Comparison of the genome against other relevant organisms
A comparison of the genome of interest against other available genomes in the public databases or
in-house databases helps understand the shared and unique features of the organism of interest.
The genome comparison against its phylogenetic neighbors can shed light on the unique
evolutionary background of the organism (Step 8, Figure 1). Alternatively, any other group of
relevant organisms can be selected for such genome-wide comparison (Step 9, Figure 2). For
example, in order to estimate the heterologous potential of the given organism, it can be compared
against other well-known heterologous hosts of secondary metabolites. Comparison of genomereduced mutants with its wild-type genome can be particularly useful for their in-depth
characterization. Here, we calculated the bidirectional best blastp hits (BBH) between the given
genome and relevant genomes selected for the comparison 21. Depending on the chosen cutoff for
percentage identity (usually between 50 to 80 %) between genes, a gene presence-absence heatmap
was generated for all the genes in a given genome against the selected organisms of interest (Step
8, Figure 1). Further, the genetic features were retrieved from KEGG and other resource can give
better overview of shared functional properties between the genomes. We compared number of
genes or reactions distributed across various KEGG pathways between the genomes. The
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differences in various metabolic capabilities of the genomes may assist in future selection and
design of the strains engineering.

A.11. Phenome comparison between strains
Phenotypic microarray data of the given strain can be compared with available data for other
relevant strains. This is particularly useful to estimate the various nutrients that different mutant
strains can utilize and thus help in the design of media optimization. We compared and visualized
the growth activities calculated using DuctApe (Step 11, Figure 1), that also allows analysis of
multiple strains at the same time 18.

A.12. GEM comparison and selection of heterologous pathways
Recent developments in multi-strain GEM studies have provided a platform to study differences
in metabolic capabilities and predictions based on GEMs. In addition to genome wide comparison
in the previous steps, GEM based predictions were compared against the GEMs of relevant strains.
This comparative analysis can also be used to examine the potential of different hosts to
heterologously express targets from a panel of secondary metabolites biosynthetic pathways.

B. Analysis of BGCs encoded in the genome via large-scale comparison
B.1. Complete genome assembly as an input
The presented workflow relies on high-quality complete genome assembly that was alsos used at
stage A as an input.

B.2. Overview of BGCs detected in the genome
In recent years, genome mining analysis of many streptomycetes revealed more BGCs encoded in
the genome than previously realized. We mined the given genome to detect BGCs using the
antiSMASH software 16 (Step 2, Figure 2). Various types of BGCs are predicted using rule-based
biosynthetic logic. For PKS and NRPS, possible precursors for the molecule are also predicted
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within antiSMASH. Although there is a certain degree of uncertainty in these predictions, they are
valuable to provide an initial guess for the monomers in the final compound. The software also
provides information on the most similar BGCs from the MIBIG 29 and antiSMASH database 30.
This comparison also provides a good starting point to predict if the organism may produce any
known secondary metabolites. Overall, the antiSMASH software provides a comprehensive and
general overview of all the BGCs present in the genome. This overview provides a useful resource
to associate BGCs to detected compounds based on the structure and predict possible novel BGCs.

B.3. Reference BGC dataset for comparative analysis
We extended the traditional genome mining approach by using the availability of a large number
of fully-sequenced genomic datasets. We selected genomes from public databases like NCBI
RefSeq 31 or PATRIC 32 for comparative analysis. The genomes for the reference dataset are
usually selected from the genera to which the given strain belonged. All the downloaded
genomes were mined to detect BGCs using antiSMASH (Step 3, Figure 2) 16. The next steps in
the workflow used this reference BGCs dataset for a detailed comparative analysis of the BGCs
from the given genome.

B.4. Comparing BGCs from the genome against the reference dataset
At this step of the workflow, the BGCs from the genome of interest were compared against the
reference BGC dataset from public genomes and known BGCs from the MIBIG database. We used
a recently developed BGC similarity tool BiGSCAPE 33, to generate a similarity network of BGCs
in the given genome and the reference BGCs dataset (Step 4, Figure 3). BiG-SCAPE compares
protein family domain sequences of BGCs and the gene sequences. A combined weighted average
of various distance metrics (dissimilarity) is calculated to define a final raw distance metric
between a pair of BGCs. The weights of various metrics are optimized according to the class of
BGCs. Thus, BiG-SCAPE provides similarity between all pairs of BGCs that can be visualized
using a network. The similar BGCs based on the similarity network form a gene cluster family
(GCF). The sequence similarity network constructed using Cytoscape

34

provided a global

overview of unique, known, and shared BGCs from the given genome compared to large datasets
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of genomes. This analysis can also provide an overview of BGCs that co-occur within particular
groups of genomes.

Figure 2. The steps in the workflow for the analysis of BGCs encoded in the genome via
large-scale comparison

B.5. Phylogenetic overview of GCF distribution
At this step, all the genomes that share GCFs with the given genome of interest were selected
based on a similarity network. Next, a phylogenetic tree was reconstructed for these selected
genomes using autoMLST 28. We investigated the phylogenetic distribution of shared GCFs across
genomes at this stage by calculating GCF presence-absence matrix (Step 5, Figure 2). As more
75

numbers of genomes become available this step of the workflow can prove highly effective to
study the BGCs at the large-scale.

B.6-8. Analysis of variations in the genetic structure across GCF
The GCFs detected in the last step inform on how common the BGCs in the genome are when
compared to available dataset of genomes. Using gene cluster alignment tool such as CORASSON
in BiG-SCAPE 33 the variations within particular GCF were studied further (Step 6, Figure 2). The
other recently developed tool Clinker

35

can also be used for this step. These cluster alignments

can provide insights in detected cluster boundaries and core biosynthetic genes. Further, the
biosynthetic genes were compared across various genomes by calculating best bidirectional blastp
hits (BBH). The calculated blast percent identity values were then visualized using heatmap (Step
7, Figure 2) to observe the overall similarity of BGCs across genomes. Finally, the multiple
sequences for the genes were aligned using tools such as ClustalW

36

, MUSCLE

37

, Clustal

Omega38. Sequence variations were further analyzed in detail using JalView 39 (Step 8, Figure 2).
All these steps of the workflow are designed to analyze a large number of genomes.

B.9. Identifying associated genes of BGCs
The detailed pangenome analysis of secondary metabolite producers with shared GCFs can help
in understanding the genome wide association of the BGC and the evolutionary aspects of
secondary metabolites biosynthesis. At this stage, a set of genes that shared a particular GCF were
selected. A set of core genes across these genomes was calculated using pangenome analysis tools
like Roary 40. The core genes of GCF containing genomes were then compared against genomes
lacking the GCF. Such comparative analysis can help in identifying the set of associated genes that
have evolved together with the GCF. These insights can guide future discoveries of genome-wide
functional association of secondary metabolite BGCs.
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Applications of the integrated genome analytics workflows
The following five chapters 2.2 to 2.5 and 3.1 to 3.3 represent individual case studies where
different parts of the genome analytics workflows were applied to answer specific scientific
questions. Each of the case studies had a different aim and thus the genome analysis varied between
them. However, the common theme of the computational aspects of these case studies is based on
comparative analysis of sequences. Chapters 2.2 to 2.4 also include experimental parts that are
carried out by other contributing authors. Chapter 2.2 to 2.4 includes application of genome
analytics for different actinomycetes bacteria that are introduced in details in chapters 1.2 and 1.3.
Chapter 2.5 includes a manuscript presenting high-quality genome scale model of Escherichia coli
Nissle 1917, which is a well known probiotic strain and also produces more secondary metabolites
compared to other E. coli strains like K12 MG1655. Whereas the three chapter in section 3 focused
on large scale BGC comparison analysis. Chapter 3.1 detected BGC responsible for the
biosynthesis of antibiotic pyracrimycin A through detailed comparative analysis. The large-scale
BGC analysis revealed evolutionary mechanisms for particular GCFs of Bacillus subtilis strains
in chapter 3.2. Lastly, similar large scale BGC and GCF variation analysis was carried out across
enterobacteria. The pangenome analysis further revealed associated genes for particular BGC
coding for colibactin in Escherichia sp.
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2.2. Characterization and Engineering of Streptomyces griseofuscus
DSM 40191 as a Potential Host for Heterologous Expression of
Biosynthetic Gene Clusters
Genome analyses of streptomycetes revealed a huge untapped genetic potential to synthesize new
secondary metabolites and thus new drug candidates. One promising strategy to access this genetic
potential is to clone and heterologously express the biosynthetic gene clusters (BGCs) in wellcharacterized chassis strains. As the regulation of secondary metabolite production still is poorly
understood, such experiments often are carried out with a hit-or-miss strategy by trying to express
potential BGCs in a panel of different expression hosts and then focusing on the hosts that worked.
Unfortunately, the number of suitable and well-characterized host strains is very limited, which
often results in no cluster expression in all tested hosts.

This chapter includes a manuscript that is in submission, and applied some parts of the
computational workflow described in chapter 2.1. Here, we extensively characterized and
engineered Streptomyces griseofuscus DSM 40191, which we consider as a potential alternative
chassis for heterologous BGC expression. We described an extensive genome mining analysis for
endogenous BGCs and its native metabolic potential. Furthermore, we carried out comparative
genome and phenome analyses of DSM 40191 with other Streptomyces model strains and carried
out first steps in optimizing the strain as a chassis for heterologous expression of BGCs using
CRISPR-Cas9-based tools.
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Abstract

Streptomyces griseofuscus DSM 40191 is a fast growing Streptomyces strain that remains largely
underexplored as a heterologous host. Here, we report the genome mining of S. griseofuscus,
followed by the detailed exploration of its phenotype, including the production of native secondary
metabolites and ability to utilise carbon, nitrogen, sulphur and phosphorus sources. Furthermore,
several routes for genetic engineering of S. griseofuscus were explored, including use of GusAbased vectors, CRISPR-Cas9 and CRISPR-cBEST-mediated knockouts. Two out of the three
native plasmids were cured using CRISPR-Cas9 technology, leading to the generation of strain S.
griseofuscus DEL1. DEL1 was further modified by the full deletion of a pentamycin BGC and an
unknown NRPS BGC, leading to the generation of strain DEL2, lacking approx. 500 kbp of the
genome, which corresponds to a 5,19% genome reduction. DEL2 can be characterized by faster
growth and inability to produce three main native metabolites: lankacidin, lankamycin, pentamycin
and their derivatives. To test the ability of DEL2 to heterologously produce secondary metabolites,
the actinorhodin BGC was used. We were able to confirm the production of actinorhodin by both
S. griseofuscus wild type and DEL2.

Introduction
The vast majority of clinically used antibiotics, antifungals, anticancer and immunosuppressive
drugs are derived from natural products (1) originating from soil-inhabiting Actinobacteria (2).
Genes, necessary for the production of a particular compound, are typically arranged in
biosynthetic gene clusters (BGCs) that can be detected using genome mining tools like
antiSMASH (3). With the revolution in whole genome sequencing it became clear that the majority
of actinobacterial strains possess genomes of large sizes, with 20 to 40 BGCs on average (4).
However, typically these bacteria only produce a few compounds under laboratory conditions (5).
Other antibiotics are not produced or are only produced in small amounts and require induction by
various, frequently unknown, environmental cues (5, 6). In order to unravel the biosynthetic
richness of Actinobacteria, multiple genetic engineering methods, e.g. induction of BGCs by coexpression of regulatory genes (7, 8), use of transcription factor decoys (9), refactoring of the
BGCs (10, 11) or knockouts of the core genes of “constitutively” produced compounds (12) have
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been explored. Recently, broader attention has been brought to the development of heterologous
expression hosts for the discovery and characterization of novel metabolites. Heterologous hosts
are typically well-characterized strains, that possess a plurality of needed characteristics, e.g. fast
and disperse growth, amenability to genetic engineering, high yields of produced secondary
metabolites (11, 13, 14). The use of such chassis strains is highly advantageous, when the native
producer strain can not be genetically engineered or is slow growing (13). At the moment, several
of such Streptomyces hosts are available, such as derivatives of S. coelicolor, S. lividans, S.
avermitilis, S. chattanoogensis, S. albus and S. venezuelae (15–20). Recently, several groups have
reported the generation of S. albus J1074 derivatives that harbor knockouts of multiple native
clusters (21, 22) and were successfully used for the expression of BGCs (23, 24). The reported
success rate of BGC expression, however, remains low, reaching 30% (14). We believe that further
extending the panel of heterologous hosts will be highly beneficial to solve this challenge.

One of the promising potential heterologous hosts, S. griseofuscus, was first isolated in Japan and
used as a host for the isolation and propagation of bacteriophages and plasmids (25–28). Some of
the strains were used for the industrial production of ε-poly-L-lysine (29–31) and puromycin (32),
and reported as a source of novel compounds (9, 33). Even though several publications have
stipulated multiple positive characteristics of S. griseofuscus, e.g. fast growth, ease of
transformation and genetic manipulation, it was never methodically studied regarding its qualities
as a potential platform for the expression of BGCs.

In this paper we describe a comprehensive genotypic and phenotypic characterization of S.
griseofuscus DSM40191 as a potential heterologous production host. The De novo sequenced
genome of S. griseofuscus was used for mining of natively encoded BGCs. For the first time, we
have explored the use of various genetic tools for engineering S. griseofuscus, ranging from the
use of integrative and replicative vectors, CRISPR-Cas9 and CRISPR-BEST based knockouts, to
the multiplexed-targeting of several BGCs using only one CRISPR-BEST construct. All of the
generated knockouts were tested regarding their growth and production of metabolites.

Results
1. Genome mining and comparative analysis
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Streptomyces griseofuscus DSM 40191 (=NRRL B-5429) was received from the German
Collection of Microorganisms and Cell Cultures. We re-sequenced and assembled the genome of
S. griseofuscus de novo (34). It consists of a linear 8,721,740 bp chromosome and three plasmids:
pSGRIFU1 (220kb), pSGRIFU2 (88kb), and pSGRIFU3 (86kb) (Fig. 1).

Fig. 1. Overview of S. griseofuscus strains and mutations. The positions of genomic inverted repeats are highlighted
in blue, BGCs in black and transposases in green. The positions of the identified mutations are highlighted in red. The
mutations detected in the wild type Illumina dataset can be considered as a technical noise. The position of the
CRISPR-cBEST introduced STOP-codon is indicated with a black triangle. The strains p057_0D and p057_20D relate
to the long term cultivation experiment, in which CRISPR-cBEST generated strain S. griseofuscus IHEP81_06602
(p057_0D), that contains an introduced STOP-codon in BGC 30, was transferred 20 consecutive times in liquid ISP2
media without selective pressure, thus generating strain p057_20D.

Whole genome comparison between S. griseofuscus DSM40191, S. coelicolor A3(2), S.
venezuelae ATCC 10712
We analyzed how much genomic content is shared between S. griseofuscus DSM40191 and the
well-studied model Streptomyces strains, S. coelicolor A3(2) and S. venezuelae ATCC 10712.
Their genomes were downloaded from NCBI (accession IDs NC_003888 and NZ_CP029197) and
compared to S. griseofuscus DSM 40191 by calculating bidirectional best blastp hits between the
genes. We found that 3918 genes were shared across all three genomes (core genome), whereas S.
griseofuscus shared additional 937 and 522 genes with S. coelicolor and S. venezuelae respectively
(Fig. 2A, Dataset 1). The net total of genes present across the three strains (pangenome set) was
13415. In order to understand the biological functions of the shared genes, we annotated all three
genomes with the KEGG biological subsystems (35). For the genome of S. griseofuscus, we found
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2842 ortholog genes in the KEGG, which are involved in 1498 KEGG reactions. Whereas the
genomes of S. coelicolor and S. venezuelae contained 8152 and 7112 genes, which map to 2900
and 2670 KEGG gene IDs, and 1475 and 1452 KEGG reaction IDs, respectively (Dataset 1). After
comparing the KEGG genes and reactions content, we found that the three genomes shared 1488
common KEGG gene IDs and 1280 reactions. Next, we compared the distribution of number of
genes and number of reactions belonging to different KEGG pathways across three organisms
(Fig. 2C & D). We found that the number of genes involved in subsystems such as membrane
transport, and signaling and cellular processes were significantly lower in S. griseofuscus than in
others. However, the number of genes involved in subsystems, such as the metabolism of
terpenoids and polyketides, genetic information processing, amino acid metabolism, and
xenobiotics biodegradation and metabolism were significantly larger in S. griseofuscus (Fig. 2C).
Comparison of the number of reactions across different metabolic pathways showed that the three
strains shared very similar metabolism. However, the number of reactions involved in pathways,
such as amino acid metabolism, was still larger in S. griseofuscus (Fig. 2D). Overall, we found
that S. griseofuscus and S. coelicolor had a larger genomic and metabolic content than S.
venezuelae. Additionally, high genomic and metabolic content was shared between S. griseofuscus
and S. coelicolor. In the later section, we compare the phenotype microarray data of these strains
to get experimental understanding of their metabolic growth capabilities.
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Fig. 2. Genome and phenotype microarray comparison of three strains. A. Number of genes shared among the
three organisms - S. griseofuscus (sgri), S. coelicolor (scoe), S. venezuelae (sven). B. Phenotype microarray data
represented by activity index rings generated using DuctApe across 4 biolog plates consisting of 379 carbon, nitrogen,
phosphate and sulphate nutrient sources across the three organisms. C. Distribution of the number of genes per KEGG
subsystem across the three organisms. For further details on this dataset, please see Dataset 1. D. Distribution of the
number of reactions per KEGG metabolic pathway across the three organisms. A- Carbohydrate metabolism; BAmino acid metabolism; C- Metabolism of cofactors and vitamins, D- Lipid metabolism, E- Nucleotide metabolism,
F- Metabolism of terpenoids and polyketides, G - Energy metabolism, H- Biosynthesis of other secondary metabolites,
I- Xenobiotics biodegradation and metabolism, J- Metabolism of other amino acids, K- Glycan biosynthesis and
metabolism, L- Translation, M- Not included in regular maps, N- Signal transduction.E. Heatmap with activity index
of different KEGG nutrients (y-axis) against the KEGG pathway maps (x-axis). F. Confusion matrix representing a
genome-scale model based prediction and the observed growth phenotypes of three organisms.
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2. Phenotype characterization
Comparison of physiological features of S. griseofuscus, S. coelicolor and S. venezuelae using
Biolog microarrays
In order to characterize the phenotype of S. griseofuscus and its ability to utilize different
substrates, we have conducted a multiple parallel cultivation using BioLog microarrays. This
technology is not easily applicable for studying actinobacterial strains due to the formation of
“clumps'' of mycelia. However, in the case of S. griseofuscus, its simple growth characteristics
enable such studies. As a direct comparison, we have used the well studied heterologous hosts S.
coelicolor and S. venezuelae. Previously, parallel micro-scale cultivations were used for the
characterization of an industrially important S. lividans TK24 (36).

We tested a total of 379 substrates, including 190 different carbon sources (PM1 and PM2), 95
nitrogen sources (PM3), 94 phosphate and sulphur sources (PM4). The kinetic growth data from
Biolog was analyzed together with the genomes using DuctApe software (37) that correlated
genomic and phenomic data based on the KEGG metabolic pathways. An activity index between
0 to 9 was used to represent the growth on each substrate, where an activity index higher than 3
was used as a cutoff to define growth. We found that 171, 172 and 117 of the 379 substrates were
utilized by S. griseofuscus, S. coelicolor and S. venezuelae, respectively (Dataset 2). Comparing
their growth, we found that 90 substrates were commonly utilized by all three strains, whereas 14,
19 and 7 substrates were utilized uniquely by S. griseofuscus, S. coelicolor and S. venezuelae,
respectively. Some of the substrates uniquely utilized by S. griseofuscus include ethanolamine, 2aminoethanol, cytidine, thymidine, D-serine and D-threonine. Additionally, we found that S.
griseofuscus shared a total of 145 common growth substrates with S. coelicolor, signalling a high
mutual metabolic similarity.

Next, we analyzed the growth on substrates with different nutrient source categories. We observed
that a total of 72 carbon sources were utilized by S. coelicolor, which was higher than the number
of carbon sources used by S. griseofuscus (64) and S. venezuelae (61). In particular, S. coelicolor
could utilize more substrates involved in carbohydrate metabolism. Carbon sources uniquely
utilized by S. griseofuscus include 2-aminoethanol, alpha-keto-valeric acid and D-malic acid. On
the contrary, the number of nitrogen sources utilized were higher in S. griseofuscus (60) compared
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to S. coelicolor (52) and S. venezuelae (49). This could be primarily attributed to the categories of
amino acid and other non-defined classes of metabolism. Unique nitrogen sources utilized by S.
griseofuscus include L-phenylalanine, D-serine and ethanolamine. We found that S. venezuelae
could only use 6 of the phosphate sources, a number that was substantially lower than in both S.
griseofuscus (47) and S. coelicolor (46). Uniquely utilized phosphate sources by S. griseofuscus
included 2-aminoethyl phosphonic acid and dithiophosphate. In general, we observe that the
capability of S. griseofuscus to utilize different nutrient source categories is much higher than of
S. venezuelae, and is similar, or even higher than of S. coelicolor. Comparison of the ability of S.
griseofuscus to grow on different nutrient sources can guide the design of growth media and, thus,
leads to optimal growth and metabolite production.

To investigate the connection between these growth activity profiles and the genomic diversity of
the strains, a matrix was generated using the dape module of DuctApe, where the activity on
different nutrients (rows) that are part of different KEGG pathways (columns) is highlighted (Fig.
2E, Dataset 3). For example, the average growth activity indices of all the nitrogen source nutrients
belonging to the KEGG pathway of the biosynthesis of amino acids (map:01230) were 6.51, 5.96
and 4.18 for S. griseofuscus, S. coelicolor and S. venezuelae. In particular, the thiamine metabolism
pathway (map:00730) showed a higher average growth index on nitrogen nutrients in S.
griseofuscus (7.11) as compared to S. coelicolor (5.89) and S. griseofuscus (5.78). Overall, the
growth activity heatmaps of nutrients vs the KEGG pathways were similar in S. griseofuscus and
S. coelicolor, whereas, S. venezuelae was found to have lower growth activity across nutrients
from different pathways. The higher genomic similarity between S. grisoefuscus and S. coelicolor
that was observed in the previous section further corroborates with this phenomic similarity. In
addition to this genome to phenome comparison based on the KEGG pathways, we used genomescale metabolic models to compare the in-silico predicted growth against observed phenotypes
across different substrates (Fig. 2F). We reconstructed draft genome-scale metabolic models for S.
griseofuscus and S. venezuelae based on homology comparison against the genome scale model of
S. coelicolor (Dataset 4). The models also predicted growth on a larger number of nutrients in the
cases of S. griseofuscus and S. coelicolor as compared to S. venezuelae (Dataset 5). Thus, we
conclude that S. griseofuscus possesses very similar or even superior, metabolic capabilities
compared to well studied Streptomyces strains.
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Fig. 3. Similarity network of BGCs in S.griseofuscus against 212 public genomes and MIBIG database of known
BGCs. Comparison of all the regions and few selected candidate clusters against BGCs of known compounds from
MIBIG database and 212 public genomes. Different colors denote different types of BGCs as shown in legends. BGCs
from S. griseofuscus, S. rochei 7434AN4, Streptomyces. sp. endophyte_N2 and MIBIG database are shown with
different shapes and sizes. All regions, selected candidate clusters and known BGCs are annotated by text. Detailed
comparison of selected BGCs using CORASON can be found in Fig. S3.

3. Secondary metabolite potential of Streptomyces griseofuscus
Analysis of the genome using antiSMASH and BiG-SCAPE
In order to estimate the capabilities of the strain to synthesize secondary metabolites, it is important
to characterize the BGCs present in the genome. We therefore carried out a genome mining
analysis using antiSMASH (3). We detected 35 regions of BGCs encoding for different types of
secondary metabolites on the chromosome. These regions can be split into 53 candidate clusters.
The megaplasmid pSGRIFU1 (CP051007) includes one antiSMASH-predicted region with seven
candidate clusters. No BGCs were detected on pSGRIFU2 and pSGRIFU3. We observed that the
genome of S. griseofuscus harbored 4 NRPS, 3 PKSI, 5 PKS-NRPS hybrids, 4 other PKS types, 4
terpenes, 4 RiPPs and 11 other types of BGCs as defined by antiSMASH. Some of these BGCs
putatively coded for hopene, geosmin, spore pigment, desferrioxamine B, ectoine and pentamycin.
Two of the candidate clusters from the plasmid showed similarity to the known BGC encoding for
lankamycin and lankacidin C. We have manually selected some of the candidate clusters for further
analysis.
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In order to investigate if the BGCs in S. griseofuscus are also detected in other Streptomyces
genomes, we carried out a BGC similarity analysis involving a dataset of 212 publically available
complete high-quality Streptomyces genomes. In total, 6380 BGCs of different types were detected
across this dataset of genomes. We generated a similarity network of 35 regions, 12 manually
selected candidate clusters from S. griseofuscus, 6380 BGCs from public genomes and 1808
known BGCs from MIBIG database (38) using BiG-SCAPE . The network with the cutoff of 0.3
raw_distance metric was further analyzed using Cytoscape (Fig. 3). All BGC families that did not
include one of the BGCs from S. griseofuscus were ignored for the subsequent analyses (Dataset
6). We found that only one BGC (region 14) of the NRPS-like type was a singleton in the network,
uniquely observed in S. griseofuscus. We observed that 8 of the BGCs were exclusively present in
one other genome, namely S. rochei 7434AN4. In addition, 9 BGCs are also present in
Streptomyces. sp. endophyte_N2 (Genbank Accn.: CP028719) in addition to S. rochei 7434AN4
(Genbank Accn.: AP018517). This suggests that these 17 BGCs from S. grieseofuscus are also
rarely observed across streptomycetes. Among the BGCs that are relatively common across the
dataset, we found that candidate cluster 50 of region 33 had similar BGCs across 18 other
Streptomycetes, including S. collinus Tu 365 (Fig. S3), whereas the candidate cluster 51 was
similar to the known cluster encoding for pentamycin. Overall, we have established that most of
the BGCs (33) were also present in S. rochei 7434AN4, indicating two genomes with highly
similar content.

This similarity has led us to examine the relation of S. griseofuscus to other strains of its species
and to S. rochei strains. Currently, there are 4 complete assemblies of S. griseofuscus and 3 of S.
rochei genomes available in NCBI database. Among these are the aforementioned S. rochei
7434AN4 and type strain S. rochei NRRL B-2410. By calculating pairwise Average Nucleotide
Identity (ANI) between all genomes (39), we have identified the ANI between S. griseofuscus
DSM40191 and S. rochei 7434AN4 to be at 99.54%, while the similarity of S. rochei 7434AN4 to
the type strain S. rochei NRRL B-2410 is at 84.03%, highly similar to the one between S. rochei
NRRL B-2410 and S. griseofuscus DSM 40191, 83.95%. This clearly signals that the S. rochei
7434AN4 strain was probably misclassified and is indeed a S. griseofuscus strain. This may
explain the large number of similar BGCs shared between S. griseofuscus DSM 40191 and S.
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rochei 7434AN4 and the high levels of similarity between two of the largest plasmids in both
strains pSGRIFU1 and pSLA2-L.

Characterization of secondary metabolites produced by the S. griseofuscus
In the genome mining study, we have identified several known BGC that were studied in other
strains. Among these are the lankacidin and lankamycin BGCs, encoded on plasmid pSGRIFU1,
previously studied in S. rochei (40, 41), as well as the pentamycin BGC33 (42). Due to the good
preservation of these BGCs in the genome, we expected to detect the production of lankamycin,
lankacidin-related compounds and pentamycin. In addition, it was reported previously, that some
strains of S. griseofuscus are able to produce azinomycins A and B (43), acetylcholine esterase
inhibitor physostigmine (44), ϵ-poly-L-lysine (29, 30) and lankacidin C and A (25). In order to
check the production in S. griseofuscus DSM 40191, we have performed exploratory cultivations
in 5 different liquid media (ISP2, MAM and CDMZ medium (44), minimal medium (MM) (45),
and medium 65) (46), that were described in the literature for the production of the compounds
mentioned above, and have attempted to identify them in the extracts. Lankacidin A, C, and
lankamycin were tentatively identified by HR-MS. The production of pentamycin was identified
by HR-MS and confirmed using the pentamycin standard (Fig. S4). Physostigmine was not
detected in any of the conditions (Table S2).
We have noted the production of hydrophobic extracellular vesicles by S. griseofuscus, a widely
spread, but poorly studied phenomenon among Actinobacteria (47). It is known that the
extracellular vesicles might contain secondary metabolites (48, 49). To study the profile of the
extracellular vesicles in S. griseofuscus, they were collected and directly injected for LC-MS
measurements. Among many compounds, we have tentatively identified lankamycin, that was
previously detected in the cultivation extractions.

4. Development of genetic engineering methods
Even though the transformation, conjugation and protoplast generation for S. griseofuscus was
established, including attempts of genetic engineering (32, 33, 50), it was never systematically
tested with different vectors and engineering methods. While generating a heterologous host strain,
it is important to have access to the fastest knockout-leading techniques that lead to the least offtarget modifications.
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Transfer of integrative and replicative GusA-based vectors
As a first step, we tested whether S. griseofuscus is compatible with the gusA reporter system
plasmids (51): pSETGUS, an integrative phiC31- based plasmid, and pKG1139, a replicative
plasmid. Both plasmids were successfully conjugated into S. griseofuscus and allowed for visual
screening of the exconjugant colonies (Fig. S5). To determine the position of the pSETGUS
integration site, which is of importance to rationally utilize it for the integration of desirable
elements, we randomly picked three independent S. griseofuscus pSETGUS colonies and
sequenced them using Oxford Nanopore sequencing, similarly to (52). The exact location of the
integration site is at 4,242,328 bp in the HEP81_03793 gene, coding for a putative chromosome
condensation protein. The determined attB site of S. griseofuscus contains the conserved core “TT”
sequence (53).

CRISPR-Cas9 mediated gene knockout
CRISPR-Cas9-based molecular tools offer precision and ease in handling in comparison to other
techniques. Over the recent years, CRISPR tools have been adapted for use in streptomycetes (54).
As the introduction of double strand breaks can lead to rearrangements and off-target effects in the
genome, we validated various CRISPR-Cas9-based engineering methods by targeting genes on the
chromosome and on one of the plasmids. For this purpose, we used a pGM1190-based CRISPRCas9 plasmid (55), based on a temperature sensitive replicon that was shown to be functional in S.
griseofuscus, by using GusA-based pKG1139.
As a first target, we wanted to eliminate plasmid pSGRIFU1 that harbours 4 BGCs, among them
the lankacidin, lankamycin, a cryptic polyketide and the carotenoid BGCs. This plasmid has a very
high similarity to the plasmid pSLA2-L of S. rochei, where these clusters were characterized (41).
A sgRNA was designed to target the DNA primase/helicase-coding region, which is essential for
plasmid replication. Three random colonies were selected after the CRISPR procedure and
sequenced via Illumina whole genome sequencing. Surprisingly, in all clones, both the targeted
pSGRIFU1 and pSGRIFU2 were lost, leaving only plasmid pSGRIFU3 present in the genome. To
estimate the amount of changes in the plasmid-cured strains in comparison to the wild type
genome, the WGS data was analyzed with breseq, which identified 11 mutations (six SNVs, three

93

insertions, and two deletions) (Fig 1). One of the colonies was selected for further work and named
DEL1.

In parallel, we attempted to knockout chromosomally located BGC region number 33, which
encodes a putative pentamycin BGC and an uncharacterized NRPS BGC (Fig. S3). The
conjugation of the knockout plasmid resulted in less than 10 colonies, 2 of which were selected
for Illumina MiSEQ sequencing. It revealed that even though both clones accumulated several
mutations, they did not contain the intended mutation (data not shown). Even after the experiment
was repeated, we were not able to select knockout-carrying colonies.

In order to verify whether the deletion of pentamycin-NRPS clusters is possible in the plasmidcured conditions, a knockout plasmid was transferred to DEL1. In contrast to the experiments with
the wild type, a large number of exconjugants was received. After the plasmid curing, three of the
independently received colonies were sequenced with Illumina NextSeq and one of them was
additionally sequenced using Nanopore technology. This clone, further referred to as DEL2, was
confirmed to contain a full deletion of the pentamycin-NRPS cluster region and contained a
comparatively small amount of mutations (Fig. 1).

In the strain S. rochei 7434AN4, which is closely related to S. griseofuscus, curing of all three
plasmids has been reported to change the topology of the chromosome from linear to circular (41,
56). It is believed that the tap-tpg gene pair, which encodes for telomere-associated protein and a
terminal protein for end patching, located on both pSLA2-L and pSLA2-M plasmids, is responsible
for maintaining the linear architecture of the chromosome. Because both the genomes and the
associated plasmids in S. rochei and S. griseofuscus are similar, we investigated if the chromosome
of S. griseofuscus had circularized during the plasmid curing. We therefore sequenced the strain
DEL2 with the Nanopore technology. The assembly graph clearly showed a chromosome with
inverted repeat consistent with a linear chromosome. In order to verify the presence of the tap-tpg
homologues in the genome of S. griseofuscus, a BLAST search was performed against each gene
pair from pSLA2-L and pSLA2-M. The homologues of tapR1-tpgR1 and tapRM-tpgRM were
found on all three plasmids of S. griseofuscus (Table S3). This could explain the preserved linear
topology of the DEL2 chromosome. The removal of the putative pSGRIFU1 and pSGRIFU2
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tap/tpg homologues, may be complemented by the remaining homologous genes present on
pSGRIFU3.

Both the DEL1 and DEL2 strains did not show any significant changes in their morphology,
growth or sporulation (Fig. S1, S2, Table S1). In order to verify the influence of genetic
manipulations on the metabolites produced by DEL1 and DEL2, parallel cultivations in ISP2
media were made. In comparison to the wild type, strain DEL2 lost the possibility to produce
pentamycin, lankacidins and lankamycin, as expected (Fig. S4).

In order to test whether S. griseofuscus is suitable for the expression of heterologous BGCs, we
have expressed the S. coelicolor actinorhodin BGC in the wild type and DEL2. As evident from
the formation of a dark-blue halo, the wild type and DEL2 strains are both able to produce
actinorhodin in heterologous conditions (Fig. S6).

CRISPR-cBEST mediated knockouts
The CRISPR-cBEST system (57) utilizes cytidine deaminase fused to dCas9 and allows for the
introduction of STOP-codons by converting CG base pairs to AT. Recently, we have reported the
use of this system in S. griseofuscus (57). In order to test the usability of CRISPR-cBEST for
engineering of S. griseofuscus, the targeted BGCs were selected on the so-called “arm” regions of
the chromosome (57). It is known that the introduction of the DNA double strand breaks by Cas9
might lead to multiple unwanted consequences and is particularly dangerous in the case of the ends
of the chromosome (58). Therefore, these BGC regions are particularly difficult to engineer. In
order to verify whether CRISPR-cBEST system would help to omit these limitations, the targets
were selected in 4 different BGCs-containing regions, number 4, 30, 31 and 34 on the right and
left arms of the chromosome. The pCRISPR-CBE plasmids were constructed according to the
protocol (59), sequenced and transferred to S. griseofuscus via conjugation. Correct clones with
the STOP-codons in BGC regions 4, 30, 31 and 34 were confirmed via Sanger sequencing of the
region of interest (57). In order to determine the outcomes of each mutation, the morphology,
growth and metabolite production was assessed and individually described (Fig. S1, S2 Table S1).
We have grown all of the CRISPR-cBEST generated mutants in ISP2 liquid media and compared
their production profiles to the wild type (data is not shown). In the initial tests, we were not able
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to identify specific metabolites produced from each of these BGCs, possibly because the
production conditions for these metabolites were not met, or they are cryptic.

It has been shown that by using the multiplexed CRISPR-cBEST plasmids it is possible to target
multiple genes from different BGCs in S. coelicolor (57). Therefore, our next target was to verify
such a possibility in S. griseofuscus. For this purpose, a multiplex plasmid was constructed,
targeting 4 BGCs on the left arm of the chromosome. The sgRNA guides selected earlier were
used, yielding plasmid pCRISPR-MCBE-1-2-4-6, targeting BGCs 1, 2, 4 and 6. The plasmid was
verified via Sanger sequencing and transferred to S. griseofuscus via conjugation. Up to 24
exconjugant colonies were tested via PCR. Each of the targeted regions was amplified using a
selected set of primers, the fragments were purified and sequenced by Sanger sequencing. As a
result of the screening, for each of the targeted regions, at least one successful editing event was
detected. We were able to select a colony of S. griseofuscus pCRISPR-MCBE-1-2-4-6 with a total
of three edited targets (E3I2) (Table S4). Strain E3I2 has exhibited signs of sporulation deficiencies
and changes in morphology, that might be related to the specific combination of the mutations that
were introduced (Fig. S1). However, the growth of this strain was clearly not inhibited in liquid
cultures (Fig. S2, Table S1). In addition, the metabolite biosynthesis profile of E3I2 was verified
in ISP2 liquid media (data is not shown). We were not able to identify specific metabolites linked
to the inactivated BGCs, probably because the conditions for the production of these metabolites
were not met or these particular BGCs were not expressed.

One of the significant problems for CRISPR-Cas9-mediated targeting is the unwanted off-target
effects. Similarly, such problems exist while using CRISPR-BEST systems. It was shown that
while using the CRISPR-BEST for the generation of knockouts in S. coelicolor, a relatively small
amount of mutations can be observed (57). However, the influence of the presence of a/the
CRISPR-BEST plasmid on the accumulation of the mutations over time during continuous
cultivation was never studied.
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Fig. 4. Genome wide off-target evaluation of CRISPR-BEST mediated mutations in the strain preserved and
sequenced after the introduction of Stop-codon (p057_0D; 2) in comparison to the same strain that was passed
consecutively 20 times in liquid cultures (p057_20D; 3). Mutations, predicted for the WT Illumina dataset (1), used
to produce the reference, the level of which can be considered a technical noise.

In order to study these effects we have performed a long term cultivation experiment with
CRISPR-cBEST generated mutant strain S. griseofuscus HEP81_06602 (p057). The initial and
resulting strains were sequenced using Illumina NextSEQ and compared to the wild type strain,
using breseq analysis (Fig. 1 and 4). Notably, the introduced Trp221Stop mutation in the putative
gene HEP81_06602 (BGC 30) was maintained even after 20 transfers without the antibiotic
pressure (Fig. 1).

The breseq analysis of the Illumina-generated reads of the wild type genome had revealed 3 singlebase pair mutations, which can be considered a technical baseline. In case of strain p057_0D this
number increased to 33 mutations altogether, with a majority of them being C to T exchanges,
which can be putatively attributed to nonspecific activity of the CRISPR-BEST cytidine aminase.
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After 20 consecutive transfers, this number increased to 50 mutations with a majority of them
being C to T and A to G exchanges. Both numbers are falling in the range of the previously reported
for S. coelicolor (57) and are promising for the engineering of S. griseofuscus.

Discussion
Actinobacterial genomes usually code for 20-30 secondary metabolites (4). However, under
laboratory conditions a limited number of compounds are produced. One strategy to address this
challenge is the expression of BGCs in heterologous hosts. Even though there are several hosts
available, the current rate of successful expression of BGCs is low (14). Here, we present the first
attempt for diversification of the heterologous strain panel with a potentially easy-to-handle
heterologous host, S. griseofuscus. The literature-provided information regarding S. griseofuscus
is comparably dated. Therefore, we have decided to start our work with the wild type strain S.
griseofuscus DSM 40191 and test its qualities first hand. While exploring its phylogenetic position,
we have identified an ANI to S. rochei 7434AN4 of 99.54%, while the ANI of S. rochei 7434AN4
to the type strain S. rochei NRRL B-2410 is only at 84.03%. This indicates that S. rochei 7434AN4
may be misclassified, and should rather be included in the griseofuscus group. S. rochei 7434AN4
is described in detail as a producer of lankamycins, lankacidins and pentamycin (40, 42). However,
it was never systematically characterised regarding its genotype, phenotype or genetic engineering
abilities. Therefore, detecting the possible similarity between S. rochei 7434AN4 and S.
griseofuscus DSM40191 has been helpful in order to ease the characterisation of S. griseofuscus
metabolic profile.

The comparison of S. griseofuscus genome to genomes of the model streptomycetes S. coelicolor
and S. venezuelae has revealed a close genetic similarity, retained in the ability to process sources
of carbon, nitrogen and sulphur. Notably, S. griseofuscus is related genetically and phenotypically
closer to S. coelicolor than to S. venezuelae. This enables the use of the methods developed for S.
coelicolor. In the growth tests, the strain displayed fast, uncomplicated growth in liquid media,
compatible with OD measurements, and also an abundant sporulation on solid media. In addition,
we demonstrated that S. griseofuscus produces the native metabolites lankacidin, lankamycin and
pentamycin, as expected from its phylogenetic “proximity” to S. rochei 7434AN4. This
information was later used in the selection of target BGCs for genetic engineering.
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Heterologous host strains have to be frequently manipulated genetically in order to be molded as
producers of specific secondary metabolites. Therefore, it is important to have access to a set of
efficient genetic engineering techniques. We have tested various methods, such as integrative and
replicative vectors, CRISPR-Cas9 based knockouts and CRISPR-cBEST base editing. S.
griseofuscus is accessible to all these methods, implemented for single or multiplexed knockouts,
which generate minimal off-target effects. Even though CRISPR-based systems were shown to be
applicable in Actinobacteria, their use is still largely limited to model strains and typically requires
further adjustments (60). It is, therefore, highly beneficial that S. griseofuscus does not require any
of such additional efforts.

Our first target for the genome reduction of S. griseofuscus has been the curing of the largest
plasmid pSGRIFU1, highly similar to pSLA2-L of S. rochei (42). It carries 4 BGCs, among these
the lankacidin and lankamycin BGCs, products which were detected in the wild type supernatant.
As expected (40), CRISPR-Cas9 mediated curation of pSGRIFU1 led to the disappearance of these
metabolites in the supernatants of the mutant strain DEL1. To generate strain DEL1, we targeted
the DNA primase/helicase-coding region of the pSGRIFU1 plasmid, which also caused the curing
of plasmid pSGRIFU2. This could be explained by the presence of several putative off target sites
in pSGRIFU2. Curation of pSGRIFU2 was unexpected, but a positive outcome for the genome
minimization and did not lead to chromosome cyclisation of DEL1, as it was shown for S. rochei
(56). We believe that the homologues of genes tap/tpg, that were detected on plasmid pSGRIFU3,
are needed to sustain the architecture of the chromosome.

Furthermore, the successful removed pentamycin and the neighbouring NRPS BGC from the
genome of DEL1 generated strain DEL2, deficient in pentamycin production (Fig. S5). DEL2 can
be considered as the first genome reduced strain of S. griseofuscus with 5.19% of its genome
removed without any observable negative effects. In addition, the actinorhodin BGC was
successfully expressed in DEL2 (Fig. S6). Therefore, we believe that strain DEL2 can be
considered as the first step towards developing heterologous production host, suitable for the
expression of polyketide BGCs.
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Conclusions
For the last decades, S. griseofuscus has remained largely unexplored. In this paper, a detailed
characterization of S. griseofuscus DSM 40191 is presented, including studies of its genotype,
phenotype and metabolic capabilities. We believe that the results, described in this manuscript,
clearly demonstrate the high potential of S. griseofuscus strain as to its further development as a
heterologous host strain. We plan to continue our work on the genome reduction of S. griseofuscus
DEL2, using step-by-step removal of BGCs with the simultaneous characterisation of the mutants
growth and metabolite production. In the next phase of development, we plan to adapt the resulting
strain to expression of different types of BGCs, by introducing additional integration sites and by
modifying the primary metabolism to suit the precursor needs.

Materials and Methods
1. Strains, used or constructed in this study
Strains S. griseofuscus DSM 40191 and S. venezuelae DSM 40230 were received from DSMZ
strain collection as freeze-dried pellets. Strain S. coelicolor M145 was received from Y. Tong
(NBC group, DTU, Denmark). E. coli Top10 and Mach1 (both from Thermo Fisher Scientific)
were used as general cloning hosts in this study. Other strains that were used in this study are
described in Table S4.

2. Growth and cultivation conditions
Growth and sporulation on different media
To systematically study a phenotype of S. griseofuscus, we tested several solid media, detailed
below (Fig. S1, Table S1). To confirm the disperse growth in liquid media, we have built a growth
curve based on optical density at 600 nm (OD600) in liquid ISP2 (Fig. S2, Table S1). All of the
Streptomyces strains were cultivated using 3 different solid media: MS (45), ISP2 and ISP4
(International Streptomyces Project medium 2 and 4; premixed DifcoTM ISP2 dehydrated medium
(Fisher Scientific, #DF0770-17-9) and premixed DifcoTM ISP4 dehydrated medium (Fisher
Scientific, #DF0772-17-7)). DSMZ medium 65 (GYM Streptomyces medium) is the medium
recommended by the German Collection of Microorganisms and Cell Cultures (DSMZ) for
cultivation of S. griseofuscus DSM 40191 and prepared as described by DSMZ (46). CDMZ, a
chemically defined media for the detection of physostigmine, was prepared as described in (44).
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Otherwise, Streptomyces minimal media (45), MAM, molicidin A medium, and version of ISP2
without addition of agar, were used for liquid media cultivations. For cultivations in liquid
medium, 250 ml shake flasks were used in combination with approximately 30 3 mm glass beads,
incubated at 30 °C and 200 rpm. For the cultivations in liquid media, a two stage cultivation
principle was used. Firstly, pre-cultures were directly inoculated with spore suspensions that were
collected from fully grown MS plates, and incubated overnight. The OD600 was measured for
each pre-culture and re-inoculated in the main culture up to the final OD600 of 0.1. The OD600
measurements were carried out in the 1.5 mL disposable polystyrene spectrophotometer cuvettes.
Before each measurement, the cuvettes were thoroughly mixed using a vortex-mixer and each
cuvette was measured three times. Therefore, each presented data point corresponds to a total of
nine measurements. The maximum specific growth rate µmax was determined by plotting the
natural logarithm of all OD600 values against the cultivation time. Further on, a linear fit for data
points corresponding to the exponential phase was calculated and the slope of that fit corresponds
to µmax. Using µmax, the minimal time needed for the OD600 value to double (td) was calculated as
described in (61).

3. Cloning, primers and constructed plasmids
Spacer sequences, primers, constructed and used plasmids are listed in Table S5. All spacer
sequences were selected with the help of CRISPy-web (62, 63).
The procedure of ssDNA oligo bridging was used for the integration of spacers into CRISPR
plasmids. The CRISPR plasmid of interest was digested with NcoI at 37 °C for 30 min and
dephosphorylated using FastAP at 37 °C for another 30 min. The reaction was inactivated by
incubation at 65 °C for 10 min. The 20 nt spacers were ordered as oligos from IDT with 20 nt
overlaps to the backbone on both sides (Table S5). After dilution to 100 µM, the oligos were
diluted to a concentration of 0.2 µM using 1x NEBuffer 2. A 10 µl reaction mix was prepared
containing 30 ng of the linearized backbone, 5 µl of the 0.2 µM oligo, and ddH2O to 10 µl. 10 µl
of NEBuilder® HiFi DNA Assembly Master Mix were added and the reaction was incubated for 1
h at 50 °C. Up to 5 µl were transformed into electrocompetent E. coli Mach1. Positive colonies
were identified by colony PCR and running the samples on a 2 % agarose gel. Putative positive
colonies were further analyzed by the in-house Sanger sequencing. The construction of CRISPRCas9 plasmids and their transfer was carried out as described in (59). All E.coli-Streptomyces
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conjugation experiments were conducted according to the modified protocol from (45), from
which the heat shock step was completely omitted. The MS media with addition of magnesium
chloride solution (45) was used for plating of conjugation mixes.

4. Genome comparison of S. griseofuscus, S. coelicolor and S. venezuelae
To compare genetic features of S. griseofuscus with other well studied Streptomyces strains, we
downloaded the genomes of S. coelicolor A(3)2 (NCBI accession.: NC_003888) and S. venezuelae
ATCC 10712 (NCBI accession: NZ_CP029197). All three genomes were annotated using the
KEGG annotation server that describes the biological subsystem of each gene. The number of
genes in different biological subsystems were counted for each genome. Similarly, to compare the
metabolic properties, the number of unique KEGG reactions were counted for different metabolic
pathways across the three genomes. The genomic and phenotypic microarray data was analyzed
together using the dape module of the DuctApe software that is used to correlate genomic data
with phenomic data for multiple strains. As part of this software, bidirectional best blast hits (Evalue threshold – 1e-10) were calculated to generate the pangenome of the three strains. Based on
this pangenome, the number of shared genes, unique KEGG gene IDs, and unique KEGG reaction
IDs across the three genomes were calculated.

5. BioLog phenotypic microarrays
Phenotype MicroArrays were ordered from BioLog, which in addition had provided customized
protocol for the cell inoculation and measurements. In this study, testing plates PM 1 to 4 were
used, out of which PM1 and 2 contain Carbon sources, PM2 - Nitrogen sources, PM4 - Phosphorus
and Sulphur sources. All the measurements for all strains were performed in three technical and
two biological replicates. S. coelicolor M145, S. venezuelae DSM 40230 and S. griseofuscus DSM
40191 were all grown on MS plates for 6 days until clear sporulation signs appeared. The spores
were collected in sterile water and diluted to 80% of cell density using a BioLog-supplied
turbidimeter (catalogue number: 3531). BioLog redox dye mix G was used for all measurements.
The recipes for minimal media and other supplementing resources were received from BioLog.
The cells were mixed with the prepared media and inoculated in the PM plates using multichannel
pipettes and immediately loaded into the OmniLog instrument for measurements (catalogue
number: 91171).
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6. DNA isolation, sequencing and assembly
As described in (34), WGS libraries were constructed using the KAPA (St. Louis, Missouri, USA)
HYPRplus kit and sequenced on an Illumina MiSeq machine with a 2x150nt sequencing kit, except
for the library for strain DEL2, which was sequenced on a Illumina NextSeq 500. The Illumina
data was adaptertrimmed using Adapterremoval2 (v. 2.2.2) (64) with the switches --trimns –
trimqualities. As described in (34), the genome of S. griseofuscus was assembled using PacBio
data with the assembly program Flye (v. Flye 2.4.1-geb89c9e) (65) with the switches --genomesize 8m --iterations 5 for five consecutive rounds of polishing using the PacBio data. The assembly
was then polished with the Illumina data using the polishing module of Unicycler (v. 0.4.8-beta)
(66). We manually added the inverted repeats to both ends of the chromosome, repeated the
illumina polishing with unicycler-polish, and used Minimap2 (v. 2.16-r922) (67) and Bowtie2 (v.
2.3.5) (68) to map pacbio and illumina reads to the manually curated genome assembly. We used
artemis genome viewer (v .18.0.2) (69) to visualize the mappings. BUSCO (v. 4.0.5) (70) was used
for estimating the quality of the genome assembly and Bandage (v. 0.8.1) (71) was used to view
and evaluate the assembly graph. The assembled genome was gene annotated using Prodigal
(v.2.6.3) (72) and the identified genes were functionally annotated using Prokka (v. 1.14.0) (73)
with the PFAM-A (v. 32.0) (74) database and six publically available manually annotated
actinobacterial genomes of high quality using the prokka --proteins switch (see Table SI6). These
databases were used in addition to the default databases, not instead of them. RNAmmer (75) was
used for rRNA gene prediction and Aragorn was used for tRNA prediction (76). Nanopore data
from the strain DEL2 was obtained to check for circularization of the genome. The DNA of the
DEL2 strain was extracted as described above, and a nanopore library was constructed with the
rapid (SQK-RBK004) kit from Oxford Nanopore Technologies (Oxford, United Kingdom) and
the barcode RB05. The data was generated on a MinION machine with a 9.4.1 flowcell. The raw
data was demultiplexed using Deepbinner (v. 0.2.0) (77) and basecalled using Guppy (v.
3.2.2+9fe0a78, Oxford Nanopore Technologies, Oxford, United Kingdom), before the technical
sequence was removed using Porechop (v. 0.2.4; https://github.com/rrwick/Porechop). The
Nanopore data was assembled using flye assembler as described above for PacBio data.

7. Comparison of BGCs of S. griseofuscus with BGCs detected across Streptomyces sp.
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Genome sequences with complete assembly annotation of the Streptomycetaceae group are
collected from the PATRIC database (78). Among 214 complete genome sequences, one was
annotated of poor quality owing to its low fine consistency score (PATRIC ID: 2588708.3) and
one other genome had 22 contigs (PATRIC ID: 1969.5). The remaining 212 high quality genomes
are processed with antiSMASH v5.1 to detect 6380 BGCs in total. AntiSMASH predicted 34
BGCs on chromosome and one BGC on plasmid of S. griseofuscus. Some of these BGCs were
further split into candidate clusters manually. We used BiG-SCAPE software (79) to generate
similarity network of all 6380 BGCs detected in 212 public genomes, 1808 known BGCs from
MIBIG database v1.3, 35 BGCs from S. griseofuscus genomes and manually selected 14 candidate
clusters. The cutoffs of 0.3, 0.5 and 0.7 were used on raw_index similarity metric of BiG-SCAPE
analysis. The similarity network was visualized using Cytoscape v3.7. Some of the candidate
clusters of interest (e.g. candidate cluster number 5) were analyzed using the CORASON feature
of BiG-SCAPE to generate gene cluster alignments based on similarity.

8. Extractions and evaluation of metabolite production
For targeted and untargeted metabolomics analysis, 50 ml liquid cultures with the medium of
interest (ISP2 and CDMS) were prepared and cultivated in 250 ml shake flasks for 5 days. After 5
days, the cultures were harvested and centrifuged for 20 min at 10,000 x g. The supernatants were
collected in 250 ml glass bottles and extracted using equal volumes (1:1) of ethyl acetate (liquidliquid extraction). The organic phase was separated from the aqueous phase using a 500 ml
separatory funnel, after shortly shaking, and collected in a 250 ml glass bottle. The process was
repeated 3 times using fresh solvent. The extracts of each strain were combined and evaporated
using a Büchi Rotavapor R-300 in combination with a Büchi Heating Bath B-300 Base, a Büchi
Interface I-300, a Büchi Vacuum Pump V-300, and a Julaba Recirculating Cooler FL601. The
temperature of the water bath was set to 38 °C, the rotation speed to 140 rpm, and the pressure to
150 mbar, which was gradually decreased to 50 mbar to achieve complete dryness. Next, the
analytes were dissolved in 1 ml of 50% v/v methanol and transferred to 2.0 mL Eppendorf tubes.
The samples were centrifuged for 10 minutes in 12,000 CFU and the supernatants were transferred
in new eppendorf tubes. The samples were evaporated again using an Eppendorf Concentrator Plus
Speedvac without heating, dissolved in 100 µl of 50% v/v methanol and centrifuged for 10 min in
12,000 CFU. The supernatants were transferred to autosampler vials with inserts, and analyzed
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using a LC-MS system. The analysis was performed using a Thermo Dionex Ultimate 3000
UHPLC system with a diode array detector (DAD) interfaced with an Orbitrap Fusion Tribid mass
spectrometer (Thermo Scientific, San Jose, USA), using an EASY-IC ESI source. Separation
conditions were as follows: Column, Agilent Zorbax Eclipse Plus C18, 100 x 2.1 mm i.d., 1.8 µm
particles. The mobile phase used was (A) purified water with 0.1 % formic acid and (B) acetonitrile
with 0.1 % formic acid. The flow rate was set to 0.35 ml/min and the column temperature was set
to 35 °C, while the injection volume was set to 1 µl. The following gradient was used: 0-0.5 min.
5 % B, increasing to 100 % B at 13 min., and holding until 15 min., returning to 5 % B at 15.1
min., and equilibrating for 1.9 min., for a total run time of 17 min. Full-scan mass spectrometric
detection was performed in positive and negative ESI mode with the following parameters: source
voltage, 3500 V (positive mode) and 2700 V (negative mode); sheath gas flow rate (N2), 50
arbitrary units; auxiliary gas, 10 arbitrary units; sweep gas, 1 arbitrary unit; Ion transfer tube
temperature, 325 °C; Vaporizer temperature, 350 °C. MS full-scan analysis was performed using
the orbitrap with the following settings: Orbitrap resolution, 120,000; scan range 100-1,000 Da;
RF lens, 50 %. Before analysis, the MS was calibrated using ESI Positive Ion Calibration Solution
(P/N 88323) and ESI Negative on Calibration Solution (P/N 88324, Thermo Scientific, San Jose,
USA).
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3 with information on nodes and edges.
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2.3. Deep characterization of megabase-pair deleted Streptomyces
collinus Tü365 chassis
One of the key principles for designing chassis microbial strains for heterologous expression is to
obtain a clean genetic and metabolic background by genome reduction. To date, only few
actinomycete hosts are available for expressing secondary metabolite biosynthetic gene clusters
(BGCs), including genome-minimized organisms with mega-base-pair sized deletions. While
these strains were used as chassis strains for the production of secondary metabolites, the impact
of these huge deletions on the physiology of the strains remains largely unknown.

This chapter include a manuscript in preparation, which applied parts of the computational
workflow described in chapter 2.1. Here, we constructed and characterized two genome-reduced,
plasmid-free strains originating from the kirromycin producer Streptomyces collinus Tü 365. Out
of the 8.273 Mb wild-type (WT) genome, ~1.545 and ~1.854 Mb (18.7 and 22.4% of the WT
genome) were deleted to construct S. collinus SQ and S. collinus L2, respectively. In order to
address the effects of these substantial genome deletions on both strains, we compared them their
genome, phenome and physiology with WT. Furthermore, in silico genome-scale metabolic
simulations were performed to examine the possibilities of expressing a broad panel of
actinomycete originating BGCs. Among the positively predicted hits, the actinorhodin BGC from
S. coelicolor was expressed in the genome-reduced SQ and L2 strains as a proof-of-concept
example of use as a chassis strain.
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Abstract
Actinomycetes are a treasure trove of secondary metabolites with diverse bioactivities. However,
often only few biosynthetic gene clusters (BGCs) that code for the biosynthesis of such compounds
are expressed under laboratory conditions. A common strategy to get access to the remaining
biosynthetic potential is to clone and express these BGCs in suitable chassis strains. One of the
key principles for designing such strains is to obtain a clean genetic and metabolic background by
genome reduction. To date, only few actinomycete hosts are available, including genomeminimized organisms with mega-base-pair sized deletions. While these strains were used as
chassis strains for the production of novel compounds, the impact of these huge deletions on the
physiology of the strains remains largely unknown. In this study, we constructed and characterized
two genome-reduced, plasmid-free strains originating from the kirromycin producer Streptomyces
collinus Tü 365. Out of the 8.273 Mb wild-type (WT) genome, ~1.545 and ~1.854 Mb (18.7 and
22.4% of the WT genome) were deleted to construct S. collinus SQ and S. collinus L2, respectively.
In order to address the effects of these substantial genome deletions on both strains, we applied
deep, multi-dimensional strain characterization comprising of genomics, metabolism and
physiological data. Furthermore, in silico genome-scale metabolic simulations were performed to
examine the possibilities of expressing a broad panel of actinomycete originating BGCs. Among
the positively predicted hits, the actinorhodin BGC from S. coelicolor was expressed in the
genome-reduced SQ and L2 strains as a proof-of-concept example of use as a chassis strain.
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Introduction
Genome mining reveals that actinomycete genomes possess a huge number of unexploited
biosynthetic gene clusters (BGCs) coding for secondary metabolites (specialized metabolites)1-3.
Despite this huge biosynthetic potential, the majority of BGCs are either not expressed under
laboratory conditions (known as silent BGCs) or their final products cannot be detected due to
their trace production. One widely used approach to get access to these secondary metabolites is
heterologous expression of these BGCs in a suitable microbial host (chassis strain). The design
and construction of microbial chassis harboring a reduced genome resulting in a cleaner genetic
and metabolic background4-8 has been one of the key focuses of genome mining-guided natural
products discovery in the last decade9,10. Several successful examples had been reported using such
microbial chassis strain to activate cryptic BGCs11,12 , to increase the yield of known valuable
compounds13, or to synthesize novel products by combinatorial biosynthesis14. However, it is a
very time consuming and labour intensive process using traditional genetic manipulation
approaches to construct genome-reduced microbial chassis, examples include E. coli15,16,
Streptomyces4,7,8, and yeast17.

To date, only a few streptomycete chassis strains were constructed from well-studied modelactinomycetes by using labor-intensive, and time-consuming traditional, double-crossover-based
genetic approaches. Some well-known ones include a panel of S. coelicolor strains, for example
S. coelicolor M1146, constructed by deleting in total 173 kb, including four well known BGCs
(actinorhodin, ACT; undecylprodigiosin, RED; the calcium-dependent antibiotic, CDA; and cpk);
S. coelicolor M1154, a derivative of S. coelicolor M1146 in which two additional point mutations
rpoB [C1298T] and rpsL [A262G] have been introduced to enhance the expression of heterologous
BGCs18 ; and “cluster-free” S. albus De14 constructed by deleting all 15 predicted BGCs (in total
502.3 kb) from the wild-type S. albus J10744. To the best of our knowledge, only two
streptomycete chassis strains were constructed by deleting more than 1 Mb in their chromosomes:
the “background-clean” S. coelicolor ZM12, constructed by deleting ~1.22 Mb non-essential
genetic regions8; and the genome-minimized S. avermitilis strain, generated by deleting 1.4 Mb
non-essential genetic regions7. However, both are not deeply characterized by genomics,
metabolism and physiology. The missing map between phenotype and genotype and their impact
on the heterologous expression of target BGCs heavely restricts their applications.
118

The non-model actinomycete strain Streptomyces collinus Tü365 (DSMZ 40733, hereinafter, S.
collinus WT), is well known as the natural producer of the antibiotic kirromycin, an inhibitor of
the bacterial elongation factor EF-Tu. The narrow-spectrum antibiotic kirromycin shows
bioactivity against several relevant pathogens, such as Neisseria gonorrhoeae22 and recently been
characterized as a potent growth inhibitor of Wolbachia23. Furthermore, there are indications that
the compound also is a potential inhibitor (as demonstrated for its natural N-methyl analog
aurodox) of bacterial type III secretion systems24. The relatively high production titers of
kirromycin in the wild type strain (up to 350 mg/l20) indicates that the host itself has the potential
to redirect the metabolic flow into a particular secondary metabolic pathway, which potentially
would be a good feature for a chassis strain. By using CRISPR-Cas9 based genome editing
methods25, we successfully reduced the genome by ~22.4% (S. collinus L2) and ~18.7% (S.
collinus SQ) out of the WT strain, respectively.In order to investigate the effects of such largescale deletions and to expand the landscape of actinomycete chasis, we further performed a deep
strain characterization on these two mega-base-pair deleted S. collinus chassis. The results and
strategies provided in this study are an important asset and guidance for further streptomyces
chassis strain design and construction.

Results
Construction of genome-reduced S. collinus chassis
To efficiently reduce the genome size of S. collinus Tü 365, we decided to use our CRISPR-Cas9
toolkit25 with homology-directed repair (HDR). Among the 32 regions predicted by antiSMASH
51 (Table S1), kirromycin as the most abundant compound produced by S. collinus Tü365 was
selected as the first deletion target. An sgRNA was designed targeting the two identical copies of
the T1PKS synthase encoding gene kirAI (B446_RS01535 and B446_RS33725), which are located
at the inverted repeat region26, resulting in strain S. collinus kir-Cas9. We expected a clean null
mutant with both kirromycin BGCs deleted simultaneously (Figure 1A). Interestingly, by mapping
illumina reads of S. collinus kir-Cas9 to the NCBI reference genome (Accession No.:
NC_021985.1), we did not see the expected seamless deletion of kirromycin BGCs, but instead,
~700 kb of the 5 prime inverted repeat and ~ 600 kb of the 3 prime inverted repeat (Figure 1D)
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were lost. This indicates that the HDR did not successfully repair the two DSBs. Similar collateral
deletions were observed in our previous study of targeting two copies of the kirN gene27. Other
than HDR, we knew that the non-homologous end joining (NHEJ) pathway could also be used to
repair DSBs in streptomycetes25.

To confirm whether S. collinus possesses functional NHEJ DNA repair pathway, which could
“rescue” the strains after the DSB event, a BLASTp search using the M. tuberculosis Ku-core
(NCBI Reference Sequence: WP_003404795.1) and the MtbLigD (NCBI Reference Sequence:
WP_003911307.1) as queries against the S. collinus Tü365 genome was applied. We found two
hits of Ku-core with 99% and 94% coverage and 39.64% and 37.16% of identity, respectively.
While no complete hits of the LigD sequence were found, but only individual domains, indicating
that S. collinus Tü365 has a compromised NHEJ pathway. However, instead of generating a set of
random-sized deletions like in S. coelicolor25, introducing two simultaneous DSBs into the
inverted repeat regions of S. collinus leads to the deletion of entire inverted chromosomal arms27.
Our results are consistent with previous reports of the variability and instability in Streptomyces
inverted repeat regions28. The tolerance of such large-scale deletions of the chromosomal arms
indicates that they don’t code for essential genes required for survival under laboratory conditions.

The following question we asked after this observation was, if the genome is further reducible and
stable? We applied two more rounds of seamless deletions using the same HDR-based CRISPRCas9 strategy (Figure 1A) targeting BGC region6 and BGC region7 (hereafter, BCG regions refer
to the reference sequence, NC_021985.1), both not located in the inverted repeat region, meaning
only one DSB will be introduced. Two mutants with different phenotypes (Figure 2) were selected
for further analysis, named as S. collinus TuE and S. collinus Tu8. Illumina-based whole genome
sequencing analysis showed that S. collinus TuE has lost a fragment of ~700 kb from 5’
chromosome end, two fragments of the seamless BGC6 and BGC7, and a fragment of ~600 kb
from 3’ chromosome end as expected; while S. collinus Tu8 has a further deletion compared to S.
collinus TuE, namely, S. collinus Tu8 has lost ~1.2 Mb from 5’ chromosome end (BGC6 and
BGC7 together with their adjacent region were deleted) and ~600 kb from 3’ chromosome end
(Figure 1B). We also observed that both plasmids disappeared in S. collinus Tu8 and S. collinus
TuE (Figure 1B, Figure S2). However, we did observe some reads belonging to pSCO2 in S.
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collinus TuE. The details will be discussed in the following section. In order to investigate if these
two genome-reduced strains are genetically stable under stress conditions, we first eliminated the
CRISPR plasmids, then repeated four more cycles of heat-shock clutivation (see Methods for
details). We picked one single colony without visible morphology change of both S. collinus TuE
and S. collinus Tu8, named as S. collinus SQ and S. collinus L2, respectively (Figure S1).

Figure 1. Construction and genomic characterization of two genome-minimized S. collinus chassis
strains.
A. Illustration of genome reduction using HDR-based CRISPR-Cas9 strategy.
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B. Heatmap of S. collinus L2, S. collinus Tu8, S. collinus SQ, S. collinus TuE, and S. collinus WT Illumina
reads mapping to the S. collinus Tü365 reference genome (NC_021985.1). Dark colours represent a high
read coverage, white represents low/no coverage. A cutoff of 200x is applied. The whole genome region
(1-8,272,925) is displayed. A green boxed region of BGC6 and BGC7 are zoomed in.
C. Hybrid assembly graphs of S. collinus SQ and S. collinus L2.
D. Comprehensive genome-genome comparison using high quality genomes of S. collinus SQ and S.
collinus L2 to the Tü365 reference genome (NC_021985.1).
E. Information of the deleted BGCs in S. collinus SQ and S. collinus L2. A detailed table can be found in
Table S2.

Characterization of the genome structure of the two genome-reduced S. collinus chassis
In order to assess the genome integrity, we obtained illumina sequence data of both S. collinus SQ
and S. collinus L2. Very similar mapping profiles were seen for S. collinus SQ and its parental
strain S. collinus TuE, and for S. collinus L2 and its parental strain S. collinus Tu8 (Figure S1 and
Figure 1B) on the reference sequence (NC_021985.1). Additionally, as the de novo assemblies of
S. collinus SQ and S. collinus L2 match the S. collinus WT genome (Figure 1D, and Table S2), we
believe that large rearrangements have not happened outside of the described areas in the
chromosome ends and around BCG region 6 and 7 in the reference sequence. This indicates that
the reduced genomes are stable.

A step forward, we wanted to identify all accumulated small mutations in both SQ and L2 strains
by mapping their illumina reads on the NCBI reference using Breseq29, and we also included the
S. collinus WT illumina reads as a control for sequencing technical noise or inaccuracies in the
NCBI reference sequence. We found that SQ has 31 small mutations compared to the reference
sequences (NC_021985.1, NC_021986.1, and NC_022001.1), and that L2 has 55 small mutations
compared to the reference sequences (Table S7). Interestingly, the S. collinus WT strain was
predicted to have 55 small mutations in comparison to the NCBI reference, which we considered
as the background of spontaneous mutagenesis and/or sequencing technical noise. This result
improved the precision of our assembled genome sequences (will be discussed in the following
section).
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Mapping the reads of both SQ and L2 to NCBI reference genome sequence indicated that both
genomes likely were linear as a circular genome would not usually have double coverage on the
sequence ends. However, it was reported that the linear Streptomyces chromosome can cyclize as
a consequence of losing inverted repeats30-33. In order to test if the chromosomes indeed remained
linear, we designed two different sets of primers that can amplify the bridge region of two
chromosomal ends. However, no amplicons were obtained (data not shown). The short-read-based
Illumina sequencing is incapable of resolving genome structures like inverted repeats composed
of long, repetitive fragments. Because of this, we further applied long-read PacBio sequencing. In
a hybrid assembly of the PacBio and Illumina sequencing data with Flye34 and subsequent
polishing of the assemblies with the polishing module of Unicycler35, we obtained cointiguous
genome sequences of both S. collinus SQ and S. collinus L2. Sequence analysis confirmed that
both chromosomes of S. collinus SQ and S. collinus L2 indeed are linear, but also that both native
plasmids pSCO1 and pSCO2 were lost in both strains (Figure 1). Interestingly, after the loss of
original inverted repeats, a genomic region was recruited to form new inverted repeats (~755 kb
in S. collinus SQ and ~455 kb in S. collinus L2, with the coordinates 787,764-1,616,351 (SQ) and
1,177,788-1,616,351 (L2) on the WT S. collinus NC_021985.1, respectively) by an unknown
mechanism. We did not find any copies of Tap-Tpg pair36 or highly similar genes in both SQ and
L2 by both PCR using specific primer pairs and local blast across the assembled genomes. How
the strain maintains its linear chromosome requires future investigation. Further, genome
comparisons showed that in the S. collinus SQ, a 7.6 kb fragment from the plasmid pSCO2 was
incorporated as part of the inverted repeat that is distal to the chromosome derived inverted repeat.
Whereas, at the repeated ends of the S. collinus L2 strain, a 16 kb fragment was inverted and
duplicated (position 1,177,788-1,194,362 on the WT S. collinus NC_021985.1) (Figure 1D, Figure
S2, and Table S2). Although the size of inverted repeat regions is different in the two mutants, the
proximal position of the repeats is the same when compared to the WT (position 1,616,351). BGC
region 6 and the protocluster (cc11, NRPS) of BGC region 7 were in-frame deleted in S. collinus
SQ as designed. These two regions were deleted together with their adjacent regions in S. collinus
L2. Interestingly, a protocluster encoding bacteriocin within BGC region 7 is inverted and placed
in the reverse order at both ends of the S. collinus L2 chromosome (Figure 1D, 1E, and Figure S2)
becoming part of the new inverted repeats by an unknown mechanism. The other shared deleted
regions include two sets of three BGCs (regions 1-3 and regions 30-32) in the inverted repeat
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region of WT including kirromycin BGC, two more BGCs (region 4 and region 5) in the noninverted repeat region of WT. A summary of detailed genome structures for S. collinus SQ and S.
collinus L2 is displayed in Table 1 and Table S2.
Using Prodigal37, 6,569 and 6,010 genes were identified in the genomes of S. collinus SQ and S.
collinus L2, respectively (Data S2. The genes were functionally annotated using Prokka38. We
compared the annotated genomes of HGI10 and HGI09 against the S. collinus Tü365 genome from
NCBI (ACCESSION NUMBER: NC_021985.1). Bidirect blast analysis was carried out in order
to investigate what genes/gene functions were lost in these two genome-reduced strains (Data S2).
From the total of 7,185 genes in the S. collinus Tü 365 genome, 1,441 and 1,707 genes were deleted
in S. collinus SQ and S. collinus L2 respectively (Data S2). Whereas, a total of 5,477 genes are
conserved in both S. collinus Tü365 and the two genome-reduced strains. This suggests that a
significant portion of genes was deleted during construction of reduced chassis.

Table 1. Comparison of genomic features of two genome reduced strains S. collinus SQ and
S. collinus L2 with S. collinus WT.
Feature

S. collinus WT

S. collinus SQ

S. collinus L2

Total length (bp)

8,272,925 + 104,461

7,502,433

6,891,949

1,544,774 (~18.7%)

1,854,069 (~22.4%)

631,365

755,949

455,202

G+C content (%)

72.60

72.84

72.76

CDS

7,185

6,569

6,010

tRNA

80

87

83

(2 plasmids)
Reduced length (vs WT)
Inverted

repeat

region

(bp)#
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rRNA

18

18

18

mapped to KEGG

2,653

2,587

2,410

KEGG

Orthology

IDs

1,749

1,670

1,631

Reaction

IDs

1,445

1,402

1,358

(unique)
KEGG
(unique)

#: the identity of inverted repeat sequences for S. collinus SQ is 99.972%, while is 99.997% for S. collinus
L2 and 99.98% for S. collinus WT (NCBI ACCESSION NUMBER: NC_021985.1).

Morpho-physiological characterization of S. collinus SQ and S. collinus L2
We next investigated the phenotypic change of the two genome-reduced strains compared to the
WT strain. We used scanning electron microscopy (SEM) to examine the 14-day old (fully
developed) surface‐grown colonies of S. collinus SQ, S. collinus L2 and S. collinus WT. We
observed that mycelia of S. collinus WT were fully developed into mature spores, while the two
genome reduced strains predominantly produced straight aerial mycelia without sporulation
(Figure 2). This is consistent with the expected phenotype of deleting the aerial mycelium
development and sporulation involved genes of B446_RS32915 (homologous to SCO3579,
encoding WblA in S. coelicolor); B446_RS04590 (homologous to SCO3158, encoding SsgE in S.
coelicolor); and B446_RS04535 and B446_RS36945 (homologous to SCO7257, encoding ChlB
and SCO2716, encoding ChlA in S. coelicolor, respectively). As morphology is strictly associated
with cell growth and secondary metabolite production in streptomycetes39, we further
characterized the growth profile of all three strains using a defined minimal medium (MM) with
glucose as the sole carbon source40. We observed that the growth rate of S. collinus WT and S.
collinus SQ were slightly higher than that of S. collinus L2. Interestingly, the lag phase of S.
collinus L2 was shorter than that of S. collinus WT and S. collinus SQ. We saw from the growth
curve that S. collinus L2 reached the stationary phase after 16 hours of incubation, while S. collinus
WT and S. collinus SQ required around 40 hours (Figure 2). To further investigate how the carbon
source was used, we calculated the ratio of carbon source to cell mass conversion for all three
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strains. We observed that S. collinus SQ had the highest (25.4%) rate of glucose consumption per
amount of biomass formed while instead S. collinus L2 showed the lowest rate (17.5%) (Figure
2B).

Figure 2. Physiological characterization of S. collinus SQ and S. collinus L2.
A. 100-hour optical density (OD)-based growth curves (blue) and corresponding glucose consumption rates
(red) of S. collinus WT, S. collinus SQ, and S. collinus L2 in defined minimal medium supplemented with
2% glucose. Each value represents the mean ± S.D. of three independent measurements performed on
parallel cultivations.
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B. A barchart showing the glucose-to-cell mass conversion of S. collinus WT, S. collinus SQ, and S. collinus
L2 in defined minimal medium supplemented with 2% glucose after 100 hours incubation. Each value
represents the mean ± S.D. of three independent measurements performed on parallel cultivations.
C. Colony view of S. collinus WT, S. collinus SQ, and S. collinus L2 growing on MS plates for 14 days.
D. ~80× magnification SEM view of 14 days old S. collinus WT, S. collinus SQ, and S. collinus L2 growing
on MS plates.
E. Further magnification of the boxed region in D. (in total of ~2,500× magnification).
F. Further magnification of the boxed region in E. (in total of 10,000x magnification).

Metabolic properties characterization of the two genome-reduced chassis strains
The genomes of S. collinus SQ and LQ were reduced by 1,441 and 1,707 genes, respectively. To
assess the impact of this substantial gene loss on the metabolic properties of the strains, we
processed the genomes of S. collinus Tü 365, S. collinus SQ and S. collinus L2 using the KEGG
annotation server (Table S2) to associate genes with physiological functions. A total of 2,653 genes
of S. collinus Tü 365 were mapped to the KEGG reference pathway database with 1,749 unique
KEGG orthology IDs and 1,445 unique KEGG reaction IDs (Table 1). For S. collinus SQ, 2,587
genes were mapped to KEGG with 1,670 unique KEGG orthology IDs and 1,402 unique KEGG
reaction IDs. Whereas S. collinus L2 had 2,410 genes mapped to KEGG with 1,631 unique KEGG
orthology IDs and 1,358 unique reaction IDs. These results suggested that the genome reduced
strains with 1,441 and 1,707 genes deleted lacked only relatively few biological functions (S.
collinus SQ - 66 genes, S. collinus L2 - 243 genes) in comparison to S. collinus Tü 365.
To gain further information on which biological functions were affected by the deletions, we
analyzed their KEGG subsystem annotations (Figure 3A). We found that the deleted region
included 20 (for S. collinus L2) and 15 (for S. collinus SQ) of 93 genes belonging to the KEGG
subsystem xenobiotics biodegradation and metabolism (Tabel S5). Some of the other subsystems
affected include lipid metabolism (23 and 17 of 136 genes deleted in S. collinus L2 and S. collinus
SQ respectively), biosynthesis of other secondary metabolites (16 and 14 of 102 genes deleted in
S. collinus L2 and S. collinus SQ respectively), and amino acid metabolism (45 and 39 of 320
genes deleted in S. collinus L2 and S. collinus SQ respectively) (Tabel S5). Notably, for some
other subsystems, the number of deleted genes were much smaller indicating high conservation.
For example, in glycan biosynthesis and metabolism only one of 60 genes was deleted in both
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strains; in replication and repair, out of 63 genes only 2 in S. collinus L2 and 1 in S. collinus SQ
were deleted; from 95 genes annotated as nucleotide metabolism 4 in S. collinus L2 and 2 in S.
collinus SQ were deleted; from 310 genes in carbohydrate metabolism 23 in S. collinus L2 and 9
in S. collinus SQ were deleted; from 182 genes in energy metabolism 17 in S. collinus L2 and 12
in S. collinus SQ were deleted; and from 148 genes in membrane transport 12 in S. collinus L2 and
8 in S. collinus SQ were deleted (Table S5). We also investigated the gene annotations from the
conserved region of S. collinus Tü365 chromosome. A total of 167 and 168 of the 5,644 genes
were missing annotations in S. collinus SQ and S. collinus L2 respectively (Data S2). These
additional genes of S. collinus Tü365 included multiple pseudogenes and other annotations that
were missing in the prodigal annotation pipeline that we have used. We further compared the
number of reactions per different KEGG metabolic pathways in the genome-reduced strains to
wild-type (Figure 3B). We observed that the number of reactions was also highly conserved across
different metabolic pathways with few differences in amino acid metabolism, lipid metabolism,
metabolism of terpenoids and polyketides, and xenobiotic degradation. As already observed in S.
coelicolor and in other Streptomyces strain, these findings highlight that the chromosome end
regions of S. collinus WT genomes contain mostly genes involved in different not essential
metabolic processes where the core region of the genome encoded for essential cellular
processes41,42.
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Figure 3. Comparison of metabolic features in the genomes to phenotype microarray data.
A. Overview of number of genes per KEGG subsystem in the deleted (in SQ or L2) against the conserved
regions of the S. collinus WT genome. List of subsystems can be found in Table S5.
B. Distribution of number of reactions per KEGG pathway map across the genomes. List of pathways : A
- Carbohydrate metabolism; B - Amino acid metabolism; C - Metabolism of cofactors and vitamins; C Lipid metabolism; D - Nucleotide metabolism; E - Metabolism of terpenoids and polyketides; F Xenobiotics biodegradation and metabolism: G - Energy metabolism; H - Biosynthesis of other secondary
metabolites; I - Metabolism of other amino acids; J - Glycan biosynthesis and metabolism; K - Translation;
L - Signal transduction.
C. Activity index ring generated using DuctApe describing the differences in Biolog activity (0 to 9) across
384 nutrient sources covering 4 phenotype microarray plates.
D. Heatmap with activity index of different KEGG nutrient sources (y-axis) against KEGG pathway maps
(x-axis) (Details in Data S4).

Phenotype microarray analysis of the two genome-reduced S. collinus chassis strains
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To study the metabolic potential of the strains, we carried out a phenotype microarray (PM)
analysis of the two genome-reduced S. collinus strains and compared it to the wild-type strain S.
collinus Tü 365. In total 384 different substrates were tested, including 192 different carbon
sources (PM1 and PM2), 96 nitrogen sources (PM3), 96 phosphate and sulphur sources (PM4)
(Data S4). The phenomic data obtained from the PM assay, were analyzed and mapped to the
metabolic pathways in the KEGG database, using the DuctApe tool43 (Data S4, S5). An “activity
index” (AV) greater than 3 was used as a threshold to compare each growth condition. Comparing
the metabolic activity for each compound tested, we found that of the 384 substrates 209, 135 and
154 substrates were used by S. collinus Tü365, S. collinus SQ and S. collinus L2 respectively (Data
S4).

A significant phenotypic variability between the two mutants and the wild-type strain was found
on the carbon substrates related metabolism. We observed that S. collinus L2, S. collinus SQ, and
S. collinus Tü365 showed metabolic activity on 58, 66, and 103 carbon substrates respectively
(Data S4), it was not surprising that the wild-type strain had the broadest carbon substrates profile.
53 metabolites were metabolized by all three strains including some monosaccharides (e.g. α-Dglucose, D-fructose, D-ribose, D-mannose, and N-Acetyl-D-Glucosamine); some sugar alcohols
(e.g. D-mannitol and D-arabitol) some amino acids (e.g. L-glutamine, L-serine, L-threonine, and
L-alanine); and some Tweens (e.g. Tween 20, Tween 40, and Tween 80) (Figure 3B and Data S4).
In contrast, 82 compounds could not be metabolized by all three strains, including D-arabinose,
maltose, L-lysine, etc. (Data S4). In addition, we observed that 41 substrates were specifically
metabolized by S. collinus Tü365; 4 were specifically metabolized by S. collinus SQ (alphaHydroxybutyric acid, beta-Methyl-D-Galactoside, Sorbic acid, 2`-Deoxyadenosine); while 3 were
specifically metabolized by S. collinus L2 (alpha-Ketobutyric acid, Gly-Asp, Cytidine) (Data S4,
Figure S4). Despite S. collinus L2 having the lowest proportion of active substrates when
compared to the other two strains, this mutant exhibited the highest metabolic activity on 43
common substrates (Figure 3B).

Less differences were observed in the nitrogen substrate utilization. We saw that S. collinus L2, S.
collinus SQ, and S. collinus Tü365 strains were metabolically active on 50, 40, and 53 nitrogen
sources, respectively (Data S4). 39 nitrogen substrates were metabolized by all three strains,
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including L-alanine, L-proline, L-cysteine, and adenine (Data S4). 42 nitrogen substrates were
poorly or could not be metabolized by all three strains. Interestingly, S. collinus Tü365 and S.
collinus L2 were both capable of metabolizing 10 nitrogen substrates that S. collinus SQ could not,
including L-isoleucine, D-alanine, and L-aspartic acid (Data S4, Figure S4).

For testing the ability of metabolizing different phosphate and sulphur sources. We observed that
S. collinus L2, S. collinus SQ, and S. collinus Tü365 strains were metabolically active on 46, 29,
and 53 phosphate and sulphur sources, respectively (Data S4). 29 phosphate and sulphur substrates
could be metabolized by all three strains, including some inorganic phosphates (i.e. pyrophosphate,
and tripolyphosphate) and some organic phosphates (i.e. guanosine 3’-monophosphate, thymidine
3’- 5’-monophosphate, Inositol hexaphosphate, O-phospho-D-serine, and 6-phospho-gluconic
acid). 17 phosphate substrates could only be metabolized by S. collinus Tü365 and S. collinus L2
(Figure S4), while 36 sulphur sources could not be metabolized by all three strains.

Although the central metabolic genes across all three strains are highly conserved, the two mutants
showed different phenotypes compared to the WT strain. To get an overview of how these different
substrates are distributed over different metabolic pathways, we analyzed and correlated the Biolog
data with KEGG annotated reactions data using DuctApe (Data S5). For each strain a matrix
constituted by the different substrates metabolized (rows) and by the correspondent KEGG
metabolic pathways (columns) was generated (Figure 3D). Overall, we observed that substrates
belonging to diverse metabolic pathways showed higher growth activity in the wild-type strain as
compared to genome reduced strains. For example, the amino sugar and nucleotide sugar
metabolism pathway includes 20 of the Biolog substrates. The average growth activity calculated
for these 20 substrates was 6.75, 2.5 and 5.25 for S. collinus WT, L2 and SQ strains respectively.
We observed that among the 52 genes belonging to this subsystem only one gene (B446_RS04515:
exo-beta-D-glucosaminidase) was deleted in both genome-reduced strains SQ and L2, whereas 3
more were deleted in L2 (B446_RS03680: chitosanase, B446_RS03675: phosphoglucomutase,
B446_RS03215: alpha-L-arabinofuranosidase). Therefore, substrates like D-Glucosamine, and DGalacturonate from this pathway were metabolized only by the WT strain. The prediction of exact
correlation between metabolic genes and phenotypic data needs further experimental investigation,
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however the overview of substrates and pathways represented (Figure 3D) already provides a
platform to integrate genome and phenotype data in a comprehensive manner.

Metabolic modeling-guided heterologous expression of actinorhodin BGC in the genomereduced S. collinus chassis
To in silico assess the heterogeneous expression ability44-46 of both genome reduced strains, we
reconstructed genome-scale metabolic models (GEMs) for both genome reduced strains and the
WT strain based on the high-quality genomic data using the Python-based GEM reconstruction
tool initially released as a feature of antiSMASH 3.047 (Data S7). The reconstructions were based
on the template GEM of S. coelicolor A3(2), iMK120848. The draft GEM of S. collinus Tü365
contains 2,471 metabolic genes, 1,693 reactions and 1,333 metabolites. Meanwhile, the draft
GEMs of the genome-reduced strains, S. collinus SQ and S. collinus L2, consisted of 2,411 and
2,358 metabolic genes, 1,692 and 1,690 reactions, 1,332 and 1,332 metabolites, respectively (Data
S6). Using flux balance analysis (FBA), we predicted the growth rate of 0.068 h-1 for all the three
GEMs under the glucose minimal medium. In order to validate the prediction capabilities of
GEMs, we compared the growth of GEM under different carbon, nitrogen, sulphur and phosphate
minimal media with the phenotype microarray data analyzed in this study (Data S6). A confusion
matrix

calculated

as

a

result

showed

the

accuracies

(defined

by

the

formula-

(TP+TN)/(TP+FP+FN+TN)) (Data S6)) of 73%, 65% and 69% for the draft GEMs of S. collinus
Tü365, SQ and L2, respectively (Figure 3D).

With these reconstructed GEMs, we next investigated the metabolic capabilities of all three strains
to produce different types of external secondary metabolites. For this purpose, we collected a
dataset of secondary metabolites related reactions previously described in 8 different GEMs of
actinomycetes such as S. coelicolor, Streptomyces clavuligerus, Saccharopolyspora erythraea and
Amycolatopsis balhimycina44 (Table S6). The dataset consisted of 231 reactions and 193
metabolites responsible for the biosynthesis of a total of 23 secondary metabolites, such as
actinorhodin, clavulanate, cephalosporin, erythromycin, balhimycin, rapamycin, and tacrolimus.
As the reactions were from different sources, we manually curated the identifiers of metabolites
and reactions to match with the GEMs of S. collinus. Next, using FBA with objective function set
to the exchange reaction of a particular secondary metabolite, we evaluated the capabilities of the
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three GEMs of S. collinus to produce specific secondary metabolites (Figure 4A and 4B). We
found that 19 of 23 secondary metabolites such as actinorhodin, clavulanic acid, clavams, FK506D
and rapamycin (Figure 4B) were predicted to be producible by both GEMs of genome-reduced S.
collinus strains SQ and L2. Whereas, only four secondary metabolites including spinosad,
balhimycin, cephalosporin and ectoine were not produced in the GEMs despite addition of related
pathways. This is probably due to lack of some additional precursor reactions, for example,
reactions from sugar unit biosynthesis in the case of spinosad and balhimycin production. Among
the secondary metabolites producible in silico, the actinorhodin BGC was selected for an
experimental demonstration of heterogeneous expression. A less complex metabolic profile can
be very beneficial to detect the target compound of the heterogeneous expression. To this end, we
first investigated and indeed observed a much cleaner metabolic profile of both genome-reduced
strains than that of the WT strain (Figure 4C, and Figure S3).

Actinorhodin is encoded by a type II polyketide synthase (PKS) BGC, which is composed of 22
genes, with a total length of ~25 kb (Figure 4D). Actinorhodin BGC was cloned into a cosmid
(named as pCWH74), which was subsequently transferred into S. collinus L2 and S. collinus SQ,
respectively by the intergenic conjugation. The actinorhodin BGC expression was validated on the
basis of the visible blue pigment formation (Figure 4E) and further confirmed with MS analysis
(Figure 4F). Thus, we successfully demonstrate the use of GEMs to explore the space of
heterologously producible secondary metabolites and expression of selected actinorhodin BGC in
the genome-reduced chassis strains.
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Figure 4. Metabolic modeling guided heterologous expression of actinorhodin BGC in S. collinus SQ
and S. collinus L2
A. A schematic illustration for using GEMs to predict the capability of host strains to heterologously
produce secondary metabolite biosynthetic pathways.
B. A heatmap representing metabolic capability S. collinus GEMs to produce 23 different secondary
metabolites from 8 previously described GEMs of actinomycetes. Green represents production in the GEM.
The red box highlights the selected BGC for further investigation.
C. Illustration of the actinorhodin BGC carrying pCWH74 cosmid vector. The composition of actinorhodin
BGC is displayed in detail.
D. A 7 days old MS plate of S. collinus SQ, S. collinus L2, S. collinus SQ::pCWH74 and S. collinus
L2::pCWH74.
E. LCMS-based metabolic profiling using TSB medium. The LCMS chromatogram of negative ion mode
with a scan range (m/z) = 100–1,000 was shown for extracts of empty TSB medium, S. collinus WT, S.
collinus SQ, and S. collinus L2. While the LCMS chromatogram of positive ion mode was shown in Figure
S3. A negative ion mode mass spectrum analysis of crude extracts of both S. collinus SQ::pCWH74 and S.
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collinus L2::pCWH74. Scan range: m/z = 200.0000-2,000.0000. Acquired m/z = 633.1245 from S. collinus
SQ::pCWH74 and m/z = 633.1253 from S. collinus L2::pCWH74 correspond to [M - H]- of actinorhodin
with the theoretical m/z = 634.132804.

Discussion
Natural products have been one of the most successful and important resources of medicine for
millennia. Despite the fact that the current natural products-based drug development pipeline is
drying out, genome mining approaches indicate that there is still a huge unexploited potential
hidden in the microbial genomes49,50. To access this potential, a growing attention is directed
toward the construction of microbial chassis strains to heterologously express and/or engineer
target BGCs51. With the advances in CRISPR-based genome editing, the construction of microbial
chassis strain is becoming easier52. However, to date, there are no reports of deep characterization
of mega-base-pair level genome-reduced non-model actinomycete strains. Instead of the classic,
artificial way of genome reduction by deleting cluster after cluster7, here we exploited an
alternative way of quick genome reduction by introducing two DSBs simultaneously into the
inverted repeat regions. Under this enhanced lethal stress, the target strain itself has to take actions
to repair the DSBs before the exonuclease destroys essential genes for survival. In this process,
the genome reduction could happen in a natural selection manner. To our surprise, the chromosome
did not cyclize after the removal of inverted repeats but kept linear by recruiting new inverted
repeats with a yet unknown mechanism in both genome-reduced strains. How and why the linear
chromosome is maintained are worth investigating. To better understand the effects of these megabase-pairs deletions, we further applied a deep characterization to these genome-reduced strains.
It would be valuable assets if using these strains for heterologous expression of external BGCs.

The hybrid-assembly pipeline we established for getting a complete genome sequence would shed
light on similar studies, as a high-quality genome can avoid many ambiguities. Though around
>20% of the genome was deleted, we did not find any essential genes or genes from the central
metabolism were deleted. We also observed that the growth of both strains in submersed culture
was not affected negatively, but even faster compared to the WT. This feature is very important
for the potential use as being a microbial chassis strain. We further explored the impact of the
genomic deletions on S. collinus SQ and S. collinus L2 metabolism by adopting KEGG subsystem
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annotations. The comparison revealed that most of the genes deleted in the terminal regions of the
chromosome were likely involved in xenobiotics biodegradation and metabolism, lipid
metabolism, secondary metabolite biosynthesis, and amino acid metabolism. Whereas genes
associated with the central metabolism that are located in the core region are intact in both mutants.
It gives us a promising direction of genome reduction by removing genetic regions that are out of
the core region. In this way, the core metabolic perturbation caused by genome reduction will
likely be minimal, but on the other hand, the complexity of the secondary metabolic profile was
much reduced, which will facilitate the detection of heterologously expressed compounds.

The ultimate goal of a chassis strain construction and characterization is to use them for expressing
desired BGCs. However, there is a clear tendency that computational biology is used more and
more frequently to support the wet experiments53. If we can ask algorithms to participate more in
the “test” step of the classic “design-build-test-learn (DBTL)” cycle, it could make metabolic
engineering related tasks more efficient54. Imagining that the algorithm can tell us if the
heterogeneous expression of the external BGC works or not, we can save so much time and
resources. To this end, we simulated the expression of a wide panel of actinomycete originating
BGCs, covering from NRPS, PKS I, II, III, and others by genome-scale metabolic modeling. From
those that can be expressed in silico, we further selected the well-studied, model BGC,
actinorhodin biosynthesis pathway as an example in wet experiments to demonstrate our pipeline.
The study presented here not only contributed two well characterized, genome reduced, nonmodel-actinomycete chassis strains, but also shedded light on microbial chassis strain design,
construction, characterization, and application.

Materials and Methods
Stains, plasmids, media and growth condition
The strains and plasmids used in this study are listed in Table S3. Streptomycete strains were
grown in ISP2 (4 g/l yeast extract, 10 g/l malt extract, 4 g/l dextrose, and supplemented with 20
g/l agar for plates) unless otherwise mentioned. Conjugation was carried out on soya flour mannitol
(MS) agar supplemented with 10 mM MgCl2. Kirromycin fermentation was carried out in the
liquid medium consisting of full-fat soy flour (10 g/l), mannitol (10 g/l), CaCO3 (5 g/l), and tap
water. The pH was adjusted to 7.3 prior to sterilization. Metabolic profiling was carried out in TSB
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liquid medium (17 g/l casein peptone, 5 g/l sodium chloride, 3 g/l soy peptone, 2 g/l dextrose, 2,5
g/l dipotassium phosphate, pH adjusted to 7.3 prior to sterilization). Plasmids curing was carried
out using YEME broth (3 g/l yeast extract, 3 g/l malt extract, 5 g/l peptone, 10 g/l glucose)
supplemented with 34 g/l sucrose. E. coli strains were grown in LB medium (agar and liquid).
Appropriate antibiotics were added to the media when needed with following working
concentration: apramycin, 50 µg/ml; thiostrepton, 50 µg/ml; nalidixic acid, 50 µg/ml; kanamycin,
25 µg/ml; Ampicillin, 100 µg/ml; and chloramphenicol, 25 µg/ml.

Optical density (OD)-based growth kinetics for actinomycetes
S. collinus WT, S. collinus SQ, and S. collinus L2 were inoculated in 250-ml shake flasks each
containing 25 ml of ISP2 liquid medium, incubated at 30 °C, 200 rpm for 30 h. The pre-cultures
were centrifuged at 3000 × g for 15 min, cell pellets were washed twice with sterile water, then
resuspended in 50 ml of MM. 2 ml of the obtained suspensions were inoculated in 1000-ml shake
flask each containing 200 ml MM supplemented with 2% glucose. Shake flasks were incubated at
30 °C, 200 rpm in the same incubator. The first sampling time point was recorded as 0 h, then all
three cultures were going to be sampled every 4 h by triplicates of 1 ml. Cell density was measured
at OD 600 nm with a biochrom wpa co8000 cell density meter (Biochrom, UK). The whole
sampling time period was 100 h, and no samples were taken during nights. After OD measurement,
the same sample was spinned down at top speed for 2 min using a desktop centrifuge (Thermo
Fisher Scientific, USA). The supernatant was used for measuring the remaining glucose with
HPLC, based on which the glucose consumption can be calculated.

Measurements of glucose to cell mass conversion
For each strain, the total biomass was collecting, in triplicate, 135 ml after the last time-point of
the growth curve (100 h). The samples were centrifuged at 3,000 × g for 15 min, carefully
discarded the supernatant, and then dried cell pellets at 60 °C for 24 hours. The average value of
the dry weight measured was then used to calculate the ratio between glucose consumption and
biomass conversion.

General protocol for molecular biology experiments
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All primers used in this study with specified purposes are listed in Table S4. Standard procedures
were used for DNA purification, PCR, and molecular cloning. PCR was performed using Phusion
High-Fidelity PCR Master Mix with GC Buffer (Thermo Fisher Scientific, USA) or Q5® HighFidelity 2× Master Mix (New England Biolabs, USA). Other enzymes used in this study were from
Thermo Fisher Scientific unless otherwise specified. The Gibson Assembly® Master Mix was
from New England Biolabs. NucleoSpin® Gel and PCR Clean-up kit (Macherey-Nagel, Germany)
was used for purification of DNA from PCR products or extracting DNA from agarose gels.
NucleoSpin® Plasmid EasyPure Kit (Macherey-Nagel, Germany) was used for plasmid
preparation. Blood & Cell Culture DNA Kit (Qiagen, Germany) was used for genomic DNA
preparation.
All kits and enzymes were used according to the manufacturers’ recommendations. Diligently
follow all waste disposal regulations of your institute/university/local government when disposing
of waste materials.

CRISPR-Cas9 plasmids construction
pCRISPR-Cas925 with or without editing template were used for genome reduction. CRISPy-Web
was used for protospacer identification. The sgRNA cloning and editing template assembly were
carried out as described in 25,55, with primers listed in Table S4.

PCR-based detection of genome cyclization
Two different sets of primers cyc-test1-F, cyc-test1-R; and cyc-test2-F, cyc-test2-R were designed
to amplify the conjunction region of about 300 bp and 600 bp, respectively. PCR was carried out
using high-GC friendly Q5® High-Fidelity 2× Master Mix (New England Biolabs, USA).

Transfer of plasmids into S. collinus Tü365
Three different approaches were used in this study to transfer plasmid DNA into different S.
collinus strains. Tri-parent mycelium conjugation was used to transfer the actinorhodin carrying
cosmid vector into S. collinus SQ and S. collinus L2 by following protocol: mix overnight cultures
of both E. coli DH10β strain containing the pCWH74 vector (the donor) and the methylation
defective E. coli ET12567/pUB307 strain (the recipient) on an antibiotics-free LB plate for
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transferring pCWH74 to ET12567/pUB307 by intra-species conjugation. The plate was incubated
at 37 °C for around 24 h, the resulting E. coli patch was then streaked onto a selective LB plate.
This resulting ET12567/pUB307/pCWH74 exconjugants were used for the next step of interspecies E. coli-Streptomyces mycelium conjugation according to
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. Streptomyces mycelia was

collected after 3 days of growth on an ISP2 plate supplemented with 20% glycerol and then
fragmented using glass beads vortexing. 500 µl of the obtained mycelia was mixed with 500 µl of
E. coli ET12567/pUB307/pCWH74 overnight culture, plated on a MS plate supplemented with 10
mM MgCl2, and incubated at 30 °C for around 20 h, then overlay the plate with appropriate
antibiotic solution, continued incubation till exconjugants were seen. Inter-species E. coliStreptomyces spore conjugation described in55 was used to transfer CRISPR-Cas9 plasmid into S.
collinus WT. Protoplast transformation was used to transfer CRISPR-Cas9 plasmid into the
none/poorly sporulated S. collinus strains as described in40.

CRISPR-Cas9 plasmid curing
To apply a second round of genome editing in an already CRISPR-Cas9 edited streptomycete
strain, the previous CRISPR-Cas9 plasmid must be eliminated from the target streptomycete strain.
The plasmid curing procedure was carried out as described in55 with following modifications:
inoculate a single colony of the target strain into a 250-ml shake flask containing 20 ml nonantibiotic YEME liquid medium (with 3.4 % sucrose) and incubate it at 40 °C, 180 rpm for 3-5
days, a proper (1,000 to 10,000 fold, dependents on the culture density) diluted fraction is plated
on non-antibiotic ISP2 plates for single colony isolation. These single colonies are then replicated
onto ISP2 plates with and without 50 μg/ml apramycin. The successful plasmid curing was defined
by the restoration of apramycin sensitivity.

Whole genome sequencing and mapping
Genomic DNA was extracted from 10 ml culture (shaking for 7 days at 30 °C using YEME broth
with 3.4 % sucrose) of target strains using Blood & Cell Culture DNA Kit (QIAGEN, Germany).
The genomic libraries were generated using the TruSeq® Nano DNA LT Sample Preparation Kit
(Illumina Inc., USA). Briefly, 100 ng of genomic DNA diluted in 52.5 µl TE buffer was
fragmented in Covaris Crimp Cap microtubes on a Covaris E220 ultrasonicator (Covaris, UK)
with 5 % duty factor, 175 W peak incident power, 200 cycles/burst, and 50 s duration under
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frequency sweeping mode at 5.5 to 6 °C (Illumina recommendations for a 350 bp average fragment
size). The ends of fragmented DNA were repaired by T4 DNA polymerase, Klenow DNA
polymerase, and T4 polynucleotide kinase. The Klenow exo-minus enzyme was then used to add
an 'A' base to the 3' end of the DNA fragments. After the ligation of the adapters to the ends of the
DNA fragments, DNA fragments ranging from 300-400 bp were recovered by bead purification.
Finally, the adapter-modified DNA fragments were enriched by 3 cycle-PCR. Final concentration
of each library was measured by Qubit® 2.0 Fluorometer and Qubit dsDNA Broad range assay
(Life Technologies, UK). Average dsDNA library sizes were determined using the Agilent DNA
7500 kit on an Agilent 2100 Bioanalyzer. Libraries were normalised and pooled as described in25,
sequencing was carried out on a MiSeq (Illumina Inc., USA) platform with a paired-end protocol.
The reads obtained from the sequencing of samples were mapped to the S. collinus Tü365 reference
genome (NCBI ID: NC_021985.1) using the software bowtie2 (v. 2.3.5)56 and minimap2 (2.17r941)57. The data was inspected and visualized using Artemis58.

Assembly and annotation of reduced genomes
De Novo assembly using PacBio RSII reads was performed with the program Flye34 (v. 2.4.1geb89c9e) and the switches --genome-size 10m and --iterations 5 for a total of 5 rounds of
polishing with the PacBio reads. Then the Flye assemblies were polished with the polisher module
of Unicycler
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(v. 0.4.8-beta), and the MiSeq reads via Pilon59 (v. 1.22) and ALE60. Assembly

graph visualization in Bandage61 showed that the Flye assemblies in both cases were superior, and
BUSCO62 (v. 3.1.0) analysis showed that the quality of all assemblies was very high, with no
fragmented or missing core actinobacteria genes (odb9). The Flye assemblies were analyzed in
greater detail. For both genome assembly graphs, the genome appears to be linear with inverted
repeat ends of several hundred Kb. For strain SQ, the final assembly yielded a single contig, of the
size expected from the sizes of repeat-genome-inverted repeat. For strain L2, the final assembly
was broken into two contigs; one constituted the main part of the genome, and the other represents
the inverted repeat genome ends. These were manually concatenated. The concatenated genome
with the structure ‘repeat-genome-inverted-repeat’ was manually inspected by Bowtie256 (v. 2.3.5)
mapping of MiSeq reads and a 4-nt gap identified at one of the borders. The Unicycler polisher
module was used to correct this gap, and the results inspected.
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Assembled genomes of both S. collinus SQ (HGI10) and S. collinus L2 (HGI09) were gene
annotated using Prodigal37 (v2.6.3) and functionally annotated by Prokka38 (v. 1.14.6) using the
PFAM-A database (version 32.0) and the proteins of the genomes and plasmids of six species of
actinobacteria with high quality, manually curated functional annotations in addition to the default
prokka workflow (accession numbers NC_003155, NC_004719, NC_010572, NC_008596,
NC_014318, NC_003888, NC_003903, NC_003904, NC_021985, NC_022001, NC_021986
(Data S1).

Comparison of genome organization of reduced genomes as compared to wild type
ACT (Artemis Comparison Tool)58 was used to visualize genome mapping and confirm the deleted
genetic regions. First, each of the reduced strains was blasted against itself and against wild type
S. collinus to generate a comparison file for ACT (Data S2). Then, genome comparison was carried
out for each of the two reduced strains against itself to confirm inverted repeat end regions (Figure
S2). Whereas genome comparison of reduced strains against wild type was carried out to confirm
the large deleted regions (Figure 1D). Based on the blast comparison and genome mapping exact
coordinates of genome deleted regions as compared to wild type and repeat regions were calculated
(Table S2).

Genome mining for secondary metabolite biosynthetic gene clusters
The genomes were analyzed using antiSMASH 51 for the presence of secondary metabolite gene
clusters. The number of biosynthetic gene clusters of reduced strains are compared against wildtype to analyze the clusters that were deleted (Figure 1E and Table S1). Biosynthetic gene clusters
are analyzed as ‘regions’ and ‘candidate clusters’ to track exactly what regions and which
candidate clusters are deleted. For example, from the two candidates clusters 10 and 11 of region
7, only the candidate cluster 10 was deleted in both reduced strains.

Comparison of small mutations using breseq
To identify small mutations in the strains SQ and L2, we used Breseq29 (v. 0.33.2) to map and call
mutations in WGS illumina datasets from the two strains as well as from a WGS illumina dataset
from the DMS WT strain, using default parameters and the reference sequences NC_021985.1,
NC_021986.1, and NC_022001.1.
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Comparison of gene features using KEGG
To compare the gene features that are deleted in reduced strains, bidirectional best blast hits
analysis was carried out for all the genes in reduced genomes against wild type genome. The
homology matrix was generated with blast percent identity (PID) cutoff of 95% to track the number
of gene features lost in both reduced genomes (Data S2). All the genomes were also annotated
using the KEGG annotation server63 with bi-directional best blast hit method and selected
organisms from diverse actinobacteria (Data S3). The KEGG orthology subsystems at three
hierarchical levels are calculated for each gene feature using the KEGG database. The number of
genes of different KEGG subsystems are counted for regions of wild type genomes which were
deleted (in either of the strains) or conserved (Figure 3A, Table S5). Further, metabolic genes are
used to track KEGG reaction IDs and metabolic maps. The number of reactions in each metabolic
map was compared to investigate key metabolic changes in reduced strains (Data S3 and Figure
3B).

Phenotype characterization with Biolog phenotype MicroArrays
Biolog Phenotype MicroArrays (Biolog, USA) for microorganisms was used for the global
analysis of S. collinus WT, S. collinus SQ and S. collinus L2 growth phenotypes. In total 4
Phenotype MicroArrays (PM) plates were utilized in this study to assess the catabolic pathways of
carbon (PM 1 and PM 2), nitrogen (PM 3), and phosphorus (PM 4). The procedures were
performed according to manufacturer’s instructions with some modifications. The subculture was
prepared by growing each strain for 2 days in liquid MM at 30 °C. A strain suspension was added
to 25 ml of solution IF-0 until cell density of 80% transmittance (T). PM inoculating fluids and
strain inoculation were performed according to the manufacturer’s instructions. The plates were
incubated at 30 °C for 5 days in the OmniLog station (Biolog, USA). The content of every PM
plate from PM1 to PM4 for all three strains were further used as input for biolog data analysis
(Data S4). For plates PM1 and PM2, two replicates of data were generated for all three strains
(replicas names as 2 and 3) (Data S4).

Analysis of phenotype microarray data combined with genomic data

142

The kinetic data were collected and processed using the OmniLog PM Software (Biolog, USA)
(Data S4). This PM data was analyzed together with genomic data using the software DuctApe43.
The homology matrix earlier generated using bidirectional best blastp hits was used as input in the
pangenome module of DuctApe where multiple genomic and phenomic data can be analyzed.
KEGG annotations for all the genes were used as input to retrieve KEGG reactions and KEGG
compounds, which are used to correlate growth under various substrates to KEGG maps. DuctApe
uses an activity index between 0 to 9 to define growth curves across different substrates from
Biolog data (Data S4). The cut off of activity index greater than or equal to 4 was used to calculate
if the strain shows growth on a particular substrate. For plates with replicates, average activity
indexes were used for the analysis (Data S4). Overview of growth activity indexes for three strains
across the four PM plates are visualized using activity rings (Figure 3C). The substrates with
differences in growth across strains are further visualized using heatmaps (Fig. S4). Dape module
of DuctApe was further used to calculate matrices where growth on substrates was mapped onto
KEGG compounds and the KEGG pathway maps where the reactions are present (Figure 3C, and
Data S5).

Scanning electron microscopy (SEM) imaging
Briefly, S. collinus Tü365, S. collinus SQ, and S. collinus L2 strains were inoculated onto MS
plates. After 14 days of incubation at 30 °C, agar blocks samples (1 cm × 1 cm × 0.5 cm) were cut
and then sputter-coated with gold, at 20 mA for 15 sec (Cressington, model 208HR) and, observed
using Quanta 200 ESEM FEG (FEI Company, USA). To avoid morphological changes associated
with the sample preparation, all the samples were observed without fixation64 and at very low
vacuum in the SEM.

Measurements of glucose consumption
Liquid Chromatography (LC) analysis was performed with an Ultimate 3000 ultra-highperformance liquid chromatography system with an RI detector (Thermo Fisher Scientific, USA).
Samples were held in the autosampler at 10 °C during the analysis. 30 μl of each sample was
injected to a Aminex HPX-87H Ion Exclusion Column (7.8 × 300 mm), at a flow rate of 0.6
ml/min. Elution was done with a 30 min isocratic system with 5 mM sulfuric acid in water as the
mobile phase. Glucose was eluted at retention time of 9.1 min. To quantify with bracketing
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calibration method, glucose standards with calibration ranging 0-20 g/l (MM with 20 g/l glucose
was used for serial dilution) were prepared and measured together with all samples. Further
processing was carried out using a Chromeleon software.

Chemical background profiling
S. collinus strains were grown in a 250-ml Erlenmeyer flask containing 50 ml of TSB medium at
30 °C, 180 rpm. for 7 days, respectively. The fermentation broth was extracted with an organic
solvent cocktail of ethyl acetate, dichloromethane, and methanol (3:2:1). LC-MS analysis was
carried using an UHPLC coupled to a UV/Vis diode array detector (DAD) and a high-resolution
mass spectrometer (HRMS) Orbitrap Fusion mass spectrometer (Thermo Fisher Scientific, USA).
UV–Vis detection was done using a DAD-3000 in the range 200–700 nm. 30 μl of each sample
was injected into a C18 Acquity UPLC F5-3 HPLC column (2.1 × 100 mm, 1.8 μm), with a flow
rate of 0.35 ml/min, 30.0 °C. Mobile phases A and B were 0.1% formic acid in water and
acetonitrile, respectively. Elution was done with a 30 min multistep system. After 5% B for 0.6
min, a linear gradient started from 5% B to 95% B in 13 min, which was held for another 2.5 min
and followed by re-equilibration to 5% B until 15 min. Both positive and negative ion modes with
a scan range (m/z) = 100–1000 was used. Data processing was carried out using Thermo FreeStyle
software (Thermo Scientific, USA).

Genome-scale models of S. collinus strains to verify metabolic capacity to produce diverse
secondary metabolites
We reconstructed genome-scale metabolic models (GEMs) for S. collinus Tü365, S. collinus SQ,
and S. collinus L2 in order to understand their metabolic capabilities to produce diverse secondary
metabolites. We used a Python‐based GEM reconstruction tool ‘Genome-scale Modelling with
Secondary Metabolism’ (GMSM)65 that implements bidirectional blastp hits-based homology
modelling(unpublished) to automatically reconstruct GEMs for both S. collinus SQ and L2 strains
(Data S7). The GEM of S. coelicolor A3(2), iMK120848, was used as a template for the homology
modelling. The resulting GEMs were analyzed using COBRApy66 and Cameo67 to evaluate the
growth and production capabilities of the GEMs. Growth of GEMs on different substrates was
compared with experimental phenotype microarray data for the validation of GEMs (Data S6). A
confusion matrix showing the prediction capabilities (i.e., TP, TN, FP and FN) of different GEMs
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was calculated (Figure 4B). In order to examine whether the reduced S. collinus GEMs, as a result
of the genome reduction, were capable of producing different secondary metabolites, we manually
inserted the metabolic reactions describing the biosynthesis of 23 secondary metabolites from 8
different actinomycetes GEMs that were previously described in the literature (Data S6). Next, we
used flux balance analysis (FBA) with objective function set to secondary metabolite production
reaction to predict the metabolic capability of S. collinus GEMs to heterologously express the
different secondary metabolites BGCs.

Heterologous expression of the actinorhodin biosynthetic gene cluster
The pCWH74 vector carrying the entire actinorhodin gene cluster from S. coelicolor A3(2)68, was
transferred by tri-parent conjugation into S. collinus SQ and S. collinus L2, respectively.
Exconjugants were selected by thiostrepton resistant phenotype. The successful integration of
actinorhodin BGC was verified by PCR detecting the presence of SCO5087 gene using the primer
pairs Act_Check_F and Act_Check_R (Table S4). To validate the actinorhodin production, S.
collinus SQ::pCWH74 and S. collinus L2::pCWH74 strains were cultivated in 250-ml Erlenmeyer
flasks, each containing 50 ml of ISP2 medium. The cultures were grown at 30 °C, 180 rpm for 5
days. 20 ml of supernatants were acidified (pH 2-3) using 5 M HCl and extracted with an equal
volume of ethyl acetate. The organic phase was dried using a rotovap, redissolved in 200 μl MeOH,
samples were then analyzed with a HRMS Orbitrap Fusion mass spectrometer (Thermo Fisher
Scientific, USA) as described in69.
The negative ion mode with a scan range (m/z) = 200–2000 was used. Data processing was carried
out using Thermo FreeStyle software (Thermo Scientific, USA).

Genome stability evaluation assay
In order to evaluate if the reduced genome is stable or not, we developed a stress associated long
term cultivation assay as follow: inoculate a single colony of the target streptomycete strain into a
250-ml shake flask containing 20 ml non-antibiotic ISP2 liquid medium at 40 °C, 180 rpm for 3
days, transfer 200 μl of the obtained culture to a new shake, cultivate it under the same condition,
and repeat the above cycle for 3 more times, after in total 5 times of cultivation, the resulting
culture was subjected to genomic DNA preparation and illumina based whole genome sequencing.
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Figure 4. Metabolic modeling guided heterologous expression of actinorhodin BGC in S.
collinus SQ and S. collinus L2
A. A schematic illustration for using GEMs to predict the capability of host strains to
heterologously produce secondary metabolite biosynthetic pathways.
B. A heatmap representing metabolic capability S. collinus GEMs to produce 23 different
secondary metabolites from 8 previously described GEMs of actinomycetes. Green represents
production in the GEM. The red box highlights the selected BGC for further investigation.
C. Illustration of the actinorhodin BGC carrying pCWH74 cosmid vector. The composition of
actinorhodin BGC is displayed in detail.
D. A 7 days old MS plate of S. collinus SQ, S. collinus L2, S. collinus SQ::pCWH74 and S. collinus
L2::pCWH74.
E. LCMS-based metabolic profiling using TSB medium. The LCMS chromatogram of negative
ion mode with a scan range (m/z) = 100–1,000 was shown for extracts of empty TSB medium, S.
collinus WT, S. collinus SQ, and S. collinus L2. While the LCMS chromatogram of positive ion
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mode was shown in Figure S3. A negative ion mode mass spectrum analysis of crude extracts of
both S. collinus SQ::pCWH74 and S. collinus L2::pCWH74. Scan range: m/z = 200.00002,000.0000. Acquired m/z = 633.1245 from S. collinus SQ::pCWH74 and m/z = 633.1253 from S.
collinus L2::pCWH74 correspond to [M - H]- of actinorhodin with the theoretical m/z =
634.132804.
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2.4. Exploring the biosynthetic potential of the rare actinomycete
Streptoalloteichus sp. NAI 85712
Actinobacteria represent huge diversity of microbial genera with large untapped potential to
produce novel drugs. However, only a few of these genera are well studied in the past. Now, whole
genome sequencing allows exploring the potential of the rare genera of actinobacteria.
Streptoalloteichus is one such rare genera that includes only two strains, Streptoalloteichus
hindustanus and Streptoalloteichus tenebrarius, which are considered industrially important due
to their ability to produce various antibiotics and anti-cancer drugs. Here, we reported complete
genome of the rare actinomycete strain Streptoalloteichus sp. NAI 85712 isolated during screening
for antibiotics.

This chapter represents a work in progress that applied parts of the workflow from chapter 2.1. We
carried out detailed comparative analysis of BGCs detected in the genome of NAI 85712. We
detected BGCs coding for bioactive Caerulomycin A and various aminoglycoside antibiotics. We
analyzed the genome and phenome of rare actinomycete NAI 85712 for detailed characterization.
The phenome characterization led to optimizing minimal media for growth of NAI 85712. Further,
we detected production of Caerulomycin A under various media. The comprehensive
characterization and study provided here highlights the key application of workflows developed
in this thesis.
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Abstract
Actinobacteria represent diverse microbial genera with large untapped potential to produce novel
drugs. However, only a few of these genera are well studied in the past. Now, whole genome
sequencing allows exploring the potential of the rare genera of actinobacteria. Here, we reported
the complete genome of the rare actinomycete strain Streptoalloteichus sp. NAI 85712 isolated
during screening for antibiotics. The genomic characterization showed that NAI 85712 possessed
a large portion of unique genes and genes coding for hypothetical proteins. We generated
phenotype microarray data for NAI 85712, which showed growth on only 81 nutrients from 379
nutrient sources. We mined the genome of NAI 85712 for secondary metabolites biosynthetic gene
clusters (BGCs) and compared them across large database of pseudonocardia genomes. We
predicted that NAI 85712 had potential to produce various aminoglycoside antibiotics and multipurpose bioactive agent caerulomycin A. Caeurulomycin A production was further detected
confirming the in silico prediction. Using large-scale phenotype microarray data as a guide, we
selected few nutrients in supplement with minimal medium to show growth of NAI 85712 and
production of caerulomycin A under these various nutrient sources. Our presented approach
involving many different large-scale systems biology tools were effectively applied for
characterization of rare actinomycete strain.
Introduction
Microbial natural products (NPs) represent an excellent source of bioactive molecules.
Actinomycetes have been characterized as the most important group of microorganisms producing
bioactive metabolites with medical, industrial, and agricultural applications 1. However, after
more than half a century of exploitation, it has become increasingly challenging to find new
chemical scaffolds with useful properties as the same known compounds are often repeatedly rediscovered when using traditional approaches 2. Different strategies, including the biosynthetic
gene clusters (BGCs) refactoring, manipulation of transcriptional regulators, and metabolic
engineering 3 have been developed and implemented to increase the discovery of new molecules.
Genome mining studies on well-studied NP producers have led to discovering new BGCs, thus
indicating that bacteria and in particular, actinomycetes still harbor a huge unexploited potential
to produce novel natural products. An attractive approach to identify new NPs can be represented
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by the use of new strains or microbial taxa that have not been previously extensively characterized
for the production of bioactive metabolites 4. Here we explored the biosynthetic potential and
global metabolic capabilities of a strain belonging to Pseudonocardiaceae and the genus
Streptoalloteichus. The genus Streptoalloteichus 5 currently includes only two strains to the best
of our knowledge, namely Streptoalloteichus hindustanus and Streptoalloteichus tenebrarius 6.
Due to their capabilities to produce several glycopeptides with anticancer activity (e.g. bleomycin
7

tallysomycins 8) and aminoglycoside antibiotics (e.g. tobramycin 9 and apramycin 10) these two

strains are considered important industrial microorganisms. A recent study conducted by Abe and
co-workers on S. tenebrarius NBRC 16177 revealed numerous BGCs encoding for bioactive
compounds whose production was never observed in this strain, followed by the identification of
a novel nitroaryl-containing pyrone polyketide, named tenebrathin

11

. Thus, the detailed

characterization of additional strains belonging to rare actinomycete genera and the exploration of
their BGCs may provide a platform for the discovery of clinically and industrially important novel
NPs.
Here, we focused on the isolated strain from the rare actinomycete genus Streptoalloteichus for an
in-depth study of biosynthetic gene clusters and metabolism. We reported the complete genome
sequence of the rare actinomycete Streptoalloteichus sp. NAI 85712 isolated during screening tests
against Acinetobacter. Given the recent developments in genomics technology and the explosion
of available genomic data in public datasets, we decided to utilize a large number of genomes for
characterization of metabolism and discovery of NP encoding BGCs. For the first time, we used a
comparative genomics analysis with 33 publically available Pseudonocardiaceae genomes for indepth characterization of Streptoalloteichus sp. NAI 85712 genome. A combined workflow based
on genome mining and comparison of BGCs in as many as 267 public genome datasets was used
to investigate the diversity of BGCs and their phylogenetic distribution among the
Pseudonocardiaceae family. With this approach, we identified for the first time in
Streptoalloteichus sp. NAI 85712 the BGC coding for bioactive compound caerulomycin A. Due
to the medical importance and unique chemical structure of caerulomycin its production was
proven in different media. In addition, to further investigate the strain metabolism a comprehensive
physiological characterization was performed testing the strain ability to utilize Carbon, Nitrogen,
Sulphur, and Phosphorus sources by Biolog Phenotype MicroArrays.
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Results
Genome characteristics of Streptoalloteichus sp. NAI 85712 and comparative genome
analysis with closely related Pseudonocardiaceae
In this study, we report and analyze the complete high-quality genome sequence of
Streptoalloteichus sp. NAI 85712 strain. The genome of NAI 85712 strain was sequenced with a
combination of PacBio and Illumina sequencing platforms. The high-quality genome sequence
obtained was assembled using Falcon

12

and Unicycler (v. 0.4.8-beta)

13

, resulting in a circular

genome with a length of 7,266,622 base pairs and a G+C content of 72.4%. The genome of
Streptoalloteichus sp. NAI 85712 was functionally annotated using Prokka
tool prodigal

15

14

with gene finding

. A total of 6,570 coding genes (CDS), 70 tRNA genes, 15 rRNA genes were

identified (Data S1, S2).
The strain was taxonomically delineated first by 16S ribosomal RNA sequencing analysis
indicating that the NAI 85712 strain belonged to Psuedonocardiaceae family. A detailed
phylogenetic analysis was carried out using autoMLST software, which revealed that the NAI
85712 strain was closely related to Streptoalloteichus hindustanus with the estimated average
nucleotide identity (ANI) of 89.2% (Figure 1D). The second closest strain of Actinosynnema
mirum DSM 43827 shared estimated ANI of 79.6%. This suggest that NAI 85712 is likely from
its own species. To assess the genomic content of NAI 85712, we set out a comparative genome
analysis with other closely related Psuedonocardiaceae. The NAI 85712 genome was compared
using bi-directional best blast analysis against 36 other publically available complete high-quality
genomes of Psuedonocardiaceae family members and high-qaulity genome of Streptomyces
coelicolor A(3)2 (Data S3, Figure 1C). The gene ortholog presence-absence matrix for all genes
in NAI 85712 against other actinomycetes was calculated where blastp percent identity (PID) of
50% higher was considered as the gene ortholog was present 16. The shared genomic features with
phylogenetically close organisms were visualized using a heatmap with genomes ordered in
phylogenetic relation. We found that the strain NAI 85712 shared 766 genes with all 36
Pseudonocardiaceae genomes. Further analyzing the ortholog presence-absence matrix, we found
that 2690 orthologs were shared among the two genomes of Saccharothrix sp, 2501 orthologs with
3 genomes of Actinosynnema sp, 1963 orthologs with 7 genomes of Amycolatopsis sp, 1886
orthologs with 5 Actinoalloteichus sp, and 1143 orthologs with 6 genomes of Pseudonocardia sp.
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Some of the strains with higher genomic content shared with NAI 85712 are Kutzneria albida
DSM 43870 (3100 orthologs), Saccharothrix syringae NRRL B-16468 (3090 orthologs), and
Allokutzneria albata DSM 44149 (3076 orthologs). A total of 1760 genes (26.8 % of total) were
unique to the NAI 85712 genome. Among these unique genes, 1095 were annotated as hypothetical
genes representing enzyme potential of strain NAI 85712. Whereas in total there were 1942
hypothetical genes constituting ~30% of total genes in the genome. Thus the NAI 85712 genome
provides a way to explore the diversity of biological functions in the rare actinomycete strains.

Figure 1. Genome characteristics of Streptoalloteichus sp. NAI 85712
A. Visualization of the circular chromosome of Streptoalloteichus sp. NAI 85712 with forward and reverse
strand DNA. The regions encoding of secondary metabolites biosynthesis as predicted using antiSMASH
v5 are highlighted in red. Innermost rings display the G+C content plot and G+C skew across the genome.
B. Genomic features of Streptoalloteichus sp. NAI 85712 from the annotations based on Prokka. BGC
regions and candidate clusters are detected using antiSMASH v5 (Table 1 for details). C. Gene presenceabsence matrix (blastp PID> 50%) of all genes in SNAI against 37 actinomycetes containing 36 complete
Pseudonocariaceae genomes and a genome of S. coelicolor A(3)2 (Data S3). The genomes are sorted in
phylogenetic order and genes are sorted based on most commonly present genes. D. De novo phylogenetic
tree reconstructed using autoMLST. Estimated ANI values are reported for some of the closest strains in
the tree.
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Phenotype microarray data reveals substrates that can be utilized by SNAI for growth
The NAI 85712 genome was functionally annotated using the KEGG annotation server 17. A total
of 2191 genes were assigned to functional KEGG ortholog IDs (Data S2) and distributed over the
major classes such as metabolism (1857 genes), genetic information processing (255 genes),
environmental information processing (255 genes), cellular processes (125 genes) and others (342
genes). Further, among metabolic genes the most representative classes were amino acid
metabolism (424 genes), carbohydrate metabolism (413 genes), metabolism of cofactors and
vitamins (184 genes) and energy metabolism (179 genes). Genes annotated as belonging to other
genetic, cellular and environmental subsystems were distributed majorly over replication and
repair (101 genes), signal transduction (99 genes), membrane transport (99 genes), translation (97
genes), and other subsystems. These genes were associated with a total of 1382 KEGG reaction
IDs. The reactions were distributed over pathways involved in amino acid metabolism (312
reactions), carbohydrate metabolism (301 reactions), metabolism of cofactors and vitamins (199
reactions), lipid metabolism (156 reactions), nucleotide metabolism (144 reactions), and others.
In order to obtain a global understanding of the metabolic capabilities of NAI 85712 strain, a
phenotype microarrays (PM) analysis was performed (Data S4). Using PM plates 1 to 4, a total of
379 different compounds were tested, including 190 different carbon sources (PM1 and PM2), 95
nitrogen sources (PM3), 94 phosphate and sulphur sources (PM4). Metabolically active conditions
were scored using an activity index (AV) using DuctApe software 18. Activity index greater than
or equal to 3 was considered as growth and used as a threshold to compare each growth condition.
The phenomic data obtained were mapped to the metabolic pathways in the KEGG database18.
Overall, the strain showed poor growth capability across different nutrient sources. We found that
NAI 85712 was able to show growth activity only on 81 substrates (Figure 2B).
The analysis of PM data showed that in total 47 carbon substrates were metabolized by NAI 85712
including 9 amino acids (e.g L-proline, L-glutamic acid, L-glutamine, Gly-Glu, L-ornithine), 16
carbohydrates (e.g glycerol, N-acetyl-D-glucosamine, maltose, D-xylose), 11 carboxylic acids
(e.g D-glucosaminic acid, caproic acid, b-hydroxybutyric acid, L-malic acid), 3 fatty acids carbon
sources (tween 20, tween 40, tween 80). The nitrogen substrate utilization analysis results
indicated that NAI 85712 was metabolically active on 31 metabolites including 13 amino acids
(e.g L-cysteine, L-glutamic acid, L-alanine), 11 peptides (e.g Ala-Gln, Ala-Gly, Gly-Asn) among
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others. Surprisingly only 1 of the phosphate substrates tested was metabolized by the strain
(thiophosphate) and only 2 organic sulphur substrates could be metabolized (N-Acetyl-L-Cysteine
and lanthionine).

Figure 2. The growth activity across 384 different nutrient sources covering four phenotype
microarray plates (PM1 to PM4)

Streptoalloteichus sp. NAI 85712 biosynthetic gene cluster diversity
To estimate the potential of the NAI 85712 to produce specialized metabolites, its genome was
screened for candidate BGCs using the genome mining tool antiSMASH v5

19

. A total of 29

biosynthetic gene clusters (BGCs) were detected to code for various secondary metabolite
biosynthetic pathways (Table S1). These included two non-ribosomal peptide synthetases
(NRPSs), one type I polyketide synthase (PKS), two type II PKSs, one type III PKS, two hybrid
PKS-NRPSs, three aminoglycoside, and many other hybrid BGCs. A type I PKS (region 7,
candidate cluster 15) showed 81 % similarity to spectinabilin. The predicted aminoglycoside
clusters showed similarities to BGCs coding for known antibiotics apramycin, hygromycin B, and
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tobramycin. A predicted hybrid NRPS-PKS also showed some similarity to the BGC coding for
the bioactive agent caerulomycin A.
In order to assess the diversity of BGCs detected in NAI 85712 more comprehensively, we
compared the these 29 BGCs against the BGCs detected in publically available genomes of
Pseudonocardiaceae family. For this purpose, 305 genomes annotated as good quality and whole
genome sequence level were selected from the PATRIC database

20

. Among them 37 were

complete or closed assemblies whereas the remaining were incomplete or contig-level assemblies.
To maintain high quality, we removed genomes with N50 of less than 50 kb and contigs higher
than 300 from this dataset to have 267 genomes in the final dataset (Data S5). This dataset of 267
public genomes was spread over 28 diverse genera including Amycolatopsis sp. (84),
Pseudonocardia sp. (44), Saccharopolyspora sp. (20), Saccharomonospora sp. (15), Prauserella
sp. (13), Saccharothrix sp. (13) and many others. The dataset also included genomes from
phylogenetically closer genera to NAI 85712 such as Strpetoalloteichus sp. (1), Allokutzneria sp.
(2), Actinoalloteichus sp. (7). Next, we carried out genome mining analysis on the set of 267
genomes from diverse genera of Pseudonocardiaceae using antiSMASH v5 19 to detect a total of
6641 BGCs. We generated a sequence similarity network of 29 BGCs from NAI 85212, 6641
BGCs from public genomes and 1796 BGCs associated with known compounds from MIBIG
database

21

using the BiG-SCAPE workflow (Data S5)

22

. A similarity threshold of 0.5 on

raw_index metric was selected to generate the similarity network. From this network, we extracted
the gene cluster families (GCFs), defined by BGCs in the connected components, that contained
at least one of the BGCs from NAI 85212 (Figure 3A). The analysis showed that 4 predicted GCFs
were shared among the majority of the Pseudonocardiaceae members, coding for a terpene, a
RiPP, a T2PKS, and a siderophore. Another predicted T1PKS/NRPS GCF was mainly shared with
Amycolatopsis sp., Actinoalloteicus sp., and Saccharomonospora sp. 7 GCFs were shared only
with Streptoalloteichus hindustanus strain, one of which shows a significant similarity to the
aminoglycoside apramycin BGCs from MiBIG database (14). Interestingly, the majority of the
BGCs predicted are unique in the genome of NAI 85712 strain, which may encode novel bioactive
compounds. The alignments between 4 selected GCFs were further investigated and visualized
using CORASON software of BiG-SCAPE pipeline. We investigated the variation in the genetic
organization of the predicted GCFs encoding for apramycin, kanamycin, tobramycin,
caerulomycin and spectinabilin (Figure 3B-D). We found that the BGCs in NAI 85712 contained
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most of the core biosynthetic genes for caerulomycin A, apramycin, and tobramycin (which shares
many biosynthetic genes with kanamycin). Thus, we predict that the NAI 85712 possesses a
potential to produce caerulomycin A which is originally found in Actinoalloteichus.
Caerulomycins along with collismycins include a unique molecular scaffold containing 2,2′Bipyridine (2,2′-BP). The genetic analysis of biosynthetic genes previously showed that such
products are also present in Amycolatopsis strains

23

. Our comparative analysis suggested that

similar BGC to caerulomycin A was also present in few of the Amycolatopsis strains. In general,
our analysis gave an overview of how BGCs in NAI 85712 are spread over pseudonocardia strain
and possess BGCs coding for medically important secondary metabolites.

Figure 3. Distribution of BGCs detected in Streptoalloteichus sp. NAI 85712 against dataset of BGCs
in 267 genomes from Pseudonocardiacea
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A. Similarity network of BGCs detected in Streptoalloteichus sp. NAI 85712 and 267 other genomes from
Pseudonocardiacea. The BGCs from Streptoalloteichus sp. NAI 85712 are highlighted with cluster
numbers. BGCs in closely related Streptoalloteichus hindustanus strain are highlighted with triangles and
known BGCs from MIBIG with diamond shaped nodes. Genomes from different genera are colored
differently. B-D. The genetic structure alignments of 3 selected GCFs coding for known bioactive
compounds. Genes from well-known BGCs are highlighted with text at the top of the known BGC.

Detection of caerulomycin A produced by NAI 85712
The in silico analysis predicted a great potential of NAI 85712 to produce many known and
potentially novel secondary metabolites. Caerulomycins constitute a unique group of natural
compounds containing a 2,2’-bipyridyl (2,2′-BP) ring with strong antifungal, antiamoebic, and
antitumor activities

24,25

. Given the medical importance of caerulomycins we decided to

experimentally confirm the production of this molecule in NAI 85712. Firstly, the NAI 85712
strain was cultivated in ISP2 liquid medium for 5 days at 30 °C. One milliliter samples were
harvested every 24 h to determine the dry biomass weight. We observed a first rapid growth until
24h followed by a transition phase 48h and a second rapid growth. The strain ended the stationary
phase after 72h (Figure 4A). The metabolites were extracted after 5 days and analyzed by MS-MS.
A mass spectrometry fragmentation analysis (MS/MS) of the culture extract showed spectra [M +
H] 230.0922 m/z matching those previously reported for caerulomycin A (Figure. 5B).
Based on the data obtained from the Biolog microarray analysis we decided to test whether we
could rationally improve the production of CAE A by optimization of media. We cultivated NAI
85712 in minimal medium (MM) supplemented with selected carbohydrates and amino acids in
which the strain has been shown to be metabolically active in Biolog data (Figure 4C). In
particular, we tested the CAE A production in MM supplemented with 50 mM N-acetyl-Dglucosamine (NAG), 20 mM aspartic acid (Asp), 50 mM maltose, 50 mM glucose (Gluc), 20 mM
alanine (Ala) (Figure 4D). A higher growth level was observed in MM supplemented with NAG,
Asp, Gluc and maltose compared to that in Ala. To assess significant differences in the CAE A
production the supernatant was extracted after 7 days of growth and subjected to LC-MS analysis.
The analysis revealed a comparable production of CAE A in MM supplemented with NAG, Gluc,
Ala and maltose. Lower production was observed in MM supplemented with Asp. All of these
nutrients had supported growth activity in the Biolog experiments.
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Figure 4. Growth profile of Streptoalloteichus sp. NAI 85712 medium and production of caerulomycin
A.
A. Growth kinetics of S. NAI 85712 in liquid ISP2 medium. The growth was determined by measuring the
dry weight. Each value represents the mean of three independent measurements performed on parallel
cultivations. Error bars represent standard deviation. B. MS chromatogram of negative ion mode and m/z
value for caerulomycin A. C. Growth profile of S. NAI 85712 in MM medium supplemented with selected
carbon sources D. Caerulomycin A production in MM medium supplemented with selected carbon sources

Conclusions
We reported a high quality genome of an isolated rare actinomycete strain NAI 85712 belonging
to Streptoalloteichus genus, and potentially of its own species. We carried out detailed genomic
characterization of this strain using comparative genomics and KEGG functional genes. The
genome was observed to largely contain unique genes, with many coding for hypothetical proteins.
We analyzed the phenotype microarray dataset providing one of the first resources for large-scale
phenotypic data for rare actinomycetes. A detailed genome mining analysis integrated with large
scale comparisons provided a global overview of the secondary metabolites BGC potential of NAI
85712. Genome mining showed that NAI 85712 had potential to producer antibiotic
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aminoglycosides and bioactive caerulomycin A. The in silico prediction of NAI 85712 containing
caerulomycin A BGC was confirmed by detecting the production of caerulomycin A in ISP2
medium. The large-scale screening of phenotypic growth characterized by Biolog data was utilized
to select and optimize medium. Here, we investigated the growth of NAI 85712 and production of
caerulomycin A on 5 MM media each supplemented with different nutrient sources that displayed
activity in Biolog data. Three of these MM media, supplemented with NAG, maltose and glucose,
could show growth and production of caerulomycin A. Whereas asparagine only displayed good
growth, and alanine showed higher production of caerulomycin A despite showing lower growth.
Despite being grown on minimal media, the production of caerulomycin was still comparable to
ISP2 medium. In conclusion, we presented detailed characterization of the genome, phenome and
production of medicinally important bioactive caerulomycin A in the isolated Streptoalloteichus
sp. NAI 85712 with great bioactive potential.
Materials and Methods
Bacterial strain and growth conditions
The Streptoalloteichus sp. 85712 was provided by NAICONS. The strain was maintained on ISP2
(4 g/l yeast extract, 10 g/l malt extract, 4 g/l dextrose, and supplemented with 20 g/l agar for plates)
and soy flour medium (SFM) (Kieser et al., 2000). Caerulomycin production was carried out in
ISP2 and minimal medium (MM) (Kieser et al., 2000).
Genomic DNA isolation and sequencing
Genomic DNAs was extracted from 15 ml cultures grown in liquid ISP2 medium at 28◦C for 24–
48 h using the Qiagen DNeasy Blood and Tissue Kit (QIAGEN, Germany). Whole-genome
sequencing of Streptoalloteichus sp. NAI 85712 was performed by Macrogen using PacBio RSII
single-molecule real-time (SMRT) sequencing. The sequencing of strain resulted in 1,068,590,799
bp bases in 130,995 reads, with an N50 mean read length of 7,266,622 bases. De novo assembly
was performed using FALCON software.
Illumina sequencing
The genomic libraries were generated using the TruSeq ®Nano DNA LT Sample Preparation Kit
(Illumina Inc., US). Briefly, 100 ng of genomic DNA diluted in 52.5 µl TE buffer was fragmented
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in Covaris Crimp Cap microtubes on a Covaris E220 ultrasonicator (Covaris, UK) with 5 % duty
factor, 175 W peak incident power, 200 cycles/burst, and 50 s duration under frequency sweeping
mode at 5.5 to 6 °C (Illumina recommendations for a 350 bp average fragment size). The ends of
fragmented DNA were repaired by T4 DNA polymerase, Klenow DNA polymerase, and T4
polynucleotide kinase. The Klenow exo-minus enzyme was then used to add an 'A' base to the 3'
end of the DNA fragments. After the ligation of the adapters to the ends of the DNA fragments,
DNA fragments ranging from 300-400 bp were recovered by bead purification. Finally, the
adapter-modified DNA fragments were enriched by 3 cycle-PCR. Final concentration of each
library was measured by Qubit® 2.0 Fluorometer and Qubit DNA Broad range assay (Life
Technologies, UK). Average dsDNA library sizes were determined using the Agilent DNA 7500
kit on an Agilent 2100 Bioanalyzer. Libraries were normalised and pooled in 10 mM Tris-Cl, pH
8.0, plus 0.05 % Tween 20 to the final concentration of 10 nM, and denatured in 0.2 N NaOH. A
10 pM pool of 20 libraries in 600 µl ice-cold HT1 buffer was loaded onto the flow cell provided
in the MiSeq Reagent kit v2 (300 cycles) and sequenced on a MiSeq (Illumina Inc., US) platform
with a paired-end protocol.
Analysis of genome characteristics
The genome was analyzed using the autoMLST tool 26 for investigating the phylogeny of the strain.
The genome of S. NAI strain was annotated using prokka

14

with a reference database of high-

quality closely related actinomycete genomes. Using antiSMASH v5

19

The genes were further

annotated using KEGG annotation server 17.
Optical density (OD)-based growth kinetics
A preculture was prepared by inoculating Streptoalloteichus sp. 85712 in a 250-ml shake flasks
containing 25 ml of ISP2 liquid medium (Kieser et al., 2000), incubated at 30 °C, 200 rpm for 24
h. The pre-culture was then centrifuged at 3000 × g for 15 min, cell pellets was washed twice with
sterile water, then resuspended in 50 ml of MM. 2 ml of the obtained suspensions were inoculated,
in triplicate, in 250-ml shake flask each containing 50 ml of MM supplemented with glucose 50
mM and incubated for 70 h at 30 °C, 200 rpm. Every 12 h, three aliquots of 1 mL were sampled,
OD 600 nm was measured with a biochrom wpa co8000 cell density meter (Biochrom, UK).
Profiling of growth on selected carbon sources
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Streptoalloteichus sp. 85712 was grown, in triplicate, in 100 ml of MM glucose 50 mM
supplemented with alanine 20mM; aspartic acid 20mM; lysine 20mM; MM supplemented with Nacetyl-D-glucosamine 50mM; MM supplemented with Maltose 50mM for 70 h at 30 °C, 200 rpm.
Every 12 h, three aliquots of 1 mL were sampled, OD 600 nm was measured with a biochrom wpa
co8000 cell density meter (Biochrom, UK). After 70 h, 50 ml of supernatant was collected from
each flask and extracted.d
Prediction of secondary metabolites Biosynthetic gene clusters
Genome sequences with WGS assembly annotation (closed + contig level) of Pseudonocardiceae
group were collected from the PATRIC database

20

. To assess the quality of these genomes, we

removed genomes with higher than 300 contigs. The remaining 267 genomes of high quality are
processed with antiSMASH v5 19 to detect 6641 BGCs in total. Some of these BGCs were further
split into candidate clusters manually. We used BiG-SCAPE

22

software to generate a similarity

network of all 6345 BGCs detected in 267 public genomes, 1808 known BGCs from MIBIG
database v1.3 21, 29 BGCs from SNAI genomes.. The cutoffs of 0.3, 0.5, and 0.7 were used on the
raw_index similarity metric of BiG-SCAPE analysis. The similarity network was visualized using
Cytoscape v3.7

27

for a network with the cutoff of 0.5. Further, some of the clusters of interest

were analyzed using the CORASON feature of BiG-SCAPE to generate gene cluster alignments
with similar BGCs in other Pseudonocardiaceae genera.
Phenotype characterization with Biolog phenotype MicroArrays
Biolog Phenotype MicroArrays (Biolog, USA) for microorganisms was used for the global
analysis of Streptoalloteichus sp. 85712 growth phenotypes. To assess the catabolic pathways of
carbon (PM 1 and PM 2), nitrogen (PM 3), and phosphorus (PM 4) 4 Phenotype MicroArrays
(PM) plates were utilized in this study. The procedures were performed according to
manufacturer’s instructions with some modifications. The subculture was prepared by growing the
strain for 2 days in liquid MM at 30 °C. A strain suspension was added to 25 ml of solution IF-0
until cell density of 80% transmittance (T). PM inoculating fluids and strain inoculation were
performed according to the manufacturer’s instructions. The plates were incubated at 30 °C for 5
days in the OmniLog station (Biolog, USA). The kinetic data content of every PM plate from PM1
to PM4 is listed in Data S4.
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The kinetic data for all testing plates PM1 to PM4 generated by BioLog was further analyzed using
DuctApe software 18 along with the genomic data. Activity index between 0 to 9 was assigned for
each nutrient source to represent the growth activity on each nutrient source. The activity index
across 384 nutrient sources across 4 PM plates was visualized using activity index rings for the
three different strains.
Caerulomycin A extraction
The culture broth was centrifuged to remove solid material, then extracted twice with an equal
volume of EtOAc each time. The EtOAc portion was evaporated on a rotary evaporator to dryness.
The sample was then redissolved using four aliquots of 500µL 100% MeOH. The four aliquots
were combined and centrifuged at 13.3 rpm for 5 min to remove solid material, transferred to a
new tube, and evaporated in a speed vac until dry. After drying, the sample was redissolved in 500
µL 10% MeOH, centrifuged twice, and transferred to an HPLC vial.
The crude extract was separated using a Dionex Ultimate 3000 HPLC (Thermo Scientific) coupled
to a UV/Vis diode array detector (DAD). The HPLC was equipped with a Waters C18 XBridge
4.6 x 150 mm, 3.5 µm column kept at 30.0 °C. The flow rate was set to 1 mL/min with H2O
buffered to pH 3 with 10 mM ammonium formate (A) and MeOH (B) as mobile phase. 30 µL was
injected on the column, with a gradient of 10% to 95% B for 30 minutes, followed by isocratic
95% B held for 5 minutes. The peak eluting at 13.8 min with UV λmax of 240 and 325 nm was
collected. The peak was dried on speed vac and redissolved in 15µL 10% MeOH for MS.
The LC-MS analysis was conducted by using a Dionex UltiMate 3000 UHPLC (Fisher Scientific,
San Jose, CA) connected to an Orbitrap Fusion Mass Spectrometer (Thermo Fisher Scientific, San
Jose, CA). The system used an Agilent Zorbax Eclipse Plus C18 2.1 x 100 mm, 1.8 µm column
kept at 35°C. The flow rate was set to 0.350 mL/min with 0.1% formic acid in H2O (A) and 0.1%
formic acid in acetonitrile (B) as mobile phase. The gradient started as 5% B for 0.6 min, followed
by a linear gradient to 95% B until 13 min. This solvent composition was held for 2.5 min after
which it was changed immediately to 5% B and held for 2 min. The sample (4 µL) was passed on
to the MS equipped with a heated electrospray ionization source (HESI) and analysed by positiveion mode (3500 V) and negative-ion mode (2750 V) with sheath gas set to 50 (a.u.), auxiliary gas
to 10 (a.u.) and sweep gas to 2 (a.u.). The cone and probe temperatures were 325°C and 350°C,
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respectively. MS full-scan analysis was performed with the following settings: Orbitrap resolution,
120,000; scan range 100-1,000 Da; AGC target of 2×104; RF lens, 50 %. Fragmentation data was
obtained using data-dependent MS/MS analysis by selecting the top four most intense ions per
cycle. Fragmentation was performed using an assisted fragmentation HCD 15, 30, 45, and 60 %
at a resolution of 30,000 with an AGC target of 5×103 and a maximum injection time of 64 ms.
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Table S1. Secondary metabolite biosynthetic gene clusters detected in the genome of
Streptoalloteichus sp. NAI 85712
Region

Type

From

To

Most similar known

BGC family

BGC
1

T2PKS

48627

132880

Singleton

2

thiopeptide,LAP

155325

183585

Singleton

3

T1PKS,amglyccycl

249044

297601

Singleton

4

LAP,ladderane

358091

418649

Singleton

5

T1PKS,NRPS

444373

546736

Singleton

6

NRPS,T1PKS

594720

648583

Caerulomycin

A

Family
7

lanthipeptide,T1PKS

701336

770170

Singleton

spectinabilin

/

orinocin

/

SNF4435C

/

SNF4435D
8

T1PKS,lipolanthine,lanthipeptide

882608

938610

Singleton

9

hglE-KS

970541

1017269

S. hindustanus only

10

NRPS

1132178

1184061

S. hindustanus only

11

terpene

1234083

1254310

Singleton

12

terpene

1743705

1763357

Family 1

13

other

2190178

2231299

S. hindustanus only

14

amglyccycl

2287023

2317426

Apramycin Family apramycin

15

NRPS

3822119

3902189

Singleton

16

lanthipeptide,NRPS,bacteriocin,lassopeptide, 4470765

4620756

Family 3

T2PKS
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pacidamycin

17

bacteriocin

5039191

5049286

Family 2

18

siderophore

5143572

5159103

Family 5

19

bacteriocin

5279363

5287828

Singleton

20

T2PKS,bacteriocin,NRPS

5366607

5444758

S. hindustanus only

21

lanthipeptide,NRPS,indole

5650616

5719464

S. hindustanus only

22

oligosaccharide,terpene

5731479

5779099

Singleton

23

amglyccycl

6036648

6056187

Taobramycin
Family

24

oligosaccharide,amglyccycl

6083303

6125607

Singleton

25

NRPS-like,T1PKS

6320610

6366626

S. hindustanus only

26

NRPS-like

6420696

6464742

Family 6

27

LAP

6590722

6614122

Singleton

28

betalactone

6629345

6653005

Singleton

29

T3PKS

6979256

7020344

Singleton

alkyl-Odihydrogeranylmethoxyhydroquino
nes
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Additional data tables include:
Data S1: Genome sequence in genbank format with antiSMASH annotation
Data S2: Gene annotations and characteristics of genetic features
Excel tables with detailed annotations of genes in the genome of S. NAI including KEGG
annotations. List of KEGG reactions and pathway information. Subsystem level statistics of the
genes and reactions annotated using KEGG. Interproscan analysis of all proteins in the genome.
Data S3: Comparison of genome of S. NAI against selected pseudonocardia genomes
Excel table with list of list of 36 genomes used for gene comparative analysis. Orthology matrix
of the genes in S. NAI against the selected 36 genomes from other actinomycetes.
Data S4. Phenotype microarray data analysis
Excel table containing information on kinetic data of 4 plates of phenotype microarray. Analysis
of biolog data using DuctApe with activity index to define the growth.
Data S5: BGC network analysis of S. NAI BGCs against pseudonocardia BGC dataset using
BiG-SCAPE
Excel table containing genome information and antiSMASH predicted clusters data on selected
pseudonocardia genomes. Similarity network of BGCs in S. NAI genome against BGCs across
pseudonocardia genomes calculated using BiG-SCAPE. BGC families are defined for each BGC
in the S. NAI genome.
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2.5. High-quality

genome

scale

metabolic reconstruction

of

probiotic Escherichia nissle 1917
The previous chapters focused on the application of genome analytics on various secondary
metabolites producers from actinomycetes group. Despite significant advances in engineering of
microbes, the actinomycetes remain difficult to manipulate in the laboratory conditions as
compared to Escherichia coli and other common chassis microbes. However, E. coli do not possess
the vast potential for secondary metabolite production as displayed by actinomycetes and other
popular producers, for example the genome of E. coli K12 MG1655 possesses only two BGCs, a
NRPS BGC coding for the siderophore enterobactin and another putative RiPP BGC without fully
characterized product. Interestingly, some other E. coli strains like E. coli Nissle 1917, a wellknown probiotic bacterium, codes for six predicted BGCs, including two hybrid PKS-NRPSs
(yersiniabactin, colibactin), a NRPS siderophore (enterobactin), a siderophore (aerobactin), a
putative aryl polyene and the uncharacterized RiPP. This larger secondary metabolite content of
E. coli Nissle 1917 makes it more attractive strain for studying secondary metabolism.

This chapter present a work in progress that includes a high-quality GEM reconstruction of E. coli
Nissle 1917. The reconstruction porcess involved comparison to 55 reference high GEMs, removal
of incosistencies, manual curation, and addition of comprehensive secondary metabolite
biosynthetic pathways. We analyzed the phenotype microarray data to characterize the metabolic
capabilities of Nissle 1917 and used it for model validation and gap filling. The model was further
used to predict essential genes and compare flux distributions with 13C fluxomic data from
literature. The model provides a platform for future strain engineering of Nissle 1917 to produce
diverse therapeutic compounds and possibly secondary metabolites.
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Abstract
Escherichia coli Nissle 1917 (EcN) is a probiotic bacterium used to treat various gastrointestinal
diseases. EcN is increasingly being engineered to improve human health, e.g. as cancer treatment
or antimicrobial agent. However, despite the increase in interest and data available for this strain,
no high-quality genome-scale model had hitherto been constructed. Here we present the first
genome-scale model of EcN, iHM1510, constructed based on comparison with 55 E. coli/Shigella
reference GEMs and manual curated. The model was validated and improved using Biolog
phenotype microarray data, with 81% accuracy predicting various nutrition sources. Comparison
with 13C data showed high similarity in predicted fluxes of the glycolysis and pentose-phosphate
pathway. Additionally, we expanded the representation of secondary metabolite biosynthetic
pathways (enterobactin, salmochelins, aerobactin, yersiniabactin, and colibactin), which has been
limited or lacking so far in other E. coli models. Overall, the phenotype characterization and
iHM1510 model will provide a better understanding of the metabolic capabilities of EcN and help
future metabolic engineering efforts. The expanded secondary metabolite biosynthetic pathways
will provide an updated knowledge base to study secondary metabolism and its dependence on
primary metabolism.

Introduction
Genome-scale metabolic models (GEMs) are becoming an increasingly popular and useful tool to
understand and engineer microbial metabolism. The first GEM of Escherichia coli was
reconstructed in the early 2000s, and since then, the GEM has been updated with various biological
functions and improved prediction capabilities

1,2

. The latest GEM of Escherichia coli K-12

MG1655, iML1515, represents the current knowledge base of that strain’s metabolism and is used
frequently in metabolic engineering applications for the production of desired chemicals 1. More
recently, strain-specific GEMs of several species have been developed to investigate metabolic
diversity across specific strains within species

3–5

. For example, GEMs of 55 fully sequenced

Escherichia and Shigella strains were previously reconstructing to investigate functional
differences between strains 3. Further, a separate GEM for E. coli BL21(DE3), a common
industrial microbe, was recently developed for biotechnological applications 6. Reconstructing
high-quality GEMs of other commonly used E. coli strains will further enhance the application of
GEMs and constraint-based modelling tools for engineering purposes.
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Escherichia coli Nissle 1917 is a gram-negative probiotic strain commonly used for metabolic
engineering and synthetic biology applications. E. coli Nissle 1917 (also referred to as strain DSM
6601, O6:K5:H1, EcN) was detected and isolated in 1917 by Alfred Nissle due to its antagonistic
activity against pathogenic Salmonella strains 7. Historically, EcN has been used in its native form
to treat various gastrointestinal conditions, such as inflammatory bowel disease and ulcerative
colitis 8,9. Over the last few years, the strain has been engineered to treat a wider range of diseases,
both in and outside of the gut 10,11. EcN belongs to the E. coli phylogenetic group B2 that includes
other well-known clinical pathogens such as extra-intestinal pathogenic E. coli (ExPEC) and
uropathogenic E. coli (UPEC). However, EcN is non-invasive, lacks most known virulence factors
like α-hemolysin and P/M/S-fimbriae, does not produce most toxins associated with other
pathogenic E. coli strains, is serum-sensitive and not resistant to commonly used antibiotics
(Sonnenborg Shulze 2009). EcN carries various genomic islands (GEIs), which include genes
encoding for several fitness factors, like microcins which exhibit antibacterial activity, but also
pathogenicity islands, like pks. This island is associated with EcN’s probiotic effect, but its
product, the genotoxin colibactin, has been linked to colorectal cancer 12.

EcN possesses general metabolic capabilities that are common to other E. coli strains. However,
it also has unique probiotic properties, distinct arginine biosynthesis metabolism, and the ability
to synthesize certain microcins and a heterogeneous group of secondary metabolites, including
diverse siderophores. The biosynthesis of some of these secondary metabolites involves large
enzymes such as polyketide synthases (PKS) and non-ribosomal peptide synthetases (NRPS). E.
coli K-12 strains do not produce a variety of such secondary metabolites with the exception of
siderophore enterobactin. Overall, the phenotype of EcN in combination with the availability of
well-developed synthetic biology tools for E. coli strains makes it a desirable candidate for cellfactory design and engineering for probiotic applications.

Despite this potential, no high-quality GEM of EcN has been created and published. GEMs
computationally describe properties of a strain, enable the prediction of metabolic fluxes at various
conditions and provide gene manipulation targets for metabolic engineering. Additionally, GEMs
offer a platform to integrate and analyse multi-omics and kinetic datasets 13. The complete genome
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for EcN was first sequenced in 2014 (NZ_CP007799)

14

. The second and most recent whole

genome was sequenced in 2017 (NZ_CP022686). Recent years have seen multiple studies
generating transcriptomic datasets under various conditions and growth phases of EcN

15,16

.

Extracellular metabolomics data was also generated for EcN and its phylogenetic neighbours to
study the specific metabolism of EcN 17. 13C metabolic flux analysis was carried out for EcN to
investigate a post-transcriptional regulator 18. The advances in omics data generation of EcN and
its unique metabolic capabilities demand a high-quality GEM for EcN that will help in diverse
engineering applications in the future.

Here, we present the first high-quality GEM for EcN called iHM1510 consisting of 1510 genes,
2934 reactions, and 2091 metabolites*. The iHM1510 includes manually curated secondary
metabolite pathways for more comprehensive representation. Detailed metabolic characterization
of EcN was carried out using phenotype microarray data and this data was used for gap-filling of
GEM. Multiple transcriptomic datasets were incorporated in iHM1510 to simulate conditionspecific GEMs, and 13C data was used to compare the predicted fluxes. Gene essentiality of the
model was analysed in both aerobic and anaerobic conditions.

Results
Reconstruction of high-quality genome-scale metabolic model for E. coli Nissle 1917
Here, we present the first high-quality reconstruction of a genome-scale metabolic model for the
probiotic E. coli Nissle 1917. The GEM reconstruction process involved multiple steps based on
comparative genomics, manual curation and validation following the reconstruction protocols 5,19
(Figure 1A). The EcN genome (CP022686) has a length of 5,055,316 bp and is annotated with a
total of 5,045 genes. Additionally, EcN harbours two plasmids, pMUT1 and pMUT2 20. First, we
compared the genome of Nissle 1917 against 55 related strains with high-quality GEMs available
using bidirectional best blastp hits 3. Of the 5,045 EcN genes compared, 1,783 were common
among all strains and 196 genes were unique to EcN. We observed that the genome of EcN shared
the highest number of homologous genes with E. coli CFT073 (87.0 % of EcN genes) and E. coli
ABU 83972 (86.8% of EcN genes), with which it may share a common ancestor 21. E. coli CFT073

*

The numbers are likely to increase in the future versions of the manuscript as the current GEM still represents
work in preogress.
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(O6:K2:H1) is a clinical isolate of a uropathogenic (UPEC) strain

22,23

. E. coli ABU 83972 is a

clinical isolate of the urinary tract as well, but in contrast to CFT073, colonisation does not cause
symptoms in the host 24. CFT073 has hitherto repeatedly been compared to EcN and ABU 83972,
to identify potential causes for the difference in pathogenicity between these highly related strains
17,21,25

. The commonly used strain E. coli K-12 MG1655 has 3,693 (73.2%) homologous genes.

Several horizontally acquired DNA regions that are, at least partially, shared with other E. coli
strains as CFT073, are not present in MG1655. These regions may contribute to the difference in
phenotypic traits of EcN 26. The lowest number of homologous genes was shared with all Shigella
strains (59.0 - 66.5%). The lower similarity between EcN and all Shigella strains was expected, as
they are included in the E. coli species based on 16S ribosomal profiling and earlier comparison
has shown that the Shigella strains have lost catabolic pathways for multiple nutrient sources in
comparison to the other reference strains 3

Using the gene homology analysis between EcN and all reference strains, a draft GEM was
reconstructed based on GEMs of 55 E. coli and Shigella strains, which consisted of 1,487 genes,
2,867 reactions, and 2,069 metabolites. Of these reactions, 90.9% (2607) originated from the E.
coli K-12 MG1655 model iML1515, which was used as the basis for the construction of this model.
The remaining 260 reactions added from other models belonged to subsystems such as various
forms of transport systems (82 reactions), alternate carbon metabolism (19 reactions), aromatic
acid breakdown (16 reactions), and metabolism of various amino acids (Figure 1b). Several of the
260 reactions were unassigned (15) or removed during manual curation (60). In addition to the
comparison based on protein sequences, a comparison between nucleotide sequences of all EcN
genes was performed. This BLASTn comparison did not identify any additional genes to be added.

Curation of EcN draft model
Next, a thorough manual curation of the model was performed in multiple stages such as removing
inconsistencies, validating predictions with available growth data in literature, manual addition of
secondary metabolite biosynthetic pathways, validation and gap filling using Biolog data
generated here. In general the reconstruction process followed the standard protocols

5,19

. Here,

the inconsistencies in the model are removed. Due to small differences in the reference E. coli
models such as reaction directionality or gene rules, multiple duplicates of reactions were added
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to the draft model. In other cases, small differences in reactants like missing protons caused the
addition of almost similar reactions (e.g. MTHFD and MTHfd_1). Additionally, futile energygenerating cycles were corrected during manual curation. In total 60 reactions were removed at
this step of curation. Subsequently, mass and charge imbalances were identified and 40 such
inconsistencies were manually resolved (11 remaining). Growth on various carbon sources
described in literature were checked 18,27,28. iHM1510 correctly predicted growth on 18 out of 19
carbon sources including L-arabinose, L-fucose, D-galactose, D-gluconate, and D-mannose
among others. Although literature described the growth of EcN on D-malate, this was not predicted
by the model. Gap filling was used to identify reactions that would enable the model to grow on
this carbon source. This tool showed that one step, a malate decarboxylating oxidoreductase
(‘MALDDH’), was missing to enable growth on this enantiomer. Upon addition of this reaction,
growth was restored in the model. However, no homologous gene could be identified in the
pangenome of the reference strains that could be linked to this reaction. Next, a first round of gene
essentiality analysis flagged two differences with the iML1515 model that required further
investigation: first, proAB were essential in K12, but not in EcN. In the latter, an additional reaction
“NACODA'' provided a second pathway circumventing the reactions linked to proAB to produce
L-glutamate 5-semialdehyde. However, evidence of this reaction was lacking in both the literature
and various databases. As a result, the reaction NACODA was removed from the model. Secondly,
the gene argF was only essential in EcN, due to the lack of the gene argI in the model. However
EcN both genes, encoding for two ornithine carbamoyltransferases 17,29. Both are annotated in the
EcN genome as argF with locus tags CIW80_16625 and CIW80_16605. During construction only
the first gene was included as argF, resulting in the essentiality. Therefore, the latter gene was
included in the model as argI and linked to the same reaction (OCBT). Lastly, all metabolites and
reactions were annotated to facilitate integration with other databases and all unconnected
metabolites were removed from the model.
The curated GEM restored the in silico growth of 0.897 h-1 on synthetic minimal medium with
glucose as a carbon source (pFBA). This is higher than the 0.79±0.02 h-1 described in literature in
this media 18. However the biomass function used here was the same as that of iML1515.

iHM1510 expanded description of complex secondary metabolite biosynthetic pathways
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The secondary metabolites play an important role in microbial defence and communication with
the environment. The siderophores produced by EcN provide versatile iron transport systems
assisting its survival in the gut by competing with pathogenic enterobacteria having similar
products

30

. For example, yersiniabactin allows EcN to acquire zinc in inflamed gut to compete

with pathogenic Salmonella strains 31. Additionally, the pks genomic island (related to colibactin)
was associated with probiotic activity of EcN

32,33

. Biosynthesis of some of these secondary

metabolites involves the assembly of precursors from primary metabolism by mega-enzymes such
as non-ribosomal peptide synthetases (NRPSs) and polyketide synthases (PKSs). E. coli K-12
MG1655 is known to produce only one secondary metabolite, siderophore enterobactin produced
by an NRPS. There is a wider range of secondary metabolites produced by various strains of E.
coli that include salmochelins (glucosylated enterobactin), yersiniabactin (hybrid PKS-NRPS
product), aerobactin (NRPS independent siderophore (NIS)) and colibactin (hybrid PKS-NRPS
product) (Figure 2B). EcN is one such example that produces all of the above secondary
metabolites.

The previous genome-scale reconstructions of E. coli strains contain biosynthetic pathways for
only enterobactin and salmochelin. Additionally, the complex biosynthetic steps involved are not
covered comprehensively, despite their complete biosynthetic elucidation. Here, we expanded the
representation of biosynthetic pathways for enterobactin, salmochelins, aerobactin, yersiniabactin
and colibactin. This process involved defining new reactions representing various biochemical
steps common to NRPS and PKS assembly (Figure 2). In addition to biosynthetic reactions, we
also included reactions involved in the transport of secondary metabolites and various metal ion
import reactions related to them. In total, we added 77 curated reactions and 31 metabolites. Apart
from colibactin, all the other secondary metabolites play an important role in importing iron, giving
EcN a critical advantage in the gut environment over other bacteria. Yersiniabactin is also used for
the import of other metal ions such as nickel, copper and zinc. Colibactin is a complex genotoxic
compound involved in colorectal cancer caused by pathogenic strains of Escherichia and other
genera. Interestingly, it was shown that colibactin biosynthetic genes are essential for the probiotic
activity of EcN and are associated with a non-genotoxic analgesic compound named C12-Asn-γaminobutyric acid (C12AsnGABAOH). Overall, the iHM1510 represents an updated knowledge
base to study secondary metabolism and its dependence on primary metabolism.
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As many of the PKS and NRPS products are an important source of antibiotics, there is growing
interest to heterologously express them in easy to manipulate bacterial hosts. However, E. coli has
not been a very successful host given the large size of the responsible biosynthetic gene clusters
(BGCs) of PKS and NRPS. EcN is one of the few non-pathogenic E. coli strains to harbour an
NRPS and two other hybrid PKS-NRPSs, including 55-kb large colibactin BGC. Hence, the
iHM1510 provides a platform to guide future microbial host design for important PKS and NRPS
products in E. coli.

EcN showed wider nutrient utilisation than MG1655
In the large intestine, various nutrients are supplied by ingested food, epithelial and bacterial cell
debris, and the mucus lining of the epithelium. This includes e.g. gluconate from muscle tissues
and sugar acids like galacturonate from pectin (REF). The mucus lining is a combination of
glycoproteins and glycolipids that provides nutrients to intestinal bacteria, including Nacetylglucosamine, N-acetylgalactosamine, galactose, fucose, sialic acid (N-acetylneuraminic
acid), and lesser amounts of glucuronate and galacturonate 34. Successful colonisation of the gut
environment is dependent on various factors, among others nutrient specificity and efficiency. In
1983, Freter postulated the “nutrient niche theory”, in which various ecological niches are apparent
in the gut defined by available nutrients. Niches are colonised by species with the most efficient
use of a particular limiting nutrient 35. In addition, due to heterogeneity in nutrient levels in time
and space, successful species must be able to switch their niche regularly

36

or are able to co-

metabolise multiple carbon sources at the same time 37. To characterize the metabolic capability
of EcN, we generated phenotype microarray (PM) data for this strain. We used four biolog plates,
PM 1-4, consisting of 190 carbon, 95 nitrogen, 59 phosphorous, and 35 sulphur nutrient sources.
We analysed the PM data using DuctApe software that assigns activity indices between 0 to 9 to
represent growth on each nutrient. Here, the activity index between 2 to 4 is considered low
growth, 4 and above as full growth. We found that EcN could utilize 92 of the 190 carbon sources
that included 47 carbohydrates (of 71 total), 24 carboxylic acids (59), 14 amino acids (30) and
others (Data S3). For the nitrogen sources, 45 nutrients facilitated growth of EcN that included 19
amino acids (33), all 12 of the peptides and others. EcN could utilize 51 of the 59 phosphorus
nutrients including all 7 inorganic and 44 organic sources (52). EcN was also capable of growth
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on all 5 of the inorganic and 21 of the 30 organic sulphur nutrient sources (Data S3). Overall EcN
has a wide range of nutrient sources it can utilise, including all nutrient sources in the gut
mentioned above. The capacity of EcN to metabolise a wide variety of these carbohydrates makes
sense when put into perspective with its origin in the gut. Acquisition of this data set will provide
a better understanding of the metabolic capabilities of EcN and help future metabolic engineering
efforts.

We compared the capability of EcN to utilise different nutrient sources with published PM dataset
of E. coli K-12 MG1655 38. Out of the 340 nutrients that had consistent growth data for MG1655,
308 (91%) had the same result as EcN (Figure 3B). A total of 39 nutrients did not have consistent
growth over multiple experiments and were not included in the comparison. We found that EcN
could grow on 13 additional carbon sources, of which multiple can be found in the gut, such as the
heteropolysaccharide pectin and N-acetyl-D-galactosamine (GalNAc) (Supplementary Table 1).
Whereas MG1655 could uniquely utilize 4 carboxylic acid based carbon sources, which are alphaketobutyric acid, tartaric acid, mono-methylsuccinate and 5-keto-D-gluconic acid (Supplementary
Table S2). The inability of MG1655 to metabolise GalNAc has previously been described and was
linked to truncated genes in the gene cluster 39.

Similarly, we found that EcN could consume 9 nitrogen sources unavailable to MG1655, among
which L-tyrosine, L-valine, D-asparagine and adenine. MG1655 to the contrary grows on 2
nitrogen sources, D-amino-N-valeric acid and guanosine. For the comparison of phosphate: 2
phosphate sources were unique to EcN (hypophosphite & guanosine 3’, 5’-cyclic monophosphate)
and 2 to MG1655 (2-deoxy-D-glucose-6-phosphate & cytidine 3’-monophosphate) that could not
be utilized by EcN. Overall, we found that EcN can consume a wide range of nutrients of which
many that can be found in the gut and a large number can also be consumed by MG1655. This
overview can help with understanding EcN’s role in the microbiome and aid future genome
engineering endeavours.

Phenotypic characterization of EcN largely corresponded to iHM1510 model predictions
Next, the PM data was compared with growth predictions by iHM1510 to validate the accuracy of
the reconstructed model (Figure 3b). A total of 172 nutrient sources out of 379 on the biolog plates
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could be linked to exchange reactions present in the model. A total of 81% was predicted correctly;
115 true positives and 25 true negatives. EcN could grow on 6 nutrients that did not allow growth
in the model, while 26 nutrients were wrongly predicted to accommodate growth by the model.
The other false negatives were linked to the growth on L-methionine as carbon source and several
amino acids as nitrogen source (L/D-methionine, L-methionine sulfoxide, L-phenylalanine, Lvaline). Reactions related to methionine and phenylalanine metabolism had previously been added
from the E. coli strains to the model (figure 1b). However, the pathways needed for growth on
these compounds are not present in any of the models upon which iHM1510 was built, as none of
them can grow on these compounds 3.

Generally, the false positive predictions may occur if an enzyme is either transcriptionally
repressed or does not catalyze the designated reaction at a high enough rate under specific growth
conditions

40

. Among the 26 false-positive predictions, 3 could show slow growth with activity

between 1 to 2; sucrose, D-Cellobiose, and Allantoin. Several false positives are like L-arginine
which allowed growth as nitrogen source, but not as carbon source experimentally (L-arginine,
Putrescine, Glycine, g-Amino-N-Butyric acid) and others that work as carbon source, but not as
nitrogen source (Inosine, uridine). Many of the false-positive sources are carboxylic acids, of which

most can be found in nutrition and the human gastrointestinal tract (citric acid, acetoacetic acid, gamino-N-butyric acid, capric acid, caproic acid, D/L-tartaric acid). Some are short-chain fatty acids
(SFCA), which are usually the end product of bacterial fermentation of indigestible polysaccharides
such as dietary fibre and resistant starch 41. In general, the iHM1510 model could correctly predict a
large part of the nutrient sustaining growth correctly, which is a prerequisite to be able to make good
predictions on behaviour in the gut or as a cell factory.

Essential gene prediction by iMH1509
GEMs can be used to predict essential genes. The model predicted 196 genes and 267 reactions to
be essential in aerobic m9 media (Data S4). The reactions that were essential were linked among
others to amino acid metabolism (78), cofactor and prosthetic group biosynthesis (77), and purine
and pyrimidine biosynthesis (17). In anaerobic m9 media, four additional genes were essential:
hemN, eno, gapA, and pgk. The latter three however came up due to infeasibility of the FBA, which
was therefore assumed as no growth. Synthetic lethality arises when a combination of two or more
188

genes results in cell death while knocking out of the individual genes does not. The predictions of
double lethals encompassed a total of 41 gene combinations in aerobic conditions and anaerobic
44. The exclusively anaerobic lethals consisted of two combinations: ybcF with carB/carA and rpe
with pgl/zwf.

Additionally, the essentiality of genes predicted by the iHM1510 and iML1515 model were
compared. Of all shared genes (1387), only two essential genes differed between the models. The
gene zupT was essential to MG1655, but not for EcN, while the gene can was only essential in
EcN. zupT encodes for a heavy metal transporter. The inability to transport cobalt and copper is
the limiting factor in the model. The EcN model has an additional cobalt antiporter
(COBALT2t3pp) and copper ABC transporter (CU2abcpp), based on homology to compensate for
a lack of zupT. On the other hand, MG1655 has two carbonic anhydrases CynT and Can. The EcN
model only contains the latter of these two enzymes, as the first has no homology to EcN genes
and has not yet been described in literature. In double lethals, 39 gene combinations were found,
of which 20 were shared with the EcN model. Overall, prediction of these essential genes in various
conditions can aid genome engineering studies in the future in e.g. knockout studies or
biocontainment strategies.

Comparing predicted fluxes with 13C fluxomics data
Next, we compared the flux distribution with 13C fluxomic data. 13C fluxomic data provides a
richer source for validating fluxes in the GEM. Here, 13C data of glucose and gluconate were
compared to model-predicted fluxes 18. Only media conditions were set, as data on production of
compounds was missing. Comparison of fluxes on glucose consumption showed a close agreement
for the glycolysis and the first part of the PPP to the experimental data (Figure 4). Predictions in
the TCA cycle did however deviate from the data, partly due to a high flow to acetate instead of
citrate. Flow via the Entner-Doudoroff (ED) pathway was completely lacking in the model. These
problems in the ED were also apparent in the gluconate metabolism comparison, where the fluxes
did not align between the experimental data and the predicted values.

Conclusion
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The aim of this study was to construct a metabolic model of the probiotic bacterium EcN. Based
on the comparison of its complete genome to 55 reference strains with high-quality GEMs, a draft
GEM was established. The genome comparison showed that EcN shared a total of 1,783 genes
with all 55 strains, with the highest number of homologous genes shared with E. coli CF072, and
196 genes not shared with any other strain. The draft model was manually curated for duplicate
reactions, reaction imbalances, energy-generating cycles and blocked pathways. Comprehensive
description of five secondary metabolite biosynthetic pathways were added to the model, of which
four are linked to importing metal ions and one is putatively associated with probiotic activity of
EcN.

Biolog phenotypic microarray data was collected to verify the nutrient utilisation. EcN was capable
of growth on a wide range of nutrient sources and comparison to MG1655 showed growth on 24
additional nutrients for EcN. Verification of model predictions using the Biolog data showed that
the model was capable of predicting the growth behaviour of EcN in 81% of a total of 172 nutrients
correctly. Lastly, iHM1510 was used to predict gene essentiality of EcN by calculating both single
lethals and double lethals. In future studies, iHM1510 can serve as a framework for integration of
various omics data and aid in metabolic engineering applications of EcN. Further, it can be used
to study secondary metabolite metabolism and its link to the primary metabolism.

Materials and methods
Reference strains homology analysis
The pipeline for comparison of EcN to the reference strains and construction of the draft model
was based on work of Norsigian et al. 5, in which a workflow was defined to automatically generate
draft multi-strain genome-scale metabolic models based on the high-quality model of a reference
strain. Instead in this work, multiple reference strains were used to create one strain-specific model.
Fifty-five Escherichia coli and Shigella strains were chosen as reference strains to represent a
larger part of the genomic diversity in the E. coli species than each individual model could and
based on the availability of their high-quality genome-scale models 3. A high quality genomic
sequence of EcN was available on NCBI (CP022686.1). The reconstruction was performed using
Constraint-Based Metabolic Modeling in Python (COBRApy) version 0.16.0 42.
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First, a list of all reference strains with NCBI identifiers was compiled (Supplementary data S1).
Annotated genomes of all reference strains and EcN were downloaded from NCBI as genbank
files and parsed to generate FASTA files for the protein sequences. A bidirectional protein blast
(BLASTp) was run between EcN and the reference strains. Protein sequences with a percentage
identity (PID) above an 80% similarity threshold and alignment length of at least 25% were
deemed homologous. The best bidirectional hit (BBH) was identified for each EcN gene and a
binary orthology matrix was created based on the gene homology (Supplementary data S1).
Additionally, bi-directional blast best hits were identified for all E. coli K-12 MG1655 genes in
comparison to EcN. The heatmap of gene homology of EcN to all reference strains was generated
using the binary orthology matrix and visualised with the clustermap function of the seaborn
package with default clustering of the genes (Figure 1d).

Draft model construction
The MG1655 model (iML1515) was downloaded from the BiGG database in JSON format and
reduced by removing all reactions associated with genes that did not have homology to EcN, except
S0001, an artificial gene for i.a. spontaneous reactions

43

. Subsequently, models of all other

reference strains were taken from the BiGG database. Reactions dependent on EcN homologous
genes were added to the reduced model to create the draft EcN model. Gene protein reaction (GPR)
associations were updated to use EcN gene identifiers after each iteration in this process and the
origin of each reaction in the model was saved (Supplementary data S2). Based on the origin and
the subsystem of the reactions, a bar plot was created using the barplot function of the seaborn
package, to visualise the origin of the reactions in the different subsystems (Figure 1c).

Curation of the GEM
The draft model was corrected for duplicate reactions, based on identical reaction formulas and
different versions of the same reaction identifier. The BioCyc database and comparison to related
strains was used to identify correct directionality of reactions. Unbound flux cycles found by
MEMOTE that involved energy generation were corrected 44. Mass and charge imbalances were
identified and adjusted. Model performance on various carbon sources was compared to literature
data. Gap filling was used to identify missing steps in rescuing the model on carbon sources it was
supposed to grow on. Additionally, gap filling of blocked reactions (MEMOTE) identified 14
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pathways that could be corrected by addition of a reaction from the pangenome of all reference
strains. Two transport reactions (EX_lipa_cold_e & INSTt2) were added to correct two pathways,
of which all steps were present except for these transport reactions. A first analysis of gene
essentiality identified two problems in the model; one reaction that should not be present in the
model and one wrong annotation of genes. Both were corrected. Next, five secondary metabolite
biosynthesis pathways were added to the draft model (see next section). And last, annotations of
various databases were updated for all metabolites and reactions and unused metabolites were
removed from the model.

Addition of secondary metabolite biosynthetic reactions
We searched for biosynthetic reactions of secondary metabolites at the BiGG database containing
curated reactions from many different high-quality GEMs. We found that only enterobactin and
salmochelin biosynthetic pathways were covered in the BiGG database. Most of the GEMs at the
BiGG database lack a comprehensive description of complex secondary metabolism. Next, we
searched for the biosynthetic reactions described at the MetaCyc database. We found that it
contains a comprehensive description of the biosynthesis of enterobactin (ENTBACSYN-PWY),
salmochelins (PWY-8023), aerobactin (AEROBACTINSYN-PWY) and colibactin (PWY-8117).
The biosynthetic reactions for yersiniabactin pathway were still represented by a single lumped
reaction (PWY-6407).

The first step of the NRPS biosynthesis usually involves activation of peptidyl/aryl-carrier protein
domain (PCP/ArCP) from apo to holo by phosphopantetheinyl transferase (PPANT). A similar
reaction activates the acyl-carrier protein domain (ACP) of the PKS assembly. This initiation step
is important and is described by separate reactions for all NRPS and PKS enzymes in iHM1510.
The reverse of this reaction is usually carried out by ACP phosphodiesterase encoding by acpH
gene. This deactivation of holo ACP/PCP back to apo form was paired with activation reactions.
The next step in NRPS biosynthesis involves adenylation (A-domain) of amino acid precursors
followed by their transfer to PCP domains. Further, condensation steps assembly the growing
precursor chain. Sometimes there are modifications, such as C-methylation, cyclization,
epimerization and others along the assembly line. Finally, the product is released by the
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thioesterase domain. Similarly, PKSs also display linear chain elongation using precursors like
malonyl-CoA, ethylmalonyl-CoA and others.

With the help of pathways present in the MetaCyc database and literature, we created
corresponding reactions and metabolites (Fig. S1). New reactions and metabolite identifiers were
assigned. We further manually curated these pathways and added annotations from MetaCyc,
MetaNetX and other metabolic databases if available.

Phenotypic microarray data analysis
EcN was purchased as Mutaflor (Pharma-Zentrale, Germany) and both plasmids (pMut1 & pMut2)
were removed. Cells were streaked from glycerol stock on LB agar and grown overnight at 37 °C
twice. Individual colonies were picked by inoculation loop and suspended in inoculating fluid (IF0) at an absorbance of 0.37 at 600 nm 45. This was diluted 1:5 in IF-0 + indicator dye (tetrazolium
violet). A 100x dilution of 2M sodium pyruvate was added to the inoculation fluid for plates PM3
and PM4. The suspended cell solution was inoculated into the appropriate microplates at a volume
of 100 µl/well. The PM plates (Biolog Inc., Hayward, CA, USA) were four types of 96-well
microplates containing different sources of carbon (PM1 and PM2), nitrogen (PM3), phosphorus
and sulfur (PM4). Each PM was tested in triplicate. After inoculation, the microplates were
incubated in the OmniLog system for 48 h at 37 °C, with readings every 15 minutes. The raw
kinetic PM data was analysed using DuctApe software which assigns activity index between 0 to
9 for growth curves. Activity indexes between 2-4 were determined as low growth, with values
above 4 considered as growth of EcN (S3 biolog data).

Biolog data of EcN was compared to literature data on the performance of MG1655 in biolog
plates 38. Data from the “growth calls summary” (combined 22-06-2012 & 09-08-2013) was used
for comparison. Ambiguous outcomes were not taken into account. Venn diagrams were created
to visualise the differences in nutrition utilisation between the two strains, using the
venn2_unweighted function of the matplotlib package.

Comparison of phenotypic microarray data to GEM predictions
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For 319 nutrients of the PM plates, exchange reactions were identified from the BiGG database.
Of these, 172 reactions were present in the EcN model. Growth predictions of the model for all
available exchange reactions were made on media with defined pyruvate, ammonium, phosphate,
sulfate, magnesium and ferric iron, based on the inoculation fluid composition: 100 mM NaCl, 30
mM triethanolamine HCl (pH 7.1), 5.0 mM NH4Cl, 2.0 mM NaH2PO4, 0.25 mM Na2SO4, 0.05
mM MgCl2, 1.0 mM KCl, and 1.0 μM ferric chloride
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. The model’s growth was classified as

absent when the predicted growth was below 5% of WT growth. A matrix was constructed to
visualise the similarity and difference between the model predictions and the biolog growth data.

In the comparison, false-negative nutrients were identified. The gapfilling function of the cobra
toolbox was used to predict reactions that would enable growth on these nutrients using a panecoli
genome-scale model constructed of the reactions from all reference strains.
Gene essentiality prediction based on the GEM
The essentiality of each gene in iHM1510 in m9 media for both aerobic and anaerobic conditions
was predicted using the function “single_gene_deletion” from the COBRA toolbox. Anaerobic
conditions were simulated by setting the oxygen exchange reaction to zero. Gene knockouts in
which the growth was less than 5% of WT growth were considered as essential genes. Double
lethal simulations were carried out with the “double_gene_deletion” function of the COBRA
toolbox. Essential genes were excluded, since double lethals by definition consist of two genes
that are not essential on their own. Comparison with the MG1655 model was performed by running
the same functions on this model and using the bbh hits of the blastp comparison to find the IDs
of homologous genes and compare the results to the EcN essential genes.

Comparison of predicted fluxes with 13C fluxomic data
To assess the accuracy of predicted fluxes by the iHM1510 model, experimental data describing
fluxes in EcN in minimal synthetic medium with 15 mM of glucose or gluconate was used for
comparison

18

. The synthetic medium consisted of 48 mM Na2HPO4, 22 mM KH2PO4, 9 mM

NaCl, 19 mM NH4Cl, 2 mM MgSO4, 0.1 mM CaCl2, 0.1 g/L of thiamine and 15 mM carbon source
(glucose or gluconate). The compounds were split up in NH4, PO4, SO4, Mg2+, Ca2+, Na+, K+, Cl-,
thiamine and carbon source to define them as media in silico. All reactions described in the 13C
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experimental data were linked to a reaction in the model and a parsimonious FBA was run.
Predicted fluxes were divided by 15 to normalise to the influx of carbon source to 1.

Based on the flux predictions a flow map was created using the Escher python package
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. 13C

flux data was manually added (Figure 4).
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Figures and tables

Figure 1. Genome scale reconstruction steps and gene comparison
A. Workflow of the construction of iHM1510 B. All stages of the iHM1510 model construction, with the number of
genes, reactions, and metabolites present in the model at each stage. C. Origin of all reactions in iHM1510, divided
by subsystem. The iHM1510 model is based on a reduced iML1515 model (blue), to which reactions were added from
54 models of E. coli strains (gray). During curation additional reactions were added to a.o. yersiniabactin, colibactin,
and aerobactin biosynthesis pathways. The label “Other” includes reactions from “unassigned”, ”exchange”, and
“transport” subsystems. D. Clustermap of gene homology of all 55 strains to EcN.
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Figure 2. Secondary metabolite biosynthesis pathways in E. coli Nissle 1917
A. Extending GEMs with detailed comprehensive steps in secondary metabolite biosynthetic pathway. Example of a
typical NRPS assembly line biosynthesis and some of the biochemical steps involved. B. Diverse secondary
metabolites produced by E. coli Nissle 1917 including enterobactin, salmochelin S4 (glucosylated enterobactin),
yersiniabactin, aerobactin, and colibactin.
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Figure 3. Phenotype characterization of EcN and validation of GEM
A. Circular heatmap of phenotypic array data. PM1 and PM2 contain carbon sources (blue ring), PM3 nitrogen sources
(green ring), and PM4 phosphorus and sulfur (red ring). For each nutrient an activity index was assigned between 0
(no growth, red) to 9 (maximum growth, green). Activity between 2 and 4 was considered low growth and above 4 as
growth. B. Comparison of phenotypic array data of EcN (Biolog) to growth predictions made by iHM1510 (Model).
C. Comparison of phenotypic growth data on various nutrient sources of EcN to E. coli K-12 MG1655.
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Figure 4. Comparison of 13C flux data to iHM1510 flux predictions on minimal media with glucose
A. Escher maps of EcN core metabolism (glycolysis, pentose phosphate pathway, and citric acid cycle) with BiGG
identifiers of reactions and metabolites. The flux through these reactions, as predicted by iHM1510, is visualised by
the colors of the reaction arrows where gray is no flow, purple is low flow, green is medium flow, and red is high
flow. The predicted fluxes are additionally mentioned next to the reaction identifiers in purple. The observed 13C
fluxes of central metabolism are denoted next to specific reactions with standard deviation in black. Both observed
and predicted fluxes are also reported in the table on top right.
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Table 1. Nutrients that only facilitate growth of either EcN or MG1655.
EcN growth is given as an activity index, in which two to four is low growth and above is normal
growth. MG1655 growth is given in a binary fashion: growth (G) and no growth (N).
Index

Chemical

Source type

EcN
growth

MG1655
growth

PM01_A12 Dulcitol

C-Source, carbohydrate

6.0

N

PM01_D05 Tween 40

C-Source, fatty acid

3.7

N

PM01_E09

C-Source, carbohydrate

5.0

N

PM01_H05 D-Psicose

C-Source, carbohydrate

4.0

N

PM02_A12 Pectin

C-Source, polymer

6.0

N

PM02_B01 N-Acetyl-D-Galactosamine

C-Source, carbohydrate

8.0

N

PM02_B05 D-Arabinose

C-Source, carbohydrate

4.0

N

PM02_B09 2-Deoxy-D-Ribose

C-Source, carbohydrate

7.3

N

PM02_C03 D-Lactitol

C-Source, carbohydrate

7.0

N

PM02_D01 D-Raffinose

C-Source, carbohydrate

7.0

N

PM02_D04 L-Sorbose

C-Source, carbohydrate

7.0

N

PM02_D06 D-Tagatose

C-Source, carbohydrate

7.3

N

PM02_E09

C-Source, carboxylic acid

7.0

N

PM03_A06 Biuret

N-Source, other

5.0

N

PM03_C01 L-Tyrosine

N-Source, amino acid

2.3

N

PM03_C02 L-Valine

N-Source, amino acid

4.0

N

PM03_C04 D-Asparagine

N-Source, amino acid

2.3

N

PM03_D02 N-Phthaloyl-L-Glutamic acid

N-Source, amino acid

6.0

N

PM03_E12

N-Acetyl-D-Galactosamine

N-Source, other

2.3

N

PM03_F02

Adenine

N-Source, other

6.7

N

PM03_G10 DL-a-Amino-Caprylic acid

N-Source, other

5.0

N

PM03_G12 a-Amino-N-Valeric acid

N-Source, other

6.3

N

Adonitol

g-Hydroxybutyric acid
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PM04_A07 Hypophosphite

P-Source, inorganic

4.0

N

PM04_B12 Guanosine 3`,5`-Cyclic
Monophosphate

P-Source, organic

2.7

N

PM01_D07 a-Ketobutyric acid

C-Source, carboxylic acid

1.7

G

PM01_E02

C-Source, carboxylic acid

0.0

G

PM01_G09 Mono-Methylsuccinate

C-Source, carboxylic acid

1.3

G

PM02_E12

5-Keto-D-Gluconic acid

C-Source, carboxylic acid

0.0

G

PM03_F07

Guanosine

N-Source, other

0.3

G

PM03_G11 d-Amino-N-Valeric acid

N-Source, other

0.0

G

PM04_C05 2-Deoxy-D-Glucose 6Phosphate

P-Source, organic

0.0

G

PM04_C09 Cytidine 3`-Monophosphate

P-Source, organic

0.0

G

m-Tartaric acid

206

Additional data:
Data S1. Comparison of EcN against all 55 strain of Escherichia
List of genomes considered - model ID, #reactions
Tabs: Gene presence/absence table
Tabs: Gene Blast PID
Tabs: Gene homolog names

Data S2: Excel table with information on genes, reactions and metabolites considered in the GEM
of EcN
Tabs: Draft reactions based on BBH
Tabs: Manually added/removed reactions

Data S3. Biolog data
Tab: Kinetic data from Biolog.
Tab: Activity index table
Tab: Comparison to Model

Data S4: Gene essentiality
Tab: Essential single genes in aerobic m9 media & subsystem division
Tab: Essential single genes in anaerobic m9 media
Tab: Double lethal genes in aerobic m9 media, excluding combinations with single essential genes
Tab: Double lethal genes in anaerobic m9 media, excluding combinations with single essential
genes
Tab: Essential single genes in aerobic m9 media of iML1515
Tab: Double lethal genes in aerobic m9 media of iML1515, excluding combinations with single
essential genes

Data S5. GEM reconstruction iHM1510 in JSON format
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3. Results II
Previous section displayed how the workflows developed in chapter 2.1 can be applied to answer
various scientific questions about characteization of secondary metabolite producers. Next, these
workflows were further extended to analyze BGC variations at large-scale. In the first case study,
BGCs from three producers of the antibiotic pyracrimycin were compared to detect BGC
responsible for the biosynthesis. This BGC was further compared against a large database of BGCs
from public genomes to identify similar BGCs and common genes among them. In the second case
study, all BGCs from large number of genomes from Bacillus subtilis complex group were
analyzed to understand detailed phylogenetic distribution of various GCFs. Variations within
genetic structures of plipastatin, fengycin, various iturinic lipopeptides and surfactin were further
studied to investigate evolutionary mechanisms. In the last case study, a large scale comparison of
BGCs from complete genomes of enterobacteria was carried out to highlight the potential of this
group of bacteria. Variations within GCFs of colibactin and yersiniabactin across enterobacteria
were further examined. Given the availability of large number of complete genomes, a
comprehensive pangenome analysis of colibactin containing Escherichia was carried out. The
integrated pangenome analysis identified putatively associated genes evolved together with
colibactin BGC.
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3.1. Identification of the biosynthetic gene cluster responsible for the
biosynthesis of small bioactive compound pyracrimycin A
Pyracrimycin A is highly active antimicrobial agent, displaying activity against both gram-positive
and gram-negative bacteria, making it a fascinating molecule to study further. The biosynthetic
gene cluster (BGC) for this molecule reamains unknown. Whole-genome sequences are
accelerating the discovery of antibiotic biosynthetic pathways. Here, we sequenced three different
producers of the antibiotic pyracrimycin A.

This chapter includes parts of the manusctipt representing work in preparation. Using comparative
BGC analysis as stated in chapter 2.1, we identified a non-ribosomal peptide synthetase (NRPS)
BGC, that presumably codes for pyracrimycin A biosynthesis using an integrated genome-guided
approach. A large-scale BGC comparison analysis detected similar BGCs in the genomes of
Streptomyces sp. and Pseudomonas sp and found functional similarities with the brabantamide
BGC from Pseudomonas sp. SH-C52. Thus, we discovered nine genes putatively involved in
pyracrimycin A’s biosynthesis. The proteomics analysis detected the peptides related to these nine
genes. The in-silico predicted BGC have been confirmed experimentally by knock-out studies
resulting in abolishment of pyracrimycin A production (not included here). The predicted amino
acid precursors have also been confirmed by feeding experiments with isotope labelled serine and
proline residues (not included here). The presented integrated approach may guide the future
discovery of novel bioactive compounds and their biosynthetic routes.
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Identification of the biosynthetic gene cluster responsible for the biosynthesis
of small bioactive compound pyracrimycin A
This manuscript represents a work in progress. This project involved Julie B. Nielsen1, Tetiana
Gren1, Omkar S. Mohite1, Tue S. Jørgensen1, Kai Blin1, Charlotte H. Gotfredsen2, Sang Yup Lee1,3,
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Abstract
Whole-genome sequences are accelerating the discovery of antibiotic biosynthetic pathways.
Pyracrimycin A is a known bioactive compound displaying strong activities against both grampositive and gram-negative bacteria and antiprotozoal activity. Here, we sequenced three different
producers of the antibiotic pyracrimycin A. We identified a non-ribosomal peptide synthetase
(NRPS) biosynthetic gene cluster (BGC), that presumably codes for pyracrimycin A biosynthesis
using an integrated genome-guided approach. A large-scale BGC comparison analysis detected
similar BGCs in the genomes of Streptomyces sp. and Pseudomonas sp and found functional
similarities with the brabantamide BGC from Pseudomonas sp. SH-C52. Thus, we discovered nine
genes putatively involved in pyracrimycin A’s biosynthesis. The proteomics analysis detected the
peptides related to these nine genes. The in-silico predicted BGC have been confirmed
experimentally by knock-out studies resulting in abolishment of pyracrimycin A production*. The
predicted amino acid precursors have also been confirmed by feeding experiments with isotope
labelled serine and proline residues*. The presented integrated approach may guide the future
discovery of novel bioactive compounds and their biosynthetic routes.

*in preparation: The experiments for these parts have been carried out while the manuscript draft
is still in preparation and not included here.

Introduction
During the golden age of antibiotics discovery, large screening methods discovered a vast range
of antibiotics. In the 1970s, this growth stunted as the same molecules were being rediscovered,
and antibiotic resistance rose (1). However, many of the previously discovered molecules remain
underexplored. In particular, the understanding of their biosynthetic routes could lead to
developing new strategies for engineering and discovery. One such highly active antimicrobial
agent, pyracrimycin A (Fig. 1A), was first isolated from Streptomyces eridani ATCC21619 in
1971 (2). Pyracymicin A displayed activity against both gram-positive and gram-negative bacteria,
making it a fascinating molecule to study further. Pyracrimycin A was shown to be identical to
two other discovered antibiotics, desdanine and cyclamidomycine (3, 4). Pyracrimycin A was
subsequently patented (5, 6). Another molecule with a similar structure, pyracrimycin B (Fig. 1B),
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was also isolated in 1975 (7). The antibacterial activity of Pyracrimycin A was suggested to be
mediated by inhibition of nucleoside diphosphate kinase (8, 9). Pyracrimycin A has also been
studied recently regarding its potential antiprotozoal activity (10), while pyracrimycin B was
shown to be inactive. However, the biosynthetic steps and responsible biosynthetic gene cluster
(BGC) for Pyracrimycin A remain unexplored despite these interests.

Figure 1. Chemical structures of pyracrimycin A (1) and B (2) and brabantamide A (3)

The last few years have seen increased use of genome sequencing technologies to discover new
secondary metabolites with bioactive properties and find their biosynthetic gene clusters (BGCs)
(11, 12). Genome mining is frequently applied to strains of Streptomyces sp. to evaluate their
biosynthetic potential. The prediction capabilities based on genome analysis enable detecting
responsible BGC of the related molecule based on the known structure. However, it is not always
easy for small molecules like pyracrimycin A to predict the exact BGC. Here, we present an
approach integrating genomics, comparative analysis, and proteomics to identify the responsible
BGC for pyracrimycin A. We sequence full genomes of the three different pyracrimycin A
producers, including two isolated and one patented producer. The comparison of the BGCs
detected in their genomes guided the identification of the responsible BGC. Proteomics analysis
detected all putative proteins encoded in the BGC region. A comparison against BGCs from the
public database identified similar BGC coding brabantamide A (Fig. 1C), previously isolated from
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Pseudomonas sp. SH-C52. Our integrated approach provides a routine workflow to explore
biosynthetic gene clusters for large antibiotics screening programs.

Results
Detection of pyracrimycin A produced by the isolated strains and genome sequencing
NBC 00162 was isolated on August 8, 2016, from a soil sample collected in Hørsholm, Denmark.
We co-cultured NBC 00162 against MDR Acinetobacter baumannii and Escherichia coli and
observed that it produced an inhibition zone against both pathogens. We, therefore, sought to
identify the bioactive compound. Two rounds of bioassay-guided fractionation using C18 and
Amide columns led to a single pure fraction that had a high-resolution mass of [M+H]+ 138.0865
and a single UV maximum at 232 nm. The mass corresponds to a chemical formula of C7H10N2O
for the neutral molecule. Combined, these data are consistent with the antibiotic pyracrimycin A.
This molecular assignment was subsequently verified with 1D and 2D NMR.

The biosynthetic pathway and the responsible BGC for pyracrimycin A remain uncharacterized.
Thus, we sequenced the whole genome of NBC 00162 to identify the BGC responsible for
pyracrimycin A. We detected a total of 21 BGCs in the genome of NBC 00162 using antiSMASH
v5 (11). However, it was not possible to pinpoint the precise BGC responsible for the biosynthesis
of pyracrimycin A, as the biosynthesis of the molecule is not obvious from the “final” structure.
Thus we decided to sequence more producers of this compound and use sequence comparison to
search for common BGCs across them. We identified strain CA-210063 from a collaborator’s
library (Fundación MEDINA, Spain) to be a pyracrimycin A producer. We confirmed that this
strain also produces pyracrimycin A in solid ISP2 media via LCMS analysis.

Finally, we also ordered the producer of pyracrimycin A, Streptomyces sp. DSM 40750 (2, 5) and
confirmed that this strain produces pyracrimycin A. We then sequenced both of these strains, CA210063 and DSM 40750, to have three pyracrimycin producers’ genomes in total. Next, we
identified the three pyracrimycin producers’ phylogenetic delineation using the whole-genome
sequence-based tool autoMLST (13) (Fig. S1). We found that NBC 00162 was closest to
Streptomyces subrutilus 10-1-1 with 93.11 % estimated average nucleotide identity (ANI). At the
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same time, DSM 40750 and CA-210063 belonged to the same clade and were closest to S. scabiei
NCPPB 4086 with estimated ANIs of 91.39 % and 91.31 %, respectively. Further, we calculated
the ANI values between the three producers. NBC 00162 had lower ANI values when compared
against CA-210063 (81.03 %) and DSM 40750 (81.09 %). The estimated ANI between DSM
40750 and CA-210063 was 93.7 %, confirming that these strains from the same clade in the
phylogenetic tree are not identical but highly similar. The relatively lower estimated ANI values
of all pyracrimycin producers suggest that the strains are likely their own species. Thus, we have
identified, sequenced, and carried phylogenetic analysis of the three pyracrimycin A producers.
Identification of putative pyracrimycin BGC in the genomes of all three producers
We mined all three pyracrimycin producers’ genomes to detect 21, 35, and 42 BGCs in the
genomes of NBC 00162, CA-210063, and DSM40750, respectively. Comparative analysis of these
98 BGCs using BiG-SCAPE (14) detected various gene cluster families (GCFs) representing
groups of BGCs sharing similarities in sequences and protein family domain alignments. Thus, the
similarity network found only four GCFs commonly present in all three strains, whereas 17
additional GCFs are shared between Streptomyces sp. DSM 40750 and Streptomyces sp. CA210063 and one additional GCF is shared between NBC 00162 and Streptomyces sp. DSM 40750
(Fig. S2). Interestingly, all three producers contained multiple unique BGCs showing their diverse
secondary metabolite producing capabilities. For example, the genome of NBC 00162 contains
16 unique BGCs of the total 21 BGCs. Whereas the genome of CA-210063 and DSM 40750
contained 14 and 13 unique BGCs, respectively.
The four commonly present GCFs across all three genomes included a terpene (unknown product),
two siderophores (one coding for desferrioxamine and one unknown product), and an NRPS BGC
(unknown product) (Fig. S2). The shared NRPS BGC codes for an NRPS comprised of two
modules which were predicted to assemble two amino acid substrates, serine and proline. Since
the pyracrimycin A structure contains a ring that resembles the side chain of proline (Fig. 1), the
shared NRPS BGC could be involved in its biosynthesis. The further comparison of this common
GCF showed that BGCs in strain CA-210063 and DSM 40750 were genetically closer to each
other than strain NBC 00162 (Fig. 2). This observation is aligned with the previously observed
ANI score between the three strains (Fig. S1). Further, we note that the BGC region from strain
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CA-210063 also contains an additional NRPS gene cluster, which is probably unrelated to the
biosynthesis of pyracrimycin (Fig. S2).
Next, we compared the above mentioned putative BGC for pyracrimycin against BGCs from a
dataset of 212 high-quality complete genomes of Streptomyces sp. and known BGCs from the
MIBIG database (15) to estimate the spread of pyracrimycin related BGCs. In addition to highquality complete genomes, we also included the lower quality assembled (contig-level) genome of
S. subrutilus 10-1-1 (Accession ID: GCF_001746425.1) in this dataset, a strain highly similar to
NBC 00162 (Fig. S1). The similarity network was generated using the query mode of BiG-SCAPE
(14). We found 10 of the public genomes of Streptomyces sp. with a similar BGC to the predicted
BGC of pyracrimycin (Fig. 2). Apart from the three producers studied here, we found highly
similar BGCs in the genomes of S. fulvissimus DSM 40593 and S. subrutilus 10-1-1. The other 8
BGCs from publics genomes were less similar with sharing the core NRPS gene and some
additional biosynthetic genes. Interestingly, the core NRPS genes also shared similarity with a
known BGC coding for brabantamide A produced by Pseudomonas sp. SHC52 (16). The chemical
structure of brabantamide A is larger than pyracrimycin A, having an additional fatty acid unit
(Fig. 1). Next, we investigated if the brabantamide related BGC was also common across
Pseudomonas sp. For this purpose, we queried the brabantamide BGC against a large dataset of
BGCs detected across 580 Pseudomonas sp. genomes. We found only six genomes of
Pseudomonas sp. from the initial dataset of 580 complete genomes containing similar BGC to
brabantamide BGC (Fig. S3). All these BGCs were larger than the MIBIG entry for brabantamide
BGC (BGC0001149), which appears on the contig edge of the assembly and is likely incomplete.
We found that the amino acid specificity predictions for the NRPS gene of the BGCs for
brabantamide A and pyracrimycin A were similar. Although brabantamide and pyracrimycin are
different molecules, both biosynthetic pathways presumably involve a seryl-proline dipeptide
intermediate, explaining the similarity of their BGCs
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Figure 2. Detection of pyracrimycin A BGC using genome comparison and proteomics. A. Nine
common genes from the predicted pyracrimycin A BGC across the three pyracrimycin producer strains,
pyrA-F, pyrR1-R2, and pyrT. The protein abundances from proteomics data are represented as a color bar
with a logarithmic scale for corresponding genes (Table S1). B. Similarity network based on BiG-SCAPE
defined distance matrix. Higher edge width represents higher similarity. The color of nodes represents
different families of BGCs based on the similarity. C. BGC alignment of protein domains generated using
CORASON across the selected BGCs from the network. Common genes are highlighted with boxes. D.
Blast percentage identity heatmap of the BGC genes across different genomes of Streptomyces sp. and
Pseudomonas sp.

Proteomics analysis detected peptides for genes in the putative BGC of pyracrimycin A
We investigated whether proteomics analysis could detect peptides for the genes in BGC in order
to provide evidence that this was the BGC responsible for the biosynthesis of pyracrimycin BGC.
We cultivated Streptomyces sp. NBC 00162 in liquid ISP2 media and collected cells in the late
exponential phase to capture the majority of all produced proteins. We detected peptide fragments
from all nine genes in the pyracrimycin BGC in different abundances in the proteomics data (Fig.
2A). These nine genes are annotated as pyrA-F, pyrT, pyrR1, and pyrR2 (Fig. 2, Table 1). The
NRPS PyrB (CLCKIGDI_02976) was identified as the most abundant protein out of all detected.
Other proteins, such as PyrC and PyrD were identified in the middle range of abundance values,
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while putative regulator proteins, PyrR1 and PyrR2, and transporter PyrRT were among the least
abundant (Table S1). Importantly, peptides for proteins encoded by neighboring genes of these
nine genes were not identified in proteomics data (Fig. 2A), suggesting that pyracrimycin BGC
putatively consisted of only nine assigned genes.
Description of nine genes putatively involved in the biosynthesis of pyracrimycin A
The comparison of the putative pyracrimycin BGCof the three pyracrimycin A producers and the
proteomics analysis of NBC0162 suggested that the pyracrimycin BGC consists of nine genes. All
nine genes are present in the three strains with minor variations in their arrangement across BGCs
(Fig. 2). Further, we studied the sequence similarity of the BGC genes across all genomes. We
carried out bidirectional best blastp hit (BBH) analysis of these nine genes pyrA-F, pyrT, pyrR1,
and pyrR2 from NBC 00162 against other BGCs (Fig. 2). We found that these nine genes were
shared across four other strains with varying percentage identity (Fig. 2D). Genes from S.
subrutilus 10-1-1 were most similar to genes from NBC 00162 with more than 90% blastp identity,
whereas genes from CA-210063, DSM 40750, and S. fulvissimus DSM 40593 were less similar
(60-75% blastp identity). Core biosynthetic NRPS gene pyrB, along with pyrC and pyrD, also have
similar genes across other Streptomyces (55-60% blastp identity). Whereas only pyrB and pyrC
also had similar genes with lower identity in Pseudomonas (35-45%). The conservation and
variation of pyracrimycin A BGC across genomes of in-house producers and public genomes
helped in identifying key genes in biosynthesis.

The genes pyrB and pyrC of pyracrimycin A BGC shared similarities with genes braB and braC
of brabantamide BGC, respectively. Both genes pyrB and braB coded for NRPS with two modules
with the same domain organization. The two adenylation domains for both proteins were predicted
to incorporate amino acid residues serine (Stachelhaus code “DVWHFSLVDK”) and proline
(Stachelhaus code “DVQclsqVVK”) (17). The N-terminal C domain of braB incorporates a fatty
acid subunit, whereas the structure of pyracrimycin A suggested no such incorporation of fatty
acid. The braC gene coded for an unusual member of the Baeyer-Villiger monooxygenases family
(BMVO) (16). We detected the Rossmann-fold motif responsible for dinucleotide, pyrophosphate,
and biotin-binding sites in pyrC (Fig. S4) (18). Similar to braC, the pyrC gene also lacked an
“FXFXXXHXXXW[P/D]” fingerprint, typical for type I BVMOs. The phylogenetic analysis
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further showed that pyrC falls into the same branch of unusual BVMOs as braC (Fig. S5, Table
S2). Thus, the brabantamide A and pyracrimycin A may share some similar biosynthetic steps.
Among the other genes of pyracrimycin A BGC, pyrA codes for an enzyme of a superfamily of
alpha beta fold hydrolases with a specific BLAST hit to pimeloyl-ACP methyl ester
carboxylesterase enzymes (Table 1). The genes pyrD and pyrF are possibly involved in
oxidoreduction at different reaction steps in the biosynthesis of pyracrimycin A or B.
Conclusion
Three different producers of pyracrimycin A were fully sequenced. The integrated approach
involving comparative genome analysis and proteomics identified the responsible BGC for
pyracrimycin A. The pyracrimycin A BGC was defined by nine genes, pyrA-F, pyrT, pyrR1, and
pyrR2, putatively involved in biosynthesis. The detailed analysis of putative biosynthetic genes
indicates a proposed mechanism for biosynthetic steps. The in-silico prediction of the responsible
BGC was also confirmed by knock-out studies of this BGC leading to complete abolishment of
pyracrimycin production (manuscript draft in preparation). The predicted amino acid precursors
of pyracrimycin A were also confirmed by the feeding experiment with isotope labelled proline
and serine (manuscript draft in preparation). The presented genomics guided approach can
accelerate future discoveries of biosynthetic gene clusters responsible for the production of
bioactive molecules.

Table 1. The biosynthetic genes from Streptomyces NBC00162 strain putatively involved in
biosynthesis of pyracrimycin A.
Gene (locus tag)

pyrR1
CLCKIGDI_02973

Length,

Accession number of Identity,

aa

closest homolog

%

WP_069922493.1

97,66 %

/ 303

(Streptomyces

Putative function

LysR

family

transcriptional regulator

subrutilus)
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pyrT

/ 401

CLCKIGDI_02974
pyrA

/ 263

/ 2417

/ 390

(S. 90,11 %

alpha/beta

/ 294

WP_069922491.1

(S. 92.72%

CLCKIGDI_02979

Non-ribosomal peptide
synthetase

WP_069924129.1

(S. 95.64%

FAD-dependent
monooxygenase

WP_069922490.1

(S. 95.19%

subrutilus)
/ 586

fold

hydrolase

subrutilus)

CLCKIGDI_02978
pyrE

WP_069922492.1

subrutilus)

CLCKIGDI_02977
pyrD

MFS transporter

subrutilus)

CLCKIGDI_02976
pyrC

(S. 97,51 %

subrutilus)

CLCKIGDI_02975
pyrB

WP_079154391.1

SDR

family

oxidoreductase

WP_069922489.1

(S. 92.49%

subrutilus)

phenylacetic
degradation

acid
protein

PaaN
pyrR2

/ 405

CLCKIGDI_02980
pyrF

OEJ34296.1

(S. 92.84%

Hypothetical protein

(S. 95.19%

FAD-dependent

subrutilus)
/ 481

CLCKIGDI_02981

WP_079154390.1
subrutilus)

oxidoreductase

Materials and Methods
Strains and plasmids used in this study
Streptomyces sp. DSM 40750 was ordered from German Collection of Microorganisms and Cell
cultures (DSMZ) as a freeze-dried pellet. Strain Streptomyces sp. CA-210063 was received from
MEDINA (Granada, Spain), Streptomyces sp. NBC 00162 was isolated in Novo Nordisk
Foundation Center for Biosustainability, New Bioactive compounds group, Denmark. Escherichia
coli ATCC BAA-2340 (NDM-1-, KPC+) and Acinetobacter baumannii AYE ATCC BAA-1710
were ordered from ATCC collection ( Cell Systems & cGMP Biorepository, Maryland, USA). All
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Streptomyces strains were grown on either ISP2, ISP4 (International Streptomyces Project
medium 2 and 4; premixed DifcoTM ISP2 dehydrated medium (Fisher Scientific, #DF0770-17-9)
and premixed DifcoTM ISP4 dehydrated medium (Fisher Scientific, #DF0772-17-7)) or MS solid
media plates, depending on the purpose of the experiment. For liquid media cultivations and to
prepare samples for proteomics experiments we used ISP2 media without supplemented agar.

Phylogenetic analysis of genomes
All three genomes of pyracrimycin producers, NBC 00 162, CA-210063, and DSM 40750, were
analyzed using the autoMLST (13) for phylogenetic delineation. The phylogenetic tree was
generated using the de novo workflow of the autoMLST that automatically found related sequences
from public databases for tree reconstruction (Fig. S1). The estimated ANI values and MASH
distances of the three producers against five closest sequences were also calculated using the
autoMLST (Fig. S1).

Detection of pyracrimycin BGC using genome mining and comparative BGC analysis
The BGCs were predicted across all the genomes using antiSMASH v5 (11). The BGCs detected
across the three pyracrimycin A producers’ genomes were compared using BiG-SCAPE (11, 14)
with raw_distance metric cut-offs up to 0.7. Similarity network of BGCs generated using BiGSCAPE was visualized using Cytoscape (Fig. S2) (19). The shared NRPS BGCs were aligned
using the CORASON package that is part of BiG-SCAPE to observe the conserved protein domain
organization.
Next, a total of 212 high-quality genomes with ‘complete’ assembly-level of Streptomyces sp. and
580 genomes of Pseudomonas sp. were downloaded from the PATRIC database (20). An
additional lower-quality genome of S. subrutilus 10-1-1(Accession ID: GCF_001746425.1) was
also added to this dataset owing to its close similarity to NBC 00162. The BGCs were detected
across all these genomes using antiSMASH and compared with putative NRPS BGC of
pyracrimycin using BiG-SCAPE (Fig. 2).

The nine genes shared across NRPS BGCs commonly present in three producers were predicted
to be involved in biosynthesis. These nine genes were compared against the similar BGCs detected
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across public genomes using bidirectional best blast hits (21). The protein blast percentage identity
(PID) was visualized using a heatmap (Fig. 1).

BVMO phylogeny analysis
BVMO identifiers were extracted from the legend of figure S2 Schmidt et. al (16) and downloaded
from NCBI’s Entrez API using ncbi-acc-download (https://github.com/kblin/ncbi-accdownload/). Sequence headers were cleaned up and aligned using Clustal Omega (22). A
phylogenetic tree was built from the alignment using FastTree (23) and visualized using the ETE
toolkit (24).

Acknowledgments
The authors would like to thank Alexandra Hoffmeyer for her invaluable help with sequencing.
We would like to thank Tune Wulff for his help with proteomics and analysis of proteomics
samples. This work is funded by grants of the Novo Nordisk Foundation, Denmark
[NNF10CC1016517, NNF16OC0021746].

References
1.

Hutchings MI, Truman AW, Wilkinson B. 2019. Antibiotics: past, present and future. Curr Opin
Microbiol 51:72–80.

2.

Coronelli G, Tamoni G, Beretta G, Lancini GC. 1971. PRODUCTION, ISOLATION AND
PROPERTIES OF PYRACRIMYCIN A, A NEW ANTIBIOTIC FROM STREPTOMYCES
ERIDANI N. SP. The Journal of Antibiotics.

3.

Takahashi S, Nakajima M, Ikeda Y, Kondo S, Hamada M, Maeda K, Umezawa H. 1971. A NEW
ANTIBIOTIC, GYGLAMIDOMYGIN. J Antibiot 24:902–903.

4.

Argoudelis AD, Hoeksema H, Whaley HA. 1972. IDENTITY OF DESDANINE PYRAGRIMYGIN
A AND GYGLAMIDOMYGIN. J Antibiot 25:432–433.
221

5.

Coronelli C, Gallo G, Beretta G. June 1973. 2-pyrrolidine acrylamide. 3737439. US Patent.

6.

Beretta G, Coronelli C, Gallo G. March 1974. Pyrroline based compounds. 3798130. US Patent.

7.

Gallo GG, Gg G, C C, Lf Z, B C. 1975. STRUCTURE OF PYRACRIMYCIN B.

8.

Saeki T, Hori M, Umezawa H. 1974. Kinetic studies on the inhibition of nucleoside diphosphate kinase
by desdanine. J Biochem 76:623–629.

9.

Saeki T, Hori M, Umezawa H. 1975. Effect of desdanine on nucleoside diphosphate kinase and
pyruvate kinase of Escherichia coli. J Antibiot 28:974–981.

10. Otoguro K, Iwatsuki M, Ishiyama A, Namatame M, Nishihara-Tukashima A, Shibahara S, Kondo S,
Yamada H, Omura S. 2010. Promising lead compounds for novel antiprotozoals. J Antibiot 63:381–
384.
11. Blin K, Shaw S, Steinke K, Villebro R, Ziemert N, Lee SY, Medema MH, Weber T. 2019. antiSMASH
5.0: updates to the secondary metabolite genome mining pipeline. Nucleic Acids Res 47:W81–W87.
12. Blin K, Kim HU, Medema MH, Weber T. 2019. Recent development of antiSMASH and other
computational approaches to mine secondary metabolite biosynthetic gene clusters. Brief Bioinform
20:1103–1113.
13. Alanjary M, Steinke K, Ziemert N. 2019. AutoMLST: an automated web server for generating multilocus species trees highlighting natural product potential. Nucleic Acids Res 47:W276–W282.
14. Navarro-Muñoz JC, Selem-Mojica N, Mullowney MW, Kautsar SA, Tryon JH, Parkinson EI, De Los
Santos ELC, Yeong M, Cruz-Morales P, Abubucker S, Roeters A, Lokhorst W, Fernandez-Guerra A,
Cappelini LTD, Goering AW, Thomson RJ, Metcalf WW, Kelleher NL, Barona-Gomez F, Medema
MH. 2020. A computational framework to explore large-scale biosynthetic diversity. Nat Chem Biol
16:60–68.
222

15. Medema MH, Kottmann R, Yilmaz P, Cummings M, Biggins JB, Blin K, de Bruijn I, Chooi YH,
Claesen J, Coates RC, Cruz-Morales P, Duddela S, Düsterhus S, Edwards DJ, Fewer DP, Garg N,
Geiger C, Gomez-Escribano JP, Greule A, Hadjithomas M, Haines AS, Helfrich EJN, Hillwig ML,
Ishida K, Jones AC, Jones CS, Jungmann K, Kegler C, Kim HU, Kötter P, Krug D, Masschelein J,
Melnik AV, Mantovani SM, Monroe EA, Moore M, Moss N, Nützmann H-W, Pan G, Pati A, Petras
D, Reen FJ, Rosconi F, Rui Z, Tian Z, Tobias NJ, Tsunematsu Y, Wiemann P, Wyckoff E, Yan X,
Yim G, Yu F, Xie Y, Aigle B, Apel AK, Balibar CJ, Balskus EP, Barona-Gómez F, Bechthold A,
Bode HB, Borriss R, Brady SF, Brakhage AA, Caffrey P, Cheng Y-Q, Clardy J, Cox RJ, De Mot R,
Donadio S, Donia MS, van der Donk WA, Dorrestein PC, Doyle S, Driessen AJM, Ehling-Schulz M,
Entian K-D, Fischbach MA, Gerwick L, Gerwick WH, Gross H, Gust B, Hertweck C, Höfte M, Jensen
SE, Ju J, Katz L, Kaysser L, Klassen JL, Keller NP, Kormanec J, Kuipers OP, Kuzuyama T, Kyrpides
NC, Kwon H-J, Lautru S, Lavigne R, Lee CY, Linquan B, Liu X, Liu W, Luzhetskyy A, Mahmud T,
Mast Y, Méndez C, Metsä-Ketelä M, Micklefield J, Mitchell DA, Moore BS, Moreira LM, Müller R,
Neilan BA, Nett M, Nielsen J, O’Gara F, Oikawa H, Osbourn A, Osburne MS, Ostash B, Payne SM,
Pernodet J-L, Petricek M, Piel J, Ploux O, Raaijmakers JM, Salas JA, Schmitt EK, Scott B, Seipke
RF, Shen B, Sherman DH, Sivonen K, Smanski MJ, Sosio M, Stegmann E, Süssmuth RD, Tahlan K,
Thomas CM, Tang Y, Truman AW, Viaud M, Walton JD, Walsh CT, Weber T, van Wezel GP,
Wilkinson B, Willey JM, Wohlleben W, Wright GD, Ziemert N, Zhang C, Zotchev SB, Breitling R,
Takano E, Glöckner FO. 2015. Minimum Information about a Biosynthetic Gene cluster. Nat Chem
Biol 11:625–631.
16. Schmidt Y, van der Voort M, Crüsemann M, Piel J, Josten M, Sahl H-G, Miess H, Raaijmakers JM,
Gross H. 2014. Biosynthetic origin of the antibiotic cyclocarbamate brabantamide A (SB-253514) in
plant-associated Pseudomonas. Chembiochem 15:259–266.
17. Stachelhaus T, Mootz HD, Marahiel MA. 1999. The specificity-conferring code of adenylation
domains in nonribosomal peptide synthetases. Chemistry & Biology.
223

18. Eppink MH, Schreuder HA, Van Berkel WJ. 1997. Identification of a novel conserved sequence motif
in flavoprotein hydroxylases with a putative dual function in FAD/NAD(P)H binding. Protein Sci
6:2454–2458.
19. Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, Amin N, Schwikowski B, Ideker T.
2003. Cytoscape: a software environment for integrated models of biomolecular interaction networks.
Genome Res 13:2498–2504.
20. Wattam AR, Abraham D, Dalay O, Disz TL, Driscoll T, Gabbard JL, Gillespie JJ, Gough R, Hix D,
Kenyon R, Machi D, Mao C, Nordberg EK, Olson R, Overbeek R, Pusch GD, Shukla M, Schulman J,
Stevens RL, Sullivan DE, Vonstein V, Warren A, Will R, Wilson MJC, Yoo HS, Zhang C, Zhang Y,
Sobral BW. 2014. PATRIC, the bacterial bioinformatics database and analysis resource. Nucleic Acids
Res 42:D581–91.
21. Norsigian CJ, Fang X, Seif Y, Monk JM, Palsson BO. 2020. A workflow for generating multi-strain
genome-scale metabolic models of prokaryotes. Nat Protoc 15:1–14.
22. Sievers F, Wilm A, Dineen D, Gibson TJ, Karplus K, Li W, Lopez R, McWilliam H, Remmert M,
Söding J, Thompson JD, Higgins DG. 2011. Fast, scalable generation of high-quality protein multiple
sequence alignments using Clustal Omega. Mol Syst Biol 7:539.
23. Price MN, Dehal PS, Arkin AP. 2010. FastTree 2--approximately maximum-likelihood trees for large
alignments. PLoS One 5:e9490.
24. Huerta-Cepas J, Serra F, Bork P. 2016. ETE 3: Reconstruction, Analysis, and Visualization of
Phylogenomic Data. Mol Biol Evol 33:1635–1638.

224

3.2. Phylogenetic distribution of secondary metabolites in the
Bacillus subtilis species complex
Members of the B. subtilis species complex are commonly recognized producers of secondary
metabolites, among those the production of antifungals makes them promising biocontrol strains.
While there are studies examining the distribution of well-known secondary metabolites in Bacilli,
intraspecies clade-specific distribution has not been systematically reported for the B. subtilis
group.

This chapter represents a submitted manuscript that applied the extended BGC comparison
workflows developed in this thesis. Here, we reported the complete biosynthetic potential within
the Bacillus subtilis group species to explore the distribution of the biosynthetic gene clusters and
to provide an exhaustive phylogenetic conservation of secondary metabolite production supporting
the chemodiversity of Bacilli. We identified that certain gene clusters acquired deletions of genes
and particular frame-shift mutations rendering them inactive for secondary metabolite
biosynthesis, a conserved genetic trait within phylogenetically conserved clades of certain species.
The overview presented will guide assigning the secondary metabolite production potential of
newly isolated strains based on genome sequence and phylogenetic relatedness.

Citation:
A previous version of this manuscript is also available online as a preprint.
Phylogenetic distribution of secondary metabolites in the Bacillus subtilis species complex. Kat
Steinke, Omkar S. Mohite, Tilmann Weber, Ákos T. Kovács, bioRxiv 2020.10.28.358507;
doi: https://doi.org/10.1101/2020.10.28.358507
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ABSTRACT
Microbes produce a plethora of secondary metabolites that although not essential for primary
metabolism benefit them to survive in the environment, communicate, and influence
differentiation. Biosynthetic gene clusters (BGCs) responsible for the production of these
secondary metabolites are readily identifiable on the genome sequence of bacteria. Understanding
the phylogeny and distribution of BGCs helps us to predict natural product synthesis ability of new
isolates. Here, we examined the inter- and intraspecies patterns of absence/presence for all BGCs
identified with antiSMASH 5.0 in 310 genomes from the B. subtilis group and assigned them to
defined gene cluster families (GCFs). This allowed us to establish patterns in distribution for both
known and unknown products. Further, we analyzed variations in the BGC structure of particular
families encoding for natural products such as plipastatin, fengycin, iturin, mycosubtilin and
bacillomycin. Our detailed analysis revealed multiple GCFs that are species or clade specific and
few others that are scattered within or between species, which will guide exploration of the
chemodiversity within the B. subtilis group. Uniquely, we discovered that partial deletion of BGCs
and frameshift mutations in selected biosynthetic genes are conserved within phylogenetically
related isolates, although isolated from around the globe. Our results highlight the importance of
detailed analysis of BGCs and the remarkable phylogenetically conserved errodation of secondary
metabolite biosynthetic potential in the B. subtilis group.

IMPORTANCE
Members of the B. subtilis species complex are commonly recognized producers of secondary
metabolites, among those the production of antifungals makes them promising biocontrol strains.
While there are studies examining the distribution of well-known secondary metabolites in Bacilli,
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intraspecies clade-specific distribution has not been systematically reported for the B. subtilis
group. Here, we report the complete biosynthetic potential within the Bacillus subtilis group
species to explore the distribution of the biosynthetic gene clusters and to provide an exhaustive
phylogenetic conservation of secondary metabolite production supporting the chemodiversity of
Bacilli. We identify that certain gene clusters acquired deletions of genes and particular frameshift mutations rendering them inactive for secondary metabolite biosynthesis, a conserved genetic
trait within phylogenetically conserved clades of certain species. The overview presented will
superbly guide assigning the secondary metabolite production potential of newly isolated strains
based on genome sequence and phylogenetic relatedness.

OBSERVATION

Bacilli can be isolated from various environments, plant rhizosphere, animal and human digestive
system, where secondary metabolites (SMs), metabolites not necessary for primary metabolism,
play a pivotal role. The Bacillus subtilis group, which includes B. subtilis and its closely related
species (Fig. 1), comprises common producers of bioactive SMs such as antimicrobials and
cytotoxic substances, empowering them for a range of industrial applications, including plant
pathogen biocontrol (1, 2). Members of the B. subtilis group are producers of numerous wellknown natural products, iturin, mycosubtilin, fengycin/plipastatin, or bacillaene. Previous studies
have globally reported the presence of known and novel biosynthetic gene clusters (BGCs) in
Bacillus and related genera highlighting the diverse potential of SM production in these bacteria
(3–5). Additional reviews provide an overview of various SMs produced by these Bacilli (1, 6).
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Only recent studies have emerged that experimentally investigated species-level distribution of the
corresponding BGCs in numerous co-isolates from the B. subtilis group (7).

Here, we specifically expand previous studies by investigating patterns in all complete B. subtilis
group genomes as of July 2019 to dissect inter- and intraspecies diversity. We therefore examined
phylogenetic distribution of BGC families in 310 B. subtilis group genomes (Data S1) by
predicting BGCs with a modified version of antiSMASH 5 (8), clustering these into gene cluster
families (GCFs) with BiG-SCAPE (9), and visualizing GCF distributions in a phylogenetic tree
generated with autoMLST-derived scripts (10) (Fig. S1, S2).

Phylogeny was generated based on a multilocus sequence alignment of 30 conserved single-copy
genes (Fig. 1), generally reflecting NCBI taxonomy, but with certain disagreements in the B.
velezensis and B. amyloliquefaciens clades (highlighted in Fig. 1 and Materials and Methods).

The 3643 BGCs identified using antiSMASH 5 (8) were assigned into 75 GCFs and 62 singletons
with BiG-SCAPE (9) (Fig. S2), GCFs were subsequently mapped to the tree (Fig. 1). Only one
predicted metabolite, a terpene (sesquarterpene), was found in nearly all strains, while another, a
predicted NRPS/PKS hybrid, was found in most species except B. pumilus and B. xiamenensis.
Other widespread GCFs are bacillibactin, surfactin, and bacilysin. Bacillaene and sublancin 168
families were found in most species, except B. licheniformis, B. paralicheniformis, B. pumilus,
and B. xiamenensis; however, there are two gaps seemingly following clade boundaries in B.
subtilis. A similar gap in distribution occurs in bacilysin, which is absent in B. spizizenii and B.
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atrophaeus. No correlation was identified between the determined BGC number of each strain and
the source of isolation (e.g., rhizosphere, soil, food or environment) (Data S1).

Such apparently clade-linked patterns in absence or presence of GCFs were common - many GCFs
were distributed according to phylogeny, either linked to clades spanning multiple species or
limited to a single species. Lichenysin, a clade-specific GCF, was identified only in B.
licheniformis and B. paralicheniformis. Distribution of the highly similar lipopeptides fengycin
and plipastatin also followed clade boundaries, with fengycin in B. velezensis and B.
amyloliquefaciens and plipastatin in B. subtilis and B. atrophaeus. However, as previously
reported (11), no plipastatin was found in B. spizizenii, but rhizocticin, supporting clade’s
biosynthetic distinctness.

Other examples of clusters almost or entirely limited to one species in the tree included bacitracin,
which was present in all examined B. paralicheniformis genomes, and difficidin and macrolactin,
both found in most B. velezensis (though macrolactin was also present in single isolates of other
species). Certain species-specific GCFs were found dispersedly, for instance, the B. subtilisspecific subtilomycin was apparently linked to certain clades within the species, or the ribosomally
synthesized and post-translationally modified peptide coding 33_RiPP or 49_RiPP families that
were also species specifics. Additionally, certain families appeared in multiple clades, but in a
clade-linked pattern (17_RiPPs in B. velezensis), while others were missing in one or more clades
(15_Others in B. subtilis).
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Fig 1 Phylogenetic tree based on a multilocus sequence alignment of 30 genes with a modified version of
autoMLST, using IQ-TREE and ultrafast bootstrapping with 1000 replicates. B. cereus ATCC 14579 and
B. megaterium NBRC 15308 were used as an outgroup. Absence/presence of GCFs is visualized with a red
dot indicating presence and a gray dot indicating absence. Fig. S1 includes the complete tree. Strains with
disagreements in NCBI and GTDB taxonomy are highlighted.

Finally, other GCFs appeared more scattered within a species, with no link to a certain clade
evident, such as the 42_NRPS GCF in B. velezensis (Figure S1). Only a few GCFs (e.g. 39_RiPP),
appeared scattered across the entire tree without noticeable link to certain clades. Scattered patterns
and random occurrences of GCFs outside of key species might be driven by horizontal gene
transfer, in accordance with natural competence of B. subtilis (6) for instance, the 42_NRPS family
contains the nrs cluster of B. velezensis FZB42, suggested to be acquired via HGT (12).
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Fig 2 Comparison of plipastatin/fengycin/iturin families of BGCs. A-C. Similarity networks representing
the plipastatins, fengycins, and iturin-like BGC families, respectively. The different colors represent
different species of Bacillus. Iturin like BGCs are grouped based on amino acid specificity predictions
instead of BiG-SCAPE generated similarity index (Table S1). D-E. Selected clusters are shown from
different groups of plipastatins and fengycins, respectively. The detailed genetic structure of all incomplete
BGC families can be found in Fig. S3. F. Phylogenetic distribution of different groups of BGCs is presented
across selected genomes. For a complete list of all genomes and different groups of BGCs, see Fig. S4.

Next, we compared the genetic variation within particular GCFs and investigated the phylogenetic
relation among these variants, selecting families that code for important Bacillus SMs, fengycin,
plipastatin, iturin, bacillomycin, and mycosubtilin.

A total of 127 BGCs were part of the similarity network with BGCs for plipastatin, a biodegradable
fungicide (1). Based on the similarity network these BGCs were grouped into 6 groups: PPS, PPS
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groups B to E and PPS_others (Fig. 2, Data S2). Plipastatins are mostly observed in the B. subtilis
genus, with exception of group B BGCs in B. atrophaeus. We found that 71 BGCs from group
PPS and 7 BGCs from group B had all biosynthetic genes (BGs) for plipastatin (ppsA to ppsE). In
contrast, groups C, D, E and “others” had BGCs missing upto three BGs (Fig. S3), consistent with
experimental data demonstrating lack of plipastatin production in B. subtilis natto BEST195 (13)
and B. subtilis P5_B2 (7) (Fig. 2). A similar deletion of BGs was found in several other strains.
Interestingly, these strains are phylogenetically close to each other suggesting such deletions being
conserved within a single clade (Fig. 2F, Fig. S4). Additionally, in plipastatin BGCs of group E,
gene ppsE appeared to have missing domains (Fig. S5). Investigation of the nucleotide sequences
of ppsE gene homologs revealed a deletion at position 232 of reference ppsE gene across all the
16 members of group E, leading to frameshift (Fig. S5). This frameshift was present in multiple
strains isolated from distinct geographic locations (Data S2) but belonging to the same
phylogenetic clade suggesting an evolutionarily conserved frameshift in ppsE gene that could lead
to loss of function.

The fengycin family network contained 123 BGCs from B. velezensis and B. amyloliquefaciens
species, in addition to 5 isolates likely misclassified as “B. subtilis”, which based on MLSA data
should be assigned as B. velezensis strains (Data S2, Fig. S4). The fengycin BGCs could be divided
into 4 groups, with 96 BGCs containing all BGs (fenA to fenE). BGCs from groups B, C and others
contained incomplete BGCs with upto three of the BGs missing (Fig. S3). The strains harboring
these incomplete fengycin BGCs were also found to be phylogenetically close, similar to
plipastatins, suggesting these deletions being conserved within a single clade (Fig. 2F, Fig. S4).
As above for ppsE gene, many phylogenetically close strains harboring group B of fengycin
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contained a frameshift at positions 3126-3127 of fenD gene suggesting a possible evolutionary
trait of the clade (Fig. S6).

Unlike above, sequence similarity alone could not divide the 141 iturin-like BGCs into distinct
groups due to conserved BG sequences, which differ only in the individual amino acid substrate
specificities leading to production of diverse lipopeptides like iturin A, bacillomycin D-F-L, and
mycosubtilin (14) different levels of bioactivity (6). Therefore, antiSMASH predicted amino acid
substrate specificity for all NRPS adenylation domains was used to group the BGCs into iturin A,
bacillomycin D-F-L, mycosubtilin and “others” that have less than 7 (typical of iturins) amino acid
substrates (Table S1, Data S2). Mapping these data onto the phylogenetic tree revealed that each
group is conserved in closely related strains. Mycosubtilin group detected in B. atrophaeus and
few B. subtilis (mostly in subspecies spizizenii), bacillomycin in 3 of B. inaquosorum, whereas
iturin A, bacillomycin D and bacillomycin F was spread across different B. velezensis and B.
amyloliquefaciens isolates, confirming previously proposed species and strain level presence of
iturinic lipopeptides (14).

The lack of SM production, specifically surfactin, in domesticated strains of B. subtilis has been
previously connected to a frame shift mutation in the sfp gene coding for a 4-phosphopantetheinyl
transferase, which is transferring the essential phosphopantetheine prosthetic group to the surfactin
NRPS (15). This frame shift mutation in the sfp gene (all identical to previously reported position)
was only detected in 13 closely related laboratory strains and 1 addition B. subtilis isolate from the
260 genes aligned (Data S2, Fig. S7) suggesting that the inactivation of lipopeptide production in
natural Bacillus isolates is not as common as expected based on the laboratory observations.
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Our detailed BGC comparison identified variations in particular GCFs to be phylogenetically
conserved, but also revealed that particular GCFs being clade rather than species specific.
Therefore, our study improves previous systematic descriptions on the species level distribution
of BGC in Bacilli (3–5), with a specific focus on the environmentally important species within the
B. subtilis group. Such phylogenetic correlation of different BGC groups and particular frameshifts
suggest evolutionary relationships among production capabilities of Bacillus strains. Therefore,
our workflow combining comparative analysis of BGCs and phylogenetic relationships revealed
how a particular BGC is evolved within species. This knowledge, and closer examination of the
exceptions, may guide selection of specific strains as antimicrobial producers within
underexplored groups of SM producers.

MATERIALS AND METHODS

Genome selection. Initially, all genomes of B. amyloliquefaciens, B. atrophaeus, B. licheniformis,
B. paralicheniformis, B. pumilus, B. subtilis, B. velezensis, B. xiamenensis and a few related
Bacillus sp. strains with assembly status “complete” or “chromosome” publicly available from
NCBI in July 2019 were selected. Additionally, the type strains of B. cereus and B. megaterium
were included as outgroups. The strain list was then curated to remove duplicates. Further, the
genomes of engineered B. subtilis and strains were removed(B. subtilis BEST7613, B. subtilis
delta6, B. subtilis IIG-Bs27–47-24, B. subtilis PS38, and B. subtilis PG10, as described in (16), as
well as B. subtilis BEST7003, B. subtilis QB5413, B. subtilis QB5412, B. subtilis QB928, and B.
subtilis WB800N). After preliminary tree reconstruction, B. subtilis HDZK-BYSB7 was found to
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clade with B. cereus rather than the other B. subtilis strains and was therefore removed; it has since
been reclassified as B. anthracis. Initial examination of results also found BGCs to be split by the
origin in B. velezensis Hx05; for ease of analysis, this strain was therefore dropped. Subsequently,
B. velezensis AGVL-005 was found to contain many frame-shifted proteins; however, it was
retained. A further 13 in-house genomes of B. subtilis and one of B. licheniformis (17) were
included. This led to a final count of 310 genomes.

Genome acquisition and strain name annotation. Genomes were downloaded in NCBI
GenBank format with the ncbi-acc-download tool (https://github.com/kblin/ncbi-acc-download).
As many of the GenBank entries did not contain strain information in the “Source” or “Organism”
features, which are required by the autoMLST and BiG-SCAPE tools to distinguish the individual
strains, the Python script rename_strainless_organisms.py (found in the tree and matrix
construction pipeline, see below) was employed to transfer strain information from the “strain”
field to these fields.

Genome mining. In a first step, all downloaded genomes were initially mined for SMs with
antiSMASH 5.0 (8). As antiSMASH collapses gene clusters that are encoded in close proximity,
such as the iturin and fengycin clusters in Bacilli,into a single biosynthetic “region”, a modified
version of antiSMASH (https://github.com/KatSteinke/dmz-antismash) was developed that
contains the additional functionality to split known clusters at a user-defined gene, resulting in two
independent “regions”. In all other respects, this version of antiSMASH is identical to antiSMASH
5.0.0. The modified version of antiSMASH was run as an antiSMASH fast run with the default
parameters. The genes selected to split between adjacent clusters were dacC and yngH for the
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plipastatin/fengycin clusters, and yxjF and xynD for the iturin clusters. For assigning the
plipastatin/fengycin boundary genes, homologs from several species were selected to reflect
species variations: dacC homologs from B. velezensis, B. subtilis, B. amyloliquefaciens and B.
atrophaeus and yngH homologs from B. subtilis and B. atrophaeus. These were selected so that
the cut would yield the intersection of both clusters as found on MIBiG, from dacC to yngH, as
other boundaries led to incorrect splits, either failing to cut the cluster or cutting it twice. The genes
are identified by a BLAST search in the examined genome, with coverage and identity of at least
90% each needed for identification. During this step, errors in the GenBank file of B. licheniformis
PB3 (NZ_CP025226.1) were detected, as they caused subsequent errors in antiSMASH; the
erroneous portions, CXG95_RS00005 and CXG95_RS00010, were consequently deleted.

GCF identification and clustering. To identify families of homologous gene clusters present in
multiple species (gene cluster families, GCFs), BiG-SCAPE (9) was used at default settings. In
order to automatically identify any known compounds, reference clusters from the MIBiG database
(18) were included in the networking analysis. Singleton clusters were not returned. As this
produced almost exclusively GCFs split along species lines, even for compounds known to be
found in all species, connected components were identified with the NetworkX library (19) using
a similar approach as in (20). However, as BiG-SCAPE was left at default options, duplicated
entries were later merged.

Tree building. For getting a highly resolved phylogeny of the closely related Bacillus strains,
maximum likelihood trees were constructed with a pipeline based on autoMLST (10), and using
autoMLST defaults to the greatest extent. A modification was introduced to autoMLST that
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skipped the automated search and inclusion of similar genomes and thus only processed the
supplied genomes. Subsequently, the pipeline identifies all conserved single-copy genes from
these genomes. Additionally, the gbk2sqldb.py script in autoMLST, which was employed in the
pipeline, was patched to use the same hmm database (reducedcore.hmm) as the main automlst.py
script. The modified version is available at https://github.com/KatSteinke/automlst-simplifiedwrapper.
Both for the short tree shown in Fig. 1 and the full tree (Fig. S1), this yielded 30 singlecopy/housekeeping genes for each tree; however, not all of these were identical between the trees.
For generating the multi-locus alignment, each individual gene was aligned with MAFFT (21) and
the alignment trimmed using trimAl (22); then, all alignments were concatenated. As in
autoMLST, the tree was generated with IQ-TREE (23), using Ultrafast Bootstrap (24) with 1000
replicates.
The resulting tree was rerooted in ETE3 (25) during the visualization step, using B. megaterium
NBRC 15308 and B. cereus ATCC 14579 as an outgroup. During this process, it was found the
GenBank file of B. subtilis subsp. subtilis NCD-2 had been excluded from the tree because it lacked
gene annotations; thus, it was annotated with Prokka.
In our global analysis of all 310 genomes, a total of 28 strains whose genome-based taxonomy
conflicts with their assigned species names were identified (Fig. S1, Data S1). Based on our
analysis, in line with the recently released genome-based taxonomy in GTDB (26, 27), these strains
should be designated B. velezensis or B. amyloliquefaciens, respectively. Additionally, strains
designated B. subtilis subsp. inaquosorum and B. subtilis subsp. spizizenii by NCBI form their own
clades, consistent with their recent promotion to species status. (11) The tree thus appears to reflect
genome-based taxonomy well.
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Absence/presence matrix. An automated tree and matrix construction pipeline was established
that tied together the individual steps of the analysis. The script for this pipeline takes as arguments
the location of a base directory in which analysis results are to be placed, the location of a file
listing accession numbers to be downloaded, the name of the final tree to be output and optionally
outgroups to be used. It creates all the files and directories necessary for the subsequent analysis
(see below). The script can be downloaded at https://github.com/KatSteinke/AbsPresTree.
From the connected component GCFs, a matrix counting occurrence of each GCF in each strain
was computed. GCFs were subsequently clustered according to their occurrence in each strain
using SciPy’s clustering package (28); hierarchical clustering was performed. Subsequently, the
absence/presence matrix was reordered to reflect the clustering of GCFs.
It must be noted, however, that the connected component GCFs are based on placement of gene
clusters in a network, and even incomplete or inactive clusters may be included if they pass the
threshold for clustering. The tree and matrix were visualized in ETE3 using ETE3’s clustering
module. Subsequently, matrix columns were manually arranged to follow phylogeny of the strains
primarily represented per column.

Variations within particular GCF. Based on the similarity networks of plipastatin and fengycin
GCF, we created groups within a GCF. The fengycin GCF was split into 4 groups and plipastatin
GCF into 6 groups. The genetic structure variations among groups with few missing BGs are
shown in Figure S3. The genes ppsE from plipastatin group E and fenD from fengycin group B
are further selected for multiple sequence alignment (Fig. S5 and S6). For the iturin-like
lipopeptide GCF, substrate specificities of A-domain were collected from antiSMASH
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annotations. Based on the individual amino acid specificities the BGCs from this GCF are further
classified into iturin A, bacillomycin D, F, L and mycosubtilin (Table S1). In addition to GCF
variation analysis, we also aligned nucleotide sequences of sfp gene coding for 4phosphopantetheinyl transferase from 260 BGCs of surfactin family (Data S2). A frameshift
mutation previously known disrupt sfp function was detected across 14 of the 260 genes (Fig. S7).
A presence-absence matrix was generated where the rows represent 310 genomes and columns
represent groups of plipastatin GCF (PPS, PPS groups B to E, PPS others), fengycins (FEN, FEN
groups B, C and FEN others), iturin A, bacillomycin D, F, L, mycosubtilin and sfp gene frameshift
mutation. The presence absence matrix is visualized against the tree to understand the evolutionary
aspects of GCF variation. The scripts used to analyze the variations in GCF can be downloaded at
https://github.com/OmkarSaMo/GCF_variation_Bacillus.

Data availability. The data with NCBI accession IDs and information on all detected gene clusters
is available in supplementary Data S1 and S2. Code used to generate the data is available at
https://github.com/KatSteinke/AbsPresTree. The script used to analyze the variations in GCF is
available at https://github.com/OmkarSaMo/GCF_variation_Bacillus.
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Fig 1 Phylogenetic tree based on a multilocus sequence alignment of 30 genes with a modified
version of autoMLST, using IQ-TREE and ultrafast bootstrapping with 1000 replicates. B. cereus
ATCC 14579 and B. megaterium NBRC 15308 were used as an outgroup. Absence/presence of
GCFs is visualized with a red dot indicating presence and a gray dot indicating absence. Fig. S1
includes the complete tree. Strains with disagreements in NCBI and GTDB taxonomy are
highlighted.

Fig 2 Comparison of plipastatin/fengycin/iturin families of BGCs. A-C. Similarity networks
representing the plipastatins, fengycins, and iturin-like BGC families, respectively. The different
colors represent different species of Bacillus. Iturin like BGCs are grouped based on amino acid
specificity predictions instead of BiG-SCAPE generated similarity index (Table S1). D-E. Selected
clusters are shown from different groups of plipastatins and fengycins, respectively. The detailed
genetic structure of all incomplete BGC families can be found in Fig. S3. F. Phylogenetic
distribution of different groups of BGCs is presented across selected genomes. For a complete list
of all genomes and different groups of BGCs, see Fig. S4.
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SUPPLEMENTAL MATERIAL

Fig S1 Phylogenetic tree and presence absence of different BGC families across Bacillus group

Fig S3 Genetic structure variations in partial BGCs of plipastatin and fengycin families

Fig S4 Phylogenetic tree distribution of different fengycins and iturins across 310 genomes of
Bacillus sp.

Fig. S5 Conserved frameshift in the ppsE gene across strains harboring group E plipastatin BGCs
A. BGCs from group E of plipastatins with missing domains in ppsE gene. B. Part of the
phylogenetic tree including plipastatin group E strains (Complete tree in Figure S4). C. Nucleotide
sequence alignment with conserved deletion at position 232 that lead to frameshift. The nucleotide
fasta sequences of these selected homologs are aligned using MUSCLE (Edgar RC, Nucleic Acids
Research 32:1792–1797, 2004) and the alignments are visualized using Jalview (Clamp M, Cuff
J, Searle SM, Barton GJ, Bioinformatics 20:426–427, 2004).

Fig S6 Conserved frameshift in the fenD gene across strains harboring group B fengycin BGCs.
A. BGCs from group B of fengycins with missing domains in fenD gene. B. Part of the
phylogenetic tree including fengycin group B strains (Complete tree in Figure S4). C. Nucleotide
sequence alignment with conserved deletion at positions 3126-3127 that lead to frameshift.

Fig. S7. Conserved frameshift mutation the sfp gene in 14 genomes of B. subtilis.
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Table S1 Amino acid specificity prediction-based groups of iturin like BGCs

Data S1 Excel table with information on all the genomes, GTDB phylogeny, MLST genes, BGCs
detected and BiG-SCAPE defined GCFs along with singleton BGCs

Data S2 Excel table with information on BGCs from families encoding fengycins, plipastatins and
iturinic lipopeptides
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3.3. Pangenome analysis of enterobacteria reveals richness of
secondary metabolite gene clusters and their associated gene
sets
The availability of genome sequences and development of genome mining tools have allowed for
exploration of secondary metabolite biosynthetic potential of microbes. However, the
interdependence between biosynthetic gene clusters and other genes in the genome remains
elusive. Large-scale genome comparison might provide insights in finding genome wide
association. However, the number of available complete genomes is still limited for streptomycetes
and other popular secondary metabolite producers. On the other hand, Escherichia and other
enterobacteria provide for useful datasets with large number of complete genome.

This chapter represents a manuscript in preparation, where we provided and used a large-scale
systems biology workflow based on genome mining and pangenome analysis of large public
genome datasets of enterobacteria. We found that enterobacteria contained a greater richness of
secondary metabolites BGCs than previously realized. We studied the variations in some of the
commonly occuring GCFs in enterobacteria to investigate their evolutionary mechanisms. As an
example application of pangenome analysis, we identified a set of genes putatively associated with
the presence of a particular secondary metabolite biosynthetic gene cluster, encoding colon cancer
causing colibactin. The presented workflow opens up the possibility to discover novel secondary
metabolites, better understand their physiological roles and provides a guide to identify and
analyze BGC associated gene sets.

Copyright and credits:
A previous version of this manuscript is also available online as a preprint
Pangenome Analysis of Enterobacteria Reveals Richness of Secondary Metabolite Gene Clusters
and their Associated Gene Sets. Omkar S. Mohite, Colton J. Lloyd, Jonathan M. Monk, Tilmann
Weber, Bernhard O. Palsson, bioRxiv 781328; doi: https://doi.org/10.1101/781328
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Abstract
In silico genome mining provides easy access to secondary metabolite biosynthetic gene clusters
(BGC) encoding the biosynthesis of many bioactive compounds, which are the basis of many
important drugs used in human medicine. However, the association between BGCs and other
functions encoded in the genomes of producers so far remained elusive. Here, we present a systems
biology workflow that integrates genome mining with a detailed pangenome analysis for detecting
genes associated with a particular BGC. We analyzed 3,889 enterobacterial genomes and found
13,266 BGCs, represented by 252 distinct BGC families and additional 347 singletons. A
pangenome analysis revealed 88 genes putatively associated with a specific BGC coding for the
colon cancer-related colibactin that code for diverse metabolic and regulatory functions. The
presented workflow opens up the possibility to discover novel secondary metabolites, better
understand their physiological roles, and provides a guide to identify and analyze BGC associated
gene sets.

Importance
The availability of genome sequences and the development of genome mining tools have allowed
for the exploration of the secondary metabolite biosynthetic potential of microbes. However, the
interdependence between biosynthetic gene clusters and other genes in the genome remains
elusive. Here, we provide and use a systems biology workflow based on pangenome analysis of
large public genome datasets of enterobacteria. As an example application, we identified a set of
genes putatively associated with the presence of a particular secondary metabolite biosynthetic
gene cluster, encoding colon cancer-causing colibactin.

Introduction
Secondary metabolites produced by a range of microorganisms display medicinally and
industrially important properties, as well as mediate microbe-host and microbe-microbe
interactions. Secondary metabolites biosynthesis often involves mega-enzymes such as polyketide
synthases (PKS) and non-ribosomal peptide synthetases (NRPS) that are encoded by large
biosynthetic gene clusters (BGCs). Recent advances in genome sequencing technology and
genome mining tools revealed an unexplored richness and diversity of BGCs encoding secondary
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metabolites (1–4). However, understanding the interaction between biosynthesis of secondary
metabolites and other functions encoded in the genome outside the cluster region remains a
challenge. Recently, the availability of a large number of genomes from the same species allowed
for pangenome analysis revealing intra-species diversity, such as metabolic capabilities (5, 6).
Such pangenome analysis involving the comparison of a group of genomes carrying a particular
BGC against others might help us bridge this gap between secondary metabolism and other
functions.

The focus of many genome mining based studies have been well-established secondary metabolite
producers, such as bacilli, actinobacteria, or myxobacteria (7, 8). In comparison with many of these
popular secondary metabolite producers, Escherichia coli or other enterobacteria have larger
availability of sequenced genomes, higher quality of genome annotations, comprehensive curated
databases, and extensive tools for data analysis. Enterobacteria are known to produce secondary
metabolites that include metal ion chelators like enterobactin, yersiniabactin (9, 10), the colon
cancer-related genotoxin colibactin (11–13), the antibiotic althiomycin (14), the red pigment
prodigiosin, and the biosurfactant serrawettin W1 (15). In particular, a PKS-NRPS type BGC from
certain E. coli strains and other enterobacteria is responsible for the biosynthesis of colibactin
associated with colon cancer (12, 13). Some enterobacteria associated with nematodes like
Photorhabdus sp. and Xenorhabdus sp. are known to produce a diverse range of secondary
metabolites including proteasome inhibitor luminmycin, antibiotic xenocoumacin, anthraquinone
pigments, and others (16, 17). More recently, darobactin was isolated in a Photorhabdus isolate
that selectively kills gram-negative pathogens (18). Because of these important secondary
metabolites, the availability of a large number of high-quality genomes, and the limited
exploitation of enterobacteria as secondary metabolite producers, we selected this group of bacteria
for the analysis presented here.

Here, we aim to combine the strengths of genome mining and pangenome analysis to assess the
potential of enterobacteria to produce diverse secondary metabolites and understand the
association between secondary metabolism and other biological functions (Figure S1-A). In this
integrated workflow, we analyzed a large set of high-quality complete genomes of enterobacteria
using the software antiSMASH to investigate their secondary metabolite biosynthetic potential (3,
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4). Further, distinct families of BGCs were identified based on a sequence similarity network
generated using BiG-SCAPE (19). Next, we selected 60 Escherichia genomes possessing a
clinically important colibactin cluster and performed core- and pangenome analyses. The
pangenome analysis identified a colibactin associated set of genes that might have associations
with the function of colibactin clusters (e.g., a putative secretion system) that could reveal cryptic
mechanisms of colibactin activity.

Results
Characterization of secondary metabolite gene clusters across closely related enterobacteria
First, we set out to examine 3,889 complete genomes from 57 different genera of enterobacteria
downloaded from the PATRIC database v3.6 (20) in order to investigate the number and kinds of
secondary metabolic BGCs the different genera might contain (Dataset S1). Using antiSMASH v5
(3), we detected 13,266 BGCs across 3,889 genomes with a global average of 3.41 BGCs per
genome across enterobacteria (Dataset S2). It should be noted that the dataset of genomes is
unevenly distributed over 57 genera and is represented primarily by the genomes from genera
Escherichia (1,191), Salmonella (977), Klebsiella (575), Enterobacter (166), Shigella (134),
Yersinia (118), and Serratia (118) (Dataset S1). The average number of clusters varies across
different genera of enterobacteria (Figure 1, Dataset S2). We note that Photorhabdus,
Xenorhabdus, and Serratia are some of the genera with a relatively higher richness in BGCs and
have also been previously described to produce diverse secondary metabolites (14, 15, 17). We
observe that there is a genus dependent association between the number of BGCs and the size of
the genome (Figure 1). Interestingly, three of the very small genomes (length < 0.5 Mb) from
Buchnera, endosymbionts of aphids, also carry a BGC from the aryl polyene class, which are
polyketide-derived pigments (Figure 1).

The detected BGCs are of 87 different types, inferred through the rule-based antiSMASH BGC
detection logic, which includes 31 individual and 56 hybrid BGC types (Dataset S2). Various BGC
types include those encoding for NRPS (4026), thiopeptides (3618), bacteriocins (1062),
siderophores (1013), PKS-NRPS hybrids (897), arylpolyenes (721), and 58 other types of BGCs
(1929) spread throughout diverse genera (Dataset S2). A phylogenetic tree of 50 selected genomes
from different genera (Dataset S2), constructed using all shared proteins and maximum likelihood
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algorithm (RAxML) (21), displayed the evolutionary relation of BGCs across enterobacteria
(Figure 1). Most genomes possessed at least one NRPS BGC encoding siderophore (enterobactin
or a similar derivative) and one uncharacterized thiopeptide BGC. The antiSMASH annotated
thiopeptide BGC did not contain all essential parts of typical thiopeptide but contained a gene
encoding YcaO superfamily of proteins involved in post-translational modifications of ribosomal
protein S12 in E. coli (22). Enterobacterial genomes are observed to have higher diversity in NRPS
type BGCs especially in Photorhabdus (avg. 7.8 BGCs), Xenorhabdus (avg. 7.2 BGCs), and
Serratia (avg. 4.1 BGCs).

We also note that many other cluster types are distributed differently across different genera of
enterobacteria (Figure 1). Salmonella genus has the least diversity compared to other
enterobacteria. Among 1191 Escherichia genomes, 310 genomes contain four BGCs, 121 genomes
contain five, and 18 genomes contain six BGCs. These BGCs in Escherichia, apart from NRPS
and YcaO containing RiPP, belong to various types including bacteriocins, siderophores, aryl
polyenes, aryl polyene-ladderane hybrids, and type 1 PKS-NRPS hybrids. Bacteriocins are most
commonly observed in Klebsiella (Figure 1). The most common bacteriocin in Klebsiella BGC
contains the dsbA gene with a domain similar to the circular bacteriocin family (TIGR03651),
however, the BGC appears to be incomplete. Yersinia and Serratia genera have much higher
diversity than other abundant genera in our dataset with average clusters of 6.8 and 8.9,
respectively. Specifically, we observe that non-NRPS derived siderophores, homoserine-lactones,
and PKS-like B.G.C.s are highly common across Yersinia, whereas Serratia genomes have
multiple NRPS clusters. Most of these BGCs detected in enterobacteria encode for secondary
metabolites that play an important role in microbe-microbe and microbe-host interactions. Thus,
with the use of genome sequence data and genome mining tools we highlight that the
enterobacteria contain a greater richness of BGCs than previously realized.

Sequence-based similarity network reveals at least 237 uncharacterized families of BGCs in
enterobacteria
Next, we asked how many of the detected BGCs are distinct and how many of them have been
assigned to well-characterized secondary metabolites. We used the BiG-SCAPE pipeline (19) to
compare sequences of 13,266 detected BGCs and 1,795 known BGCs from the MIBIG database
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(23). BiG-SCAPE compares protein domain sequences of BGCs to define a weighted combination
of domain sequence similarity, Jaccard index, and adjacency index as a raw distance metric to
generate a sequence similarity network (default cutoff of 0.3 was used for network, see Methods).
The generated sequence similarity network constituted 252 distinct connected subnetworks (here
called gene cluster families (GCFs)) of BGCs among enterobacterial genomes (Figure 2), with 347
BGCs being singletons (Dataset S3). Surprisingly, only 15 GCFs were associated with 24
previously characterized BGCs from the MIBIG database, whereas the remaining 237 GCFs and
347 singleton BGCs might encode for novel secondary metabolites.

The seven most common GCFs represented by pie charts were distributed among diverse genera,
whereas the remaining 245 GCFs represented by a network were mostly genus-specific (Figure 2).
Some of the most common GCFs code for known compounds like enterobactin, aerobactin, colicin
V, colibactin, yersiniabactin, colibactin, and APE Ec (E. coli aryl polyene). GCF presence-absence
heatmap across different genomes further displays how GCFs are distributed across genomes from
various genera (Figure S2). We found that Serratia genomes alone contained BGCs spread across
62 GCFs. Some of the other genera with a high diversity of GCFs included Dickeya (23 GCFs),
Photorhabdus (23 GCFs), Pantoea (20 GCFs), Pectobacterium (18 GCFs), and Xenorhabdus (16
GCFs), despite the smaller number of genomes in the dataset. Thus, the comparative analysis of
BGCs across species can direct us to the discovery of novel secondary metabolites in
enterobacteria.

Intra-family comparison further allows studying the evolution of a BGC
Within the workflow, it is possible to focus on individual BGC families and obtain in-depth
information. It is known that different enterobacteria produce a variety of siderophores derived
from enterobactin, such as salmochelin that act as a bacterial evasion mechanism against the
mammalian protein siderocalin in Salmonella strains and some uropathogenic E. coli (24).
Additionally, intra-family genetic diversity among aerobactin and salmochelin siderophores was
shown to be associated with different mobile genetic elements (25). Therefore, we analyzed
genetic variations of particular families through adjacency matrices to get an overall view of finer
clustering of BGCs. Adjacency matrices calculated for some of the large families (family 1 and 2)
reveal intra-family diversity among BGCs (Figure S3). The clustering algorithm of BiG-SCAPE
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further detected several GCFs within these two families. We selected one BGC per GCF defined
by this clustering algorithm and rerun the BiG-SCAPE on these selected BGCs to get an overview
of intra-family variations (Figure S3). The YcaO gene appears to be conserved across the largest
RiPP family. This BGC appears to be highly conserved with minor changes in genes that are
probably not part of biosynthesis. The biosynthetic genes of the second largest family of
enterobactin also appear to be widely conserved apart from the gene fepE that was missing in part
of the BGCs. The gene fepE is involved in ferric-enterobactin cytoplasmic membrane transport in
conjunction with other genes fepC and fepD (26).

In another example, we examined the genetic structure variations the fourth-largest family of PKSNRPS BGCs had 732 clusters, where 105 and 328 BGCs are directly similar to colibactin and
yersiniabactin respectively with 74 of them shared similarity with both colibactin and
yersiniabactin. The remaining 375 BGCs were distantly similar to colibactin or yersiniabactin (not
immediate neighbors in the network). We specifically selected 105 BGCs that are directly similar
to the colibactin MIBIG entry (MIBiG ID: BGC0000972) for further comparison. These BGCs are
present across diverse genera like Escherichia, Klebsiella, Enterobacter, and Citrobacter.
Yersiniabactin BGC is observed to be present whenever colibactin is present across genera as also
seen earlier (27), with exception of E. coli BCE049 and K. pneumoniae 11492 that only contained
colibactin BGC. Additionally, yersiniabactin and colibactin clusters are located close to each other
in most cases, with the exception of three Citrobacter koseri strains where they were located apart
in the genome (Figure 3). This also means that in most cases antiSMASH will detect both clusters
as one larger region. Hence, we used the candidate cluster feature of antiSMASH v5 to separate
the two clusters. We extracted 303 candidate clusters from 105 BGC regions encoding colibactin.
The region located between colibactin and yersiniabactin clusters varied across genera (Figure 3).
The intermediate region between the two clusters suggested the presence of genes coding a type
IV secretion system (T4SS) in Klebsiella sp. and Enterobacter sp. In Citrobacter sp., where
yersiniabactin and colibactin BGCs are at separate locations, T4SS encoding genes were still
observed next to the colibactin core biosynthetic genes. Interestingly, no such genes related to
secretion systems were observed in the cluster region for Escherichia sp.
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As part of the workflow, we carried out a phylogenetic analysis of 104 genomes containing
colibactin BGC using autoMLST (Figure 3D). We calculated bidirectional best blastp hits of
colibactin biosynthetic genes across 104 genomes (Figure 3D). We found that as many as 18
genomes were missing a gene clbR coding for a key transcriptional activator of colibactin gene
expression (28). Additionally, 11 of these 18 genomes also lacked a gene clbA coding for a
phosphopantetheinyl transferase. To investigate further variations in other genes, we calculated
different alleles for each of the biosynthetic genes across the genomes (Dataset S3). We found that
for most of the genes, one single allele was conserved across most strains. Whereas two or more
alleles were conserved in different genomes for genes such as clbS, clbQ, clbK, clbJ and clbH
(Dataset S3). We further aligned the amino acid sequences for these different alleles to observe
the sequence variations. For example, the amino acid sequence variation between four alleles of
clbS includes K to R at position 12, L to I at position 3, D to Y at position 129 (Figure S4). In
general, the variations appear to be minimal in most cases. Our detailed comparative analysis
shows the natural variations in the colibactin genes and provides a platform for future experimental
studies to verify the effects of genetic variations.

Pangenome characterization of Escherichia genomes reveals a colibactin associated set of
genes
Next, we asked if the comparison of as many as 1,191 genomes of Escherichia sp. from the dataset
can guide us to detect specific genetic and functional associations with the presence of a particular
BGC. Here, we investigated a total of 60 Escherichia genomes possessing colibactin using
pangenome reconstruction and genome-wide association techniques (Dataset S4) (5, 29, 30). For
60 colibactin-containing Escherichia genomes, a total of 17,728 different genes were detected in
the pan-genome (total genes found across genomes), which was reconstructed using Roary (31)
(Figure 4, Data S4). The core-genome (genes shared among genomes) was composed of 2,530
genes. Conversely, 5,804 genes were uniquely present in only one of the genomes. Next, we
compared sequences of 2,530 genes from the reconstructed core-genome against all 1,191
Escherichia genomes present in the dataset using bidirectional best blastp hits. We reconstructed
a phylogenetic tree of these 1,191 Escherichia genomes using autoMLST (32). A gene
presence/absence heatmap was generated for 2,530 core genes against 1,191 Escherichia genomes
ordered by their phylogenetic tree (Figure 4C). Examining this gene presence/absence heatmap
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revealed a set of 88 genes that are present in all 60 colibactin-containing genomes and are absent
in more than 90% of the genomes missing both colibactin and yersiniabactin (Dataset S4). This
set of colibactin-associated genes were spread across the genome describing various biological
functions including secondary metabolism, secretion system, amino acid metabolism, sugar
metabolism, fimbrial usher chaperone pathways, regulation among others.

We further calculated average nucleotide identities across all 1,191 Escherichia genomes. A
network was generated between all these genomes as nodes, where ANI values above 99.6% were
assigned an edge. Based on the communities detected in this network (33), we selected a
representative set of 68 genomes from different communities that had more than 2 nodes. We
further visualized how colibactin-associated genes were distributed across the phylogenetic tree of
these 68 genomes (Figure 4D). Our preliminary phylogenetic investigation showed that colibactin
BGC was generally conserved in phylogenetic clades with minor exceptions. Similarly, many of
the associated genes appear to have evolved together with colibactin.

In total, 77 of the 88 identified putative colibactin-associated genes were located in 13 different
genomic regions, and 11 genes were located alone throughout the genome (Dataset S4). Some of
the associated genes are also conserved in part of the yersiniabactin possessing genomes (variable
from 0 to 57%) revealing the importance of the associated functions during evolution for PKSNRPS clusters in Escherichia (Dataset S4). The largest continuous region of 15 genes code for
colibactin and yersiniabactin biosynthesis. Among the putatively associated regions, one region of
11 genes coded for the assembly of a type VI Secretion System (T6SS). The variations in colibactin
GCF earlier showed that genes coding for T4SS were present in antiSMASH detected regions of
colibactin in non-Escherichia genomes (Figure 3). Earlier, secretion systems were shown to be
involved in the secretion of NRPS product pyoverdine in Pseudomonas taiwanensis (34).
Additionally, pyoverdine is synthesized in the cytoplasm and matured in the periplasm by removal
of myristic or myristoleic acid chain (35), which shares similarity to prodrug activation mechanism
of colibactin by removal of N-myristoyl-D-asparagine. Some of the other genomic regions
associated with colibactin in this study also were shown to play an important role in various
pathogenic E. coli strains. For example, a metabolic operon (region 4) with putative functions
related to fructose metabolism was also shown to promote fitness under stressful conditions and
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invasion of host cells in extraintestinal pathogenic E. coli (28). In another study, additional variants
of tagatose bisphosphate (TBP) aldolases, as also seen here, were associated with utilization of
intestinal mucus glycan in B2 phylogroup of E. coli (29). Thus further experimental investigation
into these putative associations could be a worthwhile effort. Thus, our workflow presented novel
avenues to utilize the growing availability of complete genome sequences to define a gene set that
is associated with a particular BGC and investigate evolutionary associations.

Associated genes have highly conserved sequences in colibactin containing genomes
In a final step, the data obtained from the pangenome characterization can be used to analyze the
associated genes across the pangenome of Escherichia with amino acid sequence level resolution.
We investigated the percentage identity of amino acid sequences of associated genes from selected
regions across the many genomes. For example, we discover that the associated genes from the
region encoding for Yfc usher chaperone pathway have high conservation in the genomes
possessing a pks cluster as compared to pks cluster missing genomes (Figure S5). For such
comparison, a lower cutoff of 50% blastp percentage identity (PID) was used to define homologs
for all genes in Yfc usher chaperone pathway across 581 Escherichia genomes. It had been shown
earlier that genes involved in usher chaperone pathways can be used for high resolution typing of
uropathogenic E. coli (36). Especially genes YfcS, YfcQ and YfcR are highly conserved in the
genomes possessing colibactin. In another example, the region encoding for T6SS also was found
to have highly conserved sequence similarity in colibactin possessing genomes (Figure S5).
Notably, PAAR repeat protein sequences were specifically conserved in most of the colibactin
possessing genomes which play an important role in diversifying the role of T6SS (37). Thus, an
overview of amino acid conservation profiles of these genes demonstrated a stronger association
of genes with colibactin presence.

Discussion
Secondary metabolites are small molecules that play diverse roles in host-microbe and microbemicrobe interactions in enterobacteria. Earlier exploration of secondary metabolite biosynthetic
potential involved studies of Xenorhabdus sp., Photorhabdus sp., and Serratia sp. However, largescale genome mining studies have not been carried out across enterobacteria. Here, we provide a
comprehensive catalog and toolkit reflecting the diversity and richness of secondary metabolite
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BGCs in various genera of enterobacteria. In addition to the common thiopeptides and NRPS
clusters, many others including NRPS independent siderophore synthetases, PKS-NRPS hybrids,
bacteriocins, aryl polyenes also occur frequently in enterobacterial genomes. As many secondary
metabolites are involved in microbe-microbe or microbe-host interactions, the presented catalog
can also be used to predict the physiological properties of enterobacterial strains based on the
presence of specific BGCs. For example, the detection of BGCs encoding siderophores can
facilitate the understanding of structural and functional variations in these iron-chelating
compounds.

Sequence-based similarity network analysis further detected the diverse families among each
cluster type. The BGC content of enterobacteria on average is not as high and as diverse as more
popular secondary metabolite producers such as bacilli, actinobacteria, or myxobacteria.
Nonetheless, it is interesting to note that very few BGC families were assigned to known secondary
metabolites given the fact that enterobacteria have been studied so extensively for other metabolic
features. This indicates a strong need to further investigate enterobacterial secondary metabolism,
which can open up the possibility to discover novel secondary metabolites and their physiological
roles. Given the extensive knowledge of primary metabolism and state-of-the-art metabolic
engineering tools available for E. coli, understanding of secondary metabolism in E. coli and other
enterobacteria can provide a guide to design host strains to efficiently express heterologous clusters
from other bacteria.

The pangenome analysis of Escherichia genomes revealed a set of genes that could be associated
with the presence of PKS-NRPS hybrid type cluster that codes for the genotoxin colibactin. Genes
putatively associated with the presence of colibactin BGC are spread throughout the genome and
encode for diverse biological functions, such as secretion systems, amino acid metabolism,
adhesion systems among others, that are not obviously correlated with colibactin biosynthesis or
activity. These associated genes also appear to show similar evolutionary trends as colibactin. The
future detailed phylogenetic analysis could further increase our understanding of the evolutionary
mechanisms of BGCs at a genome-scale. Amino acid sequence identity profiles further
demonstrate highly conserved sequences of these associated genes in colibactin containing
genomes. Discovery of such association using pangenome analysis might pave the way towards
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understanding the mechanisms behind clinically important colibactin and can help design
strategies to target the activity of colibactin in pathogenic strains.

In this study, we highlight a systems biology workflow that uses a growing number of genome
sequences, combining genome mining and pangenome analysis tools. Here, we demonstrate that
our approach can help in investigating variations within particular GCFs at a large-scale and
discover novel associations of secondary metabolism to other functions in the genome. As
sequencing technology advances and the availability of genomes is on the rise, the presented
workflow can be easily extended to actinobacteria and others that produce a diverse range of
secondary metabolites with antibiotic and other medicinal and industrial properties. Such
application might help us identify key enzymes or regulators that are always associatively present
with the presence of a specific antibiotic encoding BGC.

Materials and Methods
Collection and quality assessment of enterobacterial genomes
We collected 3,987 genome entries from the PATRIC database (20) of Enterobacteriales, which
are annotated as ‘complete.’ The quality of genome assembly is important for better prediction of
genome mining as well as for the pangenome analysis. To curate the data, we manually removed
7 genome entries due to irregular genome size (Dataset S1). The distribution of genome size
against GC content showed that there are very few genomes that are outliers when compared to
the average genome size of a particular genus (Figure S1). Genomes from other genera, including
endosymbiont genera such as Buchnera, which have relatively smaller genome sizes, are not
removed from the analysis. To understand the redundancy in the genomic datasets, we note that
59 organisms had more than one genome sequences in the dataset (Dataset S1). And we selected
only one genome for each of these organisms. Thus, the final dataset contained 3,889 genomes
spread across 57 different genera with the majority belonging to Escherichia, Salmonella, and
Klebsiella (Dataset S1).

Genome mining of secondary metabolites BGCs across enterobacteria
antiSMASH v4 (3) was used for genome mining of secondary metabolite BGCs in 3,889
enterobacterial genomes. We used ‘.gff’ files downloaded from the PATRIC database for gene
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annotations with the antiSMASH run. The final data set contains 13,266 BGCs detected across
genomes of enterobacteria (Dataset S2). For genus-specific analysis and visualization, we
considered the top 15 genera with the highest total number of clusters per genus. The remaining
36 genera are all classified as ‘Other’. Similarly, we considered the top 15 most occurring types of
the BGCs as defined in antiSMASH output and classify the remaining 72 BGC types as ‘Other’
(Dataset S2).

Phylogenetic tree of selected enterobacterial strains with different BGC distributions
A set of 50 genomes was selected from various genera with different distributions of BGC types
as detected through genome mining (Dataset S2). A phylogenetic tree was constructed with
PATRIC (20) services for tree building based on all shared proteins and using maximum likelihood
algorithm (RAxML) (21). The out-group set used for the tree construction involved five genomes
of neighboring clades in Gammaproteobacteria from the PATRIC database, which are 1)
Mannheimia succiniciproducens MBEL55E; 2) Pasteurella multocida subsp. multocida str. Pm70;
3) Photobacterium profundum SS9; 4) Vibrio fischeri ES114; and 5) Vibrio cholerae O1 biovar El
Tor str. N16961. The phylogenetic tree was visualized using iTOL v4(Interactive Tree of Life)
(38), with additional panels representing a bar chart of total BGC distribution and heatmap of BGC
type distribution across all genomes (Figure 1).

Sequence-based similarity network of BGCs detected in enterobacteria
BiG-SCAPE (19) was used to generate a sequence-based similarity network of 13,266 detected
clusters. Here, ‘--mibig’ parameter was used for comparison against 1795 known BGCs from the
MIBIG database (23). For the similarity index between any two clusters, we used raw_index metric
from BiG-SCAPE output. We tried three different cutoffs of 0.3, 0.5, 0.7 on raw_index to define
the similarity network. As the sequences of many BGCs are very similar to each other, we used a
cutoff of 0.3 for the final network (Dataset S3). The comparison was carried out separately for the
major classes of BGCs by using the parameter --hybrids-off.

Detecting families of BGCs from sequence-based similarity network
The distinct connected components, based on a cutoff of 0.3 on raw_index, are denoted as distinct
families of BGCs. Using the similarity network, 252 completely distinct families were detected.
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The distribution of BGC families across genomes of different genera is represented by a heatmap
(Figure S2). As some of the BGC families are more frequent than others in enterobacteria, the
distribution of BGCs in top 7 largest families are visualized using pie-charts (Figure 2). The
networks for remaining smaller families are visualized using Cytoscape (39) and are categorized
based on BGC classes (Figure 2). Further, we analyzed some of the families (family 2 and family
3) by calculating the adjacency matrix of the network to understand the intra-family diversity in
BGC contents (Figure S3).

Variations within the colibactin gene cluster family
The total of 105 BGCs similar to known colibactin and yersiniabactin clusters were further split
into 303 candidate clusters using antiSMASH v5 annotation. A similarity network of these 303
candidate clusters was calculated using BiG-SCAPE to separate the colibactin BGC from
yersiniabactin BGC (Figure 3, Dataset S3). The genetic structures of the entire colibactin and
yersiniabactin coding regions from different genera were further compared to investigate inter
genera diversity of BGCs (Figure 3). Further, selected candidate clusters coding for colibactin
alone were compared to find the variation within colibactin biosynthetic genes (Figure 3). Further,
bidirectional best blast hits were calculated for all biosynthetic genes (clbA - clbS) across 105
colibactin BGCs (Figure S4). Different alleles of biosynthetic genes and their distribution across
105 BGCs were calculated based on amino acid sequences. Lastly, the amino acid sequences for
different alleles of some of the biosynthetic genes were aligned (Figure S4).

Characterization of colibactin associated gene sets for Escherichia
We selected 60 genomes of Escherichia sp. possessing the colibactin gene cluster for pangenome
analysis. The pangenome reconstruction was carried out using Roary software (31) (Figure 4, Data
S4). For further investigation, we selected genes from the core genome that are commonly present
in the 60 genomes with a colibactin BGC. To analyze the specific functions associated with the
colibactin BGC, we compared the 2,530 genes coding for proteins from the core genome against
all of the 1,191 genomes using bi-direction best hits using diamond (Data S4). A gene presenceabsence heatmap was generated with genes with greater than 80% identity defined to be similar
(Figure 4). Average nucleotide identity values (ANI) were calculated using FastANI (40). The
network of ANI values was generated using NetworkX in python and the communities in the
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network were further detected (33). The phylogenetic trees were reconstructed using autoMLST
(32). The set of 88 genes that are present across all of colibactin containing genomes and missing
in more than 90% of no pks containing genomes were further investigated for their putative role
in the function of colibactin BGC (Figure 4, Dataset S4). The set of associated genes that appear
next to each other in the genome is defined as a genomic region. In total, 14 such genomic regions
were defined, incorporating 77 of the 88 associated genes. Many of the regions with genes
encoding for a pathway or cluster of genes having similar functional roles are manually assigned
a common functional category (Figure 4). For example, region number 14, including some of the
genes involved in D-threonate related genes, was assigned as a D-threonate metabolism region. As
part of the workflow, the sequence conservation of genes in selected regions is visualized using a
heatmap of blastp percentage identity values (PID) (Figure S5). A heatmap of PID values of these
homologs across all Escherichia genomes in phylogenetic order was calculated to see the
conservation of sequences across colibactin containing genomes.
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Figures
Figure 1

Figure 1. Distribution of BGCs detected across diverse genera of enterobacteria
A. A scatter plot showing the association between the numbers of BGCs detected across 3889
enterobacterial genomes versus genome length (Figure S1, Dataset S1 and S2). The size of the
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circles represents the number of genomes, colors denote major genera. Associated histograms
represent the distribution of BGCs in genomes (right) and lengths of genomes (bottom). The
number of genomes per genera and average number of BGCs are denoted along with the color
legend. B. Distribution of presence of BGCs of various types across 50 selected genomes from 21
diverse genera of enterobacteria. The phylogenetic tree was generated based on all shared proteins
and using maximum likelihood algorithm (RAxML) with out-group of 5 genomes from
neighboring clades of Gammaproteobacteria (Dataset S2). The leaves of the tree are colored based
on different genera of enterobacteria. Bar chart with the number of BGCs per genome, PATRIC
genome accessions and organism names are also mentioned (Dataset S2).
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Figure 2

Figure 2. Global network view of BGCs across Enterobacteria
Sequence similarity network of 13266 BGCs with 1795 known BGCs from the MIBIG database
reveals 252 distinct families or disconnected components of the network (Dataset S3). The seven
largest families with highly connected networks are represented by pie-charts. The number of
nodes, number of edges, and any known MIBIG BGCs are mentioned in the pie-chart. Different
colors and numbers on the perimeter denote different genera and the number of BGCs per genera
from that family. For the remaining smaller families, we used Cytoscape to visualize the networks
which are grouped according to the class of BGCs in 1-17 as described in the legend. Each node
represents a biosynthetic gene cluster, where the color of the inner circle denotes the class of the
BGC and the color of the outer circle denotes different genera. Edges between two BGCs denote
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the dissimilarity metric detected using the BiG-SCAPE pipeline. Known BGCs from MIBIG are
denoted by diamond-shaped nodes. For distribution of families across genomes, see Fig. S2.
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Figure 3

Figure 3. Colibactin containing BGC family and genetic variation across genera
A. Similarity network of candidate clusters from the colibactin BGCs from across multiple genera
(denoted by colors). B. Genetic structure of colibactin BGCs across different genera. For
Citrobacter koseri, the yersiniabactin and colibactin gene clusters occur at different positions in
the genomes. The different intermediate regions between the colibactin and yersiniabactin are
pointed out. C. Variations within colibactin biosynthetic genes (clbA-clbS) across selected BGCs
(find detailed comparison in Figure S4). D. Homology matrix displaying blast PID distribution of
104 colibactin containing geomes (columns). Note that the two BGCs belong to the same genome
and are present at the ends of the chromosome, thus are likely one single cluster. Hence the total
of 105 BGCs are present across 104 genomes.
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Figure 4

Figure 4. Pangenome reconstruction of 60 colibactin containing Escherichia genomes and
detection of associated genes with colibactin BGC
A. Schema describing comparing core-genome of colibactin containing genomes against those
missing colibactin to detect a set of genes associated with presence of colibactin. B. 60 genomes
possessing colibactin BGC are selected for the reconstruction of the core-genome (common across
all) and pan-genome (total genes). C. Gene presence/absence heatmap of 2530 core genes
(columns) as compared against all 1191 genomes of Escherichia ordered in the phylogenetic order
(columns)(Dataset S4). Columns represent genomes divided into four groups: i) both colibactin
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and yersiniabactin clusters (60); ii) only yersiniabactin cluster (176); iii) PKS-NRPS clusters that
are distantly similar to yersiniabactin or colibactin (24); and iv) none of the PKS clusters (546).
Here, the gene presence is defined if the homolog identity was higher than 80%. D. Phylogenetic
tree of selected 68 genomes of Escherichia based on ANI calculation and distribution of 88
associated genes. The columns are grouped by colors depending on the presence of genes in
different regions/ operons in the genome. The few selected regions are further described (Dataset
4). E. List of important genomic regions from an associated set of genes with common biological
functions.
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4. Conclusions and Discussions
The last decades have seen an explosion of data generation across various fields of life sciences.
In particular, advances in genome sequencing technology allowed for the generation of an
enormous number of microbial genomes over the past few years. For example, the PATRIC
database included 23,133 high-quality complete genomes (closed) and 353,634 lower-quality
incomplete genomes (contig-level) of the bacterial kingdom as of 27 January 2021 1. This
explosion of microbial genome data started with various pathogenic or clinical strains from the
ESKAPE group, including Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumoniae,
Acinetobacter baumannii, Pseudomonas aeruginosa, and Enterobacter spp., which also tend to
exhibit antimicrobial resistance and virulence. The whole-genome sequencing technology is also
rapidly being extended to other microbes that produce beneficial natural products or sustainable
chemicals. Various soil bacteria, such as streptomycetes, bacilli, and myxobacteria, are excellent
sources of diverse natural products with industrial and medicinal properties. For example, wholegenomes of streptomycetes are increasingly mined for their potential to produce medicinally
valuable secondary metabolites2–4.

In 2005, the first microbial pangenome study analyzed the shared and strain-specific capabilities
of multiple pathogenic isolates of Streptococcus agalactiae 5. Since then, pangenome analysis has
found many applications to understand the spread of virulence factors and the study of antibiotics
resistance in microbes

6,7

. With the growth of pangenome data, many systems biology tools and

workflows are being established, such as Roary8, Scoary9, Coinfinder10, and others. Microbial
genome-wide association (mGWAS) studies are becoming increasingly relevant 11. However, most
of the pangenome applications are still limited to pathogenic microbes. This thesis expanded the
pangenome analysis workflows for secondary metabolite applications. In particular, this thesis
detected putatively associated genes of colibactin BGC in Escherichia. As more and more
actinomycetes are being sequenced, the pangenome analysis workflow discovere here can provide
avenues for many novel discoveries of associated genes of BGCs.
Genome mining tools such as antiSMASH detect secondary metabolites BGCs in the genomes 12.
The expansion of genome data availability can allow more comprehensive large-scale analysis
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through sequence comparisons across pangenomes of secondary metabolites producers. Recently,
sequence-based BGC comparison tools have been developed to study BGCs at a large scale, such
as ClusterFinder

13

, BiG-SCAPE

14

, BiG-SLICE

15

, and others. Similarly, large-scale

knowledgebases of BGCs are also being established, such as the antiSMASH database 1617, IMGABC

17

, BiG-FAM

18

for detected BGCs, MIBIG

19

for known BGCs. With the growth in the

genomes, large-scale analysis tools, and resources, it becomes vital to expand genome mining
workflows that focus beyond the current norm of analyzing isolated strains. This thesis provided
comprehensive workflow to integrate such large-scale resources for investigating BGC potential
of single isolates.

Genome-scale science, with the development of a wide range of systems biology tools, can now
be applied to design and engineer microbial phenotypes

20

. Genome-scale metabolic models

(GEMs) are the prominent resources for such genome-scale engineering across diverse microbes
21,22

. Recently, multi-strain GEM reconstructions showed distinct metabolic capabilities within the

species 23. Despite the recent developments, the GEMs still lack a comprehensive representation
of secondary metabolite biosynthetic pathways 24. Genome-scale science applications are generally
limited for secondary metabolite producers compared to traditional metabolic engineering
powerhouses such as Escherichia coli, Bacillus subtilis, etc. Most of the genome analytics studies
of secondary metabolites usually apply individual studies to understand individual aspects. The
contributions of this thesis are underlined by applying various systems biology tools and largescale genome mining tools in integrated and systematic fashion.

Thus, as genome and pangenome science becomes a prominent driver for microbial engineering,
there is a vital need to develop systematic workflows to study the secondary metabolite producers.
This thesis presents workflows that integrate various computational tools and resources at genomelevel, phenome-level, pangenome, and BGC-level (chapter 2.1). The importance of these
integrating workflows is exemplified by various case studies presented as individual chapters in
this thesis.
Despite recent efforts, the systematic engineering of streptomycetes remains underexplored 25. It
is limited to a handful of model strains such as S. coelicolor, S. venezuelae, S. avermitilis, S.
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lividans, and few others. As streptomycetes display remarkable diversity in their metabolism,
regulation, and phenotypes, extending molecular biology tools to new strains is challenging.
Global metabolism and phenotype characterization provides clues for a straightforward extension
of the engineering techniques to these non-model streptomycetes. First, the genome analytics
workflow is applied for the detailed characterization of S. griseofuscus that displays a potential to
be a heterologous host for the production of various secondary metabolites (chapter 2.2). Phenome,
genome, and automatically reconstructed GEM of S. griseofuscus were compared against two of
the commonly used heterologous hosts, namely S. coelicolor and S. venezuelae.

Further, BGCs from S. griseofuscus were detected, and a comparison of these BGCs was carried
out against BGCs from public genomes of streptomycetes. Such large-scale BGC comparison
provided a global overview of the shared and unique BGCs from S. griseofuscus. Second, the
genome analytics workflow is applied to another non-model streptomycete host S. collinus
(chapter 2.3). Here, the genomes, phenomes, and automatically reconstructed GEMs of wild type
S. collinus were compared against two engineered genome minimized versions of this strain, which
lack up to 1.84MB of their genome. The comparison showed that despite losing more than 20% of
their genomes, the genome reduced strains conserved many metabolic capabilities of the original
strain. This may explain, how this streptomycete can cope with the loss of more than 1700 genes
in the genome minimized variant and only show mild physiological effects when grown under
laboratory conditions. GEMs were further used to predict heterologous expression targets from a
panel of secondary metabolites for all three strains. Overall, both these case studies display
integrated genome-scale science applications for detailed characterization of cell factories.

Streptomycetes constitute the most well-studied group of actinomycetes. However, many other
actinomycetes possess the unique and underexplored potential for drug discovery. In the third case
study, the genome and phenome of one such rare actinomycete strain identified belonging to
Streptoalloteichus sp. of Pseudonocardia group were fully characterized. This strain's genome was
compared to other available genomes of Pseudonocardia to highlight this strain's unique metabolic
properties. The BGCs detected in this genome were further compared against BGCs from a large
dataset of public genomes of Pseudonocardia to present a global overview of shared and unique
BGCs. This rare actinomycete was found to have BGCs coding for aminoglycoside antibiotics like
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apramycin, tobramycin, kanamycin as well as the PKS/NRPS-hybrid caerulomycin A. This case
study shows how integrated phylogeny analysis, genome comparison, phenotype microarray
characterization, genome mining and BGC comparison can be utilized to improve understanding
of rare and underexplored actinomycetes.

GEMs and other metabolic databases remain underrepresented when it comes to secondary
metabolism (chapter 1.4). The GEM for E. coli K-12 MG1655 is one of the most completed and
highly curated GEMs, continuously upgraded and applied to various applications over the last two
decades. Strain-specific GEMs of E. coli have shown diverse capabilities and use cases. A
commonly used probiotic E. coli Nissle 1917 produces more secondary metabolites than K-12
strains, including products from the two-hybrid PKS-NRPSs. In the fourth case study, a highquality manually curated GEM was reconstructed with the comprehensive representation of
secondary metabolite biosynthesis pathways. The phenotype microarray data was used to validate
and curated the GEM. This GEM provides a platform for future engineering of E. coli Nissle 1917,
which possesses an excellent potential for heterologous host applications of various compounds,
possibly including other secondary metabolites.

The previous four case studies in section 2 of this thesis showed how integrated genome-scale
workflows improve global understanding of various secondary metabolites. Next, this thesis
further extended the workflows to analyze BGCs at a large-scale.

Identifying the biosynthetic gene cluster for the bioactive molecules with complex structures is a
common challenge in the natural products research field 26. In the first case study, three different
producers of pyracrimycin were fully sequenced (chapter 3.1). The comparison of all detected
BGCs guided the detection of responsible BGC for pyracrimycin A. This BGC was compared
against a large dataset of other known BGCs and detected BGCs in genomes from Streptomyces
sp. and Pseudomonas sp. A similar known BGC was detected in this analysis coding for
brabantamide produced by plant-associated Pseudomonas sp. SHC52. The peptides for the nine
genes from the predicted BGC were detected in the proteomics data. The in-silico prediction of
BGC responsible for pyracrimycin was also experimentally validated by knock-out studies. As
sequencing becomes routine within large novel compound screening programs, such BGC
282

comparison strategies can be extended to guide the selection of strains based on common BGCs
with unknown products.

Comparative analysis of BGCs and increased sequencing within particular groups of bacteria can
further enhance our understanding of the evolutionary mechanisms of particular BGCs. In the next
example, a large scale genome mining and phylogenetic analysis of 310 genomes of the Bacillus
subtilis complex group investigated the evolutionary aspects of BGCs. This database having
multiple genomes harboring similar BGCs provided a great resource to study genetic variations
within particular BGC across the phylogenetic tree. Further, sequence-level variation among core
genes detected functional disruption of biosynthetic enzymes through frameshift errors. This
exploration of BGCs across the pangenome will provide a useful framework to study the evolution
of BGCs.

In the final chapter, a large-scale BGC comparison of complete enterobacteria genomes showed
that this group of bacteria also possess more significant potential to produce secondary metabolites
than previously realized. Further comparison of particular BGCs highlighted species-specific
variations within BGCs. The availability of many complete genomes of Escherichia was utilized
to carry out a pangenome analysis that revealed associated genes co-evolved together with
colibactin BGC. As more genomes become available for streptomycetes and other well-known
producers of secondary metabolites, the workflow developed here of pangenome analysis will
guide future discoveries.

Over the last few years, many large-scale genome mining driven natural product discovery
programs have been established across industry and academia 27. The genome- and pangenomescale workflows developed here open up multiple avenues for the large natural product discovery
programs to study large-scale genome datasets of secondary metabolite producers. Like discovery
programs, the integrated approaches presented here will also provide a platform to design and
engineer secondary metabolite producers.
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Extended Methods section
Genome scale model reconstruction
We used Python‐based genome-scale model reconstruction tool ‘Genome-scale Modelling with
Secondary Metabolism’ (GMSM) that implements bidirectional blastp hits-based homology
modelling (Jang et al., 2019) to automatically reconstruct models for both S. venezuelae and S.
griseofuscus. We used a model of S. coelicolor A3(2), iMK120848, as a template for the homology
modelling. The in-silico growth predictions were made using flux balance analysis on different
simulated mediums using COBRApy. Confusion matrix was created from predicted and observed
growth phenotypes to compare the model prediction against Biolog data.

BioLog phenotypic microarrays (data analysis)
The kinetic data for all testing plates PM1 to PM4 generated by BioLog were further analyzed
using DuctApe software (Galardini et al., 2014) along with the genomic data. Activity index
between 0 to 9 was assigned for each nutrient source to represent the growth activity on each
nutrient source. Average activity index was further calculated for the two replicas that were used
to generate phenotype data. The average activity index across 379 nutrient sources across 4 PM
plates was visualized using activity index rings for the three different strains (Dataset 2). Sources
with differential growth activities were further analyzed. To compare the growth activity with
genomic features, a matrix with activity on different KEGG nutrients (rows) against KEGG
pathways with the nutrient (columns) was calculated. These matrices were compared using
heatmaps where rows and columns are ordered as per S. griseofuscus growth activity index and
number of reactions per KEGG pathway respectively (Dataset 3).

LC-MS
Fragmentation data for compound annotation were obtained using data-dependent MS/MS
analysis by selecting the top four most intense ions per cycle. Dynamic exclusion was used to
exclude ions for 3 s after two measurements within 4 s. Fragmentation was performed using an
assisted fragmentation HCD 15, 30, 45, and 60 % at a resolution of 30,000 with an AGC target of
1×105 and a maximum injection time of 64 ms. Data analysis was performed using Thermo
Scientific Compound Discoverer 3.0.0.294. Using the software, data from the LC-MS analysis
were aligned, and compound annotation was performed by matching against molecular formulas
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from StreptomeDB2 and AntiBase, as well as fragmentation spectra from mzCloud. In the case of
pentamycin detection, a pure pentamycin standard was used, diluted in 10% v/v methanol to 10-3
mg/ml concentration. In regards to the other compounds, no standards were measured, due to their
absence in the market, so their detection is putative.
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Figures and Tables

Fig. S1. Phenotype of S. griseofuscus strains on solid media. 1 - ISP2 media; 2 - MS media; 3 ISP4 media. A- wild type; B - S. griseofuscus ΙppsD_1 (p054); C - S. griseofuscus ΙtycC_2 (p056);
D -S. griseofuscus HEP81_06602 (p057); E - S. griseofuscus ΙspkC (p059); F - S. griseofuscus
DEL1; G - S. griseofuscus DEL2; I - S. griseofuscus E3I2
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Fig. S2. OD600 measurements of S. griseofuscus-derived strains, while grown in ISP2 liquid
media. A - characterization of DEL1, DEL2, E3I2 strains in comparison to the wild type; B characterization of slow growing strain p056 in comparison to the wild type; C - characterization
of S. griseofuscus ΙppsD_1 (p054), S. griseofuscus HEP81_06602 (p057) and S. griseofuscus
ΙspkC (p059) strains in comparison to the wild type; D - comparison of all 3 independant
cultivations of wild type strains.
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Fig. S3. Alignment of selected families of BGCs. Here selected regions and candidate clusters of
S. griseofuscus are aligned against similar BGCs detected across the dataset. Note: pentamycin
BGC was manually added in the above analysis as default BiGSCAPE uses an older MIBIG
version, lacking pentamycin BGC.
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Fig S4. Results of metabolite production analysis of cultivations and extractions of wild type,
DEL1 and DEL2 strains, grown in liquid ISP2 media. A) extracted ion chromatograms of
pentamycin production of strains WT, DEL1 and DEL2, cultivated in ISP2 media in comparison
to the extraction of pure ISP2 media and pentamycin standard; B) the extracted EICs for kujimycin
A are plotted for comparative metabolomics between blank ISP2 medium, three replicates of WT
and three replicates of DEL1 in ISP2. The peak at 8.70 min is a putative match for the molecule
and its clearly absent in case of DEL1 strain
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Fig. S5. A and B - three independent colonies of S. griseofuscus pKG1139 (I), S. griseofuscus
pSETGUS (II) and wild type (III), grown on ISP2 solid media after the 24 hours incubation at
40°C to verify possibility of plasmid curing, A- colonies before the addition of X-Gluc; B colonies after the addition of X-Gluc

294

Fig. S6. Strains S. griseofuscus wild type, DEL1 and DEL2, that contain integrative plasmid
construct, carrying complete actinorhodin gene cluster, cloned from S. coelicolor M145. All strains
were grown on MS media, supplemented with apramycin for 6 days before the photo was taken
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Graph

Strain

µmax

minimal doubling Max OD600

Sporulation,

time (td), h

CFU/mL

A, D

WT 1

0.41 ± 0.003 1.69 ± 0.013

8.44

-

A

p056

0.34 ± 0.052 2.11 ± 0.307

3.96

-

B, D

WT2

0.52 ± 0.063 1.34 ± 0.166

6.97

-

B

DEL1

0.55 ± 0.023 1.25 ± 0.05

7.0

6,43±11,15×107

B

DEL2

0.57 ± 0.001 1.22 ± 0.002

7.93

2,83±3,21×108

B

E3I2

0.56 ± 0.031 1.25 ± 0.071

7.56

-

C, D

WT3

0.35 ± 0.012 2.0 ± 0.067

7.09

-

C

p054

0.57 ± 0.026 1.23 ± 0.055

6.84

-

C

p057

0.57 ± 0.03

1.22 ± 0.065

6.44

-

C

p059

0.57 ± 0.006 1.21 ± 0.013

6.69

-

Table S1. OD600 measurements of S. griseofuscus-derived strains, while grown in ISP2 liquid
media. The growth curve was built in liquid ISP2 culture based on three independently performed
cultivations, each of which consisted of three cultivation flasks and each data point was measured
three times. Please, review this table in connection to Fig. S3. The µmax for the wild type was
calculated to be 0.43 ± 0.08 h-1 on average for three cultivations with td of 1.68 ± 0.29 h.
Sporulation of the DEL1 and DEL2 strains was estimated for their growth on MS media, where
the wild type sporulation was accounted for at 3,43±3,05×108 CFU/mL. Wild type sporulation
was observed only on MS and ISP4 media, but not ISP2, with an average amount of spores on
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ISP4 - 2,60±4,58×108 CFU/mL, therefore MS media was chosen as the most suitable for growth
experiments.
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Compound

RT (min)

MM

CDMZ

ISP2

MAM

M65

Azinomycin A

-

-

-

-

-

-

Azinomycin B

-

-

-

-

-

-

Lankacidin C

6.07

Detected

Detected

Detected

-

Detected

Lankacidin A

7.93

Detected

Detected

-

-

-

Lankamycin

9.47

-

Detected

-

-

-

Pentamycin

7.43

-

Detected

-

-

-

Physostigmine

-

-

-

-

-

-

Table S2. Compounds detected in ethyl acetate extractions of supernatants of S. griseofuscus wild
type cultivations in different liquid media. RT - retention time, MM - minimal medium, M65 medium 65. Detection of pentamycin was confirmed via comparison with a pure pentamycin
standard
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Gene

Hit location

Hit name

E value

Pairwise

Bit score

identity, %
tapR1

pSGRIFU1

HEP81_0797 0

100

3993

77.8

1763

71.4

827

99.8

1002

82.5

558

72.1

273

6
tapR1

pSGRIFU2

HEP81_0806 0
9

tapR1

pSGRIFU3

HEP81_0813 0
8

tpgR1

pSGRIFU1

HEP81_0797 0
7

tpgR1

pSGRIFU2

HEP81_0806 3.48 e-161
8

tpgR1

pSGRIFU3

HEP81_0813 2.03 e-75
7

Table S3. BLAST hits of genes tapR1/tpgR1 from S. rochei 7434AN4 genome to genes in S.
griseofuscus genome
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Strains, used in this study
Strain

Description

Source

E. coli ET12567 dam-13::Tn9 dcm-6 hsdM CmR, pUB8002 helper Y. Tong, NBC group, DTU,
pUB307

plasmid

Denmark

S. griseofuscus S. griseofuscus, carrying pSRTGUS

This

work,

plasmid

pSETGUS

pSETGUS received from A.
Luzhetskyy, HZI Helmholtz,
Germany

S. griseofuscus S. griseofuscus, carrying pKG1139

This

work,

plasmid

pKG1139

pKG1139 received from A.
Luzhetskyy, HZI Helmholtz,
Germany

S. griseofuscus S. griseofuscus, carrying pXJ157-act-int, integrative This work
pXJ157-act-int

plasmid that contains act gene cluster

S. griseofuscus S. griseofuscus DEL1, carrying pXJ157-act-int, This work
DEL1 pXJ157- integrative plasmid that contains act gene cluster
act-int
S. griseofuscus S. griseofuscus DEL2, carrying pXJ157-act-int, This work
DEL2 pXJ157- integrative plasmid that contains act gene cluster
act-int
S. griseofuscus S. griseofuscus ppsD_1 Trp614Stop Val616Met, base (Tong et al., 2019) and this
ΙppsD_1 (p054)

edited BGC 34 strain

work

S. griseofuscus S. griseofuscus tycC_2 Ala2643Val Arg2644Stop, (Tong et al., 2019) and this
ΙtycC_2 (p056)

base edited BGC 31 strain

work
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S. griseofuscus S. griseofuscus HEP81_06602 Trp221Stop, base (Tong et al., 2019) and this
IHEP81_06602

edited BGC 30 strain

work

(p057)
S. griseofuscus S. griseofuscus spkC Trp31Stop, base edited BGC 4 (Tong et al., 2019) and this
ΙspkC (p059)

strain

work

S. griseofuscus S. griseofuscus tycC_7 Trp1566Stop, spkC Gly30Ser This work
E3I2

Trp31

Stop,

ppsE_5

Ala195Val

Ser197Phe,

multiplexed base edited BGC 1, 4, and 6 strain
S. griseofuscus S. griseofuscus strain, with pSGRIFU1 and 2 cured

This work

DEL1
S. griseofuscus DEL1 derivative, contains deletion of complete BGC This work
DEL2

33, HEP81_07526–[HEP81_07563]

Spacer sequences, used in this study
Name

of

Sequence, 5′ to 3′

the Target

spacer
Sg-ori-del

Replication region of the pSLA2-L like plasmid

CGCTAGCCTCTGATCGC
AAA

Sg-BGC33-del

BGC33, S. griseofuscus

TACGGCCGGATATCTGT
ATT

CBE-Sg-

BGC34, S. griseofuscus

CGCACCGTCCAACCCA

BGC34
CBE-Sg-

GCAG
BGC32, S. griseofuscus

CTCGAGCCACGGGAAC

BGC32
CBE-Sg-

GTAT
BGC31, S. griseofuscus

ACCGCCCGAATAGTCC

BGC31

TTGA
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CBE-Sg-

BGC30, S. griseofuscus

GCGATCCAGTCCTCGGT

BGC30
CBE-Sg-BGC6

CTT
BGC6, S. griseofuscus

TGCCAGGAGCTTTCCA
GGCG

CBE-Sg-BGC4

BGC4, S. griseofuscus

TTCCAGCCGTGTTCCAT
CGC

CBE-Sg-BGC2

BGC2, S. griseofuscus

CCGGTCCACACGTGAC
CGTT

CBE-Sg-BGC1

BGC1, S. griseofuscus

GCCGCGCAGTCCCTGTT
GTC

Primers
Primer name

Sequence, 5′ to 3′

Purpose

CW34_rightflan ggcggcctcggtgagcggggagttcgaccgccgaggtccggatct

Right flank for deletion of

k2-rp3-fwd

the entire BGC 33

CW27_cl3-

tcagagacagttcatacggtcgcatgaactccccgctcaccgagg

reptemp1-rev
CW35_leftflank

the entire BGC 33
cccacagatccggacctcggcggtcgaactccccgctcaccgagg

-rp3-rev
CW26_cl3-

Left flank for deletion of the
entire BGC 33

ggatctcgtcgaaggcactagaagggtcgacccagccgtcgttct

reptemp1-fwd
CW62_Sg-ori-

Right flank for deletion of

Left flank for deletion of
cluster 33

tcgtcgaaggcactagaaggcaatggagtccacctcgatg

del-lf-fwd

Left flank for deletion of S.
griseofuscus

pSGRIFU1

plasmid origin
CW63_Sg-ori-

cgggtgtcgcggacgtgaag

Left flank for deletion of S.

del-lf-rev

griseofuscus
pSGRIFU1 origin
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plasmid

CW64_Sg-ori-

cttcacgtccgcgacacccggacagcaggggcttcttcac

del-rf-fwd

Right flank for deletion of S.
griseofuscus

pSGRIFU1

plasmid origin
CW65_Sg-ori-

ggtcgatccccgcatatagggagttcaggcagatcgcgac

del-rf-rev

Right flank for deletion of S.
griseofuscus

pSGRIFU1

plasmid origin
CW138_sgRN

cggttggtaggatcgacggccgcaccgtccaacccagcaggttttagag

Primer for ssDNA oligo

A-CBE-cl2

ctagaaatagc

bridging to knockout BGC
34.

CW139_sgRN

cggttggtaggatcgacggcctcgagccacgggaacgtatgttttagagc

Primer for ssDNA oligo

A-CBE-cl4

tagaaatagc

bridging to knockout BGC
32.

CW140_sgRN

cggttggtaggatcgacggcaccgcccgaatagtccttgagttttagagct

Primer for ssDNA oligo

A-CBE-cl5

agaaatagc

bridging to knockout BGC
31.

CW141_sgRN

cggttggtaggatcgacggcgcgatccagtcctcggtcttgttttagagcta Primer for ssDNA oligo

A-CBE-cl6

gaaatagc

bridging to knockout BGC
30.

CW142_sgRN

cggttggtaggatcgacggctgccaggagctttccaggcggttttagagct Primer for ssDNA oligo

A-CBE-cl30

agaaatagc

bridging to knockout BGC 6.

CW143_sgRN

cggttggtaggatcgacggcttccagccgtgttccatcgcgttttagagcta

Primer for ssDNA oligo

A-CBE-cl31

gaaatagc

bridging to knockout BGC 4.

CW144_sgRN

cggttggtaggatcgacggcccggtccacacgtgaccgttgttttagagct

Primer for ssDNA oligo

A-CBE-cl33

agaaatagc

bridging to knockout BGC 2.

CW145_sgRN

cggttggtaggatcgacggcgccgcgcagtccctgttgtcgttttagagct

Primer for ssDNA oligo

A-CBE-cl34

agaaatagc

bridging to knockout BGC 1.
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CW151_CBE-

gacgctgtgtcccaggacg

Primers to check mutations

cl2-check_fwd
CW152_CBE-

in BGC 34
cgaactcctcggcagggac

Primers to check mutations

cl2-check_rev
CW153_CBE-

in BGC 34
cgacgttctcgaccgagtac

Primers to check mutations

cl4-check_fwd
CW154_CBE-

in BGC 32
ctggaaacgccgttctcgc

Primers to check mutations

cl4-check_rev
CW155_CBE-

in BGC 32
gtagatcacataggcaggcg

Primers to check mutations

cl5-check_fwd
CW156_CBE-

in BGC 31
tgccgatcgaccctgactac

Primers to check mutations

cl5-check_rev
CW157_CBE-

in BGC 31
gttctgctcgctgtgctacc

Primers to check mutations

cl6-check_fwd
CW158_CBE-

in BGC 30
cgagtggctccatggtggtc

Primers to check mutations

cl6-check_rev
CW159_CBE-

in BGC 30
acctgtacgtcgaactcgac

Primers to check mutations

cl30-check_fwd
CW160_CBE-

in BGC 6
gagtcgctgctcccgttc

Primers to check mutations

cl30-check_rev
CW161_CBE-

in BGC 6
gtgacctgaactcgtagcgg

Primers to check mutations

cl31-check_fwd
CW162_CBE-

in BGC 4
cgtagacggtgatggccttg

Primers to check mutations

cl31-check_rev
CW163_CBE-

in BGC 4
cagcggcagtacggtgag

Primers to check mutations

cl33-check_fwd

in BGC 2
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CW164_CBE-

ctgcacatcggccggatctc

Primers to check mutations

cl33-check_rev
CW165_CBE-

in BGC 2
gcccgacttggagaggatcg

Primers to check mutations

cl34-check_fwd
CW166_CBE-

in BGC 1
ggcaactacgccgacttcac

Primers to check mutations

cl34-check_rev
pXJ-act-t-f

in BGC 1
agcaacgatggctgaagtga

To verify the presence of
actinorhodin

BGC,

fwd

primer
pXJ-act-t-r

gagcaggtccatgatctcgg

To verify the presence of
actinorhodin

BGC,

rev

primer
CW175-

ccgatgtgaccgtacggatg

To verify the presence of

plasmid-

pSGRIFU1

check_fwd
CW176-

ctctcctcatgtactccacgtc

To verify the presence of

plasmid-

pSGRIFU1

check_rev

Table S4. Summary of all primers, genetic constructs and strains used in this study
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Fig. S1. The lineage of S. collinus strains in this study.
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Fig. S2. Genome organization of S. collinus L2 and S. collinus SQ
The blue X in A.-D. describes inverted repeats of both chromosomal ends.
A. Comparison of S. collinus L2 genome against itself to detect the ~455 kb inverted repeat region
at both chromosomal ends.
B. and C. A zoomed-in view of the left and the right chromosomal end of A., respectively. They
further describe the inverted region at both ends of ~32 kb that contain two bacteriocin BGCs.
D. S. collinus Comparison of SQ genome against itself to detect the ~756 kb inverted repeat region
at both chromosomal ends.
E. Two plasmids were manually attached to the 3 prime chromosomal end of the reference genome
(NC_021985.1) of S. collinus Tü365. The heatmap layout is the same as Figure 1B. Upper to lower
panels are reads of S. collinus L2, S. collinus Tu8, S. collinus SQ, S. collinus TuE, and S. collinus
WT.
Dark colours represent a high read coverage, white represents low/no coverage. A cutoff of 200x
is applied. A genome region (7,525,000-8,272,925) plus two-plasmid (8,272,925-8,377,286)
region are displayed.
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Fig. S3. LCMS based metabolism profiling under positive ion mode.
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Fig. S4. A summary of Biolog phenotype MicroArrays with different nutrient sources across
S. collinus WT and the two genome reduced mutants S. collinus SQ and S. collinus L2
A list of 155 substrates out of the total 384 substrates across 4 PM plates that showed difference
in growth activity (growth or no growth) across S. collinus and the two genome reduced strains (S.
collinus SQ and S. collinus L2).
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Table S1. Genome mining of S. collinus strains using antiSMASH 5
Type

WT

SQ

R From

To

1

175,755

195,985

NRPS,lassope 2

210,527

263,352

341,093

lanthipeptide

R

L2
From

To

R

Most
From

To

similar Similarity

known cluster
streptocollin

100

502,771

kirromycin

83

isorenieratene

100

melanin

71

ptide
NRPS,transAT 3
-PKS,T1PKS
terpene

4

688,498

712,968

NRPS-like

5

750,883

791,965

terpene,melani 6

1,073,220 1,093,583

n
NRPS,T1PKS, 7

1,114,176 1,187,077

bacteriocin
NRPS. T1PKS cc 1,114,175 1,185,022

0

10
#
bacteriocin

cc 1,176,894 1,187,077 1

316,033

326,216

26 6,864,687 6,886,715

0

11
#
NRPS-like

8

1,457,129 1,499,119 2

596,665

638,308

25 6,553,228 6,596,491

T3PKS

9

1,500,867 1,541,931 3

640,918

680,962

24 6,511,173 6,552,237

T1PKS,hglE-

10 1,602,760 1,652,100 4

742,293

792,638

23 6,400,000 6,452,567

11 2,273,646 2,284,050 5

1,413,729 1,424,133 22 5,768,504 5,778,908 ectoine

KS
ectoine

thiopeptide,T2 12 3,040,814 3,123,34

100

6

2,180,894 2,263,714 21 4,928,746 5,012,879

melanin

13 3,299,612 3,310,103 7

2,439,692 2,450,183 20 4,742,455 4,752,946

siderophore

14 3,393,288 3,403,909 8

2,533,367 2,543,988 19 4,648,301 4,660,070 desferrioxamin B 83

PKS,NRPS,PK
Slike,oligosacch
aride

/ desferrioxamine
E
T2PKS

15 4,034,256 4,106,765 9

3,174,335 3,246,844 18 3,946720 4,018,290 spore pigment

T1PKS,NRPS 16 4,541,604 4,597,710 10 3,681,647 3,737,831 17 3,454805 3,510,989
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83
0

NRPS

17 4,902,823 4,957,291 11 4,043,019 4,097,487 16 3,095149 3,149,617

ladderane,NRP 18 5,425,623 5,483,794 12 4,565,934 4,624,216 15 2,568411 2,626,693
S
terpene

19 5,642,202 5,662,349 13 4,782,624 4,802,771 14 2,389139 2,410,221 albaflavenone

100

siderophore

20 6,264,249 6,275,262 14 5,404,752 5,415,765 13 1,776860 1,787,873

0

bacteriocin

21 6,405,722 6,416,737 15 5,546,226 5,557,241 12 1,635384 1,646,399

other,T1PKS

22 6,430,895 6,483,305 16 5,571,399 5,623,879 11 1,568815 1,621,732

bacteriocin

23 6,549,357 6,559,808 17 5,689,862 5,700,319 10 1,492306 1,502,763

0

terpene

24 6,578,378 6,597,844 18 5,718,883 5,738,364 9

1,454261 1,473,742 geosmin

100

siderophore

25 6,758,341 6,771,498 19 5,899,146 5,912,303 8

1,280603 1,293,232

0

terpene

26 6,862,785 6,882,987 20 6,003,592 6,023,794 7

1,168896 1,189,098 pentalenolactone 58

terpene

27 7,118,021 7,144,778 21 6,258,798 6,285,585 6

907,111

933,657

other

28 7,416,924 7,458,297 22 6,557,730 6,599,103 5

594,155

634,274

NRPS,bacterio 29 7,53,8337 7,615,824 23 6,678,524 6,757,032 4

435,884

513,568

hopene

92

informatipeptin

57

cin
T3PKS

24 6,811,934 6,852,998 3

340,229

380,273

NRPS-like

25 6,853,988 6,897,251 2

295,976

337,619

bacteriocin

26 7,165,443 7,177,365 1

6,973

25,525

transAT-

30 7,769,831 7,931,832

0
kirromycin

83

PKS,NRPS,T1
PKS
NRPS,lassope 31 8,007,618 8,067,097

Low

ptide
lanthipeptide

32 8,074,590 8,097,658

streptocollin

100

#: cc10 and cc11 are part of Region 7 by antiSMASH 5, they were predicated as separated BGCs
in previous versions of antiSMASH. R, means Region.
Please note that known cluster with very low similarity (<30%) are ignored from the table.
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Table S2. Coordinates of deletions observed in assembled genomes of S. collinus SQ and S.
collinus L2 as compared against the reference genome of S. collinus WT (NCBI: NC_021985.1)
Region Description

Ref (NC_021985.1)

1

Ref_repeat_end1

1

2

Ref_nonrepeat_deleted_e 631,365

S. collinus SQ

S. collinus L2

631,364
787,763

nd1
3

SQ_new_pSCO2_end1

1

4

Ref_SQ_region1_end1

787,764

5

Ref_BGC_6

1,072,653 1,095,920

6

Ref_SQ_region2_end1

1,095,921 1,113,734 292,545

7

Ref_BGC_7

1,113,735 1,171,217

8

Ref_SQ_region3_end1

1,171,218 1,177,807 310,357

9

L2_new_end1

10

Ref_SQ_L2_region1_end 1,177,808 1,616,357 316,947

1,072,652 7,669

7,668
292,556

310,358

316,946

755,890

1

16,255

16,256

455,201

1
11

Ref_SQ_L2_nonrepeat

1,616,358 7,596,662 755,891

6,737,521 4,552,02

6,436,747

12

Ref_SQ_L2_region1_end 1,616,357 1,177,808 6,983,390 7,176,450 6,436,748 6,875,694
2

13

L2_new_end2

6,875,688 6,891,949

14

Ref_SQ_region3_end2

1,177,807 1,171,218 7,176,451 7,183,040

15

Ref_SQ_region2_end2

1,113,734 1,095,921 7,183,039 7,200,852

16

Ref_SQ_region1_end2

1,072,652 787,764

17

SQ_new_pSCO2_end2

18

Ref_nonrepeat_deleted_e 7,596,663 7,641,560

7,200,841 7,485,725
7,485,726 7,493,414

nd1
19

Ref_repeat_end2

7,641,561 8,272,925

314

Table S3. Strains and plasmids used in this study.
E. coli strains

Description

Source

DH5alpha

For routine plasmids maintenance and cloning

New England Biolabs

DH10beta

For tri-parent conjugation

New England Biolabs

DH10beta::pCWH74

For tri-parent conjugation

This study

Mach1™-T1R

For routine plasmids maintenance and cloning

Thermo Fisher Scientific

ET12567/pUB307

For conjugating plasmids into streptomycetes

Maintained in lab

ET12567/pUB307/pCWH74

For conjugating plasmids into streptomycetes

This study

ET12567/pUZ8002

For conjugating plasmids into streptomycetes

Maintained in lab

Streptomycete strains

Description

Source

S. collinus Tü365

Wild type strain of S. collinus

Maintained in lab

S. collinus kir-Cas9

Intermediate genome reduced S. collinus, linear This study
parental strain of S. collinus TuE and Tu8

S. collinus TuE

Genome reduced S. collinus, linear parental This study
strain of S. collinus SQ

S. collinus Tu8

Genome reduced S. collinus,

This study

linear parental strain of S. collinus L2
S. collinus SQ

Genome reduced S. collinus

This study

S. collinus L2

Genome reduced S. collinus

This study

S. collinus SQ::pCWH74

Genome reduced S. collinus SQ

This study

integrated with pCWH74 cosmid vector
S. collinus L2::pCWH74

Genome reduced S. collinus L2

This study

integrated with pCWH74 cosmid vector
Plasmids

Description

Source

pCRISPR-Cas9

Empty CRISPR vector without a spacer cloned [1]

pCRISPR-Cas9-Kir

pCRISPR-Cas9

with

a

spacer

targeting This study

kirromycin BGC
pCRISPR-Cas9-cl6

pCRISPR-Cas9 with a spacer targeting cluster 6 This study

pCRISPR-Cas9-cl7

pCRISPR-Cas9 with a spacer targeting cluster 7 This study

pCRISPR-Cas9-cl6-T

pCRISPR-Cas9 with a spacer targeting cluster 6 This study
and an editing template for in-frame deletion of
cluster 6
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pCRISPR-Cas9-cl7-T

pCRISPR-Cas9 with a spacer targeting cluster 7 This study
and an editing template for in-frame deletion of
cluster 7

pCWH74

An actinorhodin BGC carrying cosmid vector [2]
with a phiC31 integrase
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Table S4. Primers used in this study.
Names

Sequence (5' to 3')

Purpose

sgRNA_R

ACGCCTACGTAAAAAAAGCACCGACTCGGTGCC

For spacer containing

sgRNA_Kir

CATGCCATGGAGACGGGTGATGTTGCGGTGGTTTTAGA

Protospacers are shown

_F

GCTAGAAATAGC

in bold

sgRNA_cl6_

CATGCCATGGAGTAGTCCGCGACACGGCTCGTTTTAGA

F

GCTAGAAATAGC

sgRNA_cl7_

CATGCCATGGTCAGCAGACGTCCGGTCACGGTTTTAGA

F

GCTAGAAATAGC

sgRNA_che

CAGTGAGCGCAACGCAATTA

sgRNA amplification

For validation of sgRNA

ck_F

cloning
Forward primer was also

sgRNA_che

GTCAACGACCCCCCATTCAA

used

ck_R

cl6_LA_F

for

Sanger

sequencing
TCGTCGAAGGCACTAGAAGGACGGCCTGGTCAAGAGC

For PCR amplification

GTC

of the left arm of inframe deletion of cluster

cl6_LA_R

CAAGTAGCGGCGGACACGAC

cl6_RA_F

GTCGTGTCCGCCGCTACTTGTCCGCCATGGCCCGAATT

For PCR amplification

CT

of the right arm of in-

6

frame deletion of cluster
cl6_RA_R

GGTCGATCCCCGCATATAGGACGAGAATCCCGGGAAC

6

TGC
cl7_LA_F

TCGTCGAAGGCACTAGAAGGGGCACGTTCCCGGCCGT

For PCR amplification

GGT

of the left arm of inframe deletion of cluster

cl7_LA_R

AGGTCCTCGAAGAAGGCCAGCCGCAGCACCTCCCGCT

7

GGG
cl7_RA_F

CTGGCCTTCTTCGAGGACCTCCGGCACGCCTACGAGAA

For PCR amplification

CG

of the right arm of in-
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cl7_RA_R

GGTCGATCCCCGCATATAGGACCGTGAGCGCGTCCATA

frame deletion of cluster

CG

7

StuI2-F

ATTCGGTCGCTGAGGCTTG

For validation of the

StuI2-R

ATTCGGTCGCTGAGGCTTG

editing template cloning
into

StuI

site

of

pCRISPR-Cas9
Check_kir_F

CTGTCGCCGCCGTTCCAG

For

PCR

based

Check_kir_

CACCTCAGTCCCCGAGTAACG

cluster deletion

CGGTTCGGGCACCTGATG

For

validation of kirromycin
R
Check_cl6_
F

PCR

based

validation of cluster 6
deletion

Check_cl6_

GCAACAAACGCACGGAAAGC

R
Check_cl7_

AGGTGTTCCTCGGCGTGTG

For

F

PCR

based

validation of cluster 7
deletion

Check_cl7_

AGGTGTTCCTCGGCGTGTG

R
cyc-test1-F

GATGCTCTCGGACGCCGAAC

cyc-test1-R

CCTGCTGGGCATCCTCAAAG

cyc-test2-F

ACACCCTCGTGATTCGCTCG

cyc-test2-R

ACGAGATCTTCGCCGAGCAC

act_check_F

AGGCGATGTTGACGATTCG

For

PCR-based

validation if genomes of
S. collinus SQ and S.
collinus

L2

were

cyclized or not

For

PCR

validation

based
of

the

act_check_R

CGTTTACCCAGATTAGCCCATC

existence of pCWH74

Tap_F

TTGTGCATTCCTTCGTGGCG

For

PCR

based

validation of the Tap
Tap_R

AAAGTCGGATCGGTGACGTG

homologous gene
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Tpg_F

For

TCACGATCGGCGAAGGACTC

PCR

based

validation of the Tpg
Tpg_R

GAACTCGAGGTCGATCAGGT

homologous gene
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Table S5. Overview of gene numbers in KEGG subsystems in the deleted vs. conserved regions
of S. collinus WT genome
ID

KEGG Subsystem

#Conserve #Deleted

#Deleted #Total

d

SQ

L2

1

09183 Protein families: signaling and cellular processes

502

57

78

580

2

09182 Protein families: genetic information processing

487

41

57

544

3

09181 Protein families: metabolism

308

33

42

350

4

09105 Amino acid metabolism

275

39

45
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5

09101 Carbohydrate metabolism

287

9

23

310

6

09108 Metabolism of cofactors and vitamins

181

14

19

200

7

09102 Energy metabolism

165

12

17

182

8

09191 Unclassified: metabolism

149

25

31

180

9

09194 Poorly characterized

135

21

27

162

10

09131 Membrane transport

136

8

12

148

11

09103 Lipid metabolism

113

17

23

136

12

09110 Biosynthesis of other secondary metabolites

86

14

16

102

13

09122 Translation

90

8

9

99

14

09104 Nucleotide metabolism

91

2

4

95

15

09132 Signal transduction

81

8

13

94

16

09111 Xenobiotics biodegradation and metabolism

73

15

20

93

17

09145 Cellular community - prokaryotes

74

10

16

90

18

09106 Metabolism of other amino acids

75

9

14

89

19

09109 Metabolism of terpenoids and polyketides

70

12

14

84

20

09123 Folding, sorting and degradation

58

9

9

67
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21

09124 Replication and repair

61

1

2

63

22

09107 Glycan biosynthesis and metabolism

59

1

1

60

23

09193 Unclassified: signaling and cellular processes

48

8

9

57

24

09152 Endocrine system

29

13

17

46

25

09143 Cell growth and death

28

2

4

32

26

09192 Unclassified: genetic information processing

21

6

10

31

27

09141 Transport and catabolism

22

2

6

28

28

09175 Drug resistance: antimicrobial

19

4

4

23

29

09159 Environmental adaptation

14

2

4

18

30

09121 Transcription

4

0

0

5
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Table S6. Description of secondary metabolites biosynthetic pathways added from other
actinomycetes to GEMs of S. collinus
Native strain

Secondary Metabolites

Streptomyces

8

coelicolor A3(2)

germicidins,CDA)

Streptomyces

8 (Ceph C, Calulanate, 5S- 45

clavuligerus

(ACT,

RED,

Reactions added
ectoine, 118

Reference
[3]

[4]

ATCC Clavams)

27064
Streptomyces
hygroscopicus

1 (FK520)

8

[5]

2 (FK506, FK506D)

9

(Remaining [6]

var.

ascomyceticus
Streptomyces
tsukubaensis

NRRL

from FK520)

18488
Streptomyces

1 (Rapamycin)

3

hygroscopicus

(Remaining [7]

from FK520)

ATCC 29253
Saccharopolyspora
erythraea

1 (Erythromycin)

19

[8]

1 (Balhimycin)

18

[9]

1 (Spinosad)

11

[10]

NRRL

23338
Amycolatopsis
balhimycina FH 1894
Saccharopolyspora
spinosa NRRL 18395

322

Table S7. Overview of predicted mutations in S. collinus WT (DMS40733), S. collinus SQ, and S.
collinus L2
Mutation found in
Seq id

Position

NC_021985.1 805,300

Mutation

+G

NC_021985.1 1,014,199 A→G

Annotation
WT

SQ

x

x

intergenic (+63/+77) x

x

coding (363/963 nt)

NC_021985.1 1,072,642 Δ23,280 bp

x

NC_021985.1 1,113,735 Δ57,485 bp

x

NC_021985.1 1,210,879 (G)6→7

intergenic (‑84/‑155) x

NC_021985.1 1,265,274 G→T

intergenic (+26/+42)

NC_021985.1 1,267,662 Δ1 bp

intergenic

x

All three strains

x

x

x
x

(‑232/+480)

L2

x

NC_021985.1 1,455,810 G→T

R439S (CGC→AGC)

x

NC_021985.1 1,455,820 A→G

P435P (CCT→CCC)

x

NC_021985.1 1,455,838 C→T

S429S (TCG→TCA)

x

NC_021985.1 1,469,596 Δ1 bp

intergenic (‑281/‑136) x

NC_021985.1 1,594,318 (G)5→4

intergenic

x

(+207/‑180)

NC_021985.1 1,685,803 +37 bp

intergenic (+29/‑6)

NC_021985.1 1,958,249 (G)5→4

coding (113/516 nt)

NC_021985.1 1,962,977 A→G

x

intergenic

x

x

x

x

x

NC_021985.1 1,963,303 A→G

intergenic (‑531/+33) x

NC_021985.1 1,963,330 G→A

intergenic (‑558/+6)

x

NC_021985.1 1,963,371 G→C

L270V (CTC→GTC)

x
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x

x

x

(‑205/+359)

x

x

NC_021985.1 1,963,497 T→G

T228P (ACC→CCC) x

NC_021985.1 1,963,501 T→G

A226A (GCA→GCC) x

NC_021985.1 1,963,511 Δ1 bp

coding (668/843 nt)

NC_021985.1 2,014,200 +G

coding (295/672 nt)

NC_021985.1 2,116,129 C→G

intergenic

x

x

(+507/+242)

x

x
x

x

x

x

x

NC_021985.1 2,377,653 (G)9→10

intergenic (+52/+190)

NC_021985.1 2,402,783 (G)5→4

intergenic (‑67/‑78)

x

x

x

x

NC_021985.1 2,421,536 (C)5→6

intergenic (+51/+110) x

x

x

x

NC_021985.1 2,424,545 T→G

x

intergenic

x

(+199/+307)

NC_021985.1 2,426,279 (G)5→4

intergenic (‑1203/‑24) x

x

NC_021985.1 2,481,244 (C)5→4

coding (1520/1656 nt)

x

NC_021985.1 2,899,430 +C

coding (763/867 nt)

x

NC_021985.1 2,965,932 (C)6→5

coding (9/1104 nt)

x

NC_021985.1 2,974,005 T→A

L52H (CTC→CAC)

NC_021985.1 3,337,632 +T

intergenic (‑5/‑156)

NC_021985.1 3,456,705 (C)6→7

intergenic (‑174/+52) x

x

NC_021985.1 3,478,819 Δ1 bp

coding (1785/1935 nt) x

x

NC_021985.1 3,769,183 +T

coding (388/492 nt)

x

NC_021985.1 3,769,210 Δ1 bp

coding (361/492 nt)

x

NC_021985.1 3,921,467 (G)6→7

coding (797/2322 nt)

x

x

NC_021985.1 4,079,741 G→A

L299L (CTG→TTG)

x

x

NC_021985.1 4,150,218 A→C

G155G
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x

x
x

x

(GGA→GGC)

x

x

x

NC_021985.1 4,150,225 2 bp→AC

coding (472‑473/1179
nt)

x

NC_021985.1 4,150,228 C→G

P159A (CCC→GCC) x

NC_021985.1 4,242,016 T→A

intergenic (‑22/+241)

NC_021985.1 4,295,586 T→G

NC_021985.1 4,343,437 C→G

NC_021985.1 4,540,461 T→C

S1021A

x
x

(TCC→GCC)
intergenic
(‑548/+1804)
intergenic
(‑288/+261)

x

x

x

x

NC_021985.1 4,725,234 (C)9→10

intergenic (‑122/‑461) x

NC_021985.1 4,734,002 G→T

R85L (CGC→CTC)

x

x

NC_021985.1 4,926,380 T→C

Y67C (TAC→TGC)

x

x

NC_021985.1 5,001,684 T→C

L197P (CTG→CCG) x

NC_021985.1 5,042,445 G→C

P99A (CCC→GCC) x

NC_021985.1 5,295,140 T→A

intergenic

x

(+196/+279)

NC_021985.1 5,327,873 G→A

H333H (CAC→CAT)

NC_021985.1 5,526,972 C→A

intergenic (‑252/‑215) x

NC_021985.1 5,575,099 C→T

NC_021985.1 5,575,779 T→C

x

R839K

x

x

(AGG→AAG)
A612A

x

(GCA→GCG)

NC_021985.1 5,583,888 C→T

intergenic (+77/‑253)

x

NC_021985.1 5,680,528 T→C

intergenic (‑85/+71)

x

NC_021985.1 5,707,478 A→C

H117Q (CAT→CAG) x

NC_021985.1 5,755,971 G→C

G950A

x

(GGA→GCA)
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x

x

x

x

NC_021985.1 5,761,416 C→T
NC_021985.1 5,879,480 +C

L52L (CTG→TTG)
intergenic

x
x

(‑231/+1246)

x

NC_021985.1 5,915,914 C→T

intergenic (+41/‑7)

x

x

x

x

NC_021985.1 5,954,704 C→A

T439K (ACG→AAG) x

x

x

x

NC_021985.1 6,019,621 (C)5→6

coding (1649/2007 nt) x

NC_021985.1 6,084,460 G→C

G683R (GGC→CGC) x

NC_021985.1 6,309,456 1 bp→CC coding (2/840 nt)
NC_021985.1 6,464,553 (C)5→6

x

coding (1137/1602 nt)

x

x

x

x

x

x

x

x

NC_021985.1 6,649,374 2 bp→CG intergenic (+95/‑381) x
NC_021985.1 6,702,502 C→T

T282T (ACC→ACT)

NC_021985.1 6,712,063 T→C

S180P (TCC→CCC) x

NC_021985.1 6,746,133 T→G

S102R (AGC→CGC) x

NC_021985.1 6,746,170 A→C

T89T (ACT→ACG) x

x

NC_021985.1 6,850,818 Δ65 bp

intergenic (+166/‑58)

x

NC_021985.1 6,855,589 +C

coding (1127/1407 nt) x

NC_021985.1 6,855,593 +C

coding (1131/1407 nt) x

NC_021985.1 6,942,758 +C

intergenic (+164/‑57)

x

x

NC_021985.1 6,978,937 Δ1 bp

intergenic (+96/+59) x

x

x

NC_021985.1 7,016,208 C→A

A96E (GCG→GAG)

x

x

NC_021985.1 7,070,970 G→A

H210Y (CAT→TAT)

NC_021985.1 7,191,971 (C)5→4

coding (158/5037 nt) x

NC_021985.1 7,216,350 G→A

P357S (CCC→TCC)

NC_021985.1 7,318,495 C→T

intergenic

x

x
x
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x
x

x

(+106/‑209)

x

x

x

NC_021986.1 1

Δ19,314 bp

x

NC_022001.1 8,101,670 +53 bp

coding (852/1068 nt) x

NC_022001.1 36.151

+C

intergenic (+53/+373) x

NC_022001.1 1

Δ85,047 bp

NC_022001.1 36,990

C→G

G842A (GGC→GCC) x

NC_022001.1 84.987

C→A

intergenic (‑508/–)

x

all predictions
small mutations
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x
x

x

55

34

57

13

55

31

55

13

Other supplementary information
Data S1. Genome sequence (hybrid assembled from PacBio and Illumina) files in gbk format
Genome sequences were deposited to NCBI. Genbank files of both mutants and wild type
annotated using antiSMASH 5 were provided in Data S1.
Data S2. Genome comparisons using blast analysis
Excel table with different sheets describing the results of blastn analysis of whole genomes and
bidirectional best blastp hits for all genes in the genomes.
Data S3. Comparison of gene features with homology matrix and annotations based on
KEGG database
List of all genes in the genome of S. collinus WT and both mutant strains S. collinus SQ and S.
collinus L2 with prokka and KEGG annotations. Homology matrix based on bidirectional best
blasp hits for genes in both reduced genomes as compared to of S. collinus WT. Reaction matrix
based on KEGG database and reaction pathway statistics.
Data S4. Phenotype microarray data
Biolog kinetic data for four phenotype microarray plates and the activity index assigned using
DuctApe to analyze the growth of different strains under various nutrient sources.
Data S5. Genotype-phenotype correlation
Combined matrices displaying the growth activity of strains on nutrients (rows) that are part of
KEGG reaction pathways (columns) (also displayed in Figure 3C).
Data S6. Analysis of genome-scale metabolic models
Characteristics of genome-scale metabolic models reconstructed using GMSM. Comparison of
model growth predictions with phenotype microarray data. Details on reactions and metabolites in
each model and theoretical upper and lower bounds on each reaction using flux variability analysis.
List of reactions and metabolites that were added for heterologous production of 23 secondary
metabolites from previously described 8 GEMs of Actinomycetes.
Data S7. Genome-scale metabolic models in SBML format
Genome-scale metabolic models used in the study in SBML format (.xml file).
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Figure S1. Phylogenetic analysis of the pyracrimycin producers. A. De novo phylogenetic tree
generated using autoMLST via automated querying against public genomes. B. Estimated Average
Nucleotide Identity (ANI) values between the three producers studied here. C. Calculated MASH
distances and ANIs between the in-house genomes and five closest public genomes.
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Figure S2. Comparison of BGCs present across three Streptomyces genomes considered in
this study. A. BGC similarity network of all BGCs in three genomes NBC00162, DSM 40750,
CA-210063. The only NRPS BGC common in all three genomes is highlighted. The colors of
nodes represent the type of BGC, and the width of the edge represents the similarity between
BGCs. E: Streptomyces sp. DSM 40750, M: Streptomyces sp. CA-210063, N1: Streptomyces sp.
NBC 00162 chromosome, N2: Streptomyces sp. NBC 00162 plasmid. B. BGC alignment of
common NRPS BGC showing similar core genes.
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Figure S3. Comparison of brabantamide A BGC against the genomes from Pseudomonas sp.
A. Alignment of all BGCs from public genomes of Pseudomonas sp. that are similar to
brabantamide MIBIG BGC. B. Similarity network of BGCs.
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Figure S4. The conserved sequence motifs for BVMOs are identified above the sequence of PyrC,
according to Eppink et. al. (18), The dinucleotide binding domain is identified in blue colour
(“GXGXXG”), the pyrophosphate binding site is identified in red colour (“chhhssDGxcSxhR”),
riboflavin

binding

site

is

identified

in

black

colour

(“GxhhLhGDAAHxxxPxxGxGxGNxsxxDsxxL”). Uppercase letters in the profile define amino
acids, lowercase letters are: x - all residues (any residues), c - charged residues, h - hydrophobic
residues, s - small residues.
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Figure S5 Phylogenetic analysis of selected Baeyer-Villiger Monooxygenases (Adapted from
Schmidt et. al.(16)). The pyracramycin BVMO PyrC is highly similar to the brabantamide BVMO
(both boxed), and falls into the group of unusual BVMOs (green background). These are distinct
from large-circle monooxygenases (blue background), 4-hydroxyacetophenone monooxygenases
(yellow background), and cyclohexanone monooxygenases (violet background).

336

Table S1. Results of the proteomics data carried out for liquid grown samples of strain
Streptomyces sp. NBC00162. The samples were collected after 8 hours of growth in liquid ISP2
media. Protein PyrT was not identified in the first replicate.

Protein
name

Accession number

Exp.
qvalue:
Combined

Coverage,
%

Abundance,
sample 1

Abundance,
sample 2

Abundance,
sample 3

PyrB

CLCKIGDI_02976

0

58

336744244,9

408905886,9

391000454,5

PyrC

CLCKIGDI_02977

0

49

89899049,8

93383298,6

100299624,1

PyrF

CLCKIGDI_02981

0

64

21717191,6

21945189,0

24840865,3

PyrD

CLCKIGDI_02978

0

57

103797045,1

113986510,1

122025610,2

PyrE

CLCKIGDI_02979

0

26

2896345,3

3578052,5

3466303,3

PyrA

CLCKIGDI_02975

0

38

5623495,5

5101568,5

5560302,4

PyrR1

CLCKIGDI_02973

0

22

393321,1

298991,8

372267,5

PyrR2

CLCKIGDI_02980

0

10

343610,6

402749,7

384690,0

PyrT

CLCKIGDI_02974

0

4

N.I.

121995,5

136806,7
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Table S2 Accession numbers and descriptions of Baeyer-Villiger Monooxygenases used in Figure
S5

Accession

Name

Species

Description

BAA86293.1

AcCHMO

Acinetobacter sp. strain NCIMB
9871

cyclohexanone monooxygenase

BAF43791.1

ACMO

Gordonia sp. TY-5

acetone monooxygenase

ABQ10653.1

AsCHMO

Arthrobacter sp. L661

cyclohexanone monooxygenase

AAR99068.1

BpCHMO

Brachymonas
strain CHX

cyclohexanone monooxygenase

AAN37479.1

BP2CHMO

Arthrobacter sp. strain BP2

cyclohexanone monooxygenase

AAL14233.1

CDMO

Rhodococcus ruber strain SC1

cyclododecanone monooxygenase

BAE93346.1

CPDMO

Pseudomonas sp. strain HI-70

cyclopentadecanone
monooxygenase

BAC22652.1

CPMO

Comamonas sp. strain NCIMB
9872

cyclopentanone monooxygenase

AAK54073.1

HAPMO

Pseudomonas fluorescens strain
ACB

4-hydroxyacetophenone
monooxygenase

ACJ37423.1

HAPMO2

Pseudomonas putida JD1

4-hydroxyacetophenone
monooxygenase

ABI15711.1

MKMO

Pseudomonas
MEK700

3FMW_A

MtmOIV

Streptomyces argillaceus
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petroleovorans

veronii

strain

methyl ketone monooxygenase

mithramycin monooxygenase

H3JQW0.1

OTEMO

Pseudomonas
17453

AAZ55526.1

PAMO

Thermobifida fusca strain YX

phenylacetone monooxygenase

AAC36351.1

PfCHMO

Pseudomonas fluorescens strain
DSM50106

putative
monooxygenase

AAN37494.1

Phi1CHMO

Rhodococcus sp. strain Phi1

cyclohexanone monooxygenase

AAN37491.1

Phi2CHMO

Rhodococcus sp. strain Phi2

cyclohexanone monooxygenase

BAH56677.1

RmCHMO

Rhodococcus sp. HI-31

cyclohexanone monooxygenase

ABB88524.1

SacBVMO

Streptomyces aculeolatus

Baeyer-Villiger monooxygenase

BAC70705.1

SavBVMO

Streptomyces avermitilis MA4680

putative monooxygenase

BAA24454.1

SMO

Rhodococcus rhodochrous strain
IFO 3338

steroid monooxygenase

AAF00206.1

UrdM

Streptomyces fradiae TÜ2717

urdamycin monooxygenase

CDF96615.1

BraC

Pseudomonas sp. SHC52

Baeyer-Villiger monooxygenase

CLCKIGDI_02977

PyrC

Streptomyces sp. NBC000162

Baeyer-Villiger monooxygenase
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putida

ATCC

2-oxo-Δ3-4,5,5trimethylcyclopentenyl-acetic acid
monooxygenase

flavin-binding
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Fig. S1. Phylogenetic tree and presence absence of different BGC families across Bacillus group
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Fig. S2. Similarity network overview of all BGCs detected across Bacillus genome visualized
using Cytoscape (Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, Amin N,
Schwikowski B, Ideker T, Genome Res 13:2498–2504, 2003). The nodes represent BGCs and
edges represent the similarity index calculated using BiGSCAPE. The nodes are colored based on
the species of the genome (color legend). The labeled nodes are the known BGCs from the MIBIG
database. Note that MIBIG has two different versions of bacillibactin BGC namely
BGC0000309.1 (v1) and BGC0001185.1 (v2).
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Fig. S3. Genetic structure variations in partial BGCs of plipastatin and fengycin families
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Fig. S4. Phylogenetic tree distribution of variations within plipastatins, fengycins and iturins across
310 genomes of Bacillus sp.
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Fig. S5. Conserved frameshift in the ppsE gene across strains harboring group E plipastatin BGCs
A. BGCs from group E of plipastatins with missing domains in ppsE gene. B. Part of the
phylogenetic tree including plipastatin group E strains (Complete tree in Figure S4). C. Nucleotide
sequence alignment with conserved deletion at position 232 that lead to frameshift. The nucleotide
fasta sequences of these selected homologs are aligned using MUSCLE (Edgar RC, Nucleic Acids
Research 32:1792–1797, 2004) and the alignments are visualized using Jalview (Clamp M, Cuff
J, Searle SM, Barton GJ, Bioinformatics 20:426–427, 2004).
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Fig. S6. Conserved frameshift in the fenD gene across strains harboring group B fengycin BGCs
A. BGCs from group B of fengycins with missing domains in fenD gene. B. Part of the
phylogenetic tree including fengycin group B strains (Complete tree in Figure S4). C. Nucleotide
sequence alignment with conserved deletion at positions 3126-3127 that lead to frameshift.
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Fig. S7. Conserved frameshift mutation the sfp gene in 14 genomes of B. subtilis at position 468.
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Table S1: Amino acid specificity prediction-based groups of iturinic lipopeptide BGCs
Group of BGC

AA prediction sequence

B.
subtilis

B.
velezensis

B.
amyloliquef
aciens

B. atrophaeus

Iturin A

ser,asn,pro,gln,asn,tyr,asn,fatty_acid,mal

3

42

19

0

Bacillomycin D

thr,ser,glu,pro,asn,tyr,asn,fatty_acid,mal

1

28

6

0

Bacillomycin F

thr,asn,pro,gln,asn,tyr,asn,fatty_acid,mal

3

0

0

0

Bacillomycin L

thr,ser,glu,ser,asn,tyr,asn,fatty_acid,mal

1

14

2

0

Mycosubtilin

asn,ser,pro,gln,asn,tyr,asn,fatty_acid,mal

7

0

0

5

Incomplete 1

asn,tyr,asn,fatty_acid,mal

0

2

0

0

Incomplete 2

asn,ser,tyr,asn,fatty_acid,mal,inactive

0

0

0

1

Incomplete 3

ser,asn,asn,tyr,asn,fatty_acid,mal

0

2

0

0

Incomplete 4

thr,ser,tyr,asn,fatty_acid,mal

0

1

0

0

Incomplete 5

ser,asn,gln,asn,tyr,asn,fatty_acid,mal,inactive

0

0

1

0

Incomplete 6

ser,asn,pro,gln,asn,tyr,fatty_acid,mal

0

1

0

0

Incomplete 7

thr,ser,glu,pro,asn,tyr,fatty_acid,mal

0

1

0

0

Incomplete 8

ser,glu,pro,asn,tyr,asn,fatty_acid,mal

0

1

0

0
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Supplementary information also includes following data:

Data S1. Excel table with information on all the genomes, available metadata (e.g. source of
isolation), GTDB phylogeny, MLST genes, BGCs detected and BiG-SCAPE defined GCFs along
with singleton BGCs

Data S2. Excel table with information on BGCs from families encoding fengycins, plipastatins and
iturinic lipopeptides, in addition to frame shift mutations in sfp gene
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Figure S1

Figure S1. Schematic representation of the workflow presented here and overview of quality
of genome datasets
A. A large set of genomes were mined for BGCs encoding for secondary metabolite biosynthesis
using antiSMASH (3, 4). The diversity of detected clusters and identification of known BGCs was
examined using BiG-SCAPE (19) and MIBIG database (23). Further, pangenome analysis was
carried out for a set of genomes having the same BGC. Common genes across genomes possessing
a particular BGC are then compared against those missing that BGC to identify a set of genes that
might have a functional association with the presence of BGC. B. Scatter plot showing the
distribution of genome length and GC content of 3895. The size of the circles represents the
352

number of genomes, colors denote major genera. Associated histograms represent the distribution
of BGCs in genomes (right) and lengths of genomes (bottom). Highlighted 4 genomes of
Escherichia, one genome of each Serratia and Cronobacter are removed from the dataset due to
their atypical genome size. (Look at Dataset S1 for accession IDs of input genomes and filtered
genomes)
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Figure S2

Figure S2. Distribution of BGC families across genomes
A. Distribution of families of BGCs across genomes from different genera. The rows of heatmap
represent 3889 genomes ordered according to the genus they belong to. The columns represent the
presence of a BGC from one of the 252 distinct families. The columns are split into families that
have been associated with known BGCs from MIBIG and others, which are new families, detected
in this study. B. The structures of some secondary metabolites encoded by known BGCs.
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Figure S3

Figure S3. BGC variation across genera within families
The adjacency matrix of the similarity network of family 2 (panel A) and family 3 (panel B). The
row and column colors of the heatmap represent the different genera of the genome with this BGC.
Degree histograms are represented in the bottom right box to show a highly connected network.
Note that a cutoff of 0.3 was used for generating similarity networks this the nodes with distance
above 0.3 are considered disjoint. Alignment of selected BGCs from family 2 (panel C) and family
3 (panel D) showing minor variations in the genetic structure of these BGCs, which are most highly
conserved. Core genes of biosynthesis such as ycaO of family 2 and enterobactin biosynthetic
genes of family 3 are present across all BGCs within each family. However, gene fepE which is
part of ferric enterobactin transport systems was missing in multiple BGCs within family 3.
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Figure S4

Figure S4. Amino acid sequence variations for different alleles of genes clbS and clbQ.
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Figure S5

Figure S5. Blast PID distribution of associated genes across genomes
Percentage blast similarity (for PID > 95%) distribution for homologs of associated genes from
regions encoding for a) Yfc usher chaperone pathway and b) type VI secretion system (Dataset
S4). Columns represent all 1,192 genomes of Escherichia in phylogenetic order.
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Dataset S1 (separate file). Input dataset of enterobacterial genomes from PATRIC database
List of 3987 genomes downloaded with all the associated metadata that is present in the PATRIC
database. Genomes with complete status and single coting chromosome assembly were chosen
(sheet: downloaded_genomes). List of genomes that are removed from the analysis after manual
curation (Methods) (sheet: manual_curation). Final list of genomes in the curated set used for
analysis (sheet: input_genomes).
Dataset S2 (separate file). Secondary metabolite BGCs detected across 3,889 genomes using
antiSMASH
List of 13,266 BGCs detected using antiSMASH with details of BGC type, position, genome data
and contig data where BGCs are found (sheet: detected_bgcs). List of 99 BGCs on the contig edge
that are removed from the analysis (Methods) (sheet: removed_bgcs_on_contig_edge). Number of
BGCs of different types as defined by antiSMASH rule-based detection logic (sheet:
bgc_count_type). Please note that, here ‘other’ represents a BGC type (not to be confused with
‘Other’ types defined for Figure 1) that is not assigned to well-known BGCs as per antiSMASH
BGC detection logic. List of 50 manually selected enterobacterial genomes from various genera
with different distributions of BGC types used as in-group for construction of phylogenetic tree
using maximum likelihood algorithm (sheet: phylo_tree_accn). List of five genomes from
neighboring clades of Gammaproteobacteria used as out-group during phylogenetic tree
construction (Dataset S2) (sheet: phylo_tree_accn).
Dataset S3 (separate file). Sequence-based similarity network of BGCs
List of 1784 BGC nodes from families 8 to 252 leading to the similarity network displayed in
Figure 2 (sheet: node_table_small_families). The various sequence similarity distances generated
using BiG-SCAPE, the raw distance metric was used to define edges of the network (sheet:
edge_table_small_famillies).
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(sheet:

large_families_cluster_list). List of 105 colibactin BGCs detected across genera and families
detected using BiG-SCAPE (sheet: colibactin_bgcs). The various sequence similarity distances
generated using BiG-SCAPE, the raw distance metric was used to define edges of the network
(sheet: edge_table_colibactin_bgcs). Four of the BGCs from different genera and different families
detected here are visualized in Figure 3. Gene allele variation analysis for colibactin biosynthetic
genes.
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Dataset S4 (separate file). Pangenome analysis of Escherichia genomes to identify colibactin
BGC associated genes
List of 60 Escherichia genomes with colibactin BGC that are selected for pangenome analysis
(sheet: colibactin_containing_ecoli). Total list of 17,728 genes detected in the pangenome of 60
Escherichia genomes reconstructed using Roary software. Gene presence-absence tables across
60 genomes (sheet: gene_presence_absence/boolean). Percent identity score of bidirectional best
blast hits of 2530 genes from the core genome of colibactin containing Escherichia against 1,191
genomes of Escherichia (sheet: clb_vs_all_ecoli_bbh). List of 88 genes that are associatively
present in Colibactin containing Escherichia genomes (sheet: associated_genes). Regions are
defined if two or more neighbouring genes are present in associated gene sets. Additionally,
corresponding gene accession IDs for well-characterized strain E. coli CFT073 are listed.

359

Supplemental Material for

Pangenome Analysis of Enterobacteria Reveals Richness of Secondary
Metabolite Gene Clusters and their Associated Gene Sets
Omkar S. Mohite1, Colton J. Lloyd2, Jonathan M. Monk2, Tilmann Weber1*, Bernhard O.
Palsson1,2*.
1

The Novo Nordisk Foundation Center for Biosustainability, Technical University of Denmark,

Kongens Lyngby, Denmark
2

Department of Bioengineering, University of California, San Diego, La Jolla, USA.

*Correspondence: tiwe@biosustain.dtu.dk

This PDF file includes:
Figures S1 to S5
Legends for Datasets S1 to S4
Other supplemental materials for this manuscript include the following:
Datasets S1 to S4

360

Figure S1

Figure S1. Schematic representation of the workflow presented here and overview of quality
of genome datasets
A. A large set of genomes were mined for BGCs encoding for secondary metabolite biosynthesis
using antiSMASH (3, 4). The diversity of detected clusters and identification of known BGCs was
examined using BiG-SCAPE (19) and MIBIG database (23). Further, pangenome analysis was
carried out for a set of genomes having the same BGC. Common genes across genomes possessing
a particular BGC are then compared against those missing that BGC to identify a set of genes that
might have a functional association with the presence of BGC. B. Scatter plot showing the
distribution of genome length and GC content of 3895. The size of the circles represents the
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number of genomes, colors denote major genera. Associated histograms represent the distribution
of BGCs in genomes (right) and lengths of genomes (bottom). Highlighted 4 genomes of
Escherichia, one genome of each Serratia and Cronobacter are removed from the dataset due to
their atypical genome size. (Look at Dataset S1 for accession IDs of input genomes and filtered
genomes)
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Figure S2

Figure S2. Distribution of BGC families across genomes
A. Distribution of families of BGCs across genomes from different genera. The rows of heatmap
represent 3889 genomes ordered according to the genus they belong to. The columns represent the
presence of a BGC from one of the 252 distinct families. The columns are split into families that
have been associated with known BGCs from MIBIG and others, which are new families, detected
in this study. B. The structures of some secondary metabolites encoded by known BGCs.
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Figure S3

Figure S3. BGC variation across genera within families
The adjacency matrix of the similarity network of family 2 (panel A) and family 3 (panel B). The
row and column colors of heatmap represent the different genera of the genome with this BGC.
Degree histograms are represented in bottom right box to show highly connected network. Note
that a cutoff of 0.3 was used for generating similarity networks this the nodes with distance above
0.3 are considered disjoint. Alignment of selected BGCs from family 2 (panel C) and family 3
(panel D) showing minor variations in genetic structure of these BGCs, which are mostly highly
conserved. Core genes of biosynthesis such as ycaO of family 2 and enterobactin biosynthetic
genes of family 3 are present across all BGCs within each family. However, gene fepE which is
part of ferric enterobactin transport systems, was missing in multiple BGCs within family 3.
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Figure S4

Figure S4. Genetic variation within colibactin biosynthetic genes across family of BGCs
Amino acid sequence variations for different alleles of genes clbS and clbQ
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Figure S5

Figure S5. Blast PID distribution of associated genes across genomes
Percentage blast similarity (for PID > 95%) distribution for homologs of associated genes from
regions encoding for a) Yfc usher chaperone pathway and b) type VI secretion system (Dataset
S4). Columns represent all 1,192 genomes of Escherichia in phylogenetic order.
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Dataset S1 (separate file). Input dataset of enterobacterial genomes from PATRIC database
List of 3987 genomes downloaded with all the associated metadata that is present in the PATRIC
database. Genomes with complete status and single coting chromosome assembly were chosen
(sheet: downloaded_genomes). List of genomes that are removed from the analysis after manual
curation (Methods) (sheet: manual_curation). Final list of genomes in the curated set used for
analysis (sheet: input_genomes).
Dataset S2 (separate file). Secondary metabolite BGCs detected across 3,889 genomes using
antiSMASH
List of 13,266 BGCs detected using antiSMASH with details of BGC type, position, genome data
and contig data where BGCs are found (sheet: detected_bgcs). List of 99 BGCs on the contig edge
that are removed from the analysis (Methods) (sheet: removed_bgcs_on_contig_edge). Number of
BGCs of different types as defined by antiSMASH rule-based detection logic (sheet:
bgc_count_type). Please note that, here ‘other’ represents a BGC type (not to be confused with
‘Other’ types defined for Figure 1) that is not assigned to well-known BGCs as per antiSMASH
BGC detection logic. List of 50 manually selected enterobacterial genomes from various genera
with different distributions of BGC types used as in-group for construction of phylogenetic tree
using maximum likelihood algorithm (sheet: phylo_tree_accn). List of five genomes from
neighboring clades of Gammaproteobacteria used as out-group during phylogenetic tree
construction (Dataset S2) (sheet: phylo_tree_accn).
Dataset S3 (separate file). Sequence-based similarity network of BGCs
List of 1784 BGC nodes from families 8 to 252 leading to the similarity network displayed in
Figure 2 (sheet: node_table_small_families). The various sequence similarity distances generated
using BiG-SCAPE, the raw distance metric was used to define edges of the network (sheet:
edge_table_small_famillies).
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(sheet:

large_families_cluster_list). List of 105 colibactin BGCs detected across genera and families
detected using BiG-SCAPE (sheet: colibactin_bgcs). The various sequence similarity distances
generated using BiG-SCAPE, the raw distance metric was used to define edges of the network
(sheet: edge_table_colibactin_bgcs). Four of the BGCs from different genera and different families
detected here are visualized in Figure 3. Gene allele variation analysis for colibactin biosynthetic
genes.
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Dataset S4 (separate file). Pangenome analysis of Escherichia genomes to identify colibactin
BGC associated genes
List of 60 Escherichia genomes with colibactin BGC that are selected for pangenome analysis
(sheet: colibactin_containing_ecoli). Total list of 17,728 genes detected in the pangenome of 60
Escherichia genomes reconstructed using Roary software. Gene presence-absence tables across
60 genomes (sheet: gene_presence_absence/boolean). Percent identity score of bidirectional best
blast hits of 2530 genes from the core genome of colibactin containing Escherichia against 1,191
genomes of Escherichia (sheet: clb_vs_all_ecoli_bbh). List of 88 genes that are associatively
present in Colibactin containing Escherichia genomes (sheet: associated_genes). Regions are
defined if two or more neighbouring genes are present in associated gene sets. Additionally,
corresponding gene accession IDs for well-characterized strain E. coli CFT073 are listed.

368

