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Abstract 

Natural products from bacteria have long been the source of inspiration of new pharmaceutical 

compounds spanning from immunosuppressants to antimicrobials. Rapid discovery of bacterial 

natural products is hampered by several roadblocks in identification, dereplication, and activation. 

The goal of my thesis was to explore these roadblocks and identify novel solutions to streamline 

natural product discovery. The first chapter provides background on natural product discovery and 

biosynthesis. It gives insight into how several genomic and metabolic tools work in order to 

dereplicate and guide the isolation of novel natural products. Throughout the thesis the need for a 

genomic mining tool capable of finding natural product analogues is highlighted and used to 

explore medicinal space. Chapter two introduces the concept of scaffold guided genomic mining 

and propose how we can use it to identify novel therapeutic analogues with different drug-like 

properties. To overcome current challenges in biosynthetic gene cluster comparison needed for 

scaffold guided genomic mining a new method for defining gene clusters based on natural 

language processing algorithms was created. I then built the analogous cluster comparison 

information tool to streamline identification and dereplication of analogous gene clusters. Chapter 

3 demonstrates the utility of the tool to identify a prodigiosin analogue BE-18591 in Streptomyces. 

The tambjamine like molecule BE-18591 had previously been isolated but no known biosynthetic 

gene cluster was known to produce it. The compound was isolated and the gene cluster architecture 

was compared to other known analogues to identify its biosynthetic origin. Chapter 4 provides 

personal outlook on how the tool described herein will be used in the future and what the landscape 

of natural product discovery will look like in the coming years.  
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Chapter 1 

Introduction 

1.1 Natural Products as Medicines 

Natural products are any chemical compounds produced by living organisms. 

Natural products are one of the most abundant sources of medicines on the market, 

accounting for approximately 70% of all small-molecule drugs currently being prescribed1. 

Of these natural products, those originating from microbes have a central role in therapeutic 

areas such as bacterial infections, different forms of cancer, and physiological modulators1. 

The value of natural products has driven their discovery since the proclaimed “Golden 

Age” of natural product discovery involving low throughput bacterial culturing, 

fermentation, and isolation.  

1.1.1 Antibiotic Natural Products 

The largest use of natural products has been in the area of anti-bacterial therapies1. 

Approximately 140 natural products and semi-synthesized derivatives have been used to 

treat bacterial infections2. Erythromycin (1) and tylosin (2) are two macrolide antibiotics 

from Saccharopolyspora erythreaea and Streptomyces feadiae respectively and have been 

used in the treatment of humans and animals respectively3,4. These antibiotics act as 

translational inhibitors by binding the 50S ribosomal subunit which works particularly well 

in gram-positive bacteria since it does not have to permeate a lipopolysaccharide and 

protein barrier as seen in gram-negative bacteria 5. To combat antibiotic resistance second 

line antibiotics have been discovered such as the glycopeptides vancomycin (3) and 

teicoplanin (4) isolated from Amycolatopsis orientalis and Actinoplanes teichomyceticus 
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respectively. These glycopeptides permeate the gram-positive bacterial cell wall and 

prevent further cell wall synthesis by disrupting the crosslinking of peptide chains6. Outside 

of the scope of bacterial infections, the polycyclic antibacterial peptide nisin 5 was one of 

the first antibacterial compounds to be discovered7, however its large molecular structure 

prevented its structure elucidation until 19717. Today this broad acting antibiotic is still 

used as a food additive to prevent bacterial contamination8. These molecules can be seen 

in Figure 1.  

  

1.1.2 Antitumor Natural Products 

Many natural products or small molecules inspired by scaffolds stemming from 

natural products have been found to exhibit anti-tumor activity1. Notable natural products 

from bacterial sources include bleomycin (6)9 and mitomycin (7)10 and these compounds 

Figure 1. Antibiotics produced by bacteria. Erythromycin (1), tylosin (2), teicoplanin (4), 

vancomycin (3), and nisin (5) structures are depicted in the figure. 
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work by introducing breaks into the DNA strands. While the exact mechanisms of actions 

are still debated, it is suggested that the compounds either use metal ions or abstract 

hydrogen from the DNA bases leading to breaks in the strands9. The compounds are often 

used in conjunction with doxorubicin (8)11, a semi-synthetic analogue of daunorubicin that 

intercalates into the DNA and acts as an inhibitor to topoisomerase. Natural products 

exhibit several other modes of anti-cancer activity such as inhibition of the proteasome12 

by compounds such as epoxymicin (9)13 and salinosporamide A (10)12. Most natural 

products with anticancer activities appear to be too cytotoxic to be used as medicines 

themselves and several methods of targeted delivery is being explored such as antibody-

drug-conjugates14. A set of compounds that falls into this category is the enediynes such as 

calicheamicin (11)15, which are highly cytotoxic. They use the unique mode of action of 

intercalating into the minor grove of DNA and subsequently causing double stranded 

breaks through the formation of benzene biradicals16. These anticancer compounds can be 

seen in Figure 2.  

 

Figure 2. Anticancer compounds produced by bacteria. Bleomycin (6), mitomycin (7), 

doxorubicin (8), epoxymycin (9), salinosporamide A (10), and calicheamicin (11) are shown in 

the figure.  
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1.1.3 Natural Product as Physiological Modulators 

With rising interest in the interaction between microbes and our body several new 

compounds have been discovered that are thought to influence and modulate our 

physiology. Some of the earliest immunomodulators discovered were rapamycin (12) and 

fujimycin (13), which inhibit a key serine/threonine-specific protein kinase that is 

responsible for cellular growth and proliferation17. These compounds can be seen in Figure 

3. Recently bacterial glycosphingo lipids which have been shown to modulate T-cell 

immunogenicity have been discovered and their use as immunomodulators is under clinical 

development18. Commensal gut bacteria have been shown to produce several tailored lipid 

molecules that can interact with G-protein-coupled receptors (GPCRs); such as N-acyl 

amides which have been shown to play a role in physiological processes such as blood 

glucose levels19. Alongside lipids bacteria often tailor metabolites such as tryptophan (to 

produce tryptamine) has also been shown to interact with epithelial GPCRs to affect 

physiological processes such as intestinal secretion and cell transit20. 
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Figure 3. Immunomodulating compounds produced by bacteria. Rapamycin (12) and 

fujimycin (13) are two immunosuppressive compounds produced by bacteria. 

 

With so many different bacterial compounds being discovered through a variety of 

ways ranging from genomic mining to high-throughput screening, the future for finding 

novel therapeutics appears promising. However, new therapeutics were not always found 

at this consistent rate. In the Golden Age of natural product discovery activity guided 

approaches dominated the isolation of novel therapeutics. As screening continued it 

became harder to discover novel natural products due to repeated isolation of known 

compounds. This led to diminishing rates of discovery and the industry adapted by 

adopting technologies such as high throughput screening of bacterial extracts and genomic 

mining of natural products.   
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1.2 Activity Guided Discovery of Natural Products 

The Golden Age of bacterial natural product discovery, which started around 1940, 

led to the isolation of hundreds of new chemical entities (NCEs)21. Of the NCEs a handful 

of them went on to become clinically relevant medicines and their analogues are still being 

used today. The early days of natural product discovery were based on systematic screening 

of bacterial supernatants, in particular those in the class Actinomycetes22. Organic extracts 

of the bacterial culture were screened against several pathogenic bacteria, fungi, and cancer 

cell lines. The tedious process involved isolation of bacteria, culturing, extraction, and 

purification of bioactive products. The typical assays often consisted of cell inhibition or 

death and the trend of solely using these assays for isolation continued for the next 30 

years23.  

The process continued unchanged as the revenue generated by the launch of a single 

successful compound was enough to continue driving new isolation and discovery. The 

pharmaceutical industry was quick to adopt this method to easily discover NCE with 

minimal effort as hit rates were high since each secondary metabolite is produced to have 

a function24. The early years of screening focused mostly on isolating and identifying 

Streptomyces as prolific producers of therapeutically relevant medicines. Streptomyces are 

a unique genus of bacteria where their life cycle resembles that of fungi; the Streptomyces 

produce aerial mycelium and sporulate when reproducing25. Some of the earliest and most 

useful natural products were isolated from Streptomyces26. Despite their ability to produce 

a wealth of natural products, actinomycetes suffered from long growth times and 

companies were limited by the amount of space they had in terms of flasks and shaking 

incubators.  
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The discovery process relied on streaking bacteria on an agar plate, picking a 

colony and growing it up in several media conditions, performing an extraction with 

organic solvent and using the extract for biological assays. For antibacterial assays the 

extract was spotted and left to dry on a paper disc that was placed on agar plates containing 

bacteria27. The assay was then visually inspected for growth inhibition. If the assay showed 

a positive result, meaning the extract inhibited the growth of the indicator bacterium, 

cultivation of the natural product producing microbe would be scaled up and the resulting 

organic extract fractionated to isolate the biologically relevant molecule. After bioactivity 

guided fractionation the molecules of interest would be purified, and the chemical structure 

would be elucidated. As pharmaceutical companies interest shifted from antibacterial 

compounds to antitumor, several new assays were developed. Companies began to screen 

bacterial extracts for cytotoxic activity against tumor cells this led to the discovery of 

several NCEs28. Several mouse models were also used at low throughput to test for 

immunosuppression while simultaneously testing antitumor activity29. This 

immunosuppressive test was later replaced with a mixed lymphocyte test where two 

lymphocyte populations were mixed together, and lack of cell death was indicative of 

suppression30.  

However, with a bioassay guide approach each disease requires its own assay, and 

while the assay and screens were developed to suit each disease, the tedious process of 

isolation and purification remained the same. To add insult to injury, the isolation 

procedure often resulted in rediscovery of known compounds leading to wasted time and 

effort. With the start of the early 2000s the dawn of rapid dereplication through genomic 

mining and metabolomics was gaining traction as a way of overcoming the need for 
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isolation of each bioactive compound and improved redundant screening efforts.  

Dereplication is the process of identifying samples in a mixture to recognize which samples 

have already been studied before and focus isolation efforts on unknown samples. The goal 

of natural product discovery was to find new medicines which will always require isolation 

in order to test bioactivity. However, genomic mining helped us gain insight on the type of 

molecules an organism might make and guide isolation of novel therapeutics rather than 

isolating known compounds.  

1.3 Overview of Natural Product Biosynthesis 

As the cost of sequencing plummeted with new technologies in the 21st century31, 

the ability to access small bacterial genomes was increasing exponentially. In 2005 there 

were around 100 bacterial genomes in the National Center for Biotechnology Information 

(NCBI) database, approximately 10 years later there was over 15,000 genomic sequences32. 

The decrease in sequencing costs were driven by new sequencing methods which improved 

cost, speed, and accuracy33. Genomic mining requires also requires high quality genomic 

information which has improved since the initial shotgun sequencing34. Introduction of 

genomic sequencing methods such as PacBio35 which allows for longer reads helped 

improve the assembly of bacterial genomes from several contigs to one or two. Previous 

sequencing efforts had shown several interesting trends in bacterial genomes in terms of 

natural product production. Firstly, bacteria contain the genes required to produce natural 

products in close proximity in the genome36. Each natural product is only needed under 

certain conditions and polycistronic expression of proteins allows for rapid adaptation to 

different conditions. These islands of genes capable of producing natural products were 

termed biosynthetic gene clusters (BGCs). Secondly, it appeared that bacteria could 
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produce more natural products than initial culturing screens showed. Actinomycetes 

thought to only produce a handful of metabolites were capable of producing more than two 

dozen unique scaffolds37. Lastly, by examining the types of genes present, one could 

predict the type of molecule being made. Non-ribosomal peptides (NRPs) and polyketides 

(PKs) were among the first to be recognized through genomic analysis due the large size 

of mega enzymes found in their BGCs38. It was evident that understanding the biosynthesis 

of natural products was imperative for the ability to easily dereplicate the vast number of 

metabolites which bacteria could produce and prioritize the investigation of organisms 

capable of producing unique natural products. 

1.3.1 Non-Ribosomal Peptide Biosynthesis  

 

Tyrocidine was one of the first classes of molecules that had its biosynthetic origin 

discovered and thought to be a NRP38. This class of molecules are produced by 

megaenzymes termed non-ribosomal peptide synthetases (NRPS). Bacteria spend massive 

amounts of time and effort synthesizing these proteins whose sole purpose is producing 

one specific molecule. Therefore, it is rationalized that NRPs may allow bacteria to gain 

an advantage in terms of resources by eliminating competitors through chemical warfare38. 

NRPS are split up into several modules, where each module is responsible for the addition 

of one amino acid residue in a growing polypeptide. Initiation of NRP biosynthesis begins 

with the starting module. The adenylation domain activates an amino acid using adenosine 

triphosphate to generate an aminoadenylate which then reacts with the thiol of a 

pantetheine arm found in a peptide-carrier-protein (PCP) forming an amino acid-PCP 

thioester linkage39. PCP domains are small proteins in which a phosphopantetheine 
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cofactor is attached to a serine residue by a transferase enzyme. This transfer arm function 

is like that found in fatty acid biosynthesis40. The molecule is then elongated through an 

assembly line process where a condensation domain catalyzes peptide bond formation 

joining together adjacent peptides tethered to PCP proteins41. The final module contains a 

thioesterase domain responsible for the cleavage of the peptide from the pantetheine arm. 

The thioesterase domain can function as either a hydrolase or a cyclase forming a linear or 

macrocyclized product respectively42. This can be seen in Figure 4. 

 

Due to the directional nature of NRP biosynthesis, scientists rationalized that the 

final peptide product could be predicted by understanding the substrate specificity of each 

adenylation domain. Alignment of the amino acid sequence of multiple adenylation 

domains and comparison with known substrate specificities lead to the discovery of the 

Stachelhaus code43. Stachelhaus discovered that each adenylation domain contains 10 key 

Figure 4. Example of NRPS assembly line. Adenylation domains depicted in orange. The PCP 

domains are depicted in green. The condensation domains are depicted in blue. The thioesterase 

domain is depicted in pink. The peptide is hydrolytically cleaved or macrocyclyzed from the 

assembly line.  
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residues which encode for different amino acid that are incorporated, and by examining 

these 10 residues, one can predict the substrate specificity. As one of the unique properties 

of NRPSs is that modules can incorporate non-proteinogenic amino acids44, the specificity 

code Stachelhaus proposed was not completely accurate. As understanding of adenylation 

domains and new computational techniques advanced, so did the ability to predict 

adenylation domain specificity45. The tendency of NRPSs to synthesize molecules based 

on the order of multiple NRPS genes with predictable substrate specificities made them a 

sought-after target for genomic mining. However, identifying adenylation domain 

specificity is not enough to fully predict the final product structure; there are additional 

tailoring domains such a methyltransferases and reductases which are able to act in cis and 

in trans modifying the peptide structure44. Initiating adenylation domains are also capable 

of introducing unique amino acids or even fatty acid chains to begin the elongation by the 

NRPS. Some NRPSs also contain adenylation domains that are skipped over or even used 

twice in a stuttering pattern44. 

 

1.3.2 Polyketide Biosynthesis  

Polyketide biosynthesis resembles fatty acid and NRP biosynthetic logic. 

Polyketides are also made through a thiotemplated assembly line process where each 

module is responsible for the elongation of a growing carbon chain through the addition of 

a short-chain fatty acid coenzyme A (CoA) complex46. Polyketide biosynthesis begins with 

the addition of an acetyl starter unit to a malonyl extender unit. A short-chain fatty acid 

coenzyme A (CoA) complex is selected by the acyltransferase (AT) and load onto an acyl-

carrier protein (ACP) that has a pantetheine arm similar to that in NRP biosynthesis. The 
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thiol from the pantetheine arm forms a thioester with the extender unit and CoA drives the 

formation of the thioester by acting as a good leaving group. The ketosynthase (KS) accepts 

the acyl unit from the acyl-ACP and subsequently condenses any polyketide tethered to the 

ACP through a decarboxylative Claisen condensation. This action elongates the polyketide 

by two carbons incorporating one ketone that can undergo subsequent modification based 

on the presence of additional processing domains. Ketoreductase (KR) domains reduce the 

ketone to an alcohol, dehydratase (DH) domains dehydrate the alcohol to produce an 

alkene, and an enoyl reductase (ER) can reduce the alkene resulting in a saturated moiety. 

Each module can contain a permutation of these processing domains, resulting in a high 

degree of structural diversity. Termination is carried out by a thioesterase domain in a 

process similar to that described for NRP biosynthesis, briefly water or a hydroxyl group 

within the polyketide is used as a nucleophile to react with the thioester resulting in 

hydrolysis or macrocyclization respectively. Additionally several tailoring enzymes exist 

which carry out reactions such as glycosylation’s or methylations47. These reactions are 

depicted in Figure 5. 
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Figure 5. Biosynthetic overview of a polyketide module. Each polyketide synthase is composed 

of multiple modules capable of carrying out polyketide elongation as well as tailoring through 

several KR, DH, and ER domains in each module. A TE domain resulting in cleavage of the 

polyketide form the assembly line either through hydrolysis or macrocyclization. 

 

1.3.3 Ribosomally Synthesized and Post-Translationally Modified Peptide Biosynthesis  

 

The other large class of molecules that are primarily targeted by genomic mining 

are ribosomally synthesized and post-translationally modified peptides (RiPPs). RiPPs use 

enzymes to modify peptides synthesized by the ribosome, and despite their genetic 

simplicity they are structurally and functionally diverse48. RiPP biosynthesis begins with 

the ribosomal synthesis of a short peptide sequence -the precursor peptide – which contains 

a leader sequence and a core sequence. Leader-dependent RiPP tailoring enzymes 

recognize and bind the leader sequence and subsequently modify the core peptide49. The 
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core peptide is cleaved from the leader peptide by a protease and can then undergo leader-

independent modification by RiPP tailoring enzymes. The RiPP is then transported out of 

the cell by a dedicated enzyme often found in the BGC. This process is seen in Figure 6. 

 

 Many types of RiPPs exist including but not limited to sactipeptides, azoline 

containing peptides, and lanthipeptides.  Sactipeptides contain a cysteine residue which is 

linked by its side chain to the alpha-carbon of another amino acid through a sulfur-carbon 

bond50. This reaction is catalyzed by a S-adenosyl-L-methionine (SAM) dependent enzyme 

that recognizes the leader sequence of the sactipeptide51. Azoline containing peptides are 

produced through the enzymatic cyclization of cysteine or serine residues to form thiazoles 

and oxazoles respectively which utilizes adenosine triphosphate (ATP)52. Cyclization of a 

threonine residue results in the formation of a methyloxazole. These residues can then be 

reduced to their thiazoline and oxazoline forms by a flavin dependent dehydrogenase52. 

The azoline moiety is found in several classes of RiPPs such as linear azoline-containing 

peptides, thiopeptides, and cyanobactins48. Lanthipeptides are a one of the most well 

studied families of RiPPs and are characterized by the presence of lanthionine or 

Figure 6. Generic RiPP Biosynthesis. The figure highlights generic RiPP biosynthesis where 

tailoring enzymes modify a precursor peptide which is later transported. Figure adapted from56. 
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methyllanthionine amino acids53. A dehydratase is responsible for the formation of 

dehydroalanine and dehydrobutyrine from serine and threonine respectively. The 

dehydratase uses glutamyl transfer ribonucleic acid (tRNA) or ATP in the case of type 1 

or type 2 lanthipeptides respectively54. A cyclase enzyme catalyzes the formation of 

lanthionine and methyllanthionine by linking a cysteine residue with dehydroalanine and 

dehydrobutyrine respectively through a Michael addition by the thiol group onto the 

alkene54. Several leader independent modifications can occur such as introduction of D-

amino acids into the sequence of the mature peptide55. Figure 7 shows the modification. 

 

RiPP BGCs are challenging to identify in genomes due to their small size in 

addition to the heterogeneity of their tailoring enzymes. However, RiPP BGCs contain 

promiscuous enzymes that can recognize general leader and core sequences and are 

therefore more amenable to engineering than NRPSs and PKSs56. 

Figure 7. RiPP tailoring reactions.  Common tailoring reactions talked about previously. 

Thioether bond formation is highlighted in sactipeptides. Azoline formation and lanthionine bond 

formation is also depicted. Epimerization of amino acids is also highlighted 
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1.4 Automated Detection of Biosynthetic Gene Clusters  

Several tools have been designed for the automated detection of BGCs from 

genome data to circumvent the tedious manual identification done in the early days of 

genomic mining. Classical genome mining relied on the identification of genes encoding 

enzymes involved in the biosynthesis of specific secondary metabolites57, for example 

NRPS and PKS, which produce non-ribosomal peptides and polyketides respectively. The 

amino acid sequence of key domains such as adenylation domains or ketosynthase domains 

was often used as a query to carry out a search using the Basic Local Alignment Search 

Tool (BLAST)58.  

Protein BLAST allows users to compare amino acid sequences of proteins of 

interest in a position specific and iterative manner. Each amino acid has a given chance of 

appearing in a set position based on general distribution. The chance of several amino acids 

which are commonly seen together appearing randomly in a sequence is less likely, and 

therefore gives rise to a BLAST score. The BLAST score of a subject protein defines the 

chance of randomly returning that sequence compared to all others in the database given 

the initial protein used as the query. BLAST can return any number of hits with similar 

protein sequences but commonly the top 100 hits are returned. The smaller the BLAST 

score the smaller the chance of randomly observing that protein from the given sequence 

therefore the stronger the association between the query and the returned protein hit. There 

are several scoring matrices that define the score for correct or similar amino acids, 

insertions, and deletions. Each matrix is built by the analysis of several sequences which 

have a set similarity percentage, for example BLOSUM6258, which is the default scoring 
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matrix, combines multiple sequences that share up to 62% sequence homology to define 

the scores for each amino acid. 

Once proteins of interest were identified using BLAST the surrounding genomic 

region was examined for additional proteins indicative of a BGC. The accumulation of 

several genes in a BGC allowed the identification of patterns which had the ability to 

predict the class of the product produced based on the pattern of genes observed59. 

Adenylation and acyltransferase domain specificity could be predicted57, and the genomic 

region around RiPP post-translational modification genes could be searched for small open 

reading frames indicative of a pre-peptide encoding gene60. Undoubtedly the biggest drive 

behind automating the detection of BGCs was the use of hidden Markov models (HMMs) 

1.4.1 Developing Hidden Markov Models 

HMMs are one of the most used methods of finding related sequences, which may 

not share high pairwise similarity, and group them into protein families. Since proteins are 

often composed of multiple domains and each domain has its own unique function, by 

grouping domains into protein families we can begin to understand the structure and 

function of each protein. The most common database of protein families is the Pfam 

database61 which uses multiple alignments and HMMs to generate and detect each family. 

HMMs can be used to convert several sequence alignments into position specific scoring 

systems for the streamlined identification of different protein classes. Therefore, each 

HMM must be hand curated through the addition of selected sequences. Since proteins are 

often composed of several functional regions or domains, and different combinations of 

domains can give rise to different proteins, one of the most common practices for the use 
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of HMMs is to seed the selected sequences with a domain class of the user’s choice61. By 

aligning several sequences, an HMM can give a generalized model of each protein.  

The HMM approach uses a Markovian assumption that the probability of each 

occurrence is solely dependent on the previous occurrence. However, in an HMM the states 

are not directly observed, instead the output is the only observable state. In the case of a 

protein alignment the observed states are the amino acids in the sequence. When the initial 

alignment of multiple sequences is done, a parameter that we will denote θ is chosen such 

that the consensus sequence is created allowing any gaps less then θ to exist. The consensus 

sequence is then used to define the emission probability of each amino acid at the specific 

position; these are the output and hence the observed states. In order to define the emission 

probability, the simple percentage of amino acid occurrence in the alignment is used. The 

hidden states of the HMM can be defined as a connected sequence of insert, matched, and 

deleted states. Each matched state has an emission probability as previously defined and 

can transition to an insertion where additional amino acids can be inserted between matches 

in the consensus sequence. This insertion state can self-loop to allow for multiple 

insertions. The match state can also be skipped over if that amino acid appears to be deleted 

and multiple amino acids can be skipped at a time. The transition probability for each state 

is determined by the percentage of those seen in the sequence alignment. Once the emission 

and transition probabilities have been defined for a sequence alignment the HMM is 

complete. The HMM can be compared to sequences and used to define scoring. Scoring is 

done by traversing the HMM in the most efficient manner for each aligned sequence, which 

is solved by the Viterbi Algorithm. A pictorial representation of building an HMM can be 

seen in Figure 8. 
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1.4.2 The Use of HMMs in Genomic Mining 

HMMs have had a profound impact on genomic mining all the way from rapidly 

identifying protein domains, to predicting amino acid and fatty acid specificity of 

adenylation and ketosynthase domains respectively. In genomic mining of NRPs, HMMs 

are used to define the different domains of each module. Each adenylation, PCP, and 

condensation domain has an associated HMM. One discovery resulting from the analysis 

of different HMMs is that condensation domains contain different consensus sequences 

based on the configuration, either D or L, of the amino acids they couple together62. The 

combination of the slew of HMMs created for adenylation domain specificity and previous 

biosynthetic logic of template directed synthesis allows scientists to identify the sequence 

and configuration of the NRPS being produced63. HMMs have also been used when 

defining the specificity of acyltransferase domains, here it is remarkable that simply by 

using an HMM we are able to discern the difference between incorporation of malonate 

and methylmalonate into the growing polyketide chain. HMMs are also able to help with 

determining the incorporation of different starter units into NRPs and PKs since the 

adenylation domain of NRPSs can selectively adenylate a fatty acid unit which is attached 

onto a pantetheine arm and can be joined to a growing peptide chain such as in the case of 

Figure 8. Example of protein HMM generation. Protein HMMs are generated through 

sequence alignment which are used to seed the states of hidden Markov models.  
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lipopeptides64. HMMs allow for the stratification of different starting adenylation like 

domains and the prediction of unique NRP or PK starter unit. 

HMMs have also played a large part in defining different classes of BGCs. 

AntiSMASH which is one of the most popular BGC detection tools uses a set of profile 

HMMs (pHMMs) at almost every stage of the analysis63. Initially gene cluster 

identification is based on whether key biosynthetic genes are found close to each other in 

the genome, this is done by comparing each protein identified to pHMMs. Once a BGC is 

identified, and it contains an NRPS or PKS, each domain in the megaenzyme is identified 

through pHMMs. AntiSMASH is able to predict the structure of natural products of thio-

templated origin through the use of a support vector machine – a machine learning 

algorithm used for supervised learning - along with HMMs by identifying adenylation or 

ketosynthase domain specificity. One of the unique features of AntiSMASH is that it is 

also able to sort genes into broad categories such as core biosynthetic, additional 

biosynthetic, transport-related, regulatory, and resistance genes. This sorting, termed 

“secondary metabolism Cluster of Orthologous Groups” (smCOGs) is done by 

constructing broad pHMMs. Therefore, pHMMs are used at every stage to identify key 

biosynthetic genes and use the genes for downstream analysis as seen in Figure 9.  

The ability to identify BGCs had allowed us to investigate the biosynthetic potential 

of bacteria without the need for culturing and compound isolation. It can help us select 

strains potentially capable of producing novel natural products with unique therapeutic 

modes of actions. However, bioinformatics is only the first step in dereplicating known 

molecules. Mass spectrometry is a very important tool used in conjunction with genome 
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mining to rapidly identify biosynthetic compounds from bacterial extracts and dereplicate 

the extracted chromatograms against known biosynthetic libraries.  

 

 

1.5 Metabolomic Dereplication Through Mass Spectrometry 

Mass spectrometry is one of the predominant experimental techniques for detecting 

and identifying secondary metabolites and natural products from bacterial extracts65. The 

high sensitivity of mass spectrometry makes it amenable for compound detection alongside 

its fast and flexible workflow for medium to high throughput screening applications. While 

bacteria were shown to be capable of producing several metabolites through genomic 

mining, only a handful of metabolites are produced at one time66. The ability to rapidly 

discover and dereplicate metabolites from crude bacterial extracts has been made possible 

Figure 9. AntiSMASH Analysis Pipeline. The pipeline demonstrates the use of HMMs at every 

stage of BGC analysis.  
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by metabolomics. Bacterial metabolomics allows for the separation of primary metabolites, 

secondary metabolites, and media components67. The goal of metabolic dereplication is to 

leverage chromatographic separation of crude bacterial extracts and dereplicate each 

compound by comparison of their spectroscopic properties through a diode array detector 

or spectral properties through mass spectrometry.  

Primarily liquid chromatography methods alongside high-resolution mass 

spectrometry (LC-HRMS) has been used to try and capture information regarding 

secondary metabolites from crude bacterial extracts68. The temporal resolution of 

chromatographic methods in conjunction with the high sensitivity of mass spectrometry 

allows the extraction of features with discrete masses and retention times that can be 

correlated to molecules. The analytes present in crude bacterial extracts can be interrogated 

through the comparison of exact mass, isotopic patterns, and chromatographic peak shapes 

with those of known metabolites. To extract these features - representing known and 

potential molecules - processing steps aggregate signals from similar spectra to avoid the 

high computational costs arising from large data sets. These extracted features can be 

looked at using statistical methods such as principal component analysis (PCA) or 

unsupervised learning algorithms to identify molecular features unique to different 

bacterial strains or different culturing conditions69.  Several methods have been developed 

to streamline the analysis of molecular features and relate them to culturing conditions or 

biosynthetic gene clusters while simultaneously dereplicating molecules such as the 

bananamides (14)70 or tyrobetaines (15)71 as seen in Figure 10. Tools such as MZmine72 

automate the detection of spectral features for downstream analysis.  

 



 

23 

 

 

1.5.1 Molecular Networking for Natural Product Discovery 

One of the leading strategies for molecular dereplication is molecular networking, 

an approach that organizes tandem mass spectrometry (MS/MS) data based on 

fragmentation pattern similarity21. Molecular networking was created to circumvent 

dereplication strategies that are purely based on the assumption that structurally similar 

molecules possess similar physical characteristics such as UV-Vis, retention time, MS, 

NMR, or biological properties. Mass spectrometry based dereplication allows us to identify 

similar molecules and highlight novel and dissimilar compounds before devoting effort 

towards purification and isolation for structure elucidation.  

 

Mass spectrometry molecular networking relies on the principal that structurally 

similar molecules share similar MS/MS fragmentation patterns73. Therefore, molecular 

networking works through three main steps: identification of molecular features, grouping 

of similar features containing similar mass spectra, and visualization of similar features to 

visually dereplicate molecules. Features are extracted by examining the total ion 

Figure 10. Molecules isolated through molecular networking. Bananamide (14) and tyrobetaine 

(15). 
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chromatogram from LC-HRMS runs for bacterial metabolites. Ions that are found to be 

above a user defined threshold and are detected for longer than a user defined time make 

up chromatographic peaks. The MS/MS spectra of extracted ion chromatograms are used 

to compare molecules based on physical characteristics. The MS/MS spectra are converted 

to unit vectors in n-dimensional space by binning prominent fragments in the MS/MS 

spectra. The vectors can then be readily compared by taking the dot product of each vector 

pair to give a score ranging from zero to one. The score is a measure of the cosine of the 

angle between vectors, where similar vectors arise from molecules with similar MS/MS 

spectra and therefore are structurally related. Users can generate MS/MS similarity 

networks by defining a set threshold for clustering of molecules based on cosine scores 

derived from their MS/MS spectra. Similarity networks can be evaluated using Cytoscape74 

for visual dereplication of molecules. The similarity network can be annotated to depict 

things such as the mass of the parent ion of each node and the cosine score between nodes. 

These can be used to rapidly dereplicate similar compounds when seeded with MS/MS 

spectra of known metabolites. An example of MS dereplication can be seen in Figure 11. 

Several natural products have been discovered this way since the seminal paper by 

Dr. Pieter Dorrestein73. The bananamides are an NRP class of natural products discovered 

using molecular networking. 260 Pseudomonas strains were collected, purified, cultured 

and extracted with organic solvents.  The extracts were analyzed using LC-HRMS resulting 

in the discovery of the bananamides (14) which are poeamide analogues constituting a 

distinct evolutionary branch of Pseudomonas lipopeptides70. More recently molecular 

networking was combined with metabologenomics to discover tyrobetaine (15), an unusual 

NRP with a multiply methylated N-terminal amine75. By correlating the production of the 
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molecule among several strains that harbored the same BGC, genomic context was 

leveraged to discover a new class of molecules. The successful use of molecular 

networking in combination with genomic mining underlines the importance of 

incorporating a multi-pronged approach when discovering bacterial natural products. 

Molecular networking is great at detecting similar compounds produced by several strains, 

but one downfall of molecular networking is the inability to group together molecules 

metabolizations that lead to different fragmentation patterns.   

 

 

 

 

Figure 11. Overview of molecular networking for natural product dereplication. HPLC-

MS/MS is used to acquire data that can be used to build molecular networks or look for small 

peptide fragments. The predicted structures can be correlated to those found in the genome.  



 

26 

 

1.6 Aims and Goals  

The goal of this thesis is to improve upon the current tools used for genomic mining 

and allow for integration with metabolomic tools. Genomic mining allows one to identify 

bacterial strains which are producers of novel metabolites and gives insight into the type 

of molecule that it may be. This can guide screening efforts to isolate a new chemical entity 

with potential therapeutic properties. One of the aims of the thesis was to develop a new 

genomic mining technique based on the paradigm that bacteria form smaller chemical 

scaffolds which are combined and tailored to create more complex molecules. Using 

bioinformatic tools the goal of the thesis was to automate the process of identifying BGCs 

capable of producing analogues. By comparing similar BGCs one can determine the degree 

of novelty of a gene cluster and indirectly compare the degree of novelty of the molecules 

which each BGC produces. Novel analogues may have differing drug properties when 

compared to the original parent molecule such as differences in metabolism and 

distribution.  

While building the automated pipeline for discovery of BGCs capable of producing 

analogous molecules it was discovered that the field of genomic mining did not have a 

standardized system of comparing two BGCs. The complete the goal of creating a pipeline 

capable of identifying BGCs which could produce similar molecules and comparing each 

BGC, there was a need to develop a novel approach to BGC similarity. The aim changed 

to identifying a way to compare BGCs which could capture the granularity that exists 

between tailored analogues. Natural language processing was used to overcome challenges 

with existing comparison metrics which allowed for robust comparison between BGCs 

based on the molecules which they were responsible for biosynthesizing.  



 

27 

 

Using the designed pipeline, the goal was to demonstrate its utility by identifying a 

novel analogue. A candidate molecule was selected which will be further discussed in 

Chapter 3. The goal of the thesis was to identify bacteria capable of producing analogous 

molecules and use mass spectrometry to screen bacterial extracts. The end goal was 

integration of the pipeline with molecular networking to guide the identification of 

analogues. Ultimately the goal of this thesis was to create a new genomic mining pipeline 

which can be integrated with current metabolomic tools to identify new analogues of 

therapeutically relevant natural products.  
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Chapter 2 

Using Natural Language Processing to Improve Biosynthetic Gene 

Cluster Similarity Metrics 

 

 

2.1 Introduction 

2.1.1 Comparative Genomic Mining 

 

Classical genomic mining involves looking for sets of genes known to encode 

enzymes responsible for the biosynthesis of natural products in genomic sequences. One 

can focus not on just a single gene but a whole BGC in order to predict the natural products 

it is able to produce. BGCs can be compared to reference gene clusters to discern their 

degree of novelty. For example, the software AntiSMASH can compare newly identified 

gene clusters to curated BGCs from the Minimum Information about a Biosynthetic Gene 

cluster (MIBiG) database 76. The integrated MultiGeneBlast algorithm readily does the 

comparison; MultiGeneBlast is also available for use, independent of antiSMASH77. One 

approach to assess the novelty of gene clusters has also been the use of Genome 

Neighborhood Networks (GNNs)78 which are an extension of sequence similarity networks 

(SSN) 79. An SSN is used to cluster together proteins that share some degree of similarity 

to each other and is used to interrogate protein relationships such as evolution, function, or 

substrate specificity. To create a GNN a user must enter an output file from an SSN and 

choose the window of Pfam domains to be used to compare a region using a Jaccard 
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similarity coefficient.  Targeted genome mining – genome mining where one identifies the 

type BGC being studied - has led to the identification of new compounds and associations 

between BGCs and their respective molecules. However, one of the most difficult tasks is 

connecting new structural classes to their respective BGC. A general schematic of genomic 

mining can be seen below in Figure 12.  

 

 

Several approaches have been suggested to look for BGCs in an untargeted manner 

such as those described herein. One strategy was developed by Cimermancic et al.80 where 

an HMM was trained on a string of continuous protein family associated motifs (Pfams). 

The ClusterFinder algorithm contains two hidden states, BGC and non-BGC, and was 

Figure 12. General outline of genomic mining. A bacterial genome is examined with 

AntiSMASH which gives a list of possible BGCs the organism harbors. If the bacteria is capable 

of producing unique molecules it can be selected for downstream culturing and analysis.  
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trained on validated gene clusters and random-genome regions respectively. The 

ClusterFinder algorithm was used to identify over 30,000 BGCs in prokaryotic genomes. 

Similarity analysis of the BGCs showed that the most common class found by the 

algorithms were saccharides, which is not surprising given their association with every type 

of known natural product class. Using their algorithm, they were able to identify a cluster 

of BGCs which encoded the biosynthesis of aryl polyene lipids32.  

In a separate large-scale genome mining approach Doroghazi et al. 81 were able to 

identify several polyketides, NRPs, siderophores, and RiPPs in more than 800 

actinobacterial genomes. The respective BGCs from each of the compound classes were 

grouped into 4112 gene cluster families (GCFs) based on presence or absence of genes, 

homology-based sequence alignment, and the clustering of biosynthetic modular enzymes. 

The authors identified several uncharacterized gene clusters in 344 genomes which only 

178 were needed for full coverage of unique BGCs. These bacteria were cultured and the 

extracts were examined by HPLC-MS/MS which lead to the discovery of tambromycin71. 

Tambromycin, an NRP with an unusual acid monomer was linked to its gene clusters based 

on the presence or absence of collective peaks in association with known genomic 

information 71.  

These methods demonstrate the power of comparative metabolomics with respect 

to classical methods. Each of these examples use comparison metrics to determine the 

novelty of BGCs for downstream analysis, however these metrics are not able to effectively 

compare all types of BGCs. The use of comparison metrics allows one to dereplicate known 

biosynthetic gene clusters and focus on cultivating microbes capable of producing novel 

structures based off the presence of novel BGCs. Comparative genomic mining could be 



 

31 

 

combined with comparative metabolomics to link together molecular networks with 

networks of BGCs. However robust comparison methods are needed to link BGC 

composition to molecular structure.  

2.1.2 Introduction to Applied Machine Learning 

Machine learning impacts several aspects of our lives, from the early days of postal 

code detection to automatically route letters all the way to self-driving cars which are 

beginning to see increased consumer use. The field of machine learning has also impacted 

several areas of science such as genomics, biochemistry, and chemistry. Applied machine 

learning seldom spawns new advances in neural network architectures but rather cleverly 

use advances made before them. Google AI has shown that using convolutional neural nets 

(CNNs) one can compile accurate reads to generate genome sequencing results with 

reduced error rates in a shorter amount of time82. Deep learning is impacting fields such as 

protein folding where the Deep Mind team was years ahead of everyone else at the 2018 

Critical Assessment of Structure Prediction (CASP) contest83. In chemistry most of applied 

machine learning has been in the area of predicting drug properties such as LogP84 values 

or drug toxicity85 based solely off of structure. All of these applied machine learning 

examples signify the state of the art in their current field, and to better understand them we 

must go back to first principals.  

Machine learning is essentially glorified statistics, and the fundamentals are based 

on linear and logistic regression. Logistic regression is seen as a classification problem 

with discrete outcomes for example whether a tissue sample from a biopsy can be classified 

as cancerous or non-cancerous. When applying logistic regression, several factors can be 

used as parameters for defining an equation where large negative and large positive 
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numbers result in 0 or 1 respectively. By taking into consideration the variables present 

once can build a logistic regression operation function that is fully differentiable. The result 

from this differentiable function can be used as in input for a logistic function. The 

variables that are part of the differentiable function can be updated based on a penalty given 

the difference in probability of predicting the correct classification task. Using the penalty 

described, the differentiable function can be optimized.  

Neural networks allow for the automatic construction of any differentiable function 

if constructed properly. A neural network consists of an input layer, one or several hidden 

layers, and an output layer as pictured in Figure 13. All hidden layer units sum the input 

of all the edges which they are connected to from the previous layer and propagate the 

signal forward. Therefore, using the classification example previously mentioned, input 

values corresponding to a certain state are used to populate the input layer. The input layer 

propagates the values multiplying them by a constant attributed to edge that connects two 

neurons. The next layer of nodes takes in the corresponding inputs and uses them to 

calculate an activation function such as a rectified linear unit (ReLU) function which 

determines if the neuron is on or off. If the threshold for activation is exceeded, the hidden 

layer will propagate its value once again multiplied by that defined by the edge connecting 

to the downstream node. The output layer receives the final propagation of the signal 

through the neural network and based on the final values can be used as a classification 

tool. The resulting prediction is compared to the original value of the data set and incorrect 

predictions are penalized. The resulting penalization is back propagated through the neural 

network and used to update the weights of each edge. Therefore, the neural network begins 
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to make better predictions based on the resulting forward and backward propagation of 

signal through the connected network.   

 

One area where machine learning has had a big impact is natural language 

processing (NLP), where it is used to define sentence similarity and context. Sentence 

similarity is defined are two sentences that talk about the same thing but are composed of 

different words. This has been useful for improving interactions with automated assistant 

technologies such as those found in your car or in Google and Amazon’s popular voice 

assistants. Advances in NLP have begun to spill outside of traditional language uses and 

into the realm of science “languages” in the context of encoding information for rapid 

comparison. Several groups have adapted the popular NLP algorithm Word2vec to learn 

Figure 13. Basic neural network architecture. Input values are in the square boxes. Each 

neuron is represented as a circle. Each edge is an arrow showing the direction of forward value 

propagation. The output layer contains two neurons resulting in a prediction.  
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high dimensional embeddings (representations of items as vectors) for comparing DNA 

sequences (Gene2Vec), proteins (ProtVec), and molecules (Mol2vec) 86–88. Recently 

protein family associated motif (Pfam) embeddings have been used to capture information 

regarding BGCs for input into deep neural nets89. In this work Pfams and modular domains 

of mega enzymes were used to create complete BGC embeddings for rapid comparison.  

2.2 Hypotheses and Goals 

It is hypothesized that scaffold guided genomic mining will allow for the 

identification of novel BGCs capable of producing unique analogues of known natural 

products. The goal of the work presented herein is to develop a pipeline capable of 

automating the identification of BGCs which produce analogous molecules. The genomic 

mining technique will be able to compare BGCs and help users identify those that can 

produce analogous compounds. The bacterial strains which harbor analogous BGCs can 

be cultured and examined to produce new molecules. This will allow one to gain insight 

on medicinally relevant modification of known therapeutic molecules.  

Ultimately the goal of this research is to demonstrate the ability of the genomic 

mining tool to identify a novel analogue. Ideally the tool would identify several bacterial 

species capable of producing analogous molecules. A metabologenomic approach would 

be used where each bacterial strain is cultured and dereplication is guided by molecular 

networking to find unknown molecules which share similar fragmentation patters with 

known analogues. 
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2.3 Results and Discussion 

2.3.1 Scaffold Guided Genomic Mining Pipeline  

Medicinal chemists are tasked with modifying the core scaffold of starting 

molecules, which often stem from natural products 1, to improve drug like properties while 

retaining biological functionality. Nature, however, has been incrementally modifying core 

scaffolds for millions of years. Due to the molecular arms race of chemical warfare 

amongst bacteria, evolutionary change results in tailoring of existing natural products to 

make them more potent or evade previous forms of resistance 90. In this sense, bacteria can 

be viewed as nature’s medicinal chemists. The BGCs that are responsible for the 

production of similar molecules can be examined bioinformatically to look for new 

tailoring enzymes or nuances that would give rise to differences in chemical structure. This 

idea forms the basis of the comparative genomic mining paradigm introduced for the first 

time as scaffold guided genomic mining. The basis of scaffold guided genomic mining 

technique would derive from a guilt by association approach where genes that make the 

same fragment of a molecule tend to be adjacent or close together in bacterial genomes. 

Since molecules produced by BGCs can be broken down into different biologically 

synthesized fragments, the genes that assemble the respective fragments should lie close 

together on the chromosome.  

To bypass the need for predicting the molecular structure of the final product for 

BGC dereplication a more abstract approach was used. A central concept in bacterial 

natural product biosynthesis is that each gene cluster is responsible for the production of a 

specific type of molecule. Therefore, we can rationalize that natural products can be 

represented as genes encoded in the genome of bacteria. Hence, by comparing BGCs we 
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can indirectly compare the chemical potential of each one and relate the BGC to the types 

of molecules it may produce 

Scaffold guided genomic mining’s guilt by association approach was inspired by 

the RODEO algorithm for detecting lasso peptides91. The algorithm takes in a list of 

proteins that one must retrieve through a protein BLAST search, scans the surrounding 

genomic region of the protein hit for other proteins known to catalyze the formation of 

lasso peptides and then looks for potential precursor peptides. This methodology could be 

adapted to look for any class of molecules, and more specifically that it could be used to 

identify analogous compounds with different tailoring. In order to identify analogous 

classes of molecules, a set of genes that define a fragment would be needed as the initial 

input.  

To automate the process of scaffold guided genomic mining a tool was built called 

the analogous cluster comparison information (ACCIO) tool that could be used by others 

without programming experience. The premise of the tool is outlined in Figure 14. Briefly 

the input required for scaffold guided genomic mining would be a biosynthetic gene cluster 

that is known to produce a particular molecule of any class, and second would be a list of 

genes in that BGC that are responsible for the production of a molecular fragment or 

structural scaffold. The process of finding similar enzymes as well as the genomic region 

would be automated in python and then the list of genomic regions would have to be resized 

for comparison since surrounding genes could end up effecting the similarity metrics of 

two gene clusters. Ideally each gene cluster would be manually trimmed before being 

examined for similarity to the original gene cluster. The original gene cluster is needed to 

make sure that all similar clusters have the same biosynthetic potential in terms of 
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containing all the genes required to make the core scaffold of the molecule of interest. By 

comparing trimmed BGC clusters with each other we can get a sense of which BGCs likely 

encode similar molecules based solely off of genomic information. By changing the 

clustering threshold of BGCs in a BGC similarity network, molecular families can be 

identified.  

 

Figure 14. Outline of ACCIO pipeline. The tool takes in a list of genes in a biosynthetic gene 

cluster and attempts to find BGCs which produce analogous compounds.  

To automate the process of scaffold guided genomic mining, python was used due 

to its easily accessible bioinformatic libraries. Python is a programming language which 

can be used to code programs that perform complex tasks. The biopython library which is 

a set of methods for python that facilitates working with genomic sequences and accessing 

the NCBI was used to readily manipulate each biosynthetic gene cluster and aide in the 

selection of key biosynthetic genes. Input BGCs were in Genbank file format and parsed 

with the sequence input and output package as part of biopython. The genes selected in the 
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previous step were identified in the file. Once each gene was identified it could be used for 

an automated protein BLAST. The parameters for the protein blast were chosen based on 

the ability to process downstream biosynthetic gene clusters. The top 100 protein 

homologues of each of the proteins of interest were taken from the protein BLAST analysis. 

To facilitate analysis the Entrez functionality that is part of biopython was used to return 

the top hits. Entrez facilitates the handling of data to and from the NCBI BLAST servers, 

as well as automatically converting the incoming data into a handle object readable by 

biopython. The list of homologous genes is then examined one at a time, for each hit, the 

genomic region surrounding the gene is captured and used downstream to identify other 

biosynthetic genes. 

In order to avoid redundant retrieval of DNA sequences with major overlap if 

proteins fall into a genomic region that has already been retrieved the respective region 

will only be examined once. In order to ensure that the region contains the entirety of the 

BGC thought to be similar to the original query BGC a genomic area that is 1.5 times the 

size of the original BGC is taken. This is done to ensure that even if the genes required for 

the production of a core molecular fragment are located at the edge of the BGC, the 

genomic region captured in our analysis will encompass the whole cluster. The reason that 

the genomic retrieval process is repeated several times with each protein of interest 

originally highlighted from the original cluster is to ensure that the genomic region contains 

a similar BGC to the original even if genes have moved apart in genomic context. While 

this is more commonly seen for tailoring genes that are responsible for modifications such 

as halogenation and cyclization, we did not want to miss the BGC of interest due to cluster 

rearrangement. BGCs such as the one responsible for ascamycin biosynthesis has been 
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elucidated however the enzyme responsible for the chlorination of the final product has 

eluded characterization because it is not found adjacent to the original biosynthetic gene 

cluster92. Similarly, the cyclization enzyme responsible for the cyclization of prodigiosin 

in Pseudoalteromonas rubra has eluded characterization until recently where it was 

discovered to be several Kb away from the original BGC 93.  

The method of trimming biosynthetic gene clusters in the ACCIO pipeline has gone 

through several iterations and is ultimately dependent on the method used for BGC 

similarity. Each method which will be described below contains its own benefits in terms 

of implementation, speed, and dereplication if similar BGCs.  

2.3.2 MultiGeneBlast for BGC Comparison 

The first iteration of the ACCIO algorithm used the standalone program 

MultiGeneBlast (MGB)77 in order to trim and compare biosynthetic gene clusters with 

respect to each other, to ultimately create a BGC similarity network. To interface the MGB 

tool with the ACCIO pipeline, the subsystem tool for python was used to directly run 

command line code allowing access to MGB. The ACCIO program downloaded the 

genomic regions identified as previously mentioned to a folder that could be used to build 

a database required for the MGB analysis. The ability to dynamically build an MGB 

searchable database allowed the ACCIO program to be more flexible than the traditional 

AntiSMASH implementation of MGB that only searched through archived gene clusters. 

If prewritten rules didn’t exist for a cluster of a certain type, AntiSMASH would not be 

able to recognize the BGC based on the predefined rules. Therefore, a cluster for a new 

molecule type would not be present in the AntiSMASH database used for finding similar 

BGCs. 
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Once an MGB database was created, the original BGC could be used as a query to 

search for all other similar clusters within the library. The MGB algorithm was programed 

to include an additional 5 kb of DNA on either side of all homologues found in a region in 

order to ensure capture of the entire pathway. Once the initial analysis was complete, the 

output of the MGB was parsed and each entry was examined for the presence of all core 

biosynthetic genes used as the original ACCIO query. Putative BGCs that contained all the 

genes required for the formation of a core chemical motif were noted, as was the position 

of all enzyme homologues within the gene cluster. These gene cluster boundaries were then 

used as a parameter in the MGB analysis of each BGC initially identified by ACCIO. This 

generated a series of folders, each containing an MGB analysis for each potential BGC 

identified by ACCIO. The output of each of these runs was parsed with python and a 

sequence similarity matrix was built based on the BGC homology score of each gene 

cluster. 

In order to create a homology score that was bidirectional when comparing two 

BGCs, the MGB homology score was taken from each similar BGC and was self-

regularized to give a directional comparison score that was bounded between 0 and 1. By 

averaging two directional scores a bidirectional scoring metric could be created which 

would satisfy the condition of bidirectional weights needed for BGC comparison. In other 

terms if we let * denote the directional homology score when comparing two biosynthetic 

gene clusters the bidirectional score S for two given BGCs A and B is given by Equation 
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1. Using this equation, one is able to construct a BGC similarity network between BGCs 

found through the initial ACCIO tool and MGB cumulative BLAST scores. 

 

Before using the ACCIO tool to construct a BGC similarity network, the MGB 

portion of the tool was used to examine several BGCs. One of the first applications of 

ACCIO was to look for nucleocidin analogues on behalf of Ola Pasternak from the Zechel 

Lab. Nucleocidin (16) is a rare fluorinated nucleoside and one of the only known 

fluorinated natural products 94. Currently its fluorination mechanism is unknown and 

thought to be dissimilar to fluorination of SAM in Streptomyces cattleya95. Several 

clinically relevant nucleosides are fluorinated such as sofosbuvir (17) an antiviral 

medication used to cure hepatitis C. These molecules can be seen in Figure 15. In this case 

ACCIO was used to try and identify other potential producers of nucleocidin. 
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While the function of NucK (pictured in dark blue in Figure 17) unknown it is 

thought to play a role nucleocidin (16) biosynthesis, and therefore was used as the starting 

point for the ACCIO automated homology search. The ACCIO-MGB output can be seen 

in Figure 17 and depicts the homology between gene clusters in the dynamically created 

BGC database. Here we can see the nucleocidin gene cluster matches with that initially 

deposited into the GenBank database. The BGC for ascamycin (18) biosynthesis found in 

Streptomyces sp. JCM 9888 was identified as being able to produce an analogue of 

nucleocidin, however, instead of producing a fluorinated nucleoside it produces a 

chlorinated analogue Figure 16 

Figure 15. Structure of fluorinated nucleosides. Nucleocidin (16) and sofosbuvir (17) are 

shown. 



 

43 

 

  

Similarly, other BGCs such as those found in Streptomyces laurentii appear to 

encode nucleoside analogues however they may not be fluorinated as in the case of 

nucleocidin. This is because the halogenase responsible for fluorination in nucleocidin and 

chlorination in ascamycin is currently unknown92,95. Streptomyces sp. NBRC 110035 

contains a gene cluster that appears to encode a nucleocidin pathway but may be missing 

some genes due to poor sequencing of the genome. From the gene cluster analysis there 

appears to only be one previously unknown BGC that contains similar proteins when 

compared to the nucleocidin BGC. There are no other BGCs that contain similar proteins 

to the ascamycin gene cluster. The most abundant BGC discovered from the nucleocidin 

analysis appears to be a small NRPS – nucleoside pathway that shares several homologues 

with the nucleocidin pathway. The NRPS-nucleoside contains homologues of 

NucR,G,J,K,L,Q,P,O,N, and M proteins. Interestingly this abundant BGC has not been 

linked to any chemical structure that is currently known. MGB nucleocidin output can be 

seen in Figure 17. 

Figure 16. Ascamycin (18) molecular structure. 
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Figure 17. MGB output from ACCIO created database of nucleocidin. Original nucleocidin 

BGC is seen at the top.  The ascamycin BGC as well as another potential producer of nucleocidin 

can be seen. 

The results of the ACCIO analysis show this BGC is present in several different 

Streptomyces species leading to the hypothesis that the resulting natural product may have 

functional importance. If the molecule conferred no advantage to the producing bacteria it 

would be less likely for it to be widely distributed among Streptomyces species. 
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The alterochromide class of molecules, produced by several species of 

Pseudoalteromonas including Pseudoalteromonas flavipulchra and Pseudoalteromonas 

piscicida, contain an aryl polyene conjugated core attached to an NRP96. 

Bromoalterochromide can be seen in Figure 18. 

 

Figure 18. Bromoalterochromide (19) molecular structure. 

Previous observations showed that Pseudoalteromonas luteoviolacea 2ta16 

harbored a BGC similar to the one that encodes production of the alterochomides in P. 

flavipulchra/ P. piscicida, but the NRPS adenylation domains appear to have different 

amino acid specificities as predicted by tools such as AntiSMASH or PRISM64. The results 

for when ACCIO-MGB was queried with the P.  flavipulchra bromoalterochromide gene 

cluster can be seen below in Figure 19 and highlight several different bacterial species 

possess BGCs with different NRPS adenylation domain specificities that likely result in 

production of different alterochromide-like molecules. Not only do the NRPS portions 

contain different adenylation domain specificities but they also contain different physical 

architectures. Pseudoalteromonas sp. R3 contains a single NRPS protein, while 
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Pseudoalteromonas luteoviolacea 2ta16 and Moritella sp. JT01 contain two NRPS 

proteins. 

 

Figure 19. ACCIO-MGB output of bromoalterochromide gene cluster. Several BGC 

homologues can be seen with different NRPS architectures in the results stemming from different 

bacterial strains. Each BGC of interest is highlighted in red. 

The NRPS architecture was compared using PRISM software which allowed for 

easy visualization of NRPS domain architecture and adenylation domain specificity. The 

NRPS architecture is compared in Figure 20. 
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Figure 20. NRPS architecture of alterochromide analogues. The original bromoalterochromide 

cluster is in the top left, the P. sp. R3 gene cluster is in the top right, M. sp. JT01 is in the bottom 

left, and P. luteoviolacea 2ta16 is in the bottom right 

 

The original bromoalterochromide (19) BGC is in the upper left corner and contains 

three different NRPS proteins as well as a halogenation enzyme pictured in black that 

brominates the phenyl ring in the aryl polyene motif. The putative alterochromide BGC 

found in P. sp. R3 contains one NRPS protein that is appears to encode the formation of a 

tetrapeptide instead of the pentapeptide seen in the original alterochromide BGC.  The P. 

sp. R3 gene cluster also contains only one epimerase domain compared to the three seen in 

the original gene cluster. Epimerases are responsible for converting L amino acids to D 

amino acids which are then joined by the condensation domain and incorporated into the 

growing peptide chain. The M. sp. JT01 gene cluster contains two NRPS proteins that 
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include two epimerase domains and have different adenylation domain specificity 

compared to the original BGC. The P. luteoviolacea 2ta16 BGC contains two NRPS 

proteins that include only one epimerase and once again the adenylation domains have 

different amino acid specificities compared to the original BGC. 

This in silico expedition to find alterochromide homologues using the aryl polyene 

biosynthetic domains as the query and the original gene cluster for MGB comparison 

demonstrates the utility of scaffold guided genomic mining to find structural analogues. 

However, the example here also brought to light an inherent fault in the homology scoring 

systems of BGC similarity, when using the raw blast score by itself. NRPS and PKS 

domains are scored multiple times and this homology-based scoring does not take into 

consideration subtle nuances in the adenylation domain or NRPS architecture. An amino 

acid change in the specificity-code conferring residues would result in the incorporation of 

a different amino acid but would not show up as a significant difference in a protein BLAST 

analysis. In order to provide a more robust scoring metric for modular domains a 

combination of protein homology / similarity would need to be combined with NRPS 

adenylation domain comparisons similar to those done in the global alignment for natural 

product informatics pipeline presented by Dejon et al. 97. More importantly, homology-

based approaches are not able to help us easily connect parts of molecules to genes if they 

are distantly related but catalyze the same reaction. 
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2.3.3 BGC2vec – A NLP Based Similarity Metric 

As we began to build the ACCIO pipeline, it became clear that current similarity 

metrics for clustering BGCs into GCFs were not able to capture chemical structure in terms 

of genes to represent molecular differences. For example a comparison metric that focused 

on NRPS/PKS modules did not consider tailoring reactions and was poorly suited for 

comparing non-modular BGCs37. Alternatively, comparing BGCs through protein 

homology failed to consider proteins which catalyzed similar reactions but had low 

sequence similarity98. Cimermancic et al. reported a distance metric consisting of a Jaccard 

index score – which is a score measuring the overlap of two sets - between Pfams80, but 

this leads to poor scores when comparing BGCs which contain modular domains due to 

the presence of recurrent Pfams in each module. We believed that by using NLP tools we 

would be able to rectify the flaws within each similarity metric, while still using the best 

parts. 

To develop an improved comparison metric, NLP was used to learn associations 

between Pfam domains. The word2vec99 generation package in python was used to build 

an NLP model that could be used for comparison of BGCs. The idea to apply an 

autoencoder approach stemmed from the similarity between NLP tasks and generic BGC 

architecture. Several different Pfams can catalyze similar reactions, however, they may be 

classified into different families based off their respective hidden Markov model. Learned 

embeddings allow for Pfams which are similar in function to be located together in vector 

space and easily compared. This is analogous to an embedding model learning the 

relationship between the words, apples and oranges; despite being different words they are 

both fruit and contextually they can be used in the same manner. Since natural products are 
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synthesized by a series of enzymes, which can be broken down into Pfams, if a BGC 

contains a similar array of Pfams, then it is more likely to produce a similar natural product. 

The exception to this rule is modular enzymes; non-ribosomal peptide synthetases and 

polyketide synthases may possess very similar Pfams and yet produce very different 

molecules because the adenylation or acyltransferase domains of each module can 

incorporate different molecules into the growing chain. Therefore, modular and non-

modular Pfams were split up for the learned embedding process to create orthogonal vector 

sets. 

To allow for machine learning, the BGC was identified with AntiSMASH 4.0 using 

the ClusterFinder algorithm which automatically found all of the resulting Pfams in the 

BGC. The AntiSMASH output was parsed into a list of Pfams and all of the non-

biosynthetic Pfams were removed. A separate list was created for modular proteins such as 

the NRPSs and PKSs were broken down into their respective modular components, by 

splitting up the megasynthase at every ACP/PCP domain. Trans-PKS would have to be 

approached differently because instead of containing an AT domain in every module PKS 

system contains a trans acting AT domain which docks onto the assembly line to select and 

activate malonyl units. In the case of trans-PKS systems the AT domain was inserted at 

every trans-AT docking domain site to complete each module. In the list of Pfams, NRPS 

and PKS proteins were labeled respectively but the Pfams each synthase contained were 

removed, this way certain Pfams from tailoring domains could be associated with NRPS 

and PKS systems as well as all other adjacent domains. The parsed BGCs were used to 

build the unsupervised learning algorithm Pfam2vec that learned associations between 

Pfams in each cluster. This was done by taking each Pfam and converting it to a “one-hot-
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vector” which is a sparse vector consisting of all 0’s except at the position of the respective 

Pfam number. This vector is then used for the dummy machine learning task of either 

training a skip-gram or a continuous bag of words model. A skip-gram model attempts to 

find the probability of seeing all other Pfams in a set window such as 10 Pfams upstream 

and downstream. Therefore, it begins to learn which Pfams are associated with each other; 

Pfams that catalyze a similar set of reactions would begin to be seen with a similar group 

of other Pfams. The continuous bag of words model takes in a window of Pfams and returns 

the probability of a Pfam being located in the middle of the window. This method also 

allows machine learning methods to learn associations between each Pfam. The model is 

created using a fully connected layer containing a defined number of neurons. By trying to 

train the neural network to predict either model, it learns features of the words that are 

embedded in the middle neural layer. The final layer is disregarded, and the weights 

associated with each Pfam in the hidden layer are used to construct a vector. This vector 

contains the encoded information of each Pfam and in that encoding is the inherent 

association of one Pfam with another and gave rise to the Pfam2vec model. The general 

training procedure can be seen in Figure 21. 
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Figure 21. Training procedure and neural network layout of Pfam2vec. A BGC is converted 

into a string of Pfams which are then one-hot encoded into a vector. This is used to train a neural 

network with a fake task and the hidden layer is used for vector embeddings representing a Pfam. 

 

In a similar manner, this was done for all NRPS and PKS modules within a given 

BGC to yield Mod2vec. Then each individual Pfam and modular vector was summed in 

order to create two representative vectors one for all Pfams and one for all modular domains 

in a BGC. The summed Pfam and modular vectors were then concatenated as it was 
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assumed that their encodings were orthogonal due to training different machine learning 

models. These concatenated vectors were then termed BGC2vec. By taking the cosine 

score between two BGC2vec vectors, each representing a single BGC, one could examine 

the degree of similarity between the BGCs since similar vectors arise from BGCs which 

produce similar molecules. A graphical outline is shown in Figure 22. 

 

To create the Pfam2vec and Mod2vec model the gensim package was used in 

python. The hyper parametrization of model types, window length, epochs, and vector 

lengths were examined. To examine each model the BGC2vec representation of each BGC 

in GCFs - constructed by taking molecules with similar looking structures (Tanimoto > 

0.7) from MIBiG - was scored for overall similarity. It was found that window lengths 

greater than 5 Pfams were ideal since most sets of Pfams responsible for the formation of 

a core fragment contained at least 3 Pfams. In the end, a window size of 8 was chosen to 

accommodate large arrays of Pfams responsible for core motifs. The skip-gram model 

showed a similar range of scores for each BGC in GCFs when compared to the continuous 

Figure 22. Graphical representation of BGC2vec. Pfam and modular vectors are averaged into 

one large vector each. This vector is concatenated to form BGC2vec. By taking the cosine of the 

angle between BGC vectors one can easily compare the similarity between 2 BGCs. 
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bag of words model. This may be due to the nature of the skip-gram model, in language 

processing it works better with shorter sentences as compared to the continuous bag of 

words model, which has been shown to work with multiple sentences and even documents 

to create word embedding or even document embeddings. The model usually began to 

converge after 20 epochs and was stopped accordingly to prevent overfitting of the BGCs 

in the set. The hidden layer vector lengths were varied between 100, 200, and 300 however 

it appeared that vector length did not make a difference in terms of being able to separate 

BGCs into GCFs. However, these results appear to be more qualitative due to the nature of 

unsupervised learning models and the ability to test them. 

Several tests were performed with the final model to examine whether the 

BGC2vec model was able to efficiently abstract chemical space. The BGCs whose 

molecules shared high Tanimoto similarity score (> 0.7) were grouped as being part of the 

same GCF. The cosine similarity scores calculated within each GCF based on molecular 

similarity were compared to a set of randomly generated vectors. It was shown that cosine 

similarity within GCFs was significantly higher than the similarity between random 

domain vector pairs (p < 1.7E-10). This demonstrated that the BGC2vec model was indeed 

learning associations between Pfams and modular domains found in the BGCs of thio-

templated molecules. Ultimately the goal of BGC2vec was to be able to better compare 

BGCs in GCFs, since there would be a range of similarity scores generated when 

comparing BGCs within a family compared to those that are outside of a family. Having a 

range of scores allows for better stratification of BGCs in GCFs able to produce unique 

analogues, which is something that simple comparison metrics, such as using Pfams and a 

Jaccard index or taking the homology scores between BGCs, struggle to do. The violin 
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plots in Figure 23 show the similarity-scores among all BGCs extracted from the MIBiG 

database using three different comparison metrics BGC2vec, protein homology, and Pfam 

Jaccard index. 

 

 

 

Figure 23. Violin plot of different similarity metrics. BGC2vec cosine similarity is pictured in 

pink, homology-based scoring from MGB comparison is shown in green, and Pfam Jaccard index 

is shown in blue.  
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The violin plot shows that BGC2vec is able to distinguish in a much more subtle 

manner the differences between BGCs as compared to the alternative scoring methods of 

homology and Jaccard indexing that predominantly give binary results. Similar/different. 

BGC2vec contains several scores around 75% BGC similarity, which intuitively makes 

sense because despite making different products many BGCs contain similar enzymatic 

machinery which catalyze similar reactions. Since these reactions are similar, those 

enzymes composed of protein domains and represented by Pfams will be close together in 

vector space. Since they are close together in vector space the resulting Pfam or modular 

vector will have an inherent similarity. Hence 100 percent similarity can be achieved if two 

BGCs are identical to each other, but BGCs which appear similar but are not exact will not 

be heavily penalized and have a low similarity score. The attributed similarity between 

proteins is also one of the reasons why the range of BGC2vec does not reach 0% similarity, 

because there is no such thing as a single BGC creating a molecule with entirely unique 

enzymatic reactions. 

Homology based methods appear to have a smaller range with scores spanning from 

37.5% similarity to almost 0%. The homology-based similarity score does not appear to 

effectively stratify biosynthetic gene clusters that are part of the same GCF since the 

majority of BGCs appear to score less than 10% in similarity. This result is easily explained 

by the dissimilar nature of protein sequence as seen in sequence alignments for building 

HMMs, which could lead to poor homology scores. The Jaccard index is slightly better 

than the homology comparison as it creates a broader range of scores and is able to 

recognise identical BGCs. The ability to compare Pfams instead of raw protein sequence 

most likely leads to the broader scoring range, for example several weak protein 
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homologues have been identified due to the nature of Pfam construction. Therefore, it can 

be proposed that increases in abstractions such as from protein sequences to Pfams and 

from Pfams to vectors increase the range of scores in a similarity metric. One thing to note, 

however, is that both homology scoring and the Jaccard index are unable to discern 

differences in modular proteins that are repetitive in nature, while BGC2vec can. It should 

also be noted that the majority of BGCs in the MIBiG database contain an NRPS or PKS 

portion, which would also contribute to the differences in scoring ranges observed using 

the different comparison tools, since BGC2vec can compare modular proteins separately 

from non-modular enzymes. 

To further examine the potential of BGC2vec to abstract chemical space we sought 

to examine whether vectors could be used to perform operations. Part of learning vector 

embeddings is the ability to perform operations such as addition and subtraction with them. 

This was described in the seminal word2vec paper as being able to examine the way words 

are associated with each other in the arithmetic operation (king – man) + woman = queen99. 

Since BGCs are sometimes combined to make new molecules or molecules with several 

chemical motifs we wanted to examine what would happen when we computed 

(thiomarinol (20) – holomycin (21)) as shown in Figure 24. 

 

Figure 24. Graphical representation of (thiomarinol (20) – holomycin (21)). The BGC for each 

molecule is located beneath it. Thiomarinol (20) is coloured blue and green to highlight parts of 

pseudomonic acid (22) and holomycin (21) making up the whole molecule. 
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Querying the resulting vector of thiomarinol (20) – holomycin (21) against all other 

BGCs that were part of the MIBiG database for the closest match returned the BGC for 

pseudomonic acid (22). It can be seen from the figure that thiomarinol appears to be 

composed of holomycin (21) and pseudomoinc acid (22), which have been joined together 

by a condensation reaction. It has also been shown that the thiomarinol (20) BGC can 

produce holomycin (21) and a pseudomonic acid (22) analogue when the condensation 

enzyme responsible for their attachment is knocked-out 100. The thiomarinol (20) BGC is 

thought to have arisen by the combination of the holomycin (21) and pseudomonic acid 

(22) BGCs. It has even been shown that the addition of holomycin (21) to pseudomonic 

acid (22) results in a more potent antibiotic101. The ability to perform vector arithmetic with 

BGCs and have the results correspond to chemical space attests to the ability of BGC2vec 

to capture and compare molecular features such as common chemical motifs. 

2.3.4 Conclusions 

 

In this chapter a new tool, called ACCIO, for automated scaffold guided genomic 

mining to identify new natural product analogues was discussed. Using a medicinal 

chemistry inspired genomic mining approach, we can use ACCIO to find analogues of 

efficacious molecules with different drug properties arising due to differential enzymatic 

tailoring. In order to differentiate between BGCs that produce different analogues within a 

particular GCF, a new similarity metric was developed termed BGC2vec. BGC2vec is the 

first similarity metric to incorporate natural language processing to compare BGCs and 
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better stratify GCFs. BGC2vec is robust enough to abstract chemical space in order to 

capture subtle changes appended to core scaffolds by additional tailoring domains. 

Despite how promising this method appears to be, it is not without faults. The 

program requires AntiSMASH 4.0 and analysis time for an AntiSMASH search with the 

clusterfinder algorithm enabled leads to much longer analysis times compared to a simple 

MGB homology comparison. Analysis times could be decreased by only using libraries 

from AntiSMASH such as SANDPUMA to predict adenylation and acyltransferase domain 

specificity. The independent use of HMMER to annotate Pfams would also be faster than 

using the AntiSMASH 4.0 software. However, the problem that arises is that of BGC 

border prediction, which is both a blessing and a curse. The ability of AntiSMASH to 

predict BGC borders allows for better comparison of Pfams found within each cluster since 

auxiliary Pfams could end up skewing similarity metrics if the cluster boarders are too 

large. On the other hand, AntiSMASH’s tendency to take a greedy approach to BGC 

borders leads to the inclusions of Pfams that are often not found in curated BGCs such as 

those found in the MIBiG database. Recently a group from Merck has used their own model 

of Pfam2vec in order to better predict BGCs89, this could also be used to improve cluster 

border prediction. 

When testing the ACCIO pipeline it appeared to struggle with certain types of 

biosynthetic gene clusters due to poor border prediction. Often when trying to identify 

violacein type BGCs it failed to group those found by AntiSMASH into GCFs due to the 

greedy approach AntiSMASH takes. The violacein gene cluster is small and often gets 

grouped together with additional gene clusters into a large BGC due to AntiSMASH’s 

algorithm trying to present all biosynthetic genes. RiPPs are another class of molecule for 
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which the BGC2vec algorithm struggles to predict BGC nuances. This is due to two factors; 

firstly, the small BGC size of RiPPs often causes border prediction to encompass several 

genes outside of the BGC. Secondly, the differences in RiPPs chemical structures arise not 

only from the few tailoring domains that are found in the BGC but also the sequence of the 

core peptide. The idea of creating an additional model for RiPPs is not new since programs 

such as PRISM102 and AntiSMASH have had to incorporate separate sections to 

accommodate RiPP discovery. Ideally to improve the ability of ACCIO to distinguish 

between similar RiPP gene clusters a third vector space should be trained on precursor 

peptide / core peptide sequence and concatenated to the Pfam2vec and Mod2vec. However, 

RODEO91 adequately fulfills the same role as ACCIO for RiPPs and further innovation on 

that front will likely be led by the amalgamation of several new RiPP classes into the 

RODEO pipeline. 

Despite its limitations ACCIO does have its merits, especially when trying to 

identify BGCs in GCFs that produce different molecules due to its ability to report a 

broader range of similarity scores as seen in the violin plot. The ability to automate the 

construction of a BGC similarity network and view that network in Cystoscape allows for 

fast visual dereplication of BGCs. One problem that arises when trying to dynamically 

cluster BGC similarity networks based on similarity scores is that each change in the cluster 

threshold requires the computation of a new network. With a fast computer this 

computation becomes redundant, but it lacks accessibility to those using slower laptops or 

computers. The next chapter will describe how the ACCIO pipeline was used to identify 

an analogue of a known molecule and link it to its biosynthetic gene cluster justifying the 

use of scaffold guided genomic mining. 
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2.4 Experimental 

2.4.1 Development of BGC2vec 

1190 bacterial gene clusters were downloaded from the MIBiG database (April 26th, 

2018). Each one was analyzed with AntiSMASH using the clusterfinder algorithm. Each 

BGC was parsed into a list of Pfams, and then non-biosynthetic Pfams were removed. 

NRPS, PKS, and transAT-PKS proteins were not parsed into Pfams but rather represented 

as nrps, pks, transatpks, respectively so the model could build associations between 

thiotemplated proteins and nearby Pfams. This model was termed PFAM2vec. 

For training the corpus for thiotemplated vectors 7483 NRPS, PKS, and transat-

PKS were downloaded from the AntiSMASH database 103. The modular domains of each 

protein were split up into “n-grams” based on each module of the assembly line proteins. 

Word2Vec was then trained on lists consisting of the modules found in each BGC. This 

model was termed Mod2vec. Training was done with the gensim python package 

Concatenating the summation of each PFAM2vec and Mod2vec for each single 

BGC analyzed created a final BGC vector. The resulting vector is a combination of all 

biosynthetic Pfams and modular domains contained in a BGC. 

2.4.2 Comparison of Scoring Methods 

To compare the distribution of similarity scores, 1190 BGCs downloaded from the 

MIBiG database (April 26th) were examined. Each cluster was run through AntiSMASH 

with the clusterfinder algorithm enabled to generate a list of Pfam domains. A Jaccard 

index was created using the parsed PFAM domains as previously described in 

Cimermancic et al80. To generate similarity scores based on homology, each cluster was 

compared pairwise using the homology score from Multigeneblast and self-regularized. 
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The BGC2vec similarity score was constructed by taking the cosine score of each unique 

pair of vectorized BGCs from the MIBiG dataset. The violin plot was generated in R using 

the ggplot2 package. 

 

2.4.3 ACCIO Pipeline 

The ACCIO pipeline takes in a biosynthetic gene cluster as well as a list of the 

protein(s) that are thought to be responsible for the biosynthesis of a core chemical scaffold. 

Each protein is used as a query in a protein BLAST search, which returns the top 100 hits. 

For each hit a genomic region two times the size of the input gene cluster is taken around 

the protein. This process is repeated for each protein provided in the list while avoiding 

duplicate regions. For each unique region, AntiSMASH is used in combination with the 

clusterfinder algorithm for border prediction, generation of Pfam domains, and 

identification of modular proteins. Each BGC identified in the AntiSMASH output is 

vectorized with the BGC2vec algorithm and similar BGCs are filtered by taking BGCs 

which have a similarity score greater than 0.6 when compared to the original input cluster. 

An all vs all comparison is done with the BGCs that pass the filtering step resulting in a 

similarity score for each unique pair. The cluster similarity network is visualized with 

Cytoscape and dynamically generated with the MCL algorithm based on the similarity 

score cutoff. 
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Chapter 3 

Using ACCIO to Identify a Novel Tambjamine Gene Cluster in 

Streptomyces 

 

3.1 Introduction 

3.1.1 Discovery of Prodigiosin and Tambjamine Molecules 

Serratia marcescens is a red pigmented bacterium which has been attributed to the 

historical occurrences of bleeding foods. In 1819, the reddening of a farmer’s polenta was 

one of the first recorded cases of this bacterium 104. The reddening was thought to have 

occurred due to an evil spirit, however, university scholars were able to demonstrate that 

the phenomenon, which occurred in the food, could be passed on through contact and was 

accompanied by a foul smell. The bacterium was initially misclassified as a fungus due to 

its resistance to known antibacterial compounds. The scientist attempted to isolate the red 

pigment that would later be known as prodigiosin (23) in Figure 25. 
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Figure 25. Prodigiosin (23) chemical structure. The three rings making up the molecule are 

labeled A, B, and C. 

Prodigiosin (23) was first isolated in 1929105 however its structure eluded elucidation until 

1962 106. Prodigiosin (23) and its analogues have been continuously investigated for their 

medicinal properties such as antimalarial activity 107, immune suppression 108 and the 

ability to induce apoptosis in human cancer cell lines 109. A synthetic analogue, obatoclax 

(24), based on this class of molecule has been used in several stage I and II clinical trials 

110. The pigmented nature of the molecule has helped facilitate the isolation of several 

prodigiosin analogues. However, since their isolation predated the use of genomic mining 

and even genomic sequencing, the biosynthesis of most analogues was unknown until 

recently. Prodiginines are split up into two classes generated by a divergent biosynthesis; 

prodigiosins (23) are produced by proteobacteria and undecylprodigiosins (25) stem from 

actinobacteria. 
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Tambjamines are another class of molecules that contain the same 4-methoxy-2,2′-

bipyrrole-5-carboxaldehyde (MBC 26) core as prodiginines, but instead of a third pyrrole 

being attached to the core, an imine is attached instead. Several tambjamines have been 

isolated from bacterial and sponge sources with different imine functionalities111. Shorter 

tambjamine side chains most likely stem from decarboxylated hydrophobic amino acids 

while the incorporation of a dodecyl amine derivative has been seen in the biosynthesis of 

tambjamine YP1 (27)112. There is only one known tambjamine molecule isolated from 

Streptomyces, tambjamine BE-18591 (28)113, which contains a similar dodecyl amine tail. 

These analogues are seen in Figure 26. 

 

Figure 26. Figure 24. Prodigiosin analogues. Obatoclax (21), undecylprodigiosin (22), 

tambjamine YP1 (24) and BE-18591 (25) are shown. 
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3.1.2 Prodiginine and Tambjamine Biosynthesis 

The biosynthesis of prodigiosin has been well studied since before the advent of 

modern molecular biology. In 1960 Wasserman et al. found that when a S. marcescens 

mutant only capable of producing MBC (26) was exposed to vapors of synthetic 

methylamylpyrrole (MAP 29) it was able to produce prodigiosin 105. The condensation of 

MAP (29) and MBC (26) was later shown to be enzyme-catalyzed due to temperature 

dependence of the catalysis by cell lysate 114. By performing 13C and 14C labeled feeding 

experiments, it was possible to show the metabolic origins of prodigiosin (23) and 

undecylprodigiosin (25)115. For both molecules the A-ring is derived from L-proline and 

the B-ring from L-serine, a unit of acetate, and the S-methyl group of methionine. 

Biosynthesis of prodigiosin (23) and undecylprodigiosin (25) diverged for ring C, it is 

derived from acetate and L-alanine in prodigiosin (23) biosynthesis and acetate and glycine 

in undecylprodigiosin (25) biosynthesis. This gave rise to the hypothesis that 

undecylprodigiosin (25) biosynthesis in Streptomyces was homologous to but not the same 

as the pathway that synthesized prodigiosin (23) in Serratia116. 

The A-ring of the common intermediate MBC (26) is thought to arise in a similar 

manner to pyoluteorin biosynthesis where L-proline is attached to a PCP domain and 

undergoes sequential dehydrogenation to form a pyrrole-2-carboxyl thioester (30). The 

proteins that carry out these reactions for their respective pathways can be seen in Figure 

27. It should be noted that homologues exist in each of the pig, red, and tam pathways, 

which form prodigiosin (23), undecylprodigiosin (25), and tambjamine YP1 (27) 

respectively. After the formation of the pyrrole-2-carboxyl thioester (30), PKS machinery 

extends it by a C2 unit to give intermediate 31. The carrier protein bound pyrrole reacts 
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with a L-serine and is subsequently decarboxylated by the pyridoxal 5’-phosphate (PLP)-

dependent α-oxoamine synthase (OAS) domain to generate intermediate 32. Intermediate 

32 then undergoes spontaneous cyclization, dehydration, and tautomerization to yield 4-

hydroxyl-2,2’-bipyrrole-methanol (HBM (33)). HBM (33) is then oxidized to the 

corresponding aldehyde and the remaining hydroxyl group methylated to form MBC (26). 

 

In the final step of the biosynthesis, a condensation enzyme is used to couple MBC (26) to 

MAP (29), 2-undecylpyrrole (2-UP) (44), or dodec-3-en-1-amine (34) to form prodigiosin 

Figure 27. MBC (26) Biosynthesis. The proteins from the pig, red, and tam pathway are 

depicted. Adapted figure from116.  
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(23), undecylprodigiosin (25), and tambjamine YP1 (27) respectively. Each of these 

coupling partners are synthesized separately and joined with MBC (26) in the final step of 

the biosynthesis. The steps involved in the formation of MAP (29) and 2-UP (44) are well 

studied, however, less is known about the formation of dodec-3-en-1-amine (34). There are 

no genes identified in the tam gene cluster to give rise to dodecanoic acid and it has been 

proposed that this intermediate arises from primary metabolism. Dodecanoic acid is then 

converted to dodecanal and undergoes transamination and dehydrogenation to form the 

dodec-3-en-1-amine (34) moiety as seen in Figure 28 for coupling with MBC (26)117. 

 

Figure 28. Proposed dodec-3-en-1-amine biosynthesis. Dodecanoic acid is attached onto an ACP 

which undergoes dehydration and isomerization by a bifunctional enzyme TamT. TamH is also 

bifunctional and reductively offloads the thioester to for an dodecanal which is converted to the 

amine by a PLP dependent enzyme. 
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Research reports that only three genes are required for MAP (29) biosynthesis in 

Serratia118: pigD, pigE, and pigB. MAP (29) is thought to arise from the reaction of 2-

octenal with pyruvate. PigD catalyzes the condensation of pyruvate with 2-octenoyl-ACP. 

The resulting 3-acetyloctanoyl (35) thioester undergoes PigE catalyzed PLP-dependent 

transamination and the resulting amino ketone (36) spontaneously cyclizes to form 

dihydro-MAP (37). PigB catalyzes the oxidation of dihydro-MAP to MAP (29) through a 

FAD dependent mechanism. The proposed pathway for MAP (29) biosynthesis is shown 

in Figure 29. 

 

Figure 29. Proposed MAP (29) biosynthesis. Adapted figure from116. 

Biosynthesis of 2-UP (44) requires several more enzymes when compared to the 

proposed MAP (29) pathway. Several of the genes required for the biosynthesis of 2-UP 

(44) have been determined through experimentation119, these include: redP, redQ, redR, 

redJ, redK, and redL. Biosynthesis begins with the attachment of a malonyl group to the 
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RedQ ACP. RedP is thought to catalyze the formation of an acetoacetyl-RedQ protein by 

reaction with acetyl-CoA. The resulting polyketide molecule 38 is thought to undergo 

rounds of ketoreduction, dehydration, and enoyl reduction through a non-cluster primary 

metabolic enzyme fatty acid synthase (FAS)120. The resulting butanoyl group is transferred 

to RedR and undergoes several rounds of elongation through claisen condensation 

reactions with malonyl-RedQ followed by complete fatty acid reductive processing to 

generate the saturated fatty acid thioester 39. After three iterations of this cycle, RedJ 

catalyzes the hydrolytic cleavage of the thioester 40 to form dodecanoic acid. RedL is a 

large modular enzyme that contains an adenylation domain, two ACPs, a KS and AT 

domain and an OAS domain. The A domain catalyzes the attachment of dodecanoic acid 

to one of the ACPs. Similarly, the AT domain catalyzes the malonylation of the adjacent 

ACP domain. The two KS domains catalyze a Claisen condensation between the two ACP 

bound substrates to form a β-ketotetradecanoyl 41 thioester that is then condensed with 

glycine and subsequently decarboxylated by the PLP-dependent OAS domain. RedK then 

catalyzes the conversion of 5-undecylpyrrolin-3-one 42 to intermediate 43 by a 

nicotinamide adenine dinucleotide (phosphate) NAD(P)H dependent reduction. 

Intermediate 40 then undergoes spontaneous dehydration to give 2-UP (44). The proposed 

biosynthetic scheme can be seen in Figure 30. 
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Figure 30. Proposed 2-UP (44) biosynthesis. Adapted figure from116. 
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3.2 Results and Discussion 

3.2.1 Discovery of Putative Tambjamine BE-18591 

Initially ACCIO was designed to take a guilt by association approach to genomic 

mining of natural product analogues. Inspired by RODEO, its first goal was to look for 

proteins that are characteristic of a biosynthetic gene cluster and examine the surrounding 

region for similarity with known gene clusters. The first iteration of ACCIO utilized the 

MGB tool to find similar gene clusters. 

Of particular interest in the Ross lab were the prodiginine and tambjamine class of 

molecules, as a colleague Katherine Picott was investigating the final diversifying 

condensation reaction. Initially ACCIO was used to try and find the BGC corresponding 

to tambjamine biosynthesis in Pseudoalteromonas citrea DSMZ 8771, a recently identified 

tambjamine producer. In order to find this gene cluster, the primary iteration of the ACCIO 

tool was run using MGB as the comparison algorithm and unique genes for MBC 

biosynthesis pigH, pigI, pigJ, and pigF were used were used in the query. Gratifyingly, the 

tool was able to identify the tambjamine gene cluster in P. citrea, and serendipitously when 

examining the MGB output a Streptomyces BGC which resembled the tambjamine BGC 

was discovered and appeared to be missing the genes required for 2-UP (44) biosynthesis 

(the main related metabolite found in Streptomycetes). The gene clusters from P. citrea and 

Streptomyces will be discussed in more detail in Section 3.2.2 and can be seen in Figure 

31. 
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Figure 31. ACCIO identifies tambjamine gene clusters. The Streptomyces and 

Pseudoalteromonas clusters are located at the top and bottom respectively. 

 

It was speculated that the biosynthetic gene cluster found in Streptomyces is 

responsible for the biosynthesis of tambjamine BE-18591 (28), the only known tambjamine 

from Streptomyces. To examine the relationships between Streptomyces BGCs in more 

detail the second iteration of ACCIO was used incorporating the new BGC2vec 

comparison metric. The ACCIO query was composed of the MiBIG prodigiosin (23) gene 

cluster and particularly the genes responsible for MBC biosynthesis from the previous 

analysis: pigH, pigI, pigJ, and pigF. The resulting similarity scores were visualized using 

Cytoscape and the BGCs were clustered at increasing threshold of similarity seen in Figure 

32. 
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Initially all the BGC’s discovered by ACCIO clustered together as seen in the first BGC 

similarity network at a cutoff of 0.75. The initial GCF was a group of BGCs able to produce 

the same common motif MBC (26). However, as the clustering cutoff was increased, 

discrete GCFs began to break apart. At a cut off value of 0.80 the GCFs that contained 

BGCs largely responsible for the production of prodigiosin (23) and undecylprodigiosin 

(25) began to split up. The separation of BGCc capable of producing prodigiosin (23) and 

undecylprodigiosin (25) is consistent with the observation that each of the class of 

molecules is only seen in either actinobacteria or proteobacteria. As the clustering threshold 

was increased further to 0.87, several other GCF’s began to emerge, interestingly it was 

GCFs that contained BGCs, capable of producing unique undecylprodigiosin (25) 

analogues such as marineosin121 or roseophilin122, that contain additional tailoring enzymes 

Figure 32. BGC Similarity networks at different clustering thresholds. The molecules that the 

majority of gene clusters in each GCF produce as depicted. Three separate BGC similarity 

networks are pictures above each threshold score.  
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on top of the undecylprodigiosin (25) core biosynthetic enzymes. The BGC hypothesized 

to produce tambjamine BE-18591 (28) was observed at a cut off 0.87, the GCF appeared 

to contain several undecylprodigiosin (25) like BGCs however it each BGC contained an 

amino transferase instead of a RedL homologue. The GCF identified by ACCIO was used 

to identify six readily accessible Streptomyces strains harboring the putative BGC. 

3.2.2 Isolation and Characterization of BE-18591 

Once the potential BE-18591 BGC had been discovered, six Streptomyces species 

were ordered from the Agricultural Research Service Culture Collection. In accordance to 

previous examination of actinobacteria genomes, it was speculated that at least one in six 

bacteria harboring a BGC should be able to produce the natural product at a high enough 

concentration to be detected under laboratory conditions 71. The Streptomyces species 

obtained can be seen in Table 1. 

Table 1. Streptomyces species ordered from ARSCC. 

Species NRRL Number 

Streptomyces albus B-2362 

Streptomyces sp. B-1437 

Streptomyces sp. albus S-1521 

Streptomyces sp. F-5639 

Streptomyces sp. F-6602 

Streptomyces sp. WC-3753 

 

Each bacterial strain was streaked onto mannitol-soya (MS) agar, which is known to be 

nutrient rich and promote the growth of Streptomyces. All the Streptomyces species grew 

in approximately two days and sporulated by the seven-day mark. The colonies were 
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cultured in liquid media and frozen cell stocks were prepared. These frozen stocks were 

then used to streak MS agar plates, and these were cultured in tryptic soy broth (TSB) 

(Sigma) for 7 days. The mycelia were extracted with methanol and examined for 

production of BE-18591 (28). The methanol extract was evaporated under reduced 

pressure, resuspended in 1 mL of HPLC grade MeOH and then filtered through a 0.22-

micron filter. This extract was then analysed on an instrument containing an ultra-high 

performance liquid chromatography unit as well as a diode array detector and low 

resolution mass spectrometer (UPLC-DAD-MS) and the resulting absorbance and ion 

chromatograms were examined for BE-18591 (28) by monitoring the absorbance of 405 

nm and the selected M+1 charged species of 358.7 m/z. 

None of the Streptomyces species produced tambjamine BE-18591 (28) when 

cultured in TSB liquid media as seen in Figure 33. However, Streptomyces NRRL B-2362 

was observed to produce a yellow colour on the underside of the MS agar plate during 

culturing, therefore, the mycelia and agar were scraped and extracted with methanol and 

the extract was examined by UPLC-DAD-MS and this time a molecule matching the 

UV/Vis profile and mass of BE-18591 (28) was observed. It was very encouraging that the 

identified BGC was indeed able to produce the known tambjamine, however, we had 

insufficient material to complete a thorough structure elucidation of the natural product. 

Therefore, production was scaled to facilitate Nuclear Magnetic Resonance (NMR) 

characterization. 
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It was speculated that MS liquid media might stimulate production of BE-18591 in 

a similar manner to MS agar. Streptomyces sp. NRRL B-2362 was cultured in 25 ml of MS 

liquid media with metal springs for aeration. The mycelia formed a thick coat along the 

sides of the flask and were well dispersed. The mycelia were pelleted and extracted with 

ethyl acetate for downstream analysis since ethyl acetate reduces the number of compounds 

extracted from the pellet and leads to easier isolation. The extract was prepared and 

examined using the UPLC-DAD-MS as previously noted. BE-18591 (28) was once again 

observed in the extract and therefore it was confirmed that manitol-soya media improved 

production of BE-18591 (28) in this Streptomyces species as seen in Figure 34. While 

there is no explanation why production might be improved by examining gene cluster 

regulation, different media have been known to stimulate production of different 

metabolites in Streptomyces 123.  The extraction was scaled up and the Streptomyces species 

Figure 33. TSB chromatogram. Diode array absorbance is seen in the top chromatogram. The MS 

chromatogram is pictured below. No peak corresponding to BE-18591 (28) was observed here. 



 

78 

 

was grown at the 1L scale. However, examination of this extract showed the production of 

several new analytes that would have made separation and isolation of BE-18591 (28) more 

difficult as seen in Figure 35. 

 

Figure 34. MS media chromatogram. Peak corresponding to tambjamine BE-18591 is labeled in 

ion chromatogram and UV-trace. 

 

Figure 35. Chromatogram from 1L MS culture 

As an alternative method to scale up production, the Streptomyces was grown in 

ten 250 mL flasks each containing 50 mL of media. It is hypothesized that the presence of 
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a spring coil in this small volume would lead to improved aeration and greater dispersion 

of mycelia which would result in production of different metabolites than when grown in 

larger volumes. The mycelia were once again extracted using ethyl acetate and then the 

solvent was evaporated. The extract was redissolved in 2.1 mL of methanol and purified 

using a reverse phase HPLC system. Isolation was guided by the collection of fractions 

with an absorbance at 405 nm, a characteristic wavelength of tambjamine BE-18591 (28). 

The collected fractions were pooled and evaporated to dryness and stored. The total yield 

of purified compound was 0.5 mg and this was dissolved in deuterated chloroform for 

NMR analysis which can be seen in Figure 36 and 37. To confirm that the correct 

compound had been isolated, and that the homologous gene cluster could be attributed to 

BE-18591 (28) production, the 1H-NMR was compared to that originally published113 in 

Figure 38. A labeled BE-18591 (28) molecule for 1H-NMR comparison is shown in Figure 

39. 
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Figure 36. BE-18591 (28) 1H-NMR. 
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Figure 37. BE-18591 (28) COSY NMR 
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Figure 38. Original BE-18591 (28) 1H-NMR. 113 

 

 

 

Figure 39. Labeled BE-18591 (28) molecule for NMR comparison. 
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Table 2. Comparison of BE-18591 (28) 1H-NMR shifts. 

Structure Position Original BE-18591 Isolated BE-18591 

Pyrrole-1 NH 10.8 (1H) 12.34 (1H) 

 2 -  

 3 6.74 (1H) 6.73 (1H) 

 4 6.28 (1H) 6.28 (1H) 

 5 7.06 (1H) 7.08 (1H) 

Pyrrole-2 NH’ -  

 2’ -  

 3’ 5.96 (1H) 5.98 (1H) 

 4’ -  

 5’ -  

 OCH3 3.93 (3H) 3.94 (1H) 

 CH- 7.33 (1H) 7.35 (1H) 

 NH 9.50 (1H) 11.34 (1H) 

Dodecyl  0.88 (3H) 0.90 (3H) 

  1.20~1.45 (18H) 1.25 ~ 1.42 (18H) 

  1.75 (2H) 1.75 (2H) 

  3.47 (2H) 3.47 (2H) 

 

As Table 2 demonstrates, the 1H NMR data for my isolated compound mostly corresponds 

well in terms of proton chemical shifts and integration to that seen for the original molecule. 

However, in my isolation of BE-18591 (28), there appears to be a contamination of the 

sample as can be seen with the extra signal in the 1H NMR spectrum at ~8.75 ppm. This 

may have arisen from a fatty acid impurity as seen by Katherine Picott 124. Additional 

support for the structure is found in the COSY data where the coupling of protons 3,4, and 

5 on the first pyrrole ring can be observed. The COSY also shows the coupling of the 

protons on the dodecyl moiety especially those that are de-shielded due to the presence of 

the imine. 
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High resolution mass spectrometry and tandem mass spectrometry was performed 

by David Simon from the Zechel Lab to analyze the compound. The fragmentation of the 

BE-18591 (28) molecule is seen in Figure 40. The most abundant MS2 ion is 163.08 which 

corresponds to the fragmentation of the imine and the presence of MBC. The exact mass 

to charge ratio and calculated mass to charge ratio are within 5 ppm of each other as seen 

in the figure. Initially the goal of the study was to use molecular networking to identify the 

BE-18591 (28) molecule by comparing the fragmentation pattern with that of prodigiosin 

(23) produced by Pseudoalteromonas rubra and P. citrea. However, development of 

chromatographic methods proved difficult due to the nano-LC column on the instrument. 

It has also been noted that prodigiosin (23) does not produce an MBC (26) fragment when 

analyzed in MS/MS125. Therefore, it is believed that BE-18591 (28) would have only 

clustered in a molecular network with tambjamine YP1 (27). 

 

Figure 40. MS/MS fragmentation of BE-18591 (28). 
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3.2.3 Analysis of BE-18591 Gene Cluster 

The BE-18591 (28) gene cluster that was discovered in Streptomyces sp. NRRL B 

-2362 was compared to existing gene clusters for the production of undecylprodigiosin (25) 

because of its presence in a Streptomyces species and the tambjamine YP1 (27) gene cluster 

due to its similarity in chemical structure. The BGC cluster borders were discerned through 

comparison of several homologous BGCs. The core genes of the tab gene cluster, which 

produces BE-18591 (28), have been shown in Table 3 in conjunction with the red and tam 

gene clusters. The depiction of each gene cluster is seen in Figure 41. 
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Figure 41. Depiction of red, tam, and tab BGCs. Each gene is colour coded based on which part of the 

molecule it is thought to encode for. Orange genes form the core MBC (26) scaffold. Pink striped genes in 

the tab and red gene cluster are responsible for macrocyclization. Genes highlighted in grey do not play a 

biosynthetic role. 
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Table 3. Gene products and putative functions in the tam and red pathways and their overlap with 

the tab pathway. 

Tab Proteins Red Proteins Tam Proteins Putative Function Molecule 

TabE   Aldehyde dehydrogenase DDA 

TabA - TamH Aminotransferase DDA 

TabC - - No assigned function - 

TabP RedP - B-ketoacyl-ACP synthase 2-UP/DDA 

TabQ RedQ - Acyl-carrier protein 2-UP/DDA 

TabR RedR - B-ketoacyl-ACP synthase 2-UP/DDA 

TabY RedY TamR No assigned function - 

TabW RedW TamG L-prolyl-PCP dehydrogenase MBC 

TabX RedX TamF B-ketoacyl synthase MBC 

TabO RedO TamB Petidyl-carier protein MBC 

TabN RedN TamD Aminotransferase MBC 

TabM RedM TamE L-prolyl-AMP ligase MBC 

TabJ RedJ - Thioesterase 2-UP/DDA 

TabI RedI TamP Sam dependent O-methyl 

transferase 

MBC 

TabH RedH TamQ Condensation enzyme Condensation 

TabU RedU TamS Phosphopantetheinyl transferase MBC 

TabV RedV TamJ Oxidase/dehydrogenase MBC 

- - TamA Adenylation-ACP DDA 

- - TamT Dehydrogenase DDA 

 

The schematic overview of the tab gene cluster is accompanied by a table of gene 

annotations (Table 3). The genes in orange highlight the necessary enzymatic machinery 

to produce MBC (26), which is a common chemical structure among all three molecules. 

The genes to produce MBC (26) are reorganized in the undecylprodigiosin (25) gene 

cluster with respect to the BE-18591 (28), there are insertions of several new genes but the 

synteny of several groups of genes are preserved. Based on the hypothesis that new BGCs 

arise through gene duplications and insertions, BE-18591 (28) may be an ancestral 
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molecule with respect to undecylprodigiosin (25). The additions of several new genes in 

the red BGC in contrast to the tab BGC suggests increased metabolite processing, which 

is readily observed in the chemical structure. The tabQ, tabP, tabR, and tabJ genes are 

homologues of the respective redQ, redP, redR, and redJ genes in the red pathway. These 

genes are known to produce dodecanoic acid in conjunction with FAS during 2-UP (44) 

biosynthesis and the fatty acid tail can be seen in both BE-18591 (28) and 

undecylprodigiosin (25). The key difference in molecular structure results from the final 

steps of the biosynthesis, where either a pyrrole moiety is added to the MBC (26) in the 

case of undecylprodigiosin (25) or an enamine in the case of BE-18591 (28). In the red 

BGC, the NRPS/PKS hybrid module thought to facilitate the production of 2-UP (44) 

appears to be inserted between the red BGC equivalent of tabM and tabJ which would 

correspond to a gain in biosynthetic function, increasing the chemical diversity of the 

compound. Furthermore, the red BGC encodes a cyclase, redG, which can cyclize the fatty 

acid portion of the molecule onto 2-UP (44) to give the molecule streptorubin B. These 

additional enzymes allow chemical modifications to the undecylprodigiosin (25) core, 

which have been attributed to increasing bioactivity 90. Therefore, it appears that in the case 

of tambjamines and prodiginines the more modified a molecule is the higher its bioactivity 

may be. 

Tambjamine YP1 (27) is similar in structure to BE-18591 (28) however their BGCs 

appear to have converged on similar structures through different evolutionary lineages. The 

GC content of the tam gene cluster is different to that of the tab gene cluster and is 41% 

and 72% respectively. The tam gene cluster also contains all of its biosynthetic genes 

arranged in one direction, which is similar in layout to the pig gene cluster from Serratia. 
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The dodecanoic acid intermediate involved in the biosynthesis of the enamine moiety in 

tambjamine YP1 (27) is thought to arise from primary metabolism. In tambjamine YP1 

(27) biosynthesis, the dodecanoic acid is thought to covalently attach to TamA containing 

an AT-ACP domain layout. The dodecanoic acid is dehydrogenated by TamT and 

reductively offloaded from TamA by TamH to form dodec-3-enal. TamH is a bifunctional 

enzyme and contains a PLP-dependent transaminase domain that is then thought to convert 

the dodec-3-enal to dodec-3-en-1-amine. The use of dodecanoic acid in tambjamine YP1 

(27) may be justified by its use in primary metabolism and the ability to convert it to an 

aldehyde form to be shunted into tambjamine biosynthesis. Prodigiosin (23) biosynthesis 

also uses fatty acids from primary metabolism and the biosynthesis of dodecanoic acid in 

the red BGC is still thought to employ an FAS from primary metabolism. The tab BGC 

does not contain any tailoring enzymes with homology to those in the tam BGC, including 

those proposed to dehydrogenate the fatty acid tail or facilitate macrocyclization of the tail 

with the A-ring as seen in tambjamine MYP1126. It is speculated that to convert dodecanoic 

acid to dodecamine for BE-18591 (28) biosynthesis, TabE, which is a putitive aldehyde 

dehydrogenase, is thought to convert dodecanoic acid to dodecanal shunting it from 

primary metabolism. The putative aminotransferase TabA, which is homologous to the 

aminotransferase domain of TamH, is then thought to convert dodecanal to dodecamine 

for condensation with MBP. This can be seen depicted in Figure 42. 
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3.3 Conclusion 

This chapter demonstrated how ACCIO could be used to identify BGCs that 

produce analogous molecules. It solidifies the value of scaffold guided genomic mining as 

a tool to be used in conjunction with metabolic profiling to dereplicate molecules. The 

ACCIO tool allows us to not only discover natural product analogues but also start to 

examine the evolutionary relationships of biosynthetic gene clusters. Here we examined 

the similarity between the red, tam, and tab gene clusters and through examination of gene 

synteny proposed that the two tambjamine BGCs arose due to convergent evolution. 

Therefore, it is hypothesized that Tambjamines are thought to be ancestral molecules to the 

commonly identified prodiginines due to the lack of tailoring, modifications, and additional 

genes that are hypothesized to increase with evolution. 

Identification of the tab gene cluster also provides insight that may be useful for 

identifying analogous BGCs responsible for the production of tambjamines A, C, E and K, 

which are currently orphaned (missing BGCs) tambjamines. It is not difficult to envision 

that these gene clusters would contain a PLP-dependent amino acid decarboxylase that 

could shunt amino acids from primary metabolism. The decarboxylated amino acids could 

Figure 42. BE-18591 (28) dodecamine biosynthesis. 
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be joined to MBC by the same mechanisms that condensation enzymes use to couple the 

fatty amines in the tam and tab gene clusters. Due to the isolation of tambjamine A, C, E, 

and K from sponges it is likely that the BGC architecture of the respective genes would 

appear similar to the tam gene cluster. Pseudoalteromonas are known to be symbiotes with 

marine sponges alongside other proteobacteria. It has been noted that these sponge 

symbiotes have been found to be responsible for a large portion of natural products isolated 

from sponges 127. Amino acids are also readily available from primary metabolism which 

is what the pig and tam gene clusters use to in the biosynthesis of their final product. 

The ACCIO tool has great potential outside of dereplication and deorphaning of 

biosynthetic gene clusters. The ability to identify several organisms that harbor the same 

BGC can lead to identification of strains capable of producing natural products of interest 

at increased titers. This allows for application of new strains for molecule isolation 

circumventing the need for arduous synthetic routes or BGC refactoring and engineering 

to improve production levels. Ultimately, this technique can be a great tool to look for 

novel analogues with different drug properties such as increased efficacy and the ability to 

overcome current resistance methods. With another tool to add to the genomic mining 

toolbox the future of natural product discovery appears to be bright indeed. 
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3.4 Experimental 

 

3.4.1 ACCIO Analysis 

For the initial ACCIO analysis pigH, pigI, pigJ, and pigF genes were used alongside 

the prodigiosin gene cluster for MIBiG. The ACCIO pipeline using MGB ran the MGB 

program using the prodigiosin gene cluster as a query and built a database of all genomic 

hit regions. The resulting html file could be viewed to investigate similar gene clusters the 

same way a regular MGB run could be. The second version of ACCIO also performed 

pairwise similarity scoring between all identified gene clusters and returned a csv file 

which contained two columns depicting which gene clusters had been compared and their 

similarity. This was uploaded into Cytoscape and a second file generated by ACCIO which 

gives the taxonomy of each gene cluster was used to colour the nodes. The clustering was 

done using the Cyctoscape Markov cluster algorithm to depict each cutoff. The cutoff was 

manually set and a BGC similarity network was made for each cutoff. 

3.4.2 General Experimental Procedures 

NMR spectra 1D (1H) and 2D [homonuclear correlation spectroscopy (COSY)] for 

BE-18591 were recorded on a Bruker Ascend 700 MHz in deuterated chloroform. Crude 

extracts and preparative fractions were separated on a Waters H-Class UPLC with a 

phenyl-hexyl column (Waters CSH Phenyl-Hexyl; 2.1mm x 50mm; 1.7μm particle size) 

via linear mobile phase gradient from 5% to 95% methanol to water buffered with 0.1 % 

formic acid flowing at 300 µL/min over 20 minutes.  Analytes were detected by diode array 

absorbance from 200 – 600 nm and introduced by electrospray ionization into a single 

quadrupole mass spectrometer at a 2.5 kV electrospray voltage scanning 200 – 1200 m/z. 
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High-resolution mass spectra were collected on a Thermo Orbitrap Velos Pro by direct 

infusion at 10 µL/min with an electrospray voltage of 5.0 kV scanning 200 – 2000 m/z. 

MS2 fragmentation spectra were collected by collision induced dissociation at a normalized 

collision energy of 35. High resolution mass spectrometry and fragmentation data was 

collected by David Simon from the Zechel lab.  

3.4.3 Microbial Strain Culturing 

Streptomyces were obtained from the Agricultural Research Services (ARS) 

Culture Collection. The strain was maintained on MS Agar at 28 ºC. MS agar contains 

10g/L mannitol, 10g/L Soya Flower (Red Mills), and 15g/L agar with pH adjusted to 7.2. 

Spores were resuspended with 8 ml of sterile water and 100 ul was used to inoculate 50 ml 

of MS media 10g/L mannitol and 10g/L Soya Flower (Red Mills) pH adjusted to 7.2 in a 

250 ml Erlenmeyer flask with aeration springs. The cultures were incubated at 28 ºC 

shaking at 150 RPM for a total of 7 days. TSB media was made by using dissolving 27 

grams of tryptic soy broth powder (Sigma) in 700 mL of dH2O. Frozen stocks were 

prepared by combining 0.5 mL of culture supernatant and 0.5 mL of 50% glycerol solution 

and stored at -80 °C. 

 

3.4.4 Production and Isolation of BE-18591 

Streptomyces sp. NRRL B-2362 was grown on MS agar for 4 days. Spores were 

resuspended with 8 ml of sterile water and 100 µL was used to inoculate 50 ml of MS 

media (500 mL total). The cultures were grown at 28 ºC and 150 RPM for 7 days. The 

Mycelia were collected by centrifugation at 12,000 RPM for 10 minutes. The supernatant 

was decanted, and the mycelia were extracted with 400 ml of ethyl acetate in a 750 ml 
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beaker over 2 hours with constant stirring. The ethyl acetate was filtered through Whatman 

filter paper to remove mycelia and dried over anhydrous MgSO4. The ethyl acetate was 

evaporated under reduced pressure and resuspended in 2 ml MeOH. The extract was 

filtered through a 0.22-micron filter (Millipore) and loaded into several 300 µL HPLC vials 

(Waters). BE-18591 was purified by semipreparative scale HPLC, using a waters C8 

column (250 x 10 mm) with deionized H2O and methanol containing 0.1% formic acid as 

the mobile phase, pumping at 3 mL/min. A linear gradient between 60% and 90% methanol 

was used during the first 10 minutes followed by isocratic 90% methanol for 5 minutes. 

BE-18591 eluted at 10 minutes. The fractions containing BE-18591 were pooled and 

evaporated under reduced pressure to yield approximately 1.6 mg /L of compound. The 

compound was observed to be a yellow solid after evaporation. The compound contained 

1H-NMR shifts at 12.34 (1H), 6.73 (1) 6.28 (1H), 7.08 (1H), 5.98 (1H), 3.94 (1H), 7.35 

(1H), 11.34 (1H), 0.90 (3H), 1.25 – 1.45 aliphatic region (18H), 1.75 (2H), 3.47 (2H). The 

compound had a UV-vis absorbance of 405 nm and a mass of 357.28 Daltons. 
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Chapter 4 

Conclusions and Outlook 

4.1 Conclusions and Outlook 

The work presented in this thesis demonstrated the ability of a novel genomic 

mining method - scaffold guided genomic mining – to identify BGCs which produce 

analogous compounds. The thesis explored the process of building a bioinformatic pipeline 

(ACCIO) to streamline the identification and dereplication of BGCs which share a common 

sub structure. The ACCIO pipeline evolved from a simple homology comparison method 

to the first implementation of NLP for BGC dereplication. The ACCIO tool was used to 

identify the BGC which is responsible for the production of a previously discovered 

tambjamine BE-18591. While it was not a novel molecular structure it highlighted the 

ability of ACCIO to find BGCs which produce natural products containing the same 

chemical motif. Identifying the tab gene cluster allowed us to gain insight into the origin 

of the dodecylamine moiety and compare it with the tab and red gene clusters to identify 

common biosynthetic steps. The initial goal of my thesis was to create a bioinformatic tool 

that allowed for the identification of BGCs capable of producing analogous molecules and 

use it to identify a novel structure. One goal was to use ACCIO with molecular networking 

and identify similar connections in BGC similarity networks and molecular similarity 

networks to dereplicate natural products more easily. However, even if two compounds 
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share a common chemical motif, they may not always cluster together in a molecular 

network due to fragmentation patterns. While the thesis did not present a novel scaffold, 

the ability of ACCIO to identify BGCs which produce molecules with similar chemical 

motifs will drive the discovery of novel analogues with unique drug properties. The ability 

to find analogous molecules of clinically relevant therapeutics can help identify medicines 

capable of evading current resistance mechanisms and inspire medicinal chemists 

The genomic mining methods presented in this thesis have obvious limitations but 

build towards the goal of integration with known metabologenomic methods. The ACCIO 

pipeline is unique because it is the first genomic mining tool to implement NLP for BGC 

comparison. It is hypothesized that the solution of using simple vector embeddings is a 

great starting point for future refinement. Since the initial conception of ACCIO and 

implementation of BGC2vec several NLP models have been developed. BERT 

(Bidirectional Encoded Representations from Transformers) is one such language model, 

developed by Google AI Language, which shows state of the art results completing several 

NLP tasks such as inference and question answering 128. The bidirectionality of the BERT 

model allows it to encode a whole sentence at once and learn the context of a word based 

on its surroundings. However, unlike word2vec that uses a shallow neural network with a 

specified window, BERT uses a deep transformer encoder model to learn features as more 

data is presented. Transformers are convolutional neural networks with attention to that 

learn context of words. Implementation of new algorithms in terms of BGC comparison 

could provide more accurate comparison metrics allowing for identification of unique 

chemical motifs. Ultimately the goal of genomic mining and bioinformatics would be to 

assign chemical structure directly from BGCs for any type of molecule. 
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Before BGCs can be translated to molecules several challenges must first be 

overcome. BGC detection must become better at identifying novel BGCs without prior 

handwritten rules of cluster type or GCF. Tools like clusterfinder80 have attempted to 

identify BGCs without any prior knowledge, however, it commonly finds false positives. 

Implementation of machine learning techniques such as those seen in a recent paper from 

Merck, where scientists used a Pfam2vec89 model combined with a recurrent neural net, 

are shown to improve BGC detection and border prediction. One of the problems in BGC 

detection might stem from the use and inherent bias of developed HMMs. Once an HMM 

is developed it encompasses a broad range of domains which may fall into several 

categories. It is imperative when describing proteins to be as specific as possible in terms 

of category, therefore being able to map proteins in a latent space and examine the 

proximity to one another could circumvent the need to assemble HMMs for each protein 

domain. Google AI has shown that one can use deep learning to annotate the protein 

universe 129, and hypothesized that these annotations can accurately compare proteins and 

domains as well as stratify current HMMs into finer categories. These domain embeddings 

could be used in downstream application for BGC detection. 

Once the problem of BGC detection is solved, we must find a way to connect BGC 

with the molecule they biosynthesize for natural product structure prediction. The problem 

with this technique currently and for the foreseeable future, is that there is not enough data 

for deep learning to learn patterns without over-fitting. For perspective, MIBiG currently 

(May 28th) contains 1480 BGCs, which have been curated. However, the AntiSMASH 

database currently contains 32548 BGCs from 24776 unique bacterial strains. Therefore, 

there are orders of magnitude between curated BGCS and identified BGCs and not 
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unreasonable to assume there may be an order of magnitude difference between identified 

BGCs and those that exist in all sequenced bacterial genomes. This difference in magnitude 

is why tiered-transfer learning - where we train deep neural networks on sequentially 

smaller datasets to prevent over fitting – may be robust enough to capture features in BGCs 

that relate to the production of unique chemical motifs in an unbiased manner. 

Transversely, the problem of chemical representation must be solved in order to 

link chemical structures with the BGC space. Autoencoders are not always able to generate 

valid molecular structures due to the difficult problem of assembling molecules from 

compressed data. One method currently under investigation is parsing of simplified 

molecular-input line-entry systems (SMILES) using similar techniques to natural language 

processing; an attention model that simultaneously encode and identify features of 

molecules. The problem will always lie in the complex nature of molecular representation 

since graph models have to be represented as a complex sentence structure with NLP 

methods. Advances in graph neural networks will allow for an end-to-end molecular 

encoded latent space, which could be combined with BGC latent space. 

Once problems have been solved, both in terms of learning BGC features and 

molecular features, a sequence-to-sequence model can be built unifying the two latent 

spaces. This would allow molecular structure prediction for any BGC so long as there is 

sufficient information in terms of groups of genes able to generate molecular features such 

as common motifs. Ultimately, the algorithms will carry out a prediction in much the same 

way humans currently do, it will involve predicting structures based off of molecular 

fragment identified based on known BGCs and known molecules, however, this would be 

on a much faster and automated scale. Multiple predictions can be made, and those 



 

99 

 

predictions can be used as leads for identifying molecules in crude extracts in a similar 

manner to the Genome-to-Natural Product (GNP) platform introduced by the Magarvey 

group130. 

However, the area of metabologenomics must also change in the future if we are to 

continue identifying new natural products. An amalgam of tools like GNP and molecular 

networking, coupled with deep learning will be needed to drive natural product discovery. 

The end goal of metabologenomics would then be to link together the predictive power of 

using BGCs to identify putative molecules and the ability of mass spectrometry to analyze 

complex samples and detect analytes. With predictive tools we would be able to identify 

many potential compounds and seed a molecular network to aid in dereplication of known 

molecules and detect analytes of interest. The field of natural product metabolomics must 

take advantage of the big data being produced. This could be done in a similar manner to 

BGC encodings and instead learn latent space in terms of mass, fragmentation, retention 

time, neutral losses and isotopic distribution. Using tiered transfer learning, all the features 

of molecules can be extracted and used to train deep neural networks with the final tier 

being composed of well curated compounds. Ultimately, the latent space created would 

represent actual molecules with structures and could therefore be used to identify 

compounds that have not been previously analyzed by mass spectrometry. 

For the field of natural product discovery to move forward it must have the ability 

to identify a novel BGC, produce potential chemical structures for products of that BGC, 

and also identify the molecules in a complex mixture.  Outlined above are ways that the 

field could work towards that goal. Progress in these areas will require collaboration 

between people from several disciplines and backgrounds. Improved curation of natural 
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product gene clusters, molecules, and mass spectrometry information by experts in the field 

will be essential. That is why we must focus our collective efforts in the field of natural 

product to discover new medicines for disease and improvement of human health. 
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