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ABSTRACT 

Microbial secondary metabolites are critical sources of antibiotics, anticancer agents, and other 

bioactive compounds, with over 60% of approved drugs derived from natural products. These 

compounds are encoded by biosynthetic gene clusters (BGCs), which contain the genetic 

instructions for producing complex chemical structures. While computational tools can identify 

and group BGCs into families based on similarity, current approaches lack systematic 

frameworks for analysing the internal genetic diversity that drives chemical innovation within 

these families. This limitation represents a significant gap in understanding how biosynthetic 

pathways evolve and generate the remarkable chemical diversity observed in microbial natural 

products. 

In my PhD project, I developed PanBGC, a computational framework that adapts pangenomic 

principles to analyse biosynthetic gene cluster diversity. Just as pangenomics that analyses 

microbial genomic diversity within species populations, PanBGC treats gene cluster families 

as structured populations rather than isolated genomic islands. Applied to over 250,000 BGCs 

from more than 35,000 microbial genomes, representing over 80,000 gene cluster families, the 

PanBGC framework revealed patterns of genetic organization within biosynthetic families. The 

most significant finding was the identification of contrasting evolutionary dynamics: while most 

BGC families exhibit closed gene repertoires with limited acquisition of entirely novel genes, 

they simultaneously demonstrate high compositional plasticity in how existing genetic 

components of one family are combined within individual clusters. This finding indicates that 

biosynthetic innovation operates primarily through modular reorganization of evolutionarily 

validated genetic components rather than through continuous incorporation of novel genetic 

material. 

Functional analysis revealed that core genes were predominantly associated with essential 

enzymatic activities required for basic metabolite biosynthesis, while accessory genes were 

associated with tailoring reactions and regulatory functions that contribute to structural 

diversification. To make these analyses accessible to the research community, PanBGC-DB 

was developed as an interactive web platform containing precomputed analyses of gene 

cluster families, enabling systematic investigations of BGC family diversity. 

The framework addresses practical applications in natural product research. For genome 

mining, the systematic organization enables prioritization of clusters with unusual gene 

combinations that may represent novel chemical scaffolds. In synthetic biology, the 

identification of accessory genes that co-occur with specific core pathways provides evidence 

for functional compatibility, improving the success rate of biosynthetic engineering compared 

to traditional trial-and-error approaches. 

The results of this PhD thesis establish a systematic framework for understanding 

diversification within BGC families. This work provides both fundamental insights into 

biosynthetic evolution and practical tools for natural product discovery, representing a shift 

toward population-level thinking in biosynthetic gene cluster analysis.  
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ZUSAMMENFASSUNG 

Mikrobielle Sekundärmetabolite sind eine entscheidende Quelle für Antibiotika, 

Krebsmedikamente und andere bioaktive Verbindungen. Über 60% der zugelassenen 

Arzneimittel stammen von Naturstoffen ab. Diese Verbindungen werden von Biosynthese-

Genclustern (BGCs) codiert, die die genetischen Anweisungen zur Herstellung komplexer 

chemischer Strukturen enthalten. Während bioinformatische Werkzeuge BGCs identifizieren 

und auf Basis ihrer Ähnlichkeit in Familien gruppieren können, fehlen den derzeitigen Ansätzen 

systematische Herangehensweise zur Analyse der inneren genetischen Diversität, die die 

chemische Innovation innerhalb dieser Familien antreibt. Diese Einschränkung stellt eine 

wesentliche Lücke im Verständnis dar, wie sich Biosynthesewege entwickeln und die 

bemerkenswerte chemische Vielfalt mikrobieller Naturstoffe erzeugt werden. 

In meinem Promotionsprojekt habe ich PanBGC entwickelt, eine bioinformatische pipeline, die 

das pangenomische Prinzipien auf die Analyse der Diversität von Biosynthese-Genclustern 

anwendet. Ähnlich wie die Pangenomik, die die genetische Vielfalt mikrobieller Genome 

innerhalb von Spezies untersucht, behandelt PanBGC Genclusterfamilien als strukturierte 

Populationen statt als isolierte genomische Inseln. Angewendet auf über 250.000 BGCs aus 

mehr als 35.000 mikrobiellen Genomen, die über 80.000 Genclusterfamilien repräsentieren, 

offenbarte PanBGC Muster der genetischen Organisation innerhalb biosynthetischer Familien. 

Der bedeutendste Einblick war die Identifizierung kontrastierender evolutionärer Dynamiken: 

Während die meisten BGC-Familien geschlossene Gen-Repertoires mit begrenzter Aufnahme 

völlig neuer Gene aufweisen, zeigen sie gleichzeitig eine hohe Zusammensetzungsplastizität 

darin, wie bestehende genetische Komponenten einer Familie in einzelnen Clustern kombiniert 

werden. Dieser Einblick deutet darauf hin, dass biosynthetische Innovation primär durch 

modulare Reorganisation evolutionär bewährter genetischer Komponenten erfolgt und nicht 

durch die kontinuierliche Integration neuartiger genetischer Elemente. 

Die funktionelle Analyse zeigte, dass Core-Gene vorwiegend mit essenziellen enzymatischen 

Aktivitäten verbunden sind, die für die grundlegende Metabolitenbiosynthese erforderlich sind, 

während akzessorische Gene mit Modifikationsreaktionen und regulatorischen Funktionen 

assoziiert waren, die zur strukturellen Diversifizierung beitragen. Um diese Analysen der 

Forschungsgemeinschaft zugänglich zu machen, wurde PanBGC-DB als interaktive 

Webplattform entwickelt, die vorkalkulierte Analysen von Genclusterfamilien enthält und 

systematische Untersuchungen der BGC-Familiendiversität ermöglicht. 

Die PanBGC Herangehensweise bietet praktische Anwendungen in der Naturstoffforschung. 

Für das Genome Mining ermöglicht die systematische Organisation die Priorisierung von 

Clustern mit ungewöhnlichen Genkombinationen, die potenziell neuartige chemische 

Grundgerüste darstellen könnten. In der Synthetischen Biologie liefert die Identifizierung von 

akzessorischen Genen, die gemeinsam mit bestimmten Kernwegen auftreten, Hinweise auf 

funktionale Kompatibilität und verbessert damit die Erfolgsquote beim biosynthetischen 

Engineering im Vergleich zu herkömmlichen Trial-and-Error-Ansätzen. 
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Die Ergebnisse dieser Dissertation etablieren eine systematische pipeline zum Verständnis 

der Diversifizierung innerhalb von BGC-Familien. Diese Arbeit liefert sowohl grundlegende 

Erkenntnisse zur biosynthetischen Evolution als auch praktische Werkzeuge für die 

Naturstoffentdeckung und stellt einen Wechsel hin zu einem populationsbasierten Denken in 

der Analyse von Biosynthese-Genclustern dar. 
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THESIS – INTRODUCTION 

THE IMPORTANCE OF SECONDARY METABOLITES FOR HUMANS 

Microbial natural products produced by bacteria, fungi, and other microorganisms have 

fundamentally changed modern medicine and continue to serve as critical resources for human 

health[1–5]. The pharmaceutical industry has built its foundation on these compounds, with 

studies indicating that over 60% of approved drugs are derived from or inspired by natural 

products[1]. From the discovery of the first antibiotic[6] to today's more sophisticated 

therapeutic agents, microbial metabolites have provided us with life-saving medicines[7, 8]. 

Antibiotics such as penicillin, streptomycin, and erythromycin revolutionized the treatment of 

infectious diseases[9], while other microbial compounds have yielded effective therapies 

including anticancer agents like doxorubicin and bleomycin[10, 11], immunosuppressants such 

as cyclosporine and rapamycin[12], and cholesterol-lowering statins[13]. However, the rise of 

antibiotic-resistant pathogens is responsible for over 4,65 million deaths in 2019[14], creating 

an urgent need for new antimicrobials with different modes of action. The structural complexity 

and biological specificity of these compounds often cannot be easily replicated or created 

through synthetic chemistry[15–17], making natural product discovery an ongoing priority for 

pharmaceutical development. Recent calculations suggest that approximately only 3% of 

microbial natural products have been experimentally characterized, indicating a wide range of 

opportunities for future drug discovery[18]. 

Today, as we face continuing global challenges, some microbial natural products have 

emerged as important resources for addressing some of humanity’s most critical problems. 

Environmental applications of microbial natural products continue to grow as industries attempt 

to transition from oil-based chemicals to those from renewable sources. Biosurfactants from 

various bacterial species are a biodegradable substitute for synthetic surfactants with potential 

use in oil spill remediation, cosmetics, and industrial cleaning[19–22]. These compounds often 

possess more favourable chemical properties than their synthetic counterparts while being 

nontoxic and biodegradable[20, 22–24]. In agriculture, natural products provide ecological 

solutions for pest control and plant nutrition[25, 26]. Bacterial and fungal biopesticides, such 

as Bt-toxins and other antifungal compounds[5], provide effective crop protection with less 

environmental impact and toxicity compared to conventional pesticides. Growth promoters and 

biofertilizers of beneficial microorganisms also have the potential to optimize crop production 

while reducing the application of costly and ecologically harmful synthetic fertilizers[27]. 

Additionally, industrial biotechnology relies on enzymes and bioactive compounds that are 

produced by microorganisms[28, 29]. Applications range from food production, the textile 

sector to the manufacture of specific chemicals and pharmaceuticals[30, 31]. The growth of 

synthetic biology has seen these applications further extended through the ability to make 

compounds that are inspired from natural products, in designed microbial systems[32]. This 
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facilitates the manufacture of important chemicals that before only could be made through 

environmentally harmful synthetic approaches[33, 34]. 

BIOSYNTHETIC GENE CLUSTERS: THE RECIPES FOR A DIVERSE 
RANGE OF COMPOUNDS 

The high chemical diversity of microbial secondary metabolites outlined in the previous 

sections is encoded in discrete genomic regions called biosynthetic gene clusters (BGCs)[35, 

36]. These clusters represent the organizational schemes in microbial genomics, whereby 

genes that are responsible for the synthesis, modification, and regulation of a natural product 

are co-localized as compact genomic module[37]. This clustering strategy, first demonstrated 

in early studies on antibiotic biosynthesis in Streptomyces species, represents a profound 

evolutionary solution to the challenges of coordinating complex multi-step biosynthetic 

pathways and responding rapidly to ecological pressures[38, 39]. The evolutionary advantages 

of gene clustering become apparent when considering the dynamic nature of microbial 

environments and the need for rapid adaptation to changing ecological conditions[40] 

Secondary metabolite production often occurs in response to specific environmental triggers, 

competitive pressures, or resource limitations[41–44]. The clustering of biosynthetic genes 

enables coordinated regulation where entire pathways can be activated or silenced as 

functional units, allowing microorganisms to rapidly deploy chemical defenses, communication 

molecules, or resource acquisition tools when ecological conditions demand them[45]. This 

coordinated control is essential for producing complex molecules that often require multiple 

biosynthetic steps and precise regulation to compete effectively in dynamic microbial 

communities. 

Perhaps most importantly for understanding BGC diversity, these clusters function as discrete 

evolutionary units that undergo selection, duplication, and recombination as coherent modules 

rather than as collections of individual genes[46]. The compact nature of BGCs makes them 

particularly suitable for horizontal gene transfer, allowing entire functional biosynthetic 

capabilities to be rapidly acquired by organisms facing similar ecological pressures[47, 48]. 

This horizontal mobility has proven crucial for the evolution and distribution of natural product 

biosynthesis, enabling the rapid dissemination of successful biosynthetic innovations across 

microbial communities when competitive advantages arise. The ecological drivers of BGC 

horizontal transfer include the selective advantage of acquiring new chemical capabilities for 

competition, communication, environmental adaptation, or exploitation of new ecological 

niches[49–52]. 

Furthermore, the modular organization within BGCs themselves facilitates evolutionary 

innovation under ecological pressure. The addition, loss, or modification of genes within 

clusters leads to chemically related compounds with distinct properties, allowing fine-tuning of 

bioactive molecules for specific ecological contexts[40, 53, 54]. For modular systems like Non-

Ribosomal Peptide Synthetases (NRPS) and Polyketide Synthases (PKS), the rearrangement 

of biosynthetic modules can create new compounds that may provide advantages in different 
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competitive environments or against different target organisms[55, 56]. This modular flexibility 

represents a key mechanism through which BGCs can rapidly adapt to new ecological 

challenges while maintaining their core biosynthetic functions. 

MAJOR CLASSES OF BIOSYNTHETIC GENE CLUSTERS 

The chemical diversity of natural compounds is a reflection of the evolution of biosynthetic 

approaches, each defined by characteristic types of BGCs. Even though the products of these 

systems are extremely diverse, the underlying biosynthetic process can be categorized into a 

few major classes, each having its own genetic and biochemical features. 

Non-Ribosomal Peptide Synthetase (NRPS) systems are an assembly line of multiple 

modules forming a mega-enzyme that constructs peptide compounds through a sequential 

series of condensations of amino acid substrates, including proteinogenic and non-

proteinogenic amino acids which are not capable of being constructed into a protein by the 

ribosomal protein synthesis[57]. NRPS are responsible for the production of many of our most 

important antibiotics, including penicillin, vancomycin, and daptomycin, as well as 

immunosuppressants like cyclosporine. Due to the modular organization of NRPS clusters, it 

is possible to link gene structure to the chemical structure by predicting the amino acid 

sequence of the constructed compound[58]. This predictable relationship has made NRPS 

clusters particularly interesting to computational analysis and rational engineering approaches. 

Polyketide Synthases (PKS) systems employ assembly-line logic similar to NRPS but utilize 

acyl-CoA and derivatives of it and uses condensation mechanisms to produce polyketide 

natural products[59]. Type I PKS systems use modular architectures where each module 

possesses the enzymatic domains for one round of chain extension and modification. Type II 

PKS systems are based on a different strategy using iterative enzymes that act repeatedly on 

elongating polyketide chains. Type III PKS systems possess a third structural form that 

produces shorter, often aromatic compounds[60–62]. Compounds produced by PKSs include 

many medically important compounds such as erythromycin, rapamycin, and the anticancer 

agent doxorubicin[63–65]. 

Ribosomally Synthesized and Post-Translationally Modified Peptides (RiPPs) represent 

a rapidly increasing class of natural products that begin as standard ribosomal peptides but 

are modified via various enzymatic reactions to create active molecules. Unlike NRPS 

systems, RiPPs utilize only proteinogenic amino acids and the existing cellular machinery for 

the initial peptide synthesis and later use specialized enzymes to introduce modifications such 

as cyclizations, cross-links, and non-canonical amino acid residues. The diversity of RiPP 

modifications have a wide range, from simple disulfide bridges to complex heterocyclic 

frameworks and new amino acid chemistry[66, 67]. To mention a few, lantibiotics like nisin, 

thiopeptides like thiostrepton, and lasso peptides are compounds produced by RiPPs 

systems[68, 69]. 

Terpene biosynthesis involves the cyclization and modification of isoprenoid precursors to 

create structurally complex molecules that range from simple monoterpenes to complex 
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polycyclic compounds. Terpene BGCs typically contain genes for terpene synthases that 

catalyze the formation of terpene skeletons, along with many modifying enzymes that introduce 

functional groups and structural complexity[70]. Microbial terpenes have found widespread 

applications in pharmaceuticals, with compounds such as artemisinin serving as a critical 

antimalarial drug[71], while others like β-carotene and astaxanthin are utilized as nutritional 

supplements and natural colorants in food and cosmetic industries[72]. 

In addition to the major modular systems, microorganisms use many other biosynthetic 

strategies to generate chemical diversity. These include saccharide natural products 

assembled through glycosyltransferases[73], alkaloid biosynthesis employing diverse 

strategies to generate nitrogen-containing heterocycles, and various other specialized 

pathways for producing unique chemical scaffolds[74]. One of the most intriguing aspects of 

natural product biosynthesis is the prevalent existence of hybrid systems that incorporate 

structural components from greater than one biosynthetic class. NRPS-PKS hybrids for 

example are able to yield compounds with peptide as well as polyketide components, while 

other mixtures yield additional chemical diversity[75]. 

This modular organization of biosynthetic genes enables not only experimental investigation 

but also computational analysis. As a result, tools for detection and specialized databases 

have been developed to identify, classify, and compare these genomic regions across the 

rapidly expanding amount of easily available sequenced microbial genomes. 

ECOLOGICAL PRESSURES AS THE PRIMARY DRIVER OF BGC 
DIVERSITY 

The architectural diversity observed in microbial natural products is not random but rather 

reflects millions of years of evolutionary selection driven by fundamental ecological challenges 

that microorganisms face in their natural environments. Understanding these ecological 

pressures is crucial to comprehend how and why such biosynthetic diversity evolved, and more 

importantly, how these pressures continue to drive diversification within families of related 

BGCs[76–78]. The ecological roles of natural products represent the primary selective forces 

that shape BGC evolution, creating the patterns of conservation and variation within 

biosynthetic families that form the central focus of this thesis. 

In the microscopic world, natural products serve as molecular tools for survival and competitive 

advantage in resource-restricted environments and heavily competitive ecological niches[79]. 

These compounds are not merely secondary byproducts of metabolism but rather represent 

the outcome of millions of years of evolution toward fitness-enhancing characteristics[54]. 

Within microbial communities natural products serve as competition mediators, cooperation 

mediators, signallers, and adaptors to changing environmental conditions. 

Chemical warfare is among the most notable ecological roles[80]. In densely populated 

environments such as soil or marine biofilms, microorganisms compete for limited space and 

resources[81]. The antibiotic-resistance arms race has stimulated fast innovation in microbial 

chemical warfare[82]. Streptomyces species, whose members have been shown to produce a 
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high quantity of secondary metabolites, each generate numerous different antimicrobial 

compounds, often with different modes of action[83]. Apart from direct antimicrobial activity, 

some natural products are more subtle competitive agents. Some will inhibit specific 

metabolism or interfere with essential cell operations without directly killing cells, creating 

competitive advantages without the severe selective pressure imposed by rapid killing. Others 

are analogs for signal molecules that can disrupt communication systems within competing 

organisms[84, 85]. 

Natural products of microbes also serve critical roles in cell-to-cell communication and 

community organization[86]. Quorum sensing molecules, including acyl-homoserine lactones, 

autoinducing peptides, and autoinducers, enable bacteria to coordinate population-wide 

behavior like biofilm formation, the expression of virulence factors, and sporulation[87, 88]. 

These signaling systems demonstrate how chemical communication can emerge as an 

organizing principle in microbial communities, enabling complex collective behaviors that 

enhance survival and competitiveness[89]. The complexity of microbial signaling also 

encompasses interspecies and even interkingdom interactions. 2,4-Diacetylphloroglucinol 

from Pseudomonas species, for instance, not only inhibits fungal competitors but also 

promotes plant growth, illustrating the polyfunctionality of some natural products[90, 91]. These 

molecules also serve as molecular mediators in complex ecological networks, influencing 

community composition and ecosystem function[92]. 

In nutrient-limited environments, microbial natural products are often part of the molecular 

machinery for resource acquisition. The best-studied example are siderophores. These 

compounds are highly selective iron-chelating molecules that enable survival in iron-limited 

environments. The structural diversity of siderophores is a reflection of the evolutionary arms 

race between iron acquisition and iron sequestration, with different classes of structures having 

specific advantages under specific environmental conditions[93]. 

Apart from nutrient acquisition, natural products have also a central function in stress response 

and adaptation. Pigments such as carotenoids and melanins are UV radiation and oxidative 

stress protectants[94], while compounds like ectoine and trehalose are produced to survive 

osmotic stress[95]. This sort of functional diversity demonstrates how natural product 

biosynthesis has evolved as a general strategy for environmental adaptation. 

COMPUTATIONAL PIPELINE FOR BGC ANALYSIS: FROM DETECTION 
TO COMPARATIVE GENOMICS 

The advancements in high-throughput genome sequencing have fundamentally reshaped how 

natural products are discovered and their biosynthesis is analyzed[96]. Whereas more 

traditional approaches relied on bioactivity-guided microbial isolation from cultivatable 

microbes, something that was inherently limited by cultivation biases and laboratory-

expression conditions, the genomic era has revealed to us the vast, largely uncharted 

biosynthetic potential encoded in microbial genomes[97]. This new available data necessitated 

the development of computational algorithms and analytical tools with the ability to detect, 
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annotate, and align biosynthetic gene clusters from the increasing number of sequenced 

genomes.  

The first step in the analysis pipeline is the detection of BGC in the sequenced genome. 

AntiSMASH (Antibiotics & Secondary Metabolite Analysis Shell)[98], which is considered the 

gold standard in BGC detection, was the first comprehensive, automated pipeline for BGC 

detection and annotation. AntiSMASH employs a multi-layered detection approach that entails 

the incorporation of signature gene identification, determination of domain architecture, and 

comparative genomics to predict BGC boundaries as well as classify clusters to known 

biosynthetic classes. The rule-based platform also uses databases of known biosynthetic 

domains with emphasis on the conserved catalytic domains that make up the large BGC 

classes such as NRPS, PKS, and RiPP systems. Complementing rule-based approaches, 

tools like DeepBGC introduced machine learning into BGC detection[99]. This machine 

learning approach is particularly efficient in discovering new BGC architectures that might be 

missed by rule-based approaches. Similarly, GECCO (Gene Cluster Prediction with 

Conditional Random Fields) employs ensemble methods combining multiple detection 

techniques to provide more comprehensive boundary predictions through probabilistic 

modeling of gene relationships[100]. 

The expanding number of computationally predicted BGCs has brought unprecedented data 

storage, organization, and access challenges. This led to the creation of different databases 

with curated datasets of BGCs. The gold standard for BGC curation is the MIBiG database 

(Minimum Information about a Biosynthetic Gene cluster) that provides manually curated, 

experimentally proven BGCs with clear cluster boundaries along with their characterized 

chemical products[101]. All entries in the MIBiG database include metadata covering 

biosynthetic pathways, chemical structures, biological activities, and the publication where the 

cluster was analyzed. This dataset is used for training computational tools and serves as 

reference standard for comparative BGC analysis. In addition to the MIBiG dataset the 

antiSMASH database provides BGCs of the entire collection of publicly released genomes and 

comprises over 250.000 predicted BGCs[102]. 

With the introduction of BiG-SCAPE (Biosynthetic Gene Similarity Clustering and Prospecting 

Engine) a systematic approach was enabled to organize BGCs in different groups, so called 

Gene Cluster Families (GCF), based on similarity[103]. Gene cluster families represent groups 

of BGCs that share similar genetic architecture and are likely to produce related chemical 

compounds. This clustering is crucial because it enables: 

• Evolutionary insight: GCFs can reveal how biosynthetic pathways have evolved and 

spread across different organisms 

• Functional prediction: BGCs within the same family often produce structurally related 

compounds, allowing prediction of chemical output from uncharacterized clusters 

• Prioritization: Researchers can focus on novel GCFs that may represent new chemical 

scaffolds 

• Comparative analysis: GCFs enable systematic comparison of how the same 

biosynthetic logic is implemented across different organisms and how diversity is 

generated 
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BiG-SCAPE constructs similarity networks by connecting BGCs based on their calculated 

distances, enabling cluster family identification. For larger-scale analyses, BiG-SLiCE 

(Biosynthetic Genes Super-Linear Clustering Engine) was developed to handle much larger 

BGCs datasets through the use of highly optimized clustering algorithms and dimensionality 

reductions[104]. 

In combination with advanced clustering methods, several tools have been created to support 

targeted comparative analyses and homolog identification. The cblaster tool enables the rapid 

identification of homologous gene clusters within large genomic datasets by combining 

sequence similarity analyses with synteny conservation analyses[105]. The strength of this 

tool lies in its ability to recognize biosynthetic gene cluster families based on gene content 

similarities while also taking into account gene order preservation. This makes it essential to 

find similar clusters and see how distributed a cluster is across different taxonomic groups. 

Furthermore, the IsaBGC tool performs comparative analyses of genomic islands, including 

biosynthetic gene clusters[106]. IsaBGC is especially focused on comparing BGCs through 

extensive sequence analysis, synteny analysis, and comparison of functional annotations. On 

the other hand, tools like Clinker provide visualization tools for the comparison of similar BGCs 

generating figures that highlight synteny relationships and structural diversity within BGC 

families[107]. 

Regarding systematic comparative studies of BGC families, the Zonal Orthologous Loci (ZOL) 

method represents a valuable tool for the detection of orthologous genes through the 

integrative application of sequence similarity clustering and synteny conservation[108]. As an 

orthologous gene group we understand a set of genes with high to identical functions. Unlike 

traditional methods for ortholog identification that ignore gene order, ZOL retains positional 

information, making it an especially useful approach for studies of gene conservation, loss, 

and rearrangement within phylogenetically related BGCs.  

However, as the field advances and datasets continue to grow, new analytical opportunities 

emerge. While we can successfully identify and classify BGC families, we lack systematic 

frameworks for analyzing their internal diversity, as mentioned in previous chapters. This 

includes understanding which genes are conserved versus variable, quantifying compositional 

diversity, and assessing the evolutionary dynamics that drive biosynthetic innovation within 

families. 

This analytical gap was especially evident, through collaborative research (manuscript 1 and 

2) on caprazamycin biosynthesis and Rhodococcus lipopeptides, where I contributed 

comparative genomics analyses that mapped the distribution of specific BGCs across bacterial 

taxa. While these studies successfully achieved their objectives, they highlighted an intriguing 

analytical opportunity: the systematic analysis of diversity within BGC families. Understanding 

whether the thousands of related clusters we identified were compositionally identical or 

exhibited systematic variation could have provided crucial insights into biosynthetic evolution 

and functional specialization. For instance, compositional differences within the liu cluster 

family, which is responsible for the production of the antibiotic caprazamycin, might correlate 

with substrate specificity variations or ecological adaptations, while diversity patterns similar to 

the lipopeptide BGCs of Rhodococcus could reveal the genetic basis for structural 
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modifications that generate chemical novelty. Moreover, distinguishing universally conserved 

genes from variable accessory components could inform rational engineering approaches and 

guide the discovery of novel bioactive compounds by highlighting clusters with unusual gene 

combinations. Current BGC analysis tools excel at organizing clusters into families but lack 

frameworks for analyzing internal diversity within those families. 

PANGENOMICS FOR UNDERSTANDING ECOLOGICAL EVOLUTION IN 
BGCS 

The limitations of current BGC analysis approaches for understanding ecological diversification 

point toward a solution that has proven highly successful in microbial population genomics: the 

pangenome framework[109, 110]. Pangenomics provides the population-level analytical 

approach needed to understand how ecological pressures create patterns of genetic diversity 

within related groups of organisms, or in this case, related BGCs[111]. By adapting 

pangenomic concepts to BGC families, we can systematically analyze how ecological forces 

drive biosynthetic evolution and chemical diversification. 

THE PANGENOME FRAMEWORK: A POPULATION-LEVEL MODEL FOR GENOMIC DIVERSITY 

The pangenome concept emerged when it became clear that one genome could not possibly 

capture the entire genetic variation that exists within microbial species. By analyzing several 

genomes from the same species or closely related strains, Tettelin et al.[109] showed that 

bacterial populations have shared conserved genetic cores and variable accessory gene pools 

that allow adaptation and specialization. This observation challenged the traditional analysis 

of a single-reference genome and provided a population-centric model for understanding the 

genomic variation that exists in microbial organisms. 

The main principle of the pangenome framework is to organize all the genes found across a 

group of related organisms into three functional categories. Core genes are found universally 

in all the genomes across one group and are mostly involved in functions that are necessary 

for basic cellular processes, such as metabolic pathways and organism survival. These genes 

form the conserved genetic core that defines the taxonomic group and maintains its most 

important biological characteristics. Accessory genes, on the other hand, occur in some but 

not all of the genomes in the population, often encoding functions that provide selective 

benefits in specific environmental settings, such as resistance to antibiotics, virulence, or 

specialized metabolism. Unique genes are found only in single genomes and can mark recent 

acquisitions, highly specialized functions, or evolutionary innovations that have not yet spread 

to the larger population[110, 112, 113].  

Along with the above-described classification of genes, pangenomic studies provide 

quantitative analyses that facilitate more advanced understanding of evolutionary processes 

and adaptability[114, 115]. In the pangenomic framework this is quantified by the openness of 
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a population of closely related strains. The openness level within the pangenome, commonly 

quantified by Heaps' law γ-values, defines whether the population continues to gain new 

genetic content as more genomes are analyzed[116, 117]. Essentially, the level of openness 

determines if the addition of more relevant genomes to the group still reveals new genes or 

reaches a point of saturation. Open pangenomes (γ > 0.6) show an ongoing increase in the 

gene content with each subsequent genome, implying high horizontal gene transfer rates and 

ecological flexibility. Closed pangenomes (γ < 0.3) quickly reach a saturation level, indicating 

stable and conserved genetic arrangements with low rates of continued gene addition. 

Intermediate pangenomes (0.3 ≤ γ ≤ 0.6) show moderate levels of gene content increase.[117, 

118] 

The effectiveness of pangenomic approaches is supported by a vast range of novel studies 

involving different microbial systems. In the context of microbial pathogens, pangenomic 

analyses of Escherichia coli have revealed that this species contains a large reservoir of 

accessory genes, with every strain exhibiting only a part of the total genetic diversity, thus 

explaining the significant phenotypic differences between commensal and pathogenic 

isolates[119]. In a similar way, pangenomic analysis of Salmonella species has revealed 

accessory genes associated with host adaptation and virulence, providing essential insights 

into the genetic basis of host range and pathogenicity[120, 121]. In the realm of environmental 

microbiology, pangenomic analysis of marine Prochlorococcus populations has explained the 

maintenance of core metabolic functions across oceanic habitats, with accessory genes 

enabling adaptation to local variations in nutrient availability and environmental stresses[122]. 

Taken together, these studies highlight how the pangenome concept has enabled researchers 

to move beyond the single-genome paradigm, allowing a unified understanding of the genetic 

diversity and adaptive potential inherent within microbial populations. 
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AIM OF THE STUDY 

To close the analytical gap that came apparent in the 2 projects mentioned in the previous 

chapter the central aim of this thesis is to create a framework to understand diversification of 

BGCs within gene cluster families by adapting the pangenome concept to BGC analysis. This 

approach will allow to identify core gene present in different gene cluster families which are 

most likely to produce the core structure of the compound, as well as accessory genes that 

are possibly used to introduce subtle modification to enable diversification. Additionally, by 

adapting, in multiple ways the openness metrics used in genomics, this research assesses 

whether BGC diversity is driven by the acquisition of more genes or by reshuffling existing 

genes within families. 

To make these population-level analyses accessible to the broader research community, this 

work developed PanBGC-DB (https://panbgc-db.cs.uni-tuebingen.de/), an interactive web 

platform enabling exploration of BGC family diversity patterns and custom pangenomic 

analyses. This research will provide the first systematic framework for understanding 

diversification within BGC families, with applications for both fundamental biosynthetic 

research and natural product discovery. 
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INFORMATION ON THE MANUSCRIPTS 

MANUSCRIPT 1: ORIGIN OF THE 3-METHYLGLUTARYL MOIETY IN 
CAPRAZAMYCIN BIOSYNTHESIS 

CONTENT 

This research discovered two pathways that supply 3-methylglutaryl-CoA for caprazamycin 

biosynthesis: one from the caprazamycin gene cluster itself (involving Cpz5), and another 

hijacked from the host cell's leucine/isovalerate utilization pathway (Liu-pathway). This 

represents the first report of the intermediate 3-methylglutaconyl-CoA being repurposed from 

primary metabolism for natural product formation. The study also found that Cpz20 and Cpz25 

function in a common route where both pathways converge, highlighting the interplay between 

primary and secondary metabolism. My contribution to this work was performing the cblaster 

analysis to investigate the distribution of liu clusters across Actinobacteria genomes. 

STATUS 

Published 05 November 2022, doi: https://doi.org/10.1186/s12934-022-01955-6  
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MANUSCRIPT 2: INTEGRATED GENOME AND METABOLOME MINING 
UNVEILED STRUCTURE AND BIOSYNTHESIS OF NOVEL LIPOPEPTIDES 
FROM A DEEP-SEA RHODOCOCCUS 

CONTENT 

This research used integrated genome and metabolome mining to discover novel lipopeptides 

from a deep-sea bacterium Rhodococcus sp. I2R. The study identified two new families of 

bioactive compounds: rhodoheptins (20 cyclic lipopeptides) and rhodamides (33 

glycolipopeptides), by linking NRPS gene clusters to their corresponding metabolite products 

using mass spectrometry-based molecular networking. These lipopeptides exhibited 

biosurfactant activity and showed moderate anticancer effects against melanoma cells, 

expanding the known biosurfactant repertoire from marine bacteria. The work demonstrates 

how combining genomics with metabolomics can reveal cryptic biosynthetic pathways and lead 

to the discovery of structurally diverse natural products with potential biotechnological 

applications. My contribution to this work was performing the cblaster analysis to investigate 

the distribution of rhodoheptin and rhodamide biosynthetic gene clusters across Rhodococcus 
species.  

STATUS 

Published 24 November 2024, doi: https://doi.org/10.1111/1751-7915.70011  

Microbial Biotechnology 
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MANUSCRIPT 3: PANBGC-DB: ADAPTATION OF THE PANGENOMIC 
FRAMEWORK ON A BIOSYNTHETIC GENE CLUSTER LEVEL 

CONTENT 

This research introduces PanBGC, a pangenome-inspired framework that adapts the classic 

pangenomic approach to biosynthetic gene clusters (BGCs) by treating gene cluster families 

as structured populations rather than isolated genomic units. Applied to over 250,000 BGCs 

from more than 35,000 genomes, PanBGC systematically classifies biosynthetic genes into 

core, accessory, and unique categories and quantifies compositional diversity through 

openness metrics. The study reveals that BGC diversification is primarily driven by modular 

reorganization of existing gene sets inside a GCF rather than acquisition of entirely novel 

genes, with most gene cluster families showing closed gene repertoires but high compositional 

variability. To make this framework accessible, PanBGC-DB was developed as an interactive 

web platform that enables researchers to explore biosynthetic diversity at population 

resolution, visualize evolutionary relationships, and contextualize newly discovered BGCs 

within the global landscape of secondary metabolism. 

STATUS 

Preprinted on BioRxiv, August 2025, doi: https://doi.org/10.1101/2025.08.11.669102  

Currently submitted to ISME communication, September 2025, under consideration 
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RESEARCH

Origin of the 3-methylglutaryl moiety 
in caprazamycin biosynthesis
Daniel Bär1, Benjamin Konetschny1, Andreas Kulik2, Houchao Xu3, Davide Paccagnella4, Patrick Beller1, 
Nadine Ziemert4,5, Jeroen S. Dickschat3 and Bertolt Gust1* 

Abstract 
Background: Caprazamycins are liponucleoside antibiotics showing bioactivity against Gram-positive bacteria 
including clinically relevant Mycobacterium tuberculosis by targeting the bacterial MraY-translocase. Their chemical 
structure contains a unique 3-methylglutaryl moiety which they only share with the closely related liposidomycins. 
Although the biosynthesis of caprazamycin is understood to some extent, the origin of 3-methylglutaryl-CoA for 
caprazamycin biosynthesis remains elusive.

Results: In this work, we demonstrate two pathways of the heterologous producer Streptomyces coelicolor M1154 
capable of supplying 3-methylglutaryl-CoA: One is encoded by the caprazamycin gene cluster itself including the 
3-hydroxy-3-methylglutaryl-CoA synthase Cpz5. The second pathway is part of primary metabolism of the host cell 
and encodes for the leucine/isovalerate utilization pathway (Liu-pathway). We could identify the liu cluster in S. coeli-
color M1154 and gene deletions showed that the intermediate 3-methylglutaconyl-CoA is used for 3-methylglutaryl-
CoA biosynthesis. This is the first report of this intermediate being hijacked for secondary metabolite biosynthesis. 
Furthermore, Cpz20 and Cpz25 from the caprazamycin gene cluster were found to be part of a common route after 
both individual pathways are merged together.

Conclusions: The unique 3-methylglutaryl moiety in caprazamycin originates both from the caprazamycin gene 
cluster and the leucine/isovalerate utilization pathway of the heterologous host. Our study enhanced the knowledge 
on the caprazamycin biosynthesis and points out the importance of primary metabolism of the host cell for biosyn-
thesis of natural products.

Keywords: Streptomyces coelicolor, Caprazamycin, Leucine/isovalerate utilization pathway, 3-methylglutaryl-CoA, 
Primary metabolism
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Background
Caprazamycins (CPZs) belong to the family of lipo-
nucleoside antibiotics and were first isolated from 
Streptomyces sp. MK730-62F2 [1]. !eir chemical core 
structure is built up by ( +)-caprazol which consists of 
5′-glycyluridine, 5-amino--ribose and a permethylated 
diazepanone ring. β-hydroxylated fatty acids are attached 

to the diazepanone ring resulting in formation of the bio-
synthetic intermediates hydroxyacylcaprazols. Attached 
to the free hydroxyl group of the fatty acid is a 3-methyl-
glutarate bound to a permethylated -rhamnose, a%ord-
ing the final caprazamycins. Caprazamycins are classified 
by chain length and constitution of the fatty acid [2, 3] 
(Fig. 1).

!eir bioactivity is based on inhibition of phos-
pho-MurNAc-pentapeptide transferase (MraY), 
which transfers phospho-MurNAc-pentapeptide 
from UDP-MurNAc-pentapeptide onto undeca-
prenyl phosphate (C55-P) during bacterial cell wall 

Open Access

Microbial Cell Factories

*Correspondence:  bertolt.gust@uni-tuebingen.de

1 Department of Pharmaceutical Biology, Eberhard-Karls University Tübingen, 
Auf der Morgenstelle 8, 72076 Tübingen, Germany
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12934-022-01955-6&domain=pdf


Page 2 of 15Bär et al. Microbial Cell Factories          (2022) 21:232 

biosynthesis [4–6]. Caprazamycin B shows promis-
ing activity against Gram-positive bacteria including 
strains of the genus Mycobacterium, such as the clini-
cally relevant pathogen M. tuberculosis [1, 7]. Although 
it was reported for liposidomycins, that the 3-methyl-
glutaryl moiety increases inhibition of peptidoglycan 
synthesis, newly generated caprazamycin derivates 
were focused on truncating the chemical structure thus 
sacrificing this moiety [8]. In palmitoylcaprazol, the 
fatty acid residue was replaced by a simpler palmitoyl 
side chain resulting in similar potency against M. smeg-
matis and M. tuberculosis compared to caprazamycin B 
[9, 10]. Further studies showed that the key sca%old for 
antimicrobial activity consists of uridine, aminoribose, 
the diazepanone ring and the fatty acid chain, whereas 
the 3-methylglutaryl moiety and the rhamnose seemed 
to be dispensable [10, 11]. For CPZEN-45, replacing the 
fatty acid moiety by 4-butylanilide showed improved 
efficacy and lower toxicity compared to caprazamy-
cins, but this compound shifted its target from MraY to 
WecA in M. tuberculosis [7, 12, 13].

!e caprazamycin gene cluster was the first cluster of a 
MraY inhibitor to be identified and verified by heterolo-
gous expression in S. coelicolor M512. Later, the biosyn-
thetic gene cluster of the closely related liposidomycins 
was reported [14, 15]. Genes required for biosynthesis 
of rhamnose are not located on the CPZ gene cluster but 
were identified elsewhere on the genome of Streptomyces 
sp. MK730-62F2. Since the heterologous host S. coelicolor 
is missing those genes, heterologous expression resulted 
in the formation of caprazamycin aglycons instead of 
caprazamycins [16]. Deletion of the carboxylesterase 
Cpz21 resulted in the formation of hydroxyacylcapra-
zols indicating Cpz21 to be responsible for the transfer 
of 3-methylglutaryl-CoA onto the β-hydroxyl group of 
hydroxyacylcaprazols [14].

Although the steps of caprazamycin biosynthesis are 
understood to some extent, no biosynthetic route lead-
ing to 3-methylglutaryl-CoA has been described so 
far [17]. Investigating the caprazamycin gene cluster, a 
starting point for 3-methylglutaryl-CoA biosynthesis 
could be catalyzed by the putative 3-hydroxy-3-meth-
ylglutaryl-CoA synthase Cpz5. !is class of enzymes 
usually converts acetyl-CoA and acetoacetyl-CoA to 
3-hydroxy-3-methylglutaryl-CoA [18–20]. A removal 
of the hydroxyl group would then lead to the desired 
3-methylglutaryl-CoA.

Considering that precursors for natural products could 
also be provided by the host cell itself, we analyzed the 
primary metabolism of S. coelicolor M1154 for plausible 
intermediates leading to 3-methylglutaryl-CoA as well. A 
rich source of short-chain acyl-CoAs is the degradation 
of branched-chain amino acids (BCAA) leucine, valine 
and isoleucine [21]. !e first step in degradation of all 
three branched-chain amino acids is transamination fol-
lowed by oxidative decarboxylation to the correspond-
ing acyl-CoA-thioesters carried out by a branched-chain 
(-keto acid dehydrogenase (BCDH) complex [22–24]. 
Next, this pathway diverges into three branches, one for 
each amino acid [21]. !e leucine/isovalerate utilization 
pathway (Liu-pathway) of P. aeruginosa PAO1 is well 
described and it was also investigated in P. putida PpG2, 
M. xanthus DK1622 and M. luteus [25–32] (Additional 
file  1: Fig. S1). A comparative genomics study of the 
Liu-pathway regulation showed that this cluster is also 
widely distributed among protobacteria [33]. !e cata-
bolic pathway of leucine continues with isovaleryl-CoA 
being converted to 3-methylcrotonyl-CoA in a dehydro-
genation step catalyzed by isovaleryl-CoA dehydroge-
nase LiuA. Enzymes facilitating this step have also been 
reported for S. coelicolor J802 encoded by acdH (sco2779) 
and for S. avermitilis ATCC 31272 encoded by fadE4 

Primary metabolism Caprazamycin gene cluster
?

Fig. 1 Chemical structure of hydroxyacylcaprazols and caprazamycins aglycons. Attachment of 3-methylglutaryl-CoA is catalyzed by Cpz21
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(SAVERM_5275) [34]. Next, a 3-methylcrotonyl-CoA 
carboxylase complex consisting of subunits ( and β (LiuD 
and LiuB) generates 3-methylglutaconyl-CoA by transfer 
of acetyl-CoA onto 3-methylcrotonyl-CoA. !e iden-
tification of a similar (-subunit was also reported for S. 
toxytricini [35]. 3-methylglutaconyl-CoA is further con-
verted to 3-hydroxy-3-methylglutaryl-CoA by 3-meth-
ylglutaconyl-CoA hydratase LiuC and in a final step, the 
3-hydroxy-3-methylglutaryl-CoA lyase LiuE generates 
acetyl-CoA and acetoacetate. Intriguingly, all interme-
diates of the Liu-pathway resembling 3-methylglutaryl-
CoA in structure making them promising starting points 
for a biosynthetic route towards 3-methyglutaryl-CoA 
originating from the host cells primary metabolism.

In this work, we could show that two routes are leading 
to 3-methylglutaryl-CoA for caprazamycin biosynthesis. 
!e first is encoded by the caprazamycin gene cluster and 
starts by the action of the 3-hydroxy-3-methylglutaryl-
CoA synthase Cpz5. !e second pathway derives from 
the catabolism of leucine as part of the primary metabo-
lism of the host cell. Our study enhances the knowledge 
on the biosynthesis of liponucleoside antibiotics and lays 
the foundation for further studies on the alteration of 
the 3-methylglutaryl moiety towards new caprazamycin 
analogues.

Results
Deletion of the 3-hydroxy-3-methylglutaryl-CoA synthase 
Cpz5 does not abolish caprazamycin aglycon formation
!e biosynthetic gene cluster of caprazamycins encodes 
for Cpz5, a putative 3-hydroxy-3-methylglutaryl-
CoA synthase (Additional file  1: Fig. S2). !is family 
of enzymes catalyze the Claisen-like condensation of 
acetyl-CoA and acetoacetyl-CoA to 3-hydroxy-3-meth-
ylglutaryl-CoA. So far, the role of Cpz5 during capraza-
mycin biosynthesis has not been investigated. Due to 
the structural similarity to 3-methylglutaryl-CoA, we 
predicted that 3-hydroxy-3-methylglutaryl-CoA gener-
ated by Cpz5 could be a promising starting point of a bio-
synthetic route towards 3-methylglutaryl-CoA entirely 
encoded by the caprazamycin gene cluster. To test this 
hypothesis, a deletion of cpz5 was generated on cosmid 
cpzLK09, which contains the entire caprazamycin gene 
cluster, yielding cosmid cpzDB04. Heterologous expres-
sion of cpzLK09 in S. coelicolor leads to the accumulation 
of caprazamycin aglycons because the heterologous host 
is lacking the genes required to produce -rhamnose, 
whereas a mutant not capable of providing 3-methyl-
glutaryl-CoA should stop production at the stage of 
hydroxyacylcaprazols [16]. We generated three individual 
mutants either containing cpzLK09 resulting in S. coe-
licolor M1154/cpzLK09 (1)–(3) or harboring cpzDB04 
resulting in S. coelicolor M1154/cpzDB04 (1)–(3). As 

expected, all three S. coelicolor M1154/cpzLK09 mutants 
were able to produce caprazamycin aglycons, showing 
signals with high intensities for caprazamycin aglycons 
A and B with m/z 958.5 at Rt of 14.9 min, caprazamycin 
aglycons C, D and G with m/z 944.5 at Rt of 14.3  min 
and caprazamycin aglycons E and F with m/z 930.5 at 
Rt of 13.8  min. Masses of hydroxyacylcaprazols A and 
B with m/z 830.5 expected at Rt of 14.0 min, hydroxya-
cylcaprazols C, D and G with m/z 816.5 expected at Rt 
of 13.4 min and hydroxyacylcaprazols E and F with m/z 
802.5 expected at Rt of 12.9  min were not detected. In 
contrast to our hypothesis, a deletion of cpz5 could not 
impair the formation of caprazamycin aglycons as they 
were still produced by all three gene deletion mutants 
(Additional file 1: Figs. S3–S5). !ose findings indicated 
that cpz5 is not exclusively responsible for 3-methylglu-
taryl-CoA formation.

Identi"cation of the leucine/isovalerate utilization pathway 
as precursor supply for 3-methylglutaryl-CoA biosynthesis
Gene deletion could not confirm cpz5 as the sole source of 
3-methylglutaryl-CoA for caprazamycin biosynthesis. To 
discover other pathways for the generation of this inter-
mediate, we investigated the primary metabolism of S. 
coelicolor M1154 in more detail. Since 3-methylglutaryl-
CoA is not described to be part of a primary metabolism 
pathway so far, we decided to look for primary metabo-
lism pathways processing plausible precursors of this 
compound, including 3-hydroxy-3-methylglutaryl-CoA, 
that can be readily transformed into 3-methylglutaryl-
CoA. One promising lead were degradation pathways of 
amino acids, as they are ubiquitously distributed among 
bacteria and intermediates of their degradation processes 
are short-chain acyl-CoAs similar to 3-methylglutaryl-
CoA. Utilization of leucine and isovalerate was described 
for Pseudomonas aeruginosa PAO1 in more detail [26–
29]. In this strain, a gene cluster encoding for a reaction 
cascade called leucine/isovalerate utilization pathway 
was identified to process leucine and isovalerate to ace-
toacetate and acetyl-CoA. !is gene cluster consists of 
six genes encoding for an isovaleryl-CoA dehydroge-
nase (liuA), two subunits of a 3-methylcrotonyl-CoA 
carboxylase (liuB and liuD), a 3-methylglutaconyl-CoA 
dehydratase (liuC), a 3-hydroxy-3-methylglutaryl-CoA 
lyase (liuE) and a transcriptional regulator (liuR). BLAST 
analysis of S. coelicolor M1154 revealed genes homologue 
to liuA (sco2779), liuB (sco2776), liuD (sco2777) and liuE 
(sco2778) (Additional file 1: Fig. S6). No homologue was 
found for liuC in this cluster though, raising the ques-
tion if this gene is located elsewhere on the genome. 
Interestingly, besides the missing liuC, the liu homo-
logues in S. coelicolor are ordered in a di%erent genetic 
organization compared to P. aeruginosa PAO1. We found 
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the same genetic organization in caprazamycin wildtype 
producer S. sp. MK730-62F2 and it was also reported 
for S. avermitilis ATCC 31267 [36]. A cblaster analysis 
using the liu cluster from S. coelicolor M1154 includ-
ing the putative regulator sco2775 as query revealed, 
that only 4.5% of all Actinobacteria strains but more 
than 52% of Streptomyces strains listed in the Genome 
Taxonomy Database (GTDB) possess homologues of all 
five query genes. (Additional file  1: Fig. S7A). To inves-
tigate if the Liu-pathway is connected to caprazamy-
cin biosynthesis, we deleted sco2776 to sco2779 in the 
heterologous host S. coelicolor M1154 resulting in S. 
coelicolor M1154)sco2776-sco2779. Successful dele-
tion and absence of wildtype genes was verified by PCR 
and sequencing. Introduction of either cpzLK09 or 
cpzDB04 into this strain resulted in mutants S. coeli-
color M1154)sco2776-sco2779/cpzLK09 (1)–(3) and S. 
coelicolor M1154)sco2776-sco2779/cpzDB04 (1)–(3). 
Successful cosmid integration was verified by PCR and 
sequencing. HPLC–MS analysis revealed that production 
of caprazamycin aglycons was abolished when both cpz5 
and sco2776-sco2779 were deleted, whereas production of 
caprazamycin aglycons was still possible if only sco2776-
sco2779 were missing but cpz5 was still intact (Additional 
file 1: Figs. S8, S9). !is indicates that both pathways are 
generating 3-methylglutaryl-CoA independently. Forma-
tion of the correct product was confirmed by HPLC–
MSMS (Additional file  1: Fig. S10). To find out which 
exact intermediate of the Liu-pathway is hijacked for 
caprazamycin biosynthesis, we next generated mutants 
with single deletions of sco2776, sco2777, sco2778 or 
sco2779 resulting in S. coelicolor M1154)sco2776, S. coe-
licolor M1154)sco2777, S. coelicolor M1154)sco2778 
and S. coelicolor M1154)sco2779. Successful deletion 
and absence of wildtype genes was again verified by 
PCR and sequencing. Introduction of cpzLK09 resulted 
in mutants S. coelicolor M1154)sco2776/cpzLK09 
(1)–(3), S. coelicolor  M1154)sco2777/cpzLK09 

(1)–(3), S. coelicolor  M1154)sco2778/cpzLK09 (1)–
(3) and S. coelicolor  M1154)sco2779/cpzLK09 (1)–
(3) whereas introduction of cpzDB04 led to mutants 
S. coelicolor  M1154)sco2776/cpzDB04 (1)-(3), 
S. coelicolor  M1154)sco2777/cpzDB04 (1)–(3), 
S. coelicolor  M1154)sco2778/cpzDB04 (1)–(3) and 
S. coelicolor  M1154)sco2779/cpzDB04 (1)–(3). Suc-
cessful cosmid integration was verified by PCR and 
sequencing. As expected, all mutants containing a com-
plete caprazamycin gene cluster were still capable of 
producing caprazamycin aglycons. With cpz5 deleted on 
the caprazamycin gene cluster, mutants with a missing 
sco2776 or sco2777 ceased caprazamycin aglycon pro-
duction and accumulated hydroxyacylcaprazols instead, 
whereas a deletion of sco2778 or sco2779 had no impact 
on caprazamycin aglycon formation (Fig.  2 and Addi-
tional file 1: Figs. S11–S18).

!ose results strongly suggest, that either 3-methyl-
glutaconyl-CoA or 3-hydroxy-3-methylglutaryl-CoA is 
the common precursor for 3-methylglutaryl-CoA for 
both the gene cluster encoded pathway and the pathway 
originating from primary metabolism.

Two dehydrogenases are converting isovaleryl-CoA 
to 3-methylcrotonyl-CoA
Surprisingly, a single deletion of sco2779 together with a 
cpz5-deletion did not abolish caprazamycin aglycon pro-
duction, although we predicted this gene to encode for 
the enzyme catalyzing the first step in the Liu-pathway. 
To verify that 3-methylcrotonyl-CoA is truly a precur-
sor in the biosynthesis of 3-methylglutaryl-CoA, we 
synthesized (1-13C)-3-methylcrotonyl-SNAc. Feeding 
this compound to S. coelicolor M1154/cpzLK09 resulted 
in a change of isotope distribution towards heavier 
caprazamycin aglycons, indicating that (1-13C)-3-methyl-
glutaryl-SNAc was incorporated and therefore, 3-methyl-
crotonyl-CoA is utilized for caprazamycin biosynthesis. 
(Additional file 1: Fig. S19). Due to its location on the liu 

hydroxyacyl-
caprazols E/F
(m/z 802.5)

caprazamycin
aglycons E/F
(m/z 930.5)

Δsco2776 Δcpz5 Δsco2777 Δcpz5 Δsco2778 Δcpz5

Fig. 2 Extracted ion chromatograms from extracts of S. coelicolor M1154 mutants with either sco2776, sco2777 or sco2778 deleted and harboring 
a caprazamycin gene cluster containing a cpz5 deletion. Retention time from 12 to 16 min is shown. Captions indicate mutant genotypes. 
Highlighted are signals for hydroxyacylcaprazols E/F with m/z of 802.5 and caprazamycin aglycons E/F with m/z of 930.5 acquired in positive mode. 
Non-highlighted signals represent sulfated hydroxyacylcaprazols E/F or sulfated caprazamycin aglycons E/F respectively
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operon, sco2779 presumably encodes for an acyl-CoA 
dehydrogenase capable of converting isovaleryl-CoA to 
3-methylcrotonyl-CoA, but our gene deletion experi-
ment suggested that it is not the sole enzyme catalyzing 
this step. !us, we searched for other genes annotated as 
acyl-CoA dehydrogenases on the genome of S. coelicolor 
A3(2) in the StrepDB database and found 38 candidates 
that could possibly complement sco2779 [37]. A BLAST 
search revealed 23 homologues for this gene located on 
the S. coelicolor M1154 genome with identities ranging 
from about 20% to 40%. !e most promising candidate 
turned out to be sco2774. !is gene is located just next 
to the liu cluster and is orientated in the same direc-
tion as the cluster’s putative regulator sco2775 (Addi-
tional file 1: Fig. S6). To clarify the roles of sco2774 and 
sco2779, we generated mutants with a single deletion of 
sco2774 resulting in S. coelicolor M1154)sco2774 and 
a mutant with a deletion of both sco2774 and sco2779 
resulting in S. coelicolor M1154)sco2774)sco2779. Suc-
cessful deletion and absence of wildtype genes was again 
verified by PCR and sequencing. After introduction of 
either cpzLK09 or cpzDB04, caprazamycin production of 
mutants S. coelicolor M1154)sco2774/cpzLK09 (1)–(3), 
S. coelicolor M1154)sco2774/cpzDB04 (1)–(3), S. coeli-
color M1154)sco2774)sco2779/cpzLK09 (1)–(3) and S. 
coelicolor M1154)sco2774)sco2779/cpzDB04 (1)–(3) 
was analyzed by HPLC–MS. As expected, mutants con-
taining the complete caprazamycin gene cluster were 
still capable of producing caprazamycin aglycons. A sin-
gle deletion of sco2774 together with a cpz5 deletion did 
not impair caprazamycin aglycon production. However, 
if both sco2774 and sco2779 were deleted together with 
cpz5, hydroxyacylcaprazols accumulated instead (Fig.  3 
and Additional file 1: Figs. S20–S23).

!ese findings strongly suggest that both acyl-
CoA dehydrogenases are converting isovaleryl-CoA 
to 3-methylcrotonyl-CoA. To support this the-
sis, we performed a chemical complementation 

by adding 3-methylcrotonyl-SNAc to a culture of 
M1154)sco2774)sco2779/cpzDB04. HPLC–MS analysis 
revealed that caprazamycin aglycon biosynthesis could be 
restored by addition of 3-methylcrotonyl-SNAc, indicat-
ing a successful restoration of the Liu-pathway (Fig. 3 and 
Additional file  1: Fig. S24). Since our data suggests that 
sco2774 is an extension of the liu cluster, we performed 
a cblaster analysis with this extended cluster as query 
sequence. Interestingly, 48.2% of Streptomyces strains still 
contained all six query genes compared to 52.2% of the 
query without sco2774, indicating that a liu cluster with 
a second acyl-CoA dehydrogenase is commonly distrib-
uted in Streptomyces (Additional file 1: Fig. S7B).

Involvement of the acyl-CoA synthase Cpz20 
and the dehydrogenase Cpz25 in 3-methylglutaryl-CoA 
biosynthesis
So far, our results narrowed down precursor candi-
dates for 3-methylglutaryl-CoA to either 3-methyl-
glutaconyl-CoA synthesized by Sco2776 and Sco2778 
or 3-hydroxy-3-methylglutaryl-CoA generated by Cpz5. 
A conversion of 3-methylglutaconyl-CoA to 3-methyl-
glutaryl-CoA requires a reduction of the C–C double 
bond. !e caprazamycin gene cluster encodes for Cpz25 
which is a promising candidate for this reduction step. 
A BLAST analysis revealed that Cpz25 belongs to the 
medium chain reductase/dehydrogenase (MDR)/zinc-
dependent alcohol dehydrogenase-like family of proteins 
(cd05188) and contains a conserved domain of enoyl-
reductases from polyketide synthases (smart00829). 
Another enzyme that could be involved in 3-methylglu-
taryl-CoA biosynthesis is a putative acyl-CoA synthase 
encoded by cpz20. To investigate if cpz20 and cpz25 do 
in fact play a role in 3-methylglutaryl-CoA biosynthesis, 
both genes were deleted individually on the capraza-
mycin gene cluster, resulting in cosmids cpzDB05 and 
cpzDB06. Subsequent transfer into S. coelicolor M1154 
resulted in mutants S. coelicolor M1154/cpzDB05 (1)–(3) 

hydroxyacyl-
caprazols E/F
(m/z 802.5)

caprazamycin
aglycons E/F
(m/z 930.5)

Δsco2774 Δcpz5 Δsco2779 Δcpz5 Δsco2774 Δsco2779 Δcpz5
+ 3-methylcrotonyl-SNAc

Fig. 3 Extracted ion chromatograms from extracts of S. coelicolor M1154 mutants with either sco2774, sco2779 or both deleted and harboring 
a caprazamycin gene cluster containing a cpz5 deletion. Retention time from 12 to 16 min is shown. Captions indicate mutant genotypes. 
Highlighted are signals for hydroxyacylcaprazols E/F with m/z of 802.5 and caprazamycin aglycons E/F with m/z of 930.5 acquired in positive 
mode. Non-highlighted signals represent sulfated hydroxyacylcaprazols E/F or sulfated caprazamycin aglycons E/F respectively. Extract of a culture 
supplemented with 3-methylcrotonyl-SNAc is shown in blue
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and S. coelicolor M1154/cpzDB06 (1)-(3). Successful 
cosmid integration was verified by PCR and sequencing 
and caprazamycin production was analyzed by HPLC–
MS. Neither cpz20 nor cpz25 deficient mutants were 
able to accumulate caprazamycin aglycons. However, 
hydroxyacylcaprazols were still produced, indicating that 
both cpz20 and cpz25 are indeed essential for supplying 
3-methylglutaryl-CoA (Fig. 4 and Additional file 1: Figs. 
S25, S26).

Intriguingly, both cpz20 and cpz25 deletions were het-
erologously expressed in a S. coelicolor M1154 strain 
with sco2774-sco2779 still intact. !is strongly suggests 
that both enzymes are not specific for either one of the 
3-methylglutaryl-CoA supply pathways. We predict that 
Cpz25 is the junction that merges both pathways into one 
common route by reduction of 3-methylglutaconyl-CoA 
and Cpz20 could be involved in an additional activation 
related step prior transfer onto hydroxyacylcaprazols by 
Cpz21.

Two pathways supply 3-methylglutaryl-CoA 
for caprazamycin biosynthesis
Based on the results obtained in this study, we are able to 
propose the first model of the origin of 3-methylglutaryl-
CoA for caprazamycin biosynthesis (Scheme 1).

Our investigation identified two pathways involved 
in supplying this precursor. First, the degradation of 
branched-chain amino acids leucine and isovalerate as 
part of the hosts primary metabolism. Second, a path-
way encoded on the caprazamycin gene cluster itself. 
Surprisingly, these two pathways are not fully independ-
ent from each other. !e leucine/isovalerate degrada-
tion ends with generating acetyl-CoA and acetoacetate 
by action of the 3-hydroxy-3-methylglutaryl-CoA lyase 
Sco2779. !e caprazamycin gene cluster encoded path-
way starts with a similar reverse reaction catalyzed by the 
3-hydroxy-3-methylglutaryl-CoA synthase Cpz5 utiliz-
ing acetoacetyl-CoA and acetyl-CoA continuing to work 

in the Liu-pathway’s opposite direction until it reaches 
3-methylglutaconyl-CoA. We identified this compound 
as the central intermediate where both pathways fuse 
and continue on a joint route. !is route starts with a 
reduction step in which 3-methylglutaconyl-CoA is con-
verted to the desired 3-methylglutaryl-CoA. Moreover, 
our results strongly suggest that Cpz20, a putative acyl-
CoA synthase, is also required on this route because a 
single deletion of cpz20 ceased caprazamycin aglycon 
production the same way as a cpz25 deletion did. Finally, 
3-methylglutaryl-CoA is transferred onto the hydroxya-
cylcaprazols by Cpz21 [14].

Discussion
The branched-chain amino acids degradation pathways 
as versatile suppliers of precursors
!e catabolism of branched-chain amino acids is a 
rich source of precursors for metabolites and natural 
products. It starts with leucine, isoleucine and valine 
undergoing transamination and subsequent oxidative 
decarboxylation by the branched-chain dehydrogenase 
complex resulting in isovaleryl-CoA, 2-methylbutyryl-
CoA and isobutyryl-CoA (Fig. 5).

Important products of these intermediates are 
branched-chain fatty acids [38]. Caprazamycins rely 
on all three of these intermediates by incorporating 
iso-even, iso-odd and anteiso fatty acids [2]. Our work 
showed that the 3-methylglutaryl moiety of capraza-
mycins is derived from another intermediate of leucine 
degradation, 3-methylglutaconyl-CoA, revealing an addi-
tional dependency of caprazamycin biosynthesis on this 
primary metabolism pathway. Members of A21978C, a 
complex of lipopeptide antibiotics including the clinically 
relevant daptomycin produced by S. roseosporus, and the 
tripropeptines produced by Lysobacter sp. BMK333-48F3 
incorporate branched-chain fatty acids as well [39–41]. 
Iso-odd branched-chain fatty acids are further impor-
tant for cell membrane fluidity and comprise about 75% 

hydroxyacyl-
caprazols E/F
(m/z 802.5)

caprazamycin
aglycons E/F
(m/z 930.5)

WT Δcpz20 Δcpz25

Fig. 4 Extracted ion chromatograms from extracts of S. coelicolor M1154 mutants harboring a caprazamycin gene cluster containing a deletion 
of either cpz20 or cpz25. Retention time from 12 to 16 min is shown. Highlighted are signals for hydroxyacylcaprazols E/F with m/z of 802.5 and 
caprazamycin aglycons E/F with m/z of 930.5 acquired in positive mode. Non-highlighted signals represent sulfated hydroxyacylcaprazols E/F or 
sulfated caprazamycin aglycons E/F respectively
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of all fatty acids in Myxobacteria [42]. Stigmatella uran-
tiaca DW4/3–1 utilizes isovaleryl-CoA as an unusual 
starter unit for biosynthesis of myxothiazol and aurafu-
ron A and B [43–45]. !e same starter unit is used for 
sulfangolides A-C and the closely related kulkenon iso-
lated from di%erent strains of Sorangium cellulosum [46]. 
Usage of the unusual extender unit 2-carboxy-3-hydroxy-
5-methylhexanoyl-CoA derived from isovaleryl-CoA 
was reported for leupyrrin biosynthesis in S. cellulosum 
So ce690 [47]. An alternative pathway to isovaleryl-
CoA was described in M. xanthus which reverses the 
Liu-pathway resembling the caprazamycin gene cluster 
encoded pathway for 3-methylglutaryl-CoA biosynthe-
sis [48]. !is alternative pathway contains a 3-hydroxy-
3-methylglutaryl-CoA synthase (MvaS) similar to Cpz5 
generating 3-hydroxy-3-methylglutaryl-CoA from ace-
toacetyl-CoA and acetyl-CoA [49]. Surprisingly, the next 
step in this cascade is catalyzed by the LiuC homologue 

of M. xanthus itself, indicating that LiuC is able to switch 
direction of catalysis depending on the metabolic state of 
the cell [50]. Since no LiuC homologue exists in the liu 
cluster of S. coelicolor M1154, we identified candidate 
genes homologue to LiuC from M. xanthus elsewhere 
on the genome that could fill the gap of the caprazamy-
cin gene cluster encoded pathway. However, single gene 
inactivation by transposon insertion of those candidate 
genes (sco1838, sco4384, sco4930 and sco6732) in a Liu-
pathway deficient background could not impair capraza-
mycin aglycon production in a mutant harboring the 
complete caprazamycin gene cluster (Additional file  1: 
Figs. S27–S30). !is raises the question whether the cor-
rect gene was amongst our candidates for inactivation, 
if more than one gene is responsible for the LiuC cata-
lyzed reaction or if the LiuC homologue in S. coelicolor 
is not able to catalyze the reaction in both directions as 
it is the case in M. xanthus. Small adaption of an BCAA 
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intermediate prior to incorporation is an observation we 
made for 3-methylglutaconyl-CoA converted by Cpz25 
during this work. Another example is found in the bio-
synthesis of cyclic peptide valinomycin in Streptomyces 
sp. M10. !is biosynthesis requires -hydroxyisovaleric 
acid, which is a%orded via reduction of 2-oxo-isovaleric 
acid, the first intermediate of valine degradation, by 
action of a -hydroxyisovalerate dehydrogenase. In the 
same strain, production of the antifungal-active bafilo-
mycins competes for 2-oxo-isovaleric acid by utilizing 
its BCDH product isobutyryl-CoA [51]. Isobutyryl-CoA 
was further suggested as the starter unit for the biosyn-
thesis of virginiamycin M in S. virginiae, myxalamid B 
in Stigmatella aurantiaca Sg a15 and Myxococcus xan-
thus DK1622 and pristinamycin II in S. pristinaespiralis 
[52–54]. Trioxacarcin, first isolated from S. bottropensis 
DO-45, rather uses 2-methylbutyryl-CoA derived from 
isoleucine building an unusual spiro-epoxide struc-
ture which is believed to bind DNA as part of its mode 
of action [55, 56]. Avermectins and their hydrogenated 
derivates ivermectins, antiparasitic compounds isolated 
from S. avermitilis, carrying either a 2-methylbutyryl or 
isobutyryl moiety, relying their production on the degra-
dation of isoleucine or valine [22, 57, 58]. Members of the 

manumycin family are distinguished by the utilized PKS 
starter unit including all three: isovaleryl-CoA, 2-meth-
ylbutyryl-CoA and isobutyryl-CoA [59, 60].

!e end products of BCAA catabolism, propionyl-CoA 
and acetyl-CoA, are versatile starter units for PKS derived 
natural products. !ose include therapeutically impor-
tant antimicrobial polyketides such as erythromycin and 
antifungal polyenes such as nystatin [61–63]. Although 
acetyl-CoA can be obtained from several sources includ-
ing glycolysis, studies in S. coelicolor demonstrated that 
branched-chain amino acid degradation is an important 
pathway for acetyl-CoA supply for actinorhodin biosyn-
thesis [24]. However, overexpression of the BCDH cluster 
aiming to elevate methylmalonyl-CoA levels increased 
pikromycin production only by 1.3-fold, whereas over-
expression of methylmalonyl-CoA mutase achieved a 
1.7-fold increase, pointing out a possible limitation of 
methylmalonyl-CoA supply by this pathway [64].

Despite the numerous natural products derived from 
either BCDH complex intermediates or the end products 
of BCAA degradation, surprisingly little is known about 
other BCAA degradation intermediates being utilized 
for secondary metabolite biosynthesis. !e mevalonate 
pathway leading to the large group of isoprenoids relies 
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on 3-hydroxy-3-methylglutaryl-CoA [18]. However, 
the mevalonate pathway is equipped with a 3-hydroxy-
3-methylglutaryl-CoA synthase similar to Cpz5 generat-
ing 3-hydroxy-3-methylglutaryl-CoA and is therefore not 
dependent on BCAA degradation. In this work, we report 
for the first time that the leucine/isovalerate degradation 
pathway intermediate 3-methylglutaconyl-CoA is being 
utilized as a precursor for natural product biosynthesis.

The caprazamycin gene cluster provides 
3-methylglutaryl-CoA from acetyl-CoA 
and acetoacetyl-CoA
!e 3-methylglutaryl in caprazamycin is a unique moi-
ety only found in the closely related liposidomycins, 
muraminomicins, A-84830A and A-90289A [65, 66]. 
!e gene cluster of liposidomycin was identified in S. 
sp. SN-1061  M. Since liposidomycins share the same 
core structure as caprazamycins and only di%er in the 
fatty acid chain composition and absence of the rham-
nosyl moiety, both clusters share highly similar genetic 
organization and homology [14, 15]. !e same biosyn-
thetic machinery leading to 3-methylglutaryl-CoA we 
discovered in this work could also be assembled by the 
liposidomycin gene cluster encoding for the 3-hydroxy-
3-methylglutaryl-CoA synthase LpmA (81/89% identity/
similarity to Cpz5), the acyl-CoA synthase LpmR (88/91% 
identity/similarity to Cpz20) and the acyl dehydrogenase 
LpmW (91/95% identity/similarity to Cpz25). !e bio-
synthetic gene cluster of A-90289 in S. sp. SANK 60,405 
encodes for LipC (82/88% identity/similarity to Cpz5), 
LipQ (88/92% identity/similarity to Cpz20) and LipV 
(90/95% identity/similarity to Cpz25) [67]. Although the 
muraminomicin gene cluster encodes for Mra13 (87/90% 
identity/similarity to Cpz20) and Mra8 (88/93% identity/
similarity to Cpz25), it lacks a homologue of cpz5, rais-
ing the question if this biosynthesis relies exclusively on 
primary metabolism for 3-methylgutaryl-CoA precursor 
supply [68].

One step in the caprazamycin gene cluster encoded 
pathway is dehydration of 3-hydroxy-3-methylglutaryl-
CoA generating 3-methylglutaconyl-CoA. As already 
described, we could not identify a gene from the heterol-
ogous host S. coelicolor M1154 responsible this reaction. 
!e caprazamycin gene cluster itself encodes with the 
putative dehydratase cpz2 for another candidate suitable 
for catalyzing this reaction [14]. However, a single dele-
tion of cpz2 did not interfere with production of capraza-
mycin aglycons in a Liu-pathway deficient background 
(Additional file  1: Fig. S31). Furthermore, analyzing the 
gene clusters of liposidomycin, A-90289A and murami-
nomicins, no homologues of cpz2 could be identified 
[15, 67, 68]. It remains unclear if cpz2 is participating in 

the generation of 3-methylglutaconyl-CoA along with 
other enzymes from the primary metabolism or if other 
enzymes are responsible for this dehydration step.

So far, no other natural products than the liposidomy-
cin family of nucleoside antibiotics are known to contain 
a 3-methylglutaryl moiety. We could show that generat-
ing this moiety is fully dependent on genes located on 
the caprazamycin gene cluster. However, a degradation 
pathway for 4-methylbenzoyl-CoA utilized under anaer-
obic conditions was reported for Magnetospirillum sp. 
pMbN1. An intermediate of this degradation process 
is indeed 3-methylgluaryl-CoA which is converted to 
3-methylglutaconyl-CoA followed by the same steps as 
shown for the Liu-pathway, revealing that 3-methylglu-
taryl-CoA can also be part of the cell’s metabolic pathway 
[69]. Finding new pathways involving 3-methylglutaryl-
CoA and investigating the strains containing these could 
be a promising starting point for the discovery of novel 
natural products containing this unusual moiety.

Material and methods
Bacterial strains and culture conditions
Escherichia coli DH5( (!ermo Fisher Scientific) was 
used as general cloning host (Additional file 1: Table S1). 
E. coli BW25113/pIJ790 was used for Red/ET-medi-
ated recombination and E. coli BT340 facilitated FLP-
recombination [70–72]. E. coli ET12567 was used for 
triparental conjugation [73]. E. coli DH5( was generally 
cultivated in LB-medium or on LB-agar plates at 37° C. E. 
coli BW25113/pIJ790 and E. coli BT340 were cultivated 
as described before [70]. Streptomyces coelicolor M1154 
was used for heterologous expression of the caprazamy-
cin gene cluster [74]. Streptomyces strains were gener-
ally cultivated on mannitol soya flour (MS) agar plates 
supplemented with  MgCl2 (1 mg/ml) or in tryptone soy 
broth (TSB) at 30° C [75]. Apramycin (50 µg/ml), carben-
icillin (100 µg/ml), chloramphenicol (25 µg/ml), kanamy-
cin (50 µg/ml), nalidixic acid (25 µg/ml) and tetracycline 
(5 µg/ml) were added if required.

DNA isolation and manipulation
Isolation and manipulation of DNA was carried out 
according to standard procedures described for E. coli 
and Streptomyces [75, 76].

Generation of liu deletion mutants
An apramycin resistance cassette was amplified from 
plasmid pIJ773 using primer pairs liuA_F and liuA_R, 
liuB_F and liuB_R, liuD_F and liuD_R, liuE_F and liuE_R 
or sco2774_773_FW and sco2774_773_RV (Additional 
file  1: Table  S2). !e purified cassettes were introduced 
into electro-competent E. coli ET12567/pIJ790/StC105 
to replace the corresponding gene by Red/ET-mediated 
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recombination, respectively. !e resulting cosmids were 
verified by restriction digest and PCR using primer pairs 
LiuA_verify_1154_neu_F and LiuA_verify_1154_neu_R, 
LiuB_verify_1154_neu2_F and LiuB_verify_1154_neu2_R, 
LiuD_verify_1154_neu_F and LiuD_verify_1154_neu_R, 
LiuE_verify_1154_neu_F and LiuE_verify_1154_neu_R or 
sco2774_verify_FW and sco2774_verify_RV. FLP-medi-
ated excision of the resistance cassette was achieved by 
introducing the cosmids into E. coli BT340. Obtained 
cosmids were verified by restriction digest, PCR and 
sequencing of the resulting PCR products using the same 
primer pairs as above. A tetracycline-oriT-cassette was 
amplified from plasmid pIJ787 using primer pairs bla-
oriT_cassette_787 and bla-tet_cassette_787 [77]. !e 
purified cassette was introduced into E. coli ET12567/
pIJ790 containing the desired liu deletion cosmid fol-
lowed by Red/ET-mediated recombination. !e result-
ing cosmids were verified by restriction digest, PCR and 
sequencing using primer pairs bla_tet_oriT_v4_F and 
bla_tet_oriT_v4_R. Final cosmids were introduced into E. 
coli ET12567 followed by triparental conjugation into S. 
coelicolor M1154 using E. coli ET12567/pR9406. Dilution 
series of single exconjugants were cultivated on MS-agar 
plates supplemented with nalidixic acid (25  µg/ml) and 
 MgCl2 (1 mg/ml) for several rounds until complete loss of 
the kanamycin resistance, indicating a successful double 
crossover event. Deletion of the desired gene was verified 
by PCR and sequencing using genomic DNA as template 
and primer pairs as above. Absence of wildtype gene was 
tested by PCR using primer pairs LiuA_in-out_1154_F 
and LiuA_in-out_1154_R, LiuB_in-out_1154_F and 
LiuB_in-out_1154_R, LiuD_in-out_1154_neu_F and 
LiuD_in-out_1154_neu_R, LiuE_in-out_1154_neu_F and 
LiuE_in-out_1154_neu_R or sco2774_in-out_FW and 
sco2774_in-out_RV.

Generation of mutants with transposon insertions
Cosmids containing transposon insertions were obtained 
from Paul Dyson (Swansea University, UK) and intro-
duced into E. coli ET12567 followed by triparental con-
jugation into S. coelicolor M1154)sco2776-2779 using 
E. coli ET12567/pR9406 [78]. Dilution series of single 
exconjugants were cultivated on MS-agar plates con-
taining apramycin (50  µg/ml) nalidixic acid (25  µg/ml) 
and  MgCl2 (1  mg/ml) for several rounds until complete 
loss of the kanamycin resistance, indicating a success-
ful double crossover event. Inactivation of the desired 
gene was verified by PCR and sequencing using genomic 
DNA as template and primer pairs SCO1838_tra_ver_
FW and SCO1838_tra_ver_RV, SCO4384_tra_ver_FW 
and SCO4384_tra_ver_RV, SCO4930_tra_ver_FW and 
SCO4930_tra_ver_RV or SCO6732_tra_ver_FW and 
SCO6732_tra_ver_RV. Absence of wildtype gene was 

tested by PCR using primer pairs SCO1838_tra_ver_FW 
and 1838_gene_RV, SCO4384_tra_ver_FW and 4384_
gene_RV, SCO4930_tra_ver_FW and 4930_gene_RV or 
SCO6732_tra_ver_FW and 6732_gene_RV.

Generation of cpz deletion mutants
An apramycin resistance cassette was amplified from 
plasmid pIJ773 using primer pairs cpz2_773_FW and 
cpz2_773_RV, cpz5_773_F and cpz5_773_R, cpz20_773_F 
and cpz20_773_R or cpz25_773_F and cpz25_773_R, 
respectively. !e purified cassettes were introduced into 
electro-competent E. coli ET12567/pIJ790/cpzLK09 to 
replace the correspondent gene by Red/ET-mediated 
recombination. !e resulting cosmids were verified by 
restriction digest and PCR using primer pairs cpz2_ver-
ify_FW and cpz2_verify_RV, cpz5_verifyKO_F and cpz5_
verifyKO_R, cpz20_verifyKO_F and cpz20_verifyKO_R or 
cpz25_verifyKO_F and cpz25_verifyKO_R. FLP-mediated 
excision of the resistance cassette was achieved by intro-
ducing the cosmids into E. coli BT340. Resulting cosmids 
were verified by restriction digest, PCR and sequencing 
using the same primer pairs as above. Final cosmids were 
introduced into E. coli ET12567 followed by triparental 
conjugation into S. coelicolor M1154 mutants using E. 
coli ET12567/pR9406. Dilution series of single exconju-
gants were cultivated on MS-agar plates supplemented 
with nalidixic acid (25 µg/ml), kanamycin (50 µg/ml) and 
 MgCl2 (1  mg/ml) for several rounds. Successful intro-
duction of the caprazamycin gene cluster was verified 
by PCR and sequencing using genomic DNA as template 
and primer pairs as above.

Production and extraction of secondary metabolites
For production of caprazamycin aglycons or hydroxya-
cylcaprazols, 10–20  µl of Streptomyces spores were cul-
tivated in 2 ml of TSB for 2 days at 30° C and 200 rpm. 
100  µl of the preculture was transferred into 3  ml of 
P-medium (10  g/L soytone, 10  g/L soluble starch, 
20  g/L -maltose) supplemented with 150  µl trace ele-
ments solution (40  mg/L  ZnCl2, 200  mg/L  FeCl3 × 6 
 H2O, 10  mg/L  CuCl2 × 2  H2O, 10  mg/L  MnCl2 × 4 
 H2O, 10  mg/L  Na2B4O6 × 10  H2O and 10  mg/L 
 (NH4)6Mo7O24 × 4  H2O) in a 24-square deepwell plate 
and cultivated for another 5–7 days at 30° C and 200 rpm 
[79]. 3-methylcrotonyl-SNAc or 1-13C-3-methylcrotonyl-
SNAc were added to a final concentration of 0.8  mM, 
if required. To extract secondary metabolites, 1  ml of 
culture supernatant was adjusted to pH of 4 with 1  M 
HCl, 1 ml of n-butanol was added, mixed vigorously fol-
lowed by centrifugation (13,000 rpm, 4° C, 15 min). !e 
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n-butanol phase was separated, evaporated and the resi-
due resuspended in 500 µl methanol.

Synthesis of 3-methylcrotonyl-SNAc (1) 
and (1-13C)-3-methylcrotonyl-SNAc (5)
To a solution of 3,3-dimethylacrylic acid (0.50  g, 
5.0  mmol) in  CH2Cl2 (20  mL) was added N,N′-
dicyclohexylcarbodiimide (1.14  g, 5.5  mmol; Additional 
file 1: Fig. S32). !en the reaction mixture was cooled to 
0  °C, followed by the addition of 4-dimethylaminopyri-
dine (0.12 g, 1.0 mmol) and N-acetylcysteamine (0.48 g, 
4.0  mmol). After stirring at room temperature for 2  h, 
the reaction was quenched by adding aq. HCl (1  m, 
20 mL) and then extracted with EtOAc (3 × 20 mL). !e 
combined organic phases were dried with  MgSO4 and 
concentrated under reduced pressure. !e residue was 
purified by column chromatography on silica gel (EtOAc: 
cyclohexane = 3: 1) to give 3-methylcrotonyl-SNAc (1) as 
white solid.

3-Methylcrotonyl-SNAc (1) TLC (EtOAc: cyclohex-
ane = 3: 1): Rf = 0.20; yield: 0.58  g (2.9  mmol, 72%); 1H-
NMR (500  MHz,  CDCl3): δ = 5.91 (m, 1H), 5.88 (br s, 
1H), 3.35 (dt, 3JH,H = 6.5, 5.7 Hz, 2H), 2.94 (dd 3JH,H = 6.8, 
5.8  Hz, 2H), 2.06 (d, 4JH,H = 1.2  Hz, 3H), 1.86 (s, 3H), 
1.79 (d, 4JH,H = 1.3  Hz, 3H) ppm; 13C-NMR (126  MHz, 
 CDCl3): δ = 189.6 (C), 170.5 (C), 155.1 (C), 123.1 (CH), 
40.1  (CH2), 28.5  (CH2), 27.4  (CH3), 23.4  (CH3), 21.4 
 (CH3) ppm.

Ethyl (1-13C)bromoacetate (2.00 g, 11.9 mmol) and tri-
ethyl phosphite (1.98 g, 11.9 mmol) were added to a reac-
tion flask. !e reaction mixture was refluxed at 130  °C 
for 8  h to obtain triethyl (1-13C)phosphonoacetate (2) 
which was used in the following reaction without fur-
ther purification. A solution of NaH (60% in mineral oil, 
0.18 g, 4.4 mmol) in THF (12 mL) was cooled to 0 °C and 
2 (1.00 g, 4.4 mmol) was then added dropwise. After stir-
ring at 0  °C for 15 min, acetone (0.26 g, 4.4 mmol) was 
added. Stirring of the reaction mixture was continued at 
0  °C for 30  min, followed by stirring at room tempera-
ture for 7  h. !e reaction was quenched with sat. aq. 
 NH4Cl solution (20  mL) and then extracted with  Et2O 
(3 × 20  mL). !e organic layers were combined, dried 
with  MgSO4 and concentrated under reduced pressure. 
!e residue was purified by column chromatography on 
silica gel (petrol ether:  Et2O = 20: 1) to give ethyl (1-13C)-
3,3-dimethylacrylate (3) as colorless oil.

Ethyl (1-13C)-3,3-dimethylacrylate (3) TLC (pet-
rol ether:  Et2O = 10: 1): Rf = 0.41; yield: 0.45  g 
(3.5  mmol, 79%); 1H-NMR (500  MHz,  CDCl3): δ = 5.57 
(m, 1H), 4.04 (qd, 3JH,H = 7.1, 3JC,H = 3.0  Hz, 2H), 
2.06 (dd, 4JH,H = 1.2  Hz, 3JC,H = 1.2  Hz, 3H), 1.79 (d, 

4JH,H = 1.3  Hz, 3H), 1.17 (t, 3JH,H = 7.1  Hz, 3H) ppm. 
13C-NMR (126  MHz,  CDCl3): δ = 166.8 (13C), 156.4 (d, 
2JC,C = 2.2 Hz, C), 116.2 (d, 1JC,C = 75.7 Hz, CH), 59.5 (d, 
2JC,C = 2.3 Hz,  CH2), 27.4 (d, 3JC,C = 7.6 Hz,  CH3), 20.2 (d, 
3JC,C = 1.5 Hz,  CH3), 14.4 (d, 3JC,C = 2.2 Hz,  CH3) ppm.

To an aq. KOH solution (0.5 n, 5  mL) was added 3 
(39  mg, 0.3  mmol). !e reaction mixture was refluxed 
at 100 °C overnight until the oil layer disappeared. !en 
aq. HCl solution (1 n, 10  mL) was added and the reac-
tion mixture was extracted with  Et2O (3 × 10  mL). 
!e organic layers were combined, washed with brine 
(10 mL), dried with  MgSO4 and then concentrated under 
reduced pressure to give (1-13C)-3,3-dimethylacrylic acid 
(4) which was used in the following reaction without fur-
ther purification. Compound 4 and N-acetylcysteamine 
(35  mg, 0.3  mmol) were added to  CH2Cl2 (3  mL). !e 
solution was then cooled to 0  °C, followed by the addi-
tion of 1-ethyl-3-(3-dimethylaminopropyl)carbodiimid 
(58 mg, 0.3 mmol) and 4-dimethylaminopyridine (7 mg, 
0.06  mmol). After stirring at room temperature over-
night, the reaction solution was diluted with EtOAc 
(20  mL), washed with sat. aq.  NH4Cl solution, sat. aq. 
 NaHCO3 solution and brine, dried with  MgSO4, and then 
concentrated under reduced pressure. !e residue was 
purified by column chromatography on silica gel (EtOAc) 
to give (1-13C)-3-methylcrotonyl-SNAc (5) as white solid.

(1-13C)-3-Methylcrotonyl-SNAc (5) Yield: 45  mg 
(0.22 mmol, 74%); 1H-NMR (500 MHz,  CDCl3): δ = 5.91 
(m, 1H), 5.83 (br s, 1H), 3.35 (dt, 3JH,H = 6.6, 5.7  Hz, 
2H), 2.95 (ddd, 3JH,H = 7.1, 5.8  Hz, 3JC,H = 4.7  Hz, 2H), 
2.06 (dd, 4JH,H = 1.2 Hz, 3JC,H = 1.2 Hz, 3H), 1.86 (s, 3H), 
1.79 (d, 4JH,H = 1.3  Hz, 3H) ppm; 13C-NMR (126  MHz, 
 CDCl3): δ = 189.6 (13C), 170.4 (C), 155.1 (C), 123.1 (d, 
1JC,C = 63.5  Hz, CH), 40.2  (CH2), 28.5  (CH2), 27.4 (d, 
3JC,C = 7.3  Hz,  CH3), 23.4  (CH3), 21.4 (d, 3JC,C = 1.5  Hz, 
 CH3) ppm.

HPLC–ESI–MS and  MS2

Analysis of extracts was performed on an HPLC-LC/
MSD Ultra Trap System XCT 6330 (Agilent Technolo-
gies) equipped with a Luna Omega Polar C18 (5  µm, 
150 × 2.1  mm; Phenomenex) column. Elution was per-
formed with 0.1% formic acid (solvent A) and acetonitrile 
containing 0.06% formic acid (solvent B) at a flow rate of 
0.4  ml/min using the following gradient: 0 to 100% sol-
vent B over 20 min followed by an isocratic step of 100% 
B for 3 min. UV spectra were recorded between 230 and 
600 nm by diode array detector. Mass spectrometry was 
performed using positive electrospray ionization (elec-
trospray voltage 3.5 kV, heated capillary temperature 350° 
C, acquired mass range from 100 to 2200 m/z).
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In-silico analysis of liu cluster distribution in Actinobacteria
A database containing all 31.598 assembled Actinobac-
teria genomes listed in the Genome Taxonomy Data-
base (GTDB; last checked 4th August 2022) was created 
[80]. !e cblaster search module (default settings) was 
used to analyze genomes from this database using query 
sequences ranging from sco2775-sco2779 or sco2774-
sco2779 from the genome of S. coelicolor M1154 [81].

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12934- 022- 01955-6.

Additional "le 1: Figure S1. Degradation of leucine and isovalerate 
via the Liu-pathway as described for P. aeruginosa PAO1 [29]. Figure S2. 
Genetic organization of the caprazamycin biosynthetic gene cluster. 
Genes putatively involved in colour coding according to McErlean et al. 
[17]. Figure S3. Extracted ion chromatograms of S. coelicolor M1154 (three 
individual mutants). Masses are shown for caprazamycin aglycons E/F with 
m/z of 930.5, caprazamycin aglycons C/D/G with m/z of 944.5, caprazamy-
cin aglycons A/B with m/z of 958.5 and the respective hydroxyacylcapra-
zols E/F with m/z of 802.5, hydroxyacylcaprazols C/D/G with m/z of 816.5 
and hydroxyacylcaprazols A/B with m/z of 830.5. Figure S4. Extracted 
ion chromatograms of S. coelicolor M1154/cpzLK09 (three individual 
mutants). Masses are shown for caprazamycin aglycons E/F with m/z of 
930.5, caprazamycin aglycons C/D/G with m/z of 944.5, caprazamycin 
aglycons A/B with m/z of 958.5 and the respective hydroxyacylcaprazols 
E/F with m/z of 802.5, hydroxyacylcaprazols C/D/G with m/z of 816.5 and 
hydroxyacylcaprazols A/B with m/z of 830.5. Figure S5. Extracted ion 
chromatograms of S. coelicolor M1154/cpzDB04 (three individual mutants). 
Masses are shown for caprazamycin aglycons E/F with m/z of 930.5, 
caprazamycin aglycons C/D/G with m/z of 944.5, caprazamycin aglycons 
A/B with m/z of 958.5 and the respective hydroxyacylcaprazols E/F with 
m/z of 802.5, hydroxyacylcaprazols C/D/G with m/z of 816.5 and hydroxya-
cylcaprazols A/B with m/z of 830.5. Figure S6. Genetic organization of 
clusters encoding for Liu-pathway from P. aeruginosa PAO1, caprazamycin 
wildtype producer S. sp. MK730-62F2 and the heterologous caprazamycin 
producer S. coelicolor M1154. Additional genes in Streptomyces strains are 
shown transparent. Table shows genes from P. aeruginosa PAO1 and their 
proposed function along with homologue genes found in S. sp. MK730-
62F2 and S. coelicolor M1154. Values in brackets indicate % identities/simi-
larities (n.s. no significant similarities). Figure S7. Distribution of liu clusters 
in Actinobacteria and Streptomyces. A: Cblaster detected 4837 similar 
clusters containing at least three genes homolog to the query sequence 
sco2775-sco2779 from S. coelicolor M1154. We discovered that 1.431 out 
of 31.598 (4.5%) Actinobacteria assemblies and 1.344 out of 2.574 (52.2%) 
Streptomyces assemblies and listed in the GTDB contain a liu cluster with 
homologues of all five query genes. B: Cblaster detected 5009 similar 
clusters containing at least three genes homolog to the query sequence 
sco2774-sco2779 from S. coelicolor M1154. We discovered that 1.246 out 
of 31.598 (3.9%) Actinobacteria assemblies and 1.241 out of 2.574 (48.2%) 
Streptomyces assemblies and listed in the GTDB contain a liu cluster with 
homologues of all six query genes. A homologue of sco2774 could only be 
found in 1.376 out of 5009 (27,5%) of the Actinobacteria clusters detected 
by cblaster, whereas the majority of detected Streptomyces cluster 
contain this gene with 1.343 out of 1.652 sequences (81,3%). Figure S8. 
Extracted ion chromatograms of S. coelicolor M1154∆sco2776-sco2779/
cpzLK09 (three individual mutants). Masses are shown for caprazamycin 
aglycons E/F with m/z of 930.5, caprazamycin aglycons C/D/G with m/z 
of 944.5, caprazamycin aglycons A/B with m/z of 958.5 and the respective 
hydroxyacylcaprazols E/F with m/z of 802.5, hydroxyacylcaprazols C/D/G 
with m/z of 816.5 and hydroxyacylcaprazols A/B with m/z of 830.5. Figure 
S9. Extracted ion chromatograms of S. coelicolor M1154∆sco2776-sco2779/
cpzDB04 (three individual mutants). Masses are shown for caprazamycin 
aglycons E/F with m/z of 930.5, caprazamycin aglycons C/D/G with m/z 
of 944.5, caprazamycin aglycons A/B with m/z of 958.5 and the respective 

hydroxyacylcaprazols E/F with m/z of 802.5, hydroxyacylcaprazols C/D/G 
with m/z of 816.5 and hydroxyacylcaprazols A/B with m/z of 830.5. 
Figure S10. Total ion chromatograms of S. coelicolor M1154∆sco2776-
sco2779/cpzDB04 and S. coelicolor M1154∆sco2776-sco2779/cpzLK09. 
 MS2-fragmentation patterns of peak 1 (hydoxyacylcaprazol E,  Rt 12.9 min) 
and peak 2 (caprazamycin aglycon E,  Rt 13.8 min) are shown together 
with corresponding fragmentation schemes. Figure S11. Extracted ion 
chromatograms of S. coelicolor M1154∆sco2779/cpzLK09 (three individual 
mutants). Masses are shown for caprazamycin aglycons E/F with m/z of 
930.5, caprazamycin aglycons C/D/G with m/z of 944.5, caprazamycin 
aglycons A/B with m/z of 958.5 and the respective hydroxyacylcaprazols 
E/F with m/z of 802.5, hydroxyacylcaprazols C/D/G with m/z of 816.5 and 
hydroxyacylcaprazols A/B with m/z of 830.5. Figure S12. Extracted ion 
chromatograms of S. coelicolor M1154∆sco2779/cpzDB04 (three individual 
mutants). Masses are shown for caprazamycin aglycons E/F with m/z of 
930.5, caprazamycin aglycons C/D/G with m/z of 944.5, caprazamycin 
aglycons A/B with m/z of 958.5 and the respective hydroxyacylcaprazols 
E/F with m/z of 802.5, hydroxyacylcaprazols C/D/G with m/z of 816.5 and 
hydroxyacylcaprazols A/B with m/z of 830.5. Figure S13. Extracted ion 
chromatograms of S. coelicolor M1154∆sco2776/cpzLK09 (three individual 
mutants). Masses are shown for caprazamycin aglycons E/F with m/z of 
930.5, caprazamycin aglycons C/D/G with m/z of 944.5, caprazamycin 
aglycons A/B with m/z of 958.5 and the respective hydroxyacylcaprazols 
E/F with m/z of 802.5, hydroxyacylcaprazols C/D/G with m/z of 816.5 and 
hydroxyacylcaprazols A/B with m/z of 830.5. Figure S14. Extracted ion 
chromatograms of S. coelicolor M1154∆sco2776/cpzDB04 (three individual 
mutants). Masses are shown for caprazamycin aglycons E/F with m/z of 
930.5, caprazamycin aglycons C/D/G with m/z of 944.5, caprazamycin 
aglycons A/B with m/z of 958.5 and the respective hydroxyacylcaprazols 
E/F with m/z of 802.5, hydroxyacylcaprazols C/D/G with m/z of 816.5 and 
hydroxyacylcaprazols A/B with m/z 
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INTRODUCTION

Surfactants are amphiphilic molecules with hydrophilic 
heads and hydrophobic tails, conferring these com-
pounds the natural tendency to form self- aggregates 

and lower water surface tension. Due to their various 
applications, such as detergents in household and in-
dustrial cleaning products, or as vehicles for active in-
gredients in pharmaceutical formulations, surfactants 
are extremely important from an industrial perspective. 
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Abstract
Microbial biosurfactants have garnered significant interest from industry 
due to their lower toxicity, biodegradability, activity at lower concentrations 
and higher resistance compared to synthetic surfactants. The deep- sea 
Rhodococcus sp. I2R has been identified as a producer of glycolipid bio-
surfactants, specifically succinoyl trehalolipids, which exhibit antiviral activity. 
However, genome mining of this bacterium has revealed a still unexplored 
repertoire of biosurfactants. The microbial genome was found to host five 
non- ribosomal peptide synthetase (NRPS) gene clusters containing starter 
condensation domains that direct lipopeptide biosynthesis. Genomics and 
mass spectrometry (MS)- based metabolomics enabled the linking of two 
NRPS gene clusters to the corresponding lipopeptide families, leading to the 
identification of 20 new cyclolipopeptides, designated as rhodoheptins, and 
33 new glycolipopeptides, designated as rhodamides. An integrated in silico 
gene cluster and high- resolution MS/MS data analysis allowed us to elucidate 
the planar structure, inference of stereochemistry and reconstruction of the 
biosynthesis of rhodoheptins and rhodamides. Rhodoheptins are cyclic hep-
tapeptides where the N- terminus is bonded to a β- hydroxy fatty acid forming 
a macrolactone ring with the C- terminal amino acid residue. Rhodamides are 
linear 14- mer glycolipopeptides with a serine-  and alanine- rich peptide back-
bone, featuring a distinctive pattern of acetylation, glycosylation and succi-
nylation. These molecules exhibited biosurfactant activity in the oil- spreading 
assay and showed moderate antiproliferative effects against human A375 
melanoma cells.
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Currently, exhaustible fossil fuels are the starting ma-
terial for surfactant production (Nagtode et al., 2023). 
Therefore, in response to increasing industrial demand, 
finding alternative and renewable sources for surfactants 
presents both economic and ecological imperatives. 
Microbial biosurfactants have raised significant atten-
tion as being less toxic, biodegradable, active at lower 
concentrations and more resistant to extreme conditions 
as compared to synthetic ones (Jahan et al., 2020). 
Moreover, biosurfactants are often endowed with phar-
macological properties, such as antimicrobial, antitumor, 
antiviral and anti- inflammatory activities (Buonocore 
et al., 2023; Giugliano et al., 2023; Ceresa et al., 2023; 
Pilz et al., 2023; Subramaniam et al., 2020).

Bacteria usually secrete biosurfactants to emulsify 
hydrophobic substrates and improve nutrient availability 
in harsh conditions. Moreover, biosurfactants exert anti-
bacterial functions to gain an advantage over competitors 
and mediate physiological processes such as quorum 
sensing, biofilm formation, cell attachment/dissociation to 
surfaces and swarming motility (Dias & Nitschke, 2023).

Among microbial surfactants, lipopeptides (LPs) 
are low- molecular- weight metabolites, which have 
emerged as promising anticancer and antimicro-
bial agents. For instance, pseudofactin II triggers 
apoptosis in melanoma A375 cells as a conse-
quence of plasma membrane permeabilization 
(Janek et al., 2013). Iturin A prompts apoptotic cell 

death in breast cancer via inhibition of the Akt path-
way (Dey et al., 2015). Surfactin enhances a ROS/
JNK- mediated mitochondrial/caspase pathway to kill 
MCF- 7 cancer cells, but also disrupts cell membrane 
and protein synthesis in pathogenic bacteria (Cao 
et al., 2010; Chen et al., 2022). Remarkably, the LP 
daptomycin is a membrane- active antibiotic currently 
used in clinical settings (Huang, 2020).

Biosynthetically, LPs are assembled primarily through 
the sequential condensation of proteinogenic and non- 
proteinogenic amino acids by large multimodular en-
zymes, known as non- ribosomal peptide synthetases 
(NRPSs). Only recently were LPs of ribosomal origin, 
such as lipolanthines, discovered (Wiebach et al., 2018).

Typically, each NRPS module contains a conden-
sation (C) domain, an adenylation (A) domain, and a 
peptidyl carrier protein (PCP) domain, adding a single 
amino acid to the peptidyl backbone. The specific fatty 
acyl chains anchored to the peptide core in LPs form 
hydrophobic tails that strongly influence LP bioactiv-
ity. Fatty acyl chains are incorporated into the pepti-
dyl backbone during the first step of LP biosynthesis 
through the N- acylation of the α- amino group of the first 
amino acid, a process known as lipoinitiation.

Bacteria use different lipoinitiation strategies to build 
up LPs (Figure 1) (Chooi & Tang, 2010).

Within the biosynthetic machinery of puwainaphycins 
(Mareš et al., 2014), a hybrid polyketide synthase and 

F I G U R E  1  Lipoinitiation strategies employed in the biosynthesis of puwainaphycins (A), daptomycin (B), rhizomide A (C), and 
calcium- dependent antibiotics (CDAs) (D). FAAL, fatty acyl- AMP ligase; ACP, acyl carrier protein; KS, ketosynthase; AT, acyltransferase; 
DH, dehydratase; MT, methyltransferase; ER, enoylreductase; KR, ketoreductase; AmT, aminotransferase; Ox, monooxygenase; C, 
condensation domain; A, adenylation domain; PCP, peptidyl carrier protein; Cs, starter condensation domain; KASII, beta- ketoacyl- acyl 
carrier protein synthase II; KASIII, beta- ketoacyl- acyl carrier protein synthase III; HxcO and HcmO, FAD- dependent oxidases.
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non- ribosomal synthetase (PKS/NRPS) system incor-
porates the lipid chain (Figure 1A). The fatty acyl- AMP 
ligase (FAAL) PuwC selects and activates the fatty 
acid, which is then transferred to the acyl carrier protein 
(ACP) PuwD. The fatty acid is subsequently elongated, 
aminated and hydroxylated by two adjacent PKS mod-
ules (PuwB and PuwE). Finally, the modified lipid chain 
is incorporated by the first NRPS module, priming the 
synthesis of the peptide backbone.

In most cases, lipoinitiation is directed by the starter 
condensation domain (Cs) located in the initial NRPS 
module, which catalyses formation of an amide bond 
between the fatty acyl chain and the first amino acid. 
Cs domains can be promptly detected through bioin-
formatics, as being phylogenetically distinguishable 
from other C- domain subtypes (Rausch et al., 2007). 
In ramoplanin and daptomycin biosynthesis (Hoertz 
et al., 2012; Wittmann et al., 2008), FAAL and ACP di-
rectly activate and transfer the starter fatty acyl unit to 
the Cs of the initial NRPS module (Figure 1B). In case of 
the calcium- dependent antibiotics (CDAs), a dedicated 
fab operon within the biosynthetic gene cluster (BGC) 
synthesizes 2,3- epoxyhexanoic acid, which is tethered 
to an ACP and transferred to the Cs domain to be chan-
nelled into the NRPS assembly line (Hojati et al., 2002) 
(Figure 1D). The fatty acyl unit can be also delivered to 
the Cs domain as a free acyl- CoA derivative, without 
FAAL and ACP- mediation, as in the case of SrfAA sur-
factin, RzmA rhizomide and HolA holrhizin synthetases 
(Kraas et al., 2010; Zhong et al., 2021) (Figure 1C).

Following the One Strain Many Compounds 
(OSMAC) approach (Pan et al., 2019) with 22 different 
culture media, the marine isolate Rhodococcus sp. I2R 
(actinomycetota) was identified as a producer of more 
than 30 novel glycolipid biosurfactants, specifically 
succinoyl trehalolipids, which exhibit potent antiviral 
effects against herpes simplex virus and human coro-
naviruses, likely through a detergent- like mechanism 
(Palma Esposito et al., 2021). However, genome min-
ing of Rhodococcus sp. I2R (from now on R. I2R) high-
lighted a number of cryptic BGCs, some of which are 
predicted to encode new surface- active natural prod-
ucts. Given the potential of this strain, we have taken an 
interest in further exploring its biosurfactant repertoire 
using a metabologenomic approach.

Herein, we report on the structure and biosynthesis of 
two LP families from R. I2R. Mining the bacterial genome 
for Cs domain- containing NRPS revealed four putative LP 
biosynthetic operons. Linking genomics with mass spec-
trometry (MS)- based metabolomics enabled us to connect 
two NRPS pathways to the corresponding LP families, 
leading to the identification of 20 new cyclic lipoheptapep-
tides, designated as rhodoheptins, and 33 new glycolipo-
peptides, designated as rhodamides. The integrated in 
silico genome analysis and comprehensive investigation 
of high- resolution MS/MS data from individual LPs proved 
valuable in elucidating the planar structure, inferring 

stereochemistry and reconstructing the biosynthetic route 
of rhodoheptins and rhodamides, as they are produced in 
quantities too small for isolation and characterization by 
NMR. This study represents a step forward in exploring 
the biotechnological potential of the Rhodococcus genus.

RESULTS AND DISCUSSION

Identification of non- ribosomal peptide 
lipopeptide gene clusters

The draft genome of R. I2R (accession: 
JAHUTG000000000) consists of 72 contigs, with an 
overall size of 5.29 Mb and GC content of 64.01%. A 
preliminary antiSMASH analysis (Blin et al., 2023) 
revealed several BGCs split across multiple contigs 
(Palma Esposito et al., 2021). To improve assembly 
continuity, the 72 contigs were joined into 36 scaffolds 
using the multi- draft- based scaffolder MEDUSA (http:// 
150. 217. 159. 17/ medusa, accessed on 07/12/2023) 
(Bosi et al., 2015). Aiming to identify genes encoding 
the biosynthesis of LPs, de novo assembled scaffolds 
were mined for the presence of NRPS modules con-
taining a Cs domain. Five novel intact multimodular 
NRPS systems with Cs domains were detected using 
antiSMASH. Four NRPS were predicted to catalyse 
LP biosynthesis, one of them being a hydroxamate si-
derophore synthetase. The last one was predicted to 
assemble a hydroxamate- catechol hybrid siderophore, 
where the Cs domain is expected to incorporate a 
2,3- dihydroxybenzoic acid moiety. As modular NRPS 
biosynthesis usually follows the collinearity rule, and 
functions of catalytic domains within each module can 
be fairly inferred in silico (Della Sala et al., 2020), the 
putative structures and/or chemical substructures of the 
encoded LPs could be predicted from gene cluster se-
quences. Mass spectrometry data from R. I2R extracts 
were analysed for metabolites matching the chemical 
features predicted. This ‘feature- based matching ap-
proach’ enabled us to link two of the five NRPS gene 
clusters, designated as rhp and rmd, to their corre-
sponding LP families, namely rhodoheptins and rho-
damides respectively. These LPs were detected via 
molecular networking in the R. I2R extract and structur-
ally characterized using liquid chromatography coupled 
with high- resolution tandem mass spectrometry (LC- 
HRMS2) (see Section 2.4). Rhodoheptins were shown 
to be cyclic lipoheptapeptides while rhodamides were 
identified as linear glycolipopeptides.

Analysis of the rhp biosynthetic gene 
cluster

The putative rhp gene is 26,760 bp long and en-
codes for a heptamodular NRPS, which is expected 

 17517915, 2024, 11, D
ow

nloaded from
 https://envirom

icro-journals.onlinelibrary.w
iley.com

/doi/10.1111/1751-7915.70011 by U
niversitätsbibliothek Tübingen, W

iley O
nline Library on [14/08/2025]. See the Term

s and Conditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable Creative Com

m
ons License

http://150.217.159.17/medusa
http://150.217.159.17/medusa


4 of 19 |   RAGOZZINO et al.

to assemble a lipoheptapeptide molecule (Figure 2, 
Table S1). AntiSMASH analysis of rhp allowed for 
the rough prediction of the peptide backbone of 
rhodoheptins by integrating the A domain specific-
ity conferring code identified by Stachelhaus et al. 
and the NRPyS library (Blin et al., 2023) (Table 1). 
Rhodoheptin biosynthesis starts with the loading 
module which selects and loads an l- Leu residue 
undergoing N- acylation catalysed by the Cs. A pu-
tative N- acyl transferase (orf5, Table S1) is located 
upstream of the NRPS gene and presumably recruits 
and loads the acyl group to the loading module. Based 
on the subsequent MS- based structure elucidation 
of rhodoheptins (Section 2.5), the Cs domain rec-
ognizes saturated and monounsaturated β- hydroxy 
fatty acids ranging from C16 to C24. The N- acylated 
Leu residue is subsequently transferred to the first 
elongation module featuring an LCL- A- PCP domain 
architecture and catalysing the condensation with an 
l- Ser residue (LCL is a C domain catalysing conden-
sation of two L amino acids). The following elonga-
tion module (LCL- A- PCP- E) extends the N- acylated 
leucylseryl intermediate with a ඌ- Leu or allo- Ile 

residue, generated by the epimerization domain (E) 
from the corresponding l- epimer. Accordingly, mod-
ule 4 starts with a ඌCL forming a peptide bond be-
tween the ඌ- Leu/allo- Ile and the fourth unknown 
l- monomer. The growing peptide chain is forwarded 
sequentially to the following three extension mod-
ules, each adding one amino acid, predicted to be 
threonine, valine, and X. Specificity- pocket struc-
tures predicted for the Rhp_A4 and Rhp_A7 domains 
did not resolve to a single building block, likely due 
to either a relaxed substrate selectivity or an unprec-
edented binding site signature. The antiSMASH al-
gorithm refined the prediction of Rhp_A4 selectivity 
for branched aliphatic amino acids, while it resulted 
in ambiguous matches for Rhp_A7. In light of these 
findings, Rhp_A4 was hypothesized to select l- Leu/
Ile, consistent with the peptide sequence deduced by 
MS/MS analysis of rhodoheptins (Section 2.5). On 
the other hand, structural analysis of the rhodoheptin 
variants demonstrated that Rhp_A7 possesses sub-
strate promiscuity, being able to activate l- Leu/Ile, 
l- Phe and l- MetO (Section 2.5). Module 5 displays 
the same organization as module 3 (LCL- A- PCP- E), 

F I G U R E  2  Putative biosynthesis of rhodoheptins. C, condensation domain; A, adenylation domain; PCP, peptidyl- carrier protein; E, 
epimerase; Cs, starter condensation domain; TE, thioesterase.
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accounting for the incorporation of d- Thr at position 
5 of the peptide moiety. As expected, module 6 has 
a dCL- A- PCP domain architecture and is involved in 
the condensation between d- Thr and l- Val. Finally, 
the last module terminates with a canonical thi-
oesterase/cyclase domain, which may catalyse the 
LP release either through hydrolysis or cyclization. In 
a BlastP search against thioesterases (TEs) from the 
ThYme database (https:// thyme. engr. unr. edu/ v2.0/ , 
accessed on 20/12/2023), TEs belonging to the TE16 
family were identified as the closest homologues to 
RhP_TE (E value = 1e- 98 ≤ × ≤ 2e- 38 for the first 500 
hits). TE16 enzymes have α/β- hydrolase folds and in 
several PKSs and NRPs may use a hydroxyl group 
from the substrate chain for lactonization, thus yield-
ing macrocyclic products (Cantu et al., 2010). This is 
consistent with the structure of rhodoheptins, where 
the β- hydroxyl group of the N- terminal fatty acid 
forms an ester bond with the last amino acid incor-
porated during biosynthesis (Figure 2), similar to the 
process observed in surfactin biosynthesis (Kraas 
et al., 2010).

Analysis of the rmd biosynthetic gene 
cluster

The putative rmd operon is 47,562 bp long and consists 
of 14 NRPS modules (Figure 3, Table S2). In addition, 
the putative biosynthetic genes, rmdE and rmdF, en-
code for two distinct acyl- CoA synthetases, which are 
predicted to cooperate with the NRPS machinery to 
assemble rhodamides. RmdE and RmdF showed 50% 
and 33% identity, respectively, with YngI (ABS74201.1) 
and VrtB (ADI24927.1) fatty acyl- CoA ligases in a 
BlastP search against the MIBiG database (Terlouw 
et al., 2023). Therefore, they are expected to cata-
lyse formation of CoA- activated fatty acids to fuel the 
rmd biosynthetic route. NRPS lipopeptide synthetase 
assembly lines very often require availability of acyl- 
CoA thioesters to be initiated, as in the case of sur-
factin biosynthesis, where four different fatty acyl- CoA 

ligases—LcfA, YhfL, YhfT, and YngI—are involved in 
providing the activated pool of fatty acid starter units 
(Kraas et al., 2010). Based on the subsequent MS- based 
structural characterization of rhodamides (Section 2.6), 
RmdE and RmdF catalyse thioester formation with CoA 
from saturated and monounsaturated C16, C20, C22, 
and C24 fatty acids. The RmdA_Cs domain catalyses 
the transfer of CoA- activated fatty acids from its donor 
site to the PCP- bound amino acid, namely glycine. The 
N- acylated glycyl intermediate is elongated by modules 
2–14 in an assembly- line fashion as amino acid resi-
dues are added sequentially to yield the LP backbone. 
Although antiSMASH analysis revealed the modular 
architecture of the rmd gene cluster, as well as the 
domain organization of each NRPS module, substrate 
selectivity of the A- domain- binding pocket could be 
predicted only for 6 out of 14 modules, as indicated in 
Table 2. RmdA_A3, RmdA_A6 and RmdB_A9 activate 
and select serine residues while RmdA_A7, RmdB_
A10 and RmdD_A13 show selectivity for Thr, Ala, and 
Leu, respectively. Building block prediction based on 
the adenylation domain specificity was consistent with 
the structure of rhodamides, except for RmdA_A3. 
This is not surprising considering that according to 
the model proposed by Rausch et al. (2005),  the 8 Ǻ 
signature sequence extracted from the RmdA_A3 ac-
tive site shares only 65% identity with Ser- selective A 
domains. Notably, modules 5 and 12 of the rhodamide 
synthetase apparently lack a functional A domain. Prior 
examples reported the complementation of adenylation 
activity of NRPS modules lacking their own A domain 
with upstream/downstream A domains from other mod-
ules (Du et al., 2000; Felnagle et al., 2007; Magarvey 
et al., 2006; Thomas et al., 2003; Zhang et al., 2020). 
According to this biosynthetic model, which specifies 
serine specificity, RmdA_A6 and/or RmdB_A9 should 
deliver Ser to modules 5 and 12 to match the chemi-
cal structures of rhodamides. However, it cannot be 
excluded that the two A- less modules may result from 
contig/scaffold misassembly caused by either low- 
depth sequencing data or the presence of highly similar 
A- domain sequences within the BGC.

TA B L E  1  Binding pocket signatures of adenylation domains from the Rhp synthetase.

AntiSMASH prediction

Binding pocket signatures (position)a

235 236 239 278 299 301 322 330 331 517

Rhp_A1 Leu D A L F V G A V F K

Rhp_A2 Ser D V W H F S L V D K

Rhp_A3 Leu/Ile D A L F A G A I F K

Rhp_A4 Unknown D A L F V G A V F K

Rhp_A5 Thr D F W N I G M V H K

Rhp_A6 Val D A L F V G G I M K

Rhp_A7 Unknown D A Y F A G G I Q K
aAs reported by Della Sala et al. (2020).
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TA B L E  2  Binding pocket signatures of adenylation domains from the Rmd synthetase.

AntiSMASH prediction

Binding pocket signatures (position)a

235 236 239 278 299 301 322 330 331 517

RmdA_A1 Unknown D V W D F I L V S K

RmdA_A2 Unknown D P L I S G A I V K

RmdA_A3 Ser D V W S L A L V H K

RmdA_A4 Unknown D P L I S G G I I K

RmdA_A6 Ser D V W H F S L V D K

RmdA_A7 Thr D F W N V G M V H K

RmdA_A8 Unknown D L W H L I L V S K

RmdB_A9 Ser D V W H F S L V D K

RmdB_A10 Ala D V W S Q A L V H K

RmdB_A11 Unknown D V W D F I L V S K

RmdD_A13 Leu D A L F V G A V V K

RmdD_A14 Unknown D L W H L I V V S K
aAs reported by Della Sala et al. (2020).

F I G U R E  3  Putative biosynthesis of rhodamides. C, condensation domain; A, adenylation domain; PCP, peptidyl carrier protein;  
E, epimerase; Cs, starter condensation domain; TE, thioesterase; Hex, hexosyl; Ac, acetyl. The A domain labelled with the dashed circle is 
a putative incomplete or inactive A domain.
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Two canonical epimerization domains have been 
detected in modules 4 and 5, indicating conversion of 
l- Ser to the d- configuration at positions 4 and 5 of the 
peptide backbone. The last NRPS module contains a 
terminal thioesterase domain belonging to the TE16 
family mediating the LP release through hydrolysis, 
thus yielding a linear product as revealed by MS/MS 
analysis of rhodamide congeners (Section 2.6).

To achieve the end- product, the LP backbone un-
dergoes (a) side- chain glycosylation at Ser- 5 and/or 
Thr- 7 and/or Ser- 12 and (b) side- chain acetylation at 
Thr/Dab- 2 and/or Thr- 4. Since suitable tailoring en-
zymes could not be bioinformatically detected within 
the relevant modules, trans- acting glycosyl-  and 
acetyl- transferases are likely to cooperate with the 
Rhd synthetase to yield the final product. Two pu-
tative glycosyltransferases (WP_230557595.1 and 
WP_230555296.1) belonging to the glycosyltransferase 
family A are located adjacent to the Rmd NRPS and 
could O- glycosylate the rhodamide peptide backbone. 
On the other hand, no acetyl- transferases were identi-
fied within the rmd gene cluster. More broadly, it can-
not be excluded that glycosyl-  and acetyl- transferases 
located at different loci in the genome of R. I2R may 
catalyse these tailoring steps in rhodamide biosynthe-
sis, as reported for the glycosylation of macrolactin 
and bacillaene (Qin et al., 2014). In addition, the gly-
cosyl moiety in most rhodamide variants undergoes 
O- succinylation. R. I2R has been already reported 
to assemble succinic saccharide esters, and a prob-
ably responsible acyltransferase (WP_230555977) 
has been identified in the bacterial genome (Palma 
Esposito et al., 2021).

Tandem mass spectrometry molecular 
networking analysis of R. I2R culture

Our previous OSMAC screening (22 culture conditions) 
failed to trigger LP production in R. I2R (Palma Esposito 
et al., 2021). In this work, we tried to enhance LP bio-
synthesis in ASG medium by hexadecane and iron 
supplementation, as previously described (de Oliveira 
Schmidt et al., 2021; Peng et al., 2008). After cultiva-
tion, biomass of R. I2R and exhausted culture broth 
were harvested separately and extracted using MeOH 
and AcOEt, respectively. Then, crude extracts were 
combined and fractionated by C18 reversed- phase 
(RP) chromatography, thus yielding five fractions F1- 
F5, eluted using different mixtures of H2O and MeOH 
(100% H2O, 50% MeOH, 90% MeOH, 100% MeOH, 
and 100% MeOH supplemented with 0.1% TFA).

To map a metabolic profile of R. I2R, each fraction 
was analysed by untargeted LC- HRMS2. MS2 data from 
all fractions were used to generate a global molecular 
network using the feature- based molecular network-
ing (FBMN) tool (Nothias et al., 2020), which enables 

clustering of similar molecules based on MS/MS frag-
mentation similarity (Figure S1). Molecules are subse-
quently visualized in cytoscape as nodes, connected by 
edges, with the thickness of each edge corresponding 
to the similarity of the MS/MS spectra. Linking the mo-
lecular networking analysis with the manual detection 
of specific substructures in MS2 data led to the identifi-
cation of two large molecular clusters, which matched 
the predictions of the new rhp and rmd BGCs, respec-
tively. The rhodoheptins and rhodamides were shown 
to be mainly located in the F5 fraction eluted with 100% 
MeOH plus 0.1% TFA. Therefore, following the work-
flow described above, a molecular network of the F5 
fraction was created to assess its chemical composi-
tion (Figure 4). Besides the presence of rhodoheptins 
(red nodes) and rhodamides (orange nodes), F5 also 
contained a minor molecular group composed of succi-
noyl trehalolipids (blue nodes).

To search for LPs encoded by the rhp and rmd BGCs, 
LC- HRMS2 data were imported into the MZmine plat-
form. The data were mined for precursor ions that gen-
erated fragment ions and/or neutral losses diagnostic 
of chemical substructures inferred by genome mining. 
Specifically, rhodoheptins were identified by looking for 
precursor ions showing neutral losses of 313.2002 amu 
(C15H27N3O4) and/or 200.1161 amu (C9H16N2O3) corre-
sponding to the Leu- Ser- Ile/Leu and Thr- Val motifs, re-
spectively, consistent with the prediction of the rhp BGC 
(Table 1, Figure S2). Additionally, rhodamides were de-
tected by searching for precursor ions that generated 
the fragment ions at m/z 159.0764 (C6H11N2O3

+) and 
189.0870 (C7H13N2O4

+) corresponding to the Ser- Ala 
and Thr- Ser motifs, respectively, as inferred from the 
prediction of the rmd gene cluster (Table 2, Figure S3).

Structure elucidation of rhodoheptins by 
mass spectrometry

For structural characterization of rhodoheptins, F5 was 
analysed by LC- HRMS2 in the positive ion detection 
mode on a Q Exactive Focus Orbitrap mass spectrome-
ter. Precursor ions included in the rhodoheptin network 
(red nodes, Figure 4) were selected to be fragmented in 
the higher- energy collision dissociation cell (HCD). The 
high- resolution (HR) masses of the pseudo- molecular 
ions [M + H]+ indicated the molecular formulas reported 
in Table 3 (mass accuracy ≤1.4 ppm).

Mass fragmentation spectra of rhodoheptins sug-
gested a cyclic LP structure (Figure 5), as being char-
acterized by several b-  and y- type ion series arising 
from random ring opening at different amide bonds and 
at the ester bond. Particularly, most rhodoheptin vari-
ants first undergo α- ε bond cleavages, thus yielding five 
different linear fragments (Figure 6 and Figures S5–
S23). Then, sequential N-  and C- terminal cleavage of 
these linear fragments resulted in five series of ions, 
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which allowed for the assignment of the amino acid 
sequence of rhodoheptins. In addition, the linear frag-
ment β (Figure 6) displays neutral loss of a β- hydroxy 
fatty acyl moiety as ketene, which is then linked to Leu1 
through an amide bond. This is consistent with the ge-
nome mining prediction results, thereby indicating an 
LP structure. The β- hydroxy function of the fatty acyl 
group forms an ester bond with the carboxylic group of 
aa- 7, as inferred from the generation of (a) the y6 and y5 
ions during fragmentation of the δ linear fragment and 
(b) the y5, y4 and y4

# ions during fragmentation of the ε 
linear fragment (Figure 6). As a result, the structure of 
rhodoheptins was determined as indicated in Table 3. 
Rhodoheptins have the common tetrapeptide motif 
Leu1- Ser2- Leu3- Ile4, while structural diversification re-
sults from amino acid substitutions in positions 5, 6, and 
7 and/or fatty acyl degree of unsaturation and length. 
Thus, either Thr or Ser (the latter only in rhodoheptins 
C (3) and G (7)) is incorporated into position 5, whereas 
Val or Ile (the latter only in rhodoheptin N (14)) may oc-
cupy position 6. However, the highest variation is due 
to exchange of amino acids in position 7 where Leu/Ile, 
Phe or MetO may be present. Incorporation of MetO 
in rhodoheptins K (11) and Q (17) is corroborated by 

the presence of fragment ions arising from the neutral 
loss of methanesulfenic acid (CH3SOH, 63.9983 Da), 
which is indicative of the sulfoxide group in side- chain 
of MetO (Figures S14 and S20). Saturated and mono-
unsaturated β- hydroxy fatty acids ranging from C16 to 
C24 are the fatty- acyl moieties embedded in the pep-
tide ring of rhodoheptins.

Finally, the structures of 21 rhodoheptins have been 
characterized, 20 of them being new compounds. 
Based on the similarity of the MS/MS spectrum, only 
one congener, that is, rhodoheptin R (18), was already 
reported from Rhodococcus equi and Rhodococcus 
opacus (Frankfater et al., 2020), which were shown to 
produce a family of cyclic and linear LPs closely re-
lated to rhodoheptins. By analogy with the structure of 
rhodoheptin R (18) and the other peptidolipid variants 
elucidated by MS, NMR spectroscopy and GC/MS by 
Frankfater and co- workers (Frankfater et al., 2020), we 
tentatively distinguished between the isomeric Ile and 
Leu residues at positions 1, 3, 4, and 6 in rhodoheptins, 
as indicated in Table 3. Notably, Leu1 also correlates 
with prediction of the adenylation domain selectivity 
(Table 1). However, it was not possible to recognize 
by analogy the Ile/Leu7 moieties in rhodoheptins A- E 

F I G U R E  4  Molecular network of the F5 fraction obtained by reversed- phase chromatography of the organic extract of Rhodococcus sp. 
I2R. Nodes are coloured according to biosurfactant classes and their size is related to metabolite amounts. Edge thickness reflects cosine 
scores which reveal the MS/MS spectra similarity.
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(1–5), H- I (8–9), M (13), O (15) and T (20), as such a 
residue is not present in any peptidolipid variants from 
R. equi and R. opacus, where the last amino acid is 
always Phe.

Rhodoheptins are composed of mixed d-  and l- amino 
acids. The absolute configuration of the seven amino 
acids was assigned through bioinformatic prediction. As 
the rhodoheptin synthetase includes two epimerization 
domains within modules 3 and 5 (Figure 2), respectively, 
the presence of d- Leu3 and d- allo- Thr5/d- Ser5 was in-
ferred, while the remaining amino acids were assumed 
to possess the l configuration. Nevertheless, the abso-
lute configuration of the β- carbon of the β- hydroxy fatty 
acids in rhodoheptins remains unsolved, as not predict-
able by gene cluster analysis.

TA B L E  3  Structures of rhodoheptins A- U (1–21) from Rhodococcus sp. I2R.

Compound [M + H]+ m/z Rt (min) R (FA)a Aa- 5 Aa- 6 Aa- 7

Rhodoheptin A (1) C52H96N7O11 994.7152 22.3 C13H27 (C16:0;O) d- allo- Thr l- Val l- Leu/
Ile

Rhodoheptin B (2) C53H98N7O11 1008.7305 26.0 C14H29 (C17:0;O) d- allo- Thr l- Val l- Leu/
Ile

Rhodoheptin C (3) C53H98N7O11 1008.7311 27.3 C15H31 (C18:0;O) d- Ser l- Val l- Leu/
Ile

Rhodoheptin D (4) C54H98N7O11 1020.7308 23.2 C15H29 (C18:1;O) d- allo- Thr l- Val l- Leu/
Ile

Rhodoheptin E (5) C54H100N7O11 1022.7470 30.1 C15H31 (C18:0;O) d- allo- Thr l- Val l- Leu/
Ile

Rhodoheptin F (6) C55H94N7O11 1028.7001 21.4 C13H27 (C16:0;O) d- allo- Thr l- Val l- Phe

Rhodoheptin G (7) C56H96N7O11 1042.7154 26.6 C15H31 (C18:0;O) d- Ser l- Val l- Phe

Rhodoheptin H (8) C56H102N7O11 1048.7637 29.8 C17H33 (C20:1;O) d- allo- Thr l- Val l- Leu/
Ile

Rhodoheptin I (9) C56H104N7O11 1050.7787 19.1 C17H35 (C20:0;O) d- allo- Thr l- Val l- Leu/
Ile

Rhodoheptin J (10) C57H96N7O11 1054.7154 22.3 C15H29 (C18:1;O) d- allo- Thr l- Val l- Phe

Rhodoheptin K (11) C53H98N7O12S 1056.6981 21.8 C15H31 (C18:0;O) d- allo- Thr l- Val l- MetO

Rhodoheptin L (12) C57H98N7O11 1056.7317 28.8 C15H31 (C18:0;O) d- allo- Thr l- Val l- Phe

Rhodoheptin M (13) C57H106N7O11 1064.7940 22.1 C18H37 (C21:0;O) d- allo- Thr l- Val l- Leu/
Ile

Rhodoheptin N (14) C58H100N7O11 1070.7470 30.4 C15H31 (C18:0;O) d- allo- Thr l- Ile l- Phe

Rhodoheptin O (15) C58H106N7O11 1076.7948 14.7 C19H37 (C22:1;O) d- allo- Thr l- Val l- Leu/
Ile

Rhodoheptin P (16) C59H100N7O11 1082.7472 28.6 C17H33 (C20:1;O) d- allo- Thr l- Val l- Phe

Rhodoheptin Q (17) C55H102N7O12S 1084.7290 25.8 C17H35 (C20:0;O) d- allo- Thr l- Val l- MetO

Rhodoheptin R (18)b C59H102N7O11 1084.7633 15.3 C17H35 (C20:0;O) d- allo- Thr l- Val l- Phe

Rhodoheptin S (19) C60H104N7O11 1098.7781 18.9 C18H37 (C21:0;O) d- allo- Thr l- Val l- Phe

Rhodoheptin T (20) C60H110N7O11 1104.8262 34.8 C21H41 (C24:1;O) d- allo- Thr l- Val l- Leu/
Ile

Rhodoheptin U (21) C63H108N7O11 1138.8105 32.3 C21H41 (C24:1;O) d- allo- Thr l- Val l- Phe

Abbreviations: aa, amino acid; FA, fatty acid; MetO, methionine sulfoxide; Rt, retention time.
aFatty acids have been reported in parenthesis using the LIPID MAPS shorthand notation (Liebisch et al., 2020). Fatty acyl chains are indicated as C:N;O, 
where C is the number of carbon atoms, N is the number of double bond equivalents and O is the number of additional oxygen atoms linked to the hydrocarbon 
chain.
bFrankfater et al. (2020).

F I G U R E  5  General structure of rhodoheptins.
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Structure elucidation of rhodamides by 
mass spectrometry

After reversed- phase liquid chromatography, MS/MS 
spectra of [M + 2H]2+ ions of rhodamides (orange nodes, 
Figure 4) were acquired at lower and higher normalized 
collision energies (NCE), that is, 15 and 30, to obtain 
both larger and smaller fragment ions for de novo se-
quencing of the peptide backbone. The high- resolution 
ESI mass spectrum of [M + 2H]2+ ions of rhodamides 

was indicative of the molecular formulas reported in 
Table 4 �PDVV DFFXUDF\ �� SSP�� 5KRGDPLGHV ZHUH 
shown to be linear glycosylated and acetylated pep-
tidolipids consisting of a tetradecapeptide linked to a 
saturated or monounsaturated fatty acid via an amide 
bond with the N- terminal amino acid residue (Figure 7).

The product ion spectra of [M + 2H]2+ ions of 
rhodamides at NCE 15 displayed y12- y2 and b12- b1 
ions together with b- type internal fragments arising 
from fragmentation of the y10 ion, the latter being 

F I G U R E  6  HR- MS2 spectra of the [M + H]+ pseudo- molecular ions of rhodoheptin E (5) (A) and rhodoheptin R (18) (B) and their 
proposed fragmentation pathways.
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useful to identify the last two amino acids as Ile/Leu13 
and Ala14 (Figures 8 and Figure S24–S26). The ob-
served fragmentation pattern at NCE 15 allowed for 
the assignment of the peptide sequence as shown in 
Table 4, however, it was necessary to increase colli-
sion energy (NCE 30) to identify the structure of the 
b1 fragment ion, which features in all rhodamide iso-
forms a Gly residue loss to yield the acylium ion cor-
responding to the fatty acid starter unit (Figure 8B). 
With this regard, rhodamides were shown to pos-
sess C16:0, C20:0 C22:0, C22:1 and C24:1 fatty acyl 
chains (Table 4).

As a result, the peptide backbone of rhodamides was 
determined as Gly1- aa2- Ala3- aa4- Ser5- Ser6- Thr7- Ala8- 
Ser9- Ala10- Gly11- Ser12- Leu/Ile13- Ala14, where the differ-
ent congeners contain (a) O- acetylthreonine (O- Ac- Thr) 
or N- γ- acetyl- 2,4- diaminobutyric acid (N- γ- Ac- Dab) and 
(b) Leu/Ile or O- Ac- Thr at the variable amino acid po-
sitions 2 and 4, respectively. Particularly, the presence 
of O- Ac- Thr or N- γ- Ac- Dab at positions 2 and/or 4 was 
inferred from the loss of the acetyl group as ketene 
(C2H2O, 42.0106 Da) from b2 and/or b4 fragment ions, 
followed by the loss of a Thr or Dab residue (Figures 8, 
and Figure S24–S26). An in- depth investigation of the 
MS/MS spectra led to the identification and position 

assignment of the substitution patterns of rhodamides 
as detailed in Table 4. Rhodamides bear up to two 
pendant hexosyl groups, which may undergo or not 
mono-  or di- succinylation. Indeed, the MS/MS spectra 
of rhodamides displayed low- abundance fragment ions 
at m/z 163.0601 (C6H11O5

+), m/z 145.0495 (C6H9O4
+) 

and/or m/z 263.0761 (C10H15O8
+) and/or m/z 363.0922 

(C14H19O11
+), as well as the corresponding neutral 

losses, which were indicative of the dehydrated forms of 
the hexoside (Hex), succinoyl- hexoside (Succ- Hex) and 
disuccinoyl- hexoside (Disucc- Hex) moieties (Figures 8B 
and Figure S24B–S26B). Indeed, fragment ions at m/z 
263.0761 and m/z 363.0922 undergo further fragmen-
tation resulting in the neutral loss of one molecule of 
succinic acid (C4H6O4, 118.0260 amu) and sequential 
losses of succinic acid and succinic anhydride (C4H4O3, 
100.0160 amu), respectively, thereby suggesting one or 
two succinate units ester linked to the hexosyl group. 
The product ion spectra of rhodamides bearing the Hex/
Succ- Hex/Disucc- Hex on Ser5 side- chain hydroxy func-
tion exhibit glycosylated b12- b5 ion fragments (besides 
the corresponding non- glycosylated counterparts) but 
only non- glycosylated b4- b1 ions, thus allowing for the 
unambiguous assignment of the substituent position 
(Figure S24). Also, rhodamide variants with a pendant 

F I G U R E  7  General structure of rhodamides.

F I G U R E  8  HR- MS2 spectra of the [M + 2H]2+ pseudo- molecular ion of rhodamide X (48) acquired at NCE 15 (A) and 30 (B) and its 
proposed fragmentation pathway. Succ, succinoyl; Hex, hexosyl; Ac, acetyl.
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glycosyl moiety on Thr7 or Ser12 side- chain hydroxy 
group display glycosylated y12- y8 or y12- y3 ions (together 
with the corresponding non- glycosylated fragments) but 
only the non- glycosylated y7- y2 or y2 ions (Figure S25 
and S26). The simultaneous presence of glycosylated 
y12- y8/y12- y3 and b12- b5 ion series in MS/MS spectra was 
indicative of rhodamide congeners featuring substituents 
on both the Thr7/Ser12 and Ser5 side- chains (Figure 8).

The genomics- driven absolute configuration assign-
ment of rhodamides indicated the presence of d- Leu/
Ile4, d- allo- O- Ac- Thr4 and d- Ser5, as the rhodamide 
synthetase features two epimerization domains within 
modules 4 and 5, respectively (Figure 3). Consequently, 
the remaining amino acids were assumed to possess 
the l configuration.

Finally, the structures of 33 glycolipopeptides have 
been reported here for the first time. Interestingly, 
a group of cell wall glycolipopeptides related to 
rhodamides has been isolated from R. erytropolis 134 
and differs from rhodamides in the amino acid compo-
sition, the substitution pattern and the N- terminal fatty 
acid moiety, including mycolic acids besides normal 
fatty acids (Koronelli, 1988).

In addition, while glycolipopeptides from R. erytropo-
lis 134 and peptidolipids from R. equi and R. opacus have 
been described as cell wall components, rhodamides 
and rhodoheptins have been detected both in the cell 
pellet and the supernatant of R. I2R. Therefore, it can 
be argued that the bacterium may secrete these bio-
surfactants to emulsify and intake hexadecane from the 
growth medium (see Section 4.2), as widely reported 
for Corynebacteriaceae (Koronelli, 1988).

Bioactivity evaluation of rhodoheptins and 
rhodamides

The F5 fraction (including rhodoheptins, rhodamides, 
and trehalolipids) exhibited biosurfactant activity in the 
oil- spreading assay, causing oil displacement and form-
ing a clear zone in the oil layer (Figure S4) as for other 

surface active agents of microbial origin (Giugliano 
et al., 2023; Buonocore et al., 2020). Therefore, the 
identification of rhodoheptins and rhodamides further 
expands the biosurfactant repertoire of R. I2R, previ-
ously recognized solely as a source of glycolipid bio-
surfactants (Palma Esposito et al., 2021). An increasing 
body of evidence suggests that many biosurfactants 
may interfere with different steps of cancer develop-
ment and bacterial infections (Wang et al., 2024). 
Consequently, we assessed potential antimicrobial and 
antiproliferative effects of LPs from R. I2R.

F5 did not show any activity in antibacterial assays 
against Staphylococcus aureus ATCC 6538, Listeria 
monocytogenes MB 677, E. coli ATCC 10536, and 
Pseudomonas aeruginosa PA01.

Moreover, F5 and a purified rhodoheptin- enriched 
fraction were evaluated for antiproliferative activity 
against human A375 melanoma cells using the MTT 
assay (Figure 9). The purified rhodoheptin- enriched frac-
tion was obtained following the procedure described in 
Section 4.2 and its composition was assessed using LC- 
HRMS2 (Figure S27 and Table S4), thus confirming the 
presence of all the rhodoheptin variants listed in Table 3. 
F5 induced approximately 50% cancer cell death after a 
48- hour treatment at the highest concentration (500 μg/
mL). In contrast, the purified rhodoheptin- enriched frac-
tion elicited weaker yet significant growth inhibition (33%) 
in A375 cells at the same concentration. The synerges-
tic effects of rhodoheptins, trehalolipids and presumably 
rhodamides may explain the increased reduction in cell 
viability, considering that trehalolipids from R. I2R have 
been already shown to induce cytotoxicity against PC3 
prostate cancer cells (Palma Esposito et al., 2021).

Rhodoheptin and rhodamide- related 
lipopeptides from other Rhodococcus 
strains

As R. equi and R. opacus are able to synthesize cy-
clic and linear LPs structurally related to rhodoheptins, 

F I G U R E  9  Cell viability of A375 
cells exposed to 0.25% DMSO vehicle 
(Ctr) and different concentrations of F5 
and rhodoheptin mixture (31.25, 62.5, 
125, 250 or 500 μg/mL). Data have 
been normalized to the relevant control 
(Ctr) and are presented as mean ± SD; 
n = 4. Where not indicated, statistical 
significances are referred to as control 
(Ctr). *p < 0.05; **p < 0.01; ***p < 0.001.
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genomes of both species (NCBI accession numbers 
NZ_CP027793.1 and NZ_CP080954.1) were mined in 
silico for the relevant BGCs. Unfortunately, the genome 
of R. erytropolis 134 is not publicly available and, there-
fore, it was not possible to look for the BGC encoding 
for the biosynthesis of the rhodamide- related glycolipo-
peptides described by Koronelli. (1988). Nevertheless, 
an antiSMASH analysis of several R. erytropolis strains 
(CCM2595, JCM 2895, X5, CERE8 and D310) dis-
closed the presence of multimodular NRPS putatively 
involved in the assemblage of serine-  and threonine- 
containing LPs resembling rhodamide architecture.

As expected, R. equi and R. opacus were found to 
host the heptamodular NRPS gene cluster, specifically 
WP_106851421.1 and WP_025433610.1, respectively, 
featuring the same organization as rhp and showing 
collinearity with the peptidolipid family described by 
Frankfater and co- workers (Figure S28). These findings 
further support the link between the BGCs and the en-
coded molecules, thus shedding light on a biosynthetic 
route conserved across different Rhodococcus strains. 
Basically, rhodoheptins from R. I2R differ from pepti-
dolipid variants of R. equi and R. opacus as a result 
of (a) the relaxed substrate selectivity of the adenyla-
tion domain present in the last module, which allows 
for the accommodation of Leu/Ile and MetO, beyond 
Phe, and (b) the fatty acyl moiety specificity of the Cs 
domain, which selects C16 and C17, beyond C18- C24 
β- hydroxy fatty acids.

In the most general terms, the LP profile of R. I2R 
is more similar to that of R. equi as being exclusively 
characterized by cyclic LPs. Notably, detection of a 
putative esterase- encoding gene (WP_005249251.1) 
flanking the NRPS cluster solely in R. opacus could ex-
plain why this strain is able to produce also linear LPs, 
likely arising from the corresponding cyclic variants 
after hydrolytic cleavage of the lactone ring. As for the 
rhodoheptin synthetase, the heptamodular NRPS from 
R. equi contains two E domains within the modules 3 
and 5, thus unveiling the conserved ඌ absolute config-
uration of aa- 3 and - 5 (Figure S28). On the other hand, 
the heptamodular NRPS from R. opacus bears two E 
domains within modules 1 and 6, thus accounting for a 
different stereochemistry of the entire LP family in this 
strain (Figure S28).

To determine if the rhodoheptin BGC is widespread 
in Rhodococcus species, a cblaster analysis (Gilchrist 
et al., 2021) was performed. All genomic data from 
Rhodococcus available on NCBI were used. We de-
tected a total of 2224 clusters distributed across 1936 
genomic scaffolds originating from 856 different organ-
isms. Among these, 322 unique species were identified 
to have at least 60% of the genes present in the query 
cluster (Figure S29). For the rhodamide BGC, cblaster 
detected 2499 clusters across 2150 genomic scaffolds 
from 860 organisms within the NCBI Rhodococcus 
data. Of these, 478 unique species were found to 

contain at least 60% of the genes present in the query 
cluster (Figure S30). This indicates a wide distribution 
of the rhodoheptin and rhodamide biosynthetic path-
ways across a diverse set of Rhodococcus species.

CONCLUSIONS

The genome and metabolome analysis of R. I2R ena-
bled the structure and biosynthetic pathway discovery 
of two LP families with biosurfactant and moderate 
antiproliferative activity. These families would have re-
mained cryptic if a genomic bottom- up approach had 
not been applied. Indeed, genome mining guided the 
selection of tailored growth media to unlock LP biosyn-
thesis and supported detection and stereo- structural 
elucidation of rhodoheptins and rhodamides as well. 
So far, few studies report about LPs from Rhodococcus 
spp. (Chiba et al., 1999; Habib et al., 2020; Peng 
et al., 2008), as the most prolific strains belong to 
Bacillus and Paenibacillus species, Pseudomonas spp., 
Cyanobacteria and Actinomycetota, mainly represented 
by the Streptomyces genus (Carolin et al., 2021; Cock 
& Cheesman, 2023; Li et al., 2021; Zhang et al., 2023). 
Therefore, our results represent a step forward in the 
investigation of the underexplored Rhodococcus genus 
as a biotechnological resource. Nevertheless, as widely 
documented for biosurfactants (Hashemi et al., 2024), 
the low microbial productivity remained a bottleneck 
which hampered isolation and NMR structural charac-
terization of rhodoheptins and rhodamides. Notably, R. 
I2R was shown to possess multiple biosynthetic routes 
for biosurfactant production, thus making this bacte-
rium a factory of diverse surface- active natural prod-
ucts, i.e., saccharide succinic esters (Palma Esposito 
et al., 2021), LPs and glycolipopeptides. As R. I2R has 
been isolated from deep- sea sediments, the bacterium 
has likely maintained this synergy as a result of the en-
vironmental pressure (e.g. light and nutrient shortage, 
high pressure, and salinity), which might have imposed 
R. I2R to synthesize molecules such as biosurfactants, 
for complex carbon source degradation, nutrient re-
trieval and chemical defence. Due to the novelty of the 
chemical structures and the availability of the BGCs of 
rhodoheptins and rhodamides, our future work aims at 
the large- scale production of these potentially indus-
trially relevant biosurfactants through heterologous 
expression.

EXPERIMENTAL PROCEDURES

Bioinformatics

The draft genome of R. I2R (accession: JAHUTG 
000000000) consisting of 72 contigs was assembled into 
36 scaffolds employing the software MeDuSa (Multi- Draft 
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based Scaffolder) (Bosi et al., 2015) and selecting the ge-
nomes of Rhodococcus sp. P1Y (NZ_CP032762.1) and 
Rhodococcus sp. BP- 261 (NZ_JABUCO000000000.1) 
as references to guide contigs ordering and orientating, 
as previously described (Palma Esposito et al., 2023). 
BGCs encoding the biosynthesis of LPs were identified 
by using the genome mining tool antiSMASH 7.0 (Blin 
et al., 2023). The rhodoheptin and rhodamide gene clus-
ters were deposited in GenBank under accession num-
bers PP729154 and PP729155, respectively. Cblaster 
(Gilchrist, et al. 2021) was run using the search module 
(default settings), against the NCBI Database (limited to 
Rhodococcus genomes). To visualize the similarity of the 
clusters, clinker was used.

Cultivation, extraction and fractionation

The marine bacterium R. I2R was isolated on agar 
plates containing mineral salt medium (MSM) supple-
mented with 1.0 mM of phenanthrene from deep- sea 
sediments collected in the Southern Tyrrhenian Sea, 
as previously reported (Palma Esposito et al., 2021). 
For LP production, R. I2R was grown at 28°C under 
shaking (200 rpm) for 6 days in 200 mL of ASG me-
dium (casamino acids 3 g/L; MgSO4 × 7  H2O 12 g/L; 
KCl 0.75 g/L; NaCl 15 g/L; CaCl2 3 g/L; NH4Cl 1 g/L; 
NaHCO3 0.17 g/L) supplemented with 0.5% (v/v) hexa-
decane and 0.5 μM FeCl3. Hexadecane and iron were 
added as potential hydrophobic and hydrophilic induc-
ers, respectively, to stimulate LP synthesis (de Oliveira 
Schmidt et al., 2021; Peng et al., 2008; Solyanikova 
& Golovleva, 2019). After the 6 days of growth, bio-
mass of R. I2R and exhausted broth were harvested 
separately  and  extracted  with  MeOH  (3 × 100 mL) 
and  AcOEt  (2 × 200 mL)  respectively.  The  combined 
MeOH and AcOEt extracts (1.734 g) were purified by 
reversed- phase chromatography using a C18 SPE col-
umn eluted with different mixtures of H2O and MeOH to 
obtain five fractions: F1, 100% H2O (88.9 mg); F2, 50% 
MeOH (32.7 mg); F3, 90% MeOH (51,8 mg); F4, 100% 
MeOH (20.4 mg); F5, 100% MeOH supplemented with 
0.1% TFA (6.5 mg). To obtain the rhodoheptin- enriched 
fraction, crude bacterial extract was separated over a 
C18 SPE column using the above- mentioned gradi-
ent elution and finally flushed with CHCl3, to collect an 
additional fraction (0.5 mg) containing only residual rho-
doheptins previously retained by the stationary phase.

Liquid chromatography–high- resolution 
tandem mass spectrometry (LC- HRMS2)

The five SPE fractions were suspended in CH3OH at a 
concentration of 1 mg/mL and analysed by untargeted LC- 
HRMS2 on a Thermo Scientific Q Exactive Focus Orbitrap 
mass spectrometer coupled to a Thermo Ultimate 3000 

HPLC System equipped with an Hypersil C18 column 
(100 × 4.6 mm, 3 μm). The RP18 column was maintained 
at 25°C and eluted at 400 μL/min with H2O and CH3CN, 
both supplemented with 0.1% formic acid, setting the 
following gradient program: 70% CH3CN 10 min (equi-
libration), 70% → 75% CH3CN over 3 min, 75% → 85% 
CH3CN over 5 min, 85% → 100% CH3CN over 22 min, 
100% CH3CN 11 min. MS spectra were recorded in the 
positive ion detection mode and HESI source parameters 
were set as follows: a sheath gas flow rate of 32 units N2, 
an auxiliary gas flow rate of 15 units N2, a spray voltage 
of 4.8 kV, a capillary temperature of 285°C, an S- lens 
RF level of 55 and an auxiliary gas heater temperature 
of 150°C. MS survey scans (800–1400 m/z) were ac-
quired at a resolution of 70,000 and an AGC target of 
1e6. HRMS2 spectra were acquired in the DDA mode at 
a resolution of 70,000 and an AGC target of 5e4, setting 
three MS2 events after each full MS scan. HRMS2 scans 
were obtained with HCD fragmentation, using an isola-
tion width of 2.0 m/z, a normalized collision energy of 15 
and 30 units and an automated injection time.

Feature- based molecular networking 
(FBMN)

To chart a metabolic overview of R. I2R, the molecular 
network of the F1- F5 fractions from R. I2R was gener-
ated with the FBMN workflow (Nothias et al., 2020; Teta 
et al., 2016) on GNPS (https:// gnps. ucsd. edu), as previ-
ously reported (Teta et al., 2021). MS raw data were ini-
tially processed by MZmine2 (Pluskal et al., 2010) using 
the parameters reported in the Supplementary Material 
(Table S3). Briefly, after chromatogram building and de-
convolution, peaks from the SPE fractions and blank 
sample (i.e. methanol used for fraction suspension) 
were aligned to subtract the background spectrum 
and eliminate interference. In addition, [M + Na–H], 
[M + K–H],  [M + Mg − 2H],  [M + NH3], [M- Na + NH4], 
[M + 1, 13C] adducts and peaks without associated MS2 
spectra were filtered out. The results were exported 
as mgf file to GNPS for FBMN analysis. For FBMN 
analysis, the precursor ion mass tolerance was set to 
0.02 Da and the MS2 fragment ion tolerance to 0.05 Da. 
A molecular network was then created where edges 
were filtered to have a cosine score above 0.7 and 
more than three matched peaks. The molecular net-
work (Figure S1) was visualized using the Cytoscape 
software (Shannon et al., 2003) and can be publicly 
accessed at https:// gnps. ucsd. edu/ Prote oSAFe/  sta-
tus. jsp? task= 1a8c0 d5b8c 0a42a aaa1a 8b552 0f5764c. 
Following the same workflow as described above, a 
molecular network of the F5 fraction containing rho-
doheptins and rhodamides was created (Figure 4) and 
is available at the following link https:// gnps. ucsd. edu/ 
Prote oSAFe/  status. jsp? task= 4a962 a758d 30446 1a855 
f935f 0295109.
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Oil- spreading assay

The oil- spreading assay was performed following the 
protocol previously reported (Giugliano et al., 2023). 
In brief, 60 μL of exhaust motor oil was added to 
25 mL of distillate water in a Petri dish (Ø 9 cm) to 
create a thin oil layer. Then, F1- F5 fractions were dis-
solved in DMSO at 50 mg/mL concentration and 1 μL 
of each fraction was poured into the centre of the oil 
layer. The presence of biosurfactants was indicated 
by oil displacement and formation of a clear zone in 
the oil layer.

Cell viability assay

Cell viability was assessed by the MTT assay as 
previously described (Villanova et al., 2022). A375 
melanoma cells were cultured in RPMI medium sup-
plemented with 10% fetal bovine serum, penicillin–
streptomycin (100 U/mL) and 2 mM L- glutamine, at 37°C 
under a 5% CO2 humidified atmosphere. A375 cells 
were seeded at a cell density of 6000 cells/well in a 
final volume of 100 μL per well. Approximately 24 h after 
seeding, medium was removed and cells were treated 
with medium containing DMSO vehicle, F5 fraction and 
rhodoheptin mixture at the indicated concentrations 
for 48 h. Samples were dissolved in DMSO to prepare 
200 mg/mL stock solutions and then diluted in RPMI 
medium for antiproliferative assays. In all experiments, 
the final concentration of DMSO did not exceed 0.25%, 
as it was not toxic to A375 cancer cells. After 48 h treat-
ment, 0.5 mg/mL MTT was added to each well. Then, 
cells were incubated for 3 h at 37°C in a 5% CO2 hu-
midified atmosphere. After incubation, medium was 
discarded and formazan salts generated by living cells 
were dissolved in 100 μL isopropanol at room tempera-
ture for 60 min under shaking. To assess cell viability, 
sample absorbance was measured at 570 nm using an 
Infinite M1000Pro (TECAN, Männedorf, Switzerland) 
plate reader.

Data from MTT assay are reported as the 
mean ± standard deviation (SD) of four independent 
experiments. Data statistical analysis was performed 
by using the GraphPad Prism Software version 5. 
One- way analysis of variance (ANOVA) and Student's 
t- test were used to compare means between groups. 
Dunnett test was applied as a post hoc test in ANOVA 
for multiple comparisons with the control group. 
Differences were considered statistically significant 
if p < 0.05.

Antibacterial assays

Antibacterial activity was evaluated following the 
broth microdilution method, as previously reported 

(Giugliano et al., 2023). Briefly, after reaching the 
log- phase, Staphylococcus aureus ATCC 6538, E. 
coli ATCC 10536, and Pseudomonas aeruginosa 
PA01 were diluted in MH (Mueller Hinton) medium 
and dispensed into a microtitre plate to have a titre 
RI � î ��4 CFU per well in a final volume of 200 μL. 
Unlike the other pathogens, Listeria monocytogenes 
MB 677 was diluted in TSB medium supplemented 
with 0.6% yeast extract. Pathogens were treated with 
2% DMSO vehicle (control) and the F5 fraction at 
different concentrations (1.0–0.500–0.250–0.125–
0.062 mg/mL) for 24 h at 37°C. Antibacterial activity 
was assessed by comparing the optical density (OD) 
values for the treated strain with the control. OD was 
measured at 600 nm by using a Tecan plate reader 
(Tecan, Männedorf, Switzerland).
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ABSTRACT 

Bacterial secondary metabolites are a major source of therapeutics and play key roles in 
microbial ecology. These compounds are encoded by biosynthetic gene clusters (BGCs), 
which show extensive genetic diversity across microbial genomes. While recent advances 
have enabled clustering of BGCs into gene cluster families (GCFs), there is still a lack of 
frameworks for systematically analysing their internal diversity at a population scale. Here, we 
introduce PanBGC, a pangenome-inspired framework that treats each GCF as a population 
of related BGCs. This enables classification of biosynthetic genes into core, accessory, and 
unique categories and provides openness metrics to quantify compositional diversity. Applied 
to over 250 000 BGCs from more than 35 000 genomes, PanBGC maps biosynthetic diversity 
of more than 80 000 GCFs. To facilitate exploration, we present PanBGC-DB (https://panbgc-
db.cs.uni-tuebingen.de), an interactive web platform for comparative BGC analysis. PanBGC-
DB offers gene- and domain-level visualizations, phylogenetic tools, openness metrics, and 
custom query integration. Together, PanBGC and PanBGC-DB provide a scalable framework 
for exploring biosynthetic gene clusters at population resolution and for contextualizing newly 
discovered BGCs within the global landscape of secondary metabolism. 

INTRODUCTION 

Microbial genomes are remarkably dynamic, shaped by an ongoing interplay of gene 
acquisition, loss, duplication, and rearrangement[1–4]. This evolutionary fluidity allows 
microorganisms to adapt to diverse ecological niches, develop resistance mechanisms, and 
expand their metabolic capacities[5–7]. As the volume of sequenced genomes continues to 
grow, comparative genomics has become a key approach for uncovering patterns of gene 
conservation and variation across related strains[8, 9]. 

The shift from analysing single genomes to comparing entire groups has given rise to powerful 
frameworks that help organize and interpret genomic diversity[10]. Among them, the 
pangenome model[11, 12] offers a structured view of how genes are distributed across 
populations, highlighting both shared and variable features that may underlie functional and 
ecological differences [13, 14]. 

The pangenome framework formalizes genomic diversity by organizing all genes found across 
a group of related organisms into three categories: core genes (present in all strains), 
accessory genes (shared by some but not all), and unique genes (found in only one strain)[9, 
15–17]. This model captures both the conserved backbone of a species and its flexible 
genomic reservoir, providing a foundation for understanding how populations adapt, specialize, 
and diversify over time[13, 18, 19]. 

Beyond categorization, pangenomic analysis enables broader questions about genomic 
plasticity[19]. One such concept is pangenome openness, which quantifies how much new 

https://panbgc-db.cs.uni-tuebingen.de/
https://panbgc-db.cs.uni-tuebingen.de/
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genetic material continues to be discovered as additional genomes are sampled[9, 18]. In open 
pangenomes, gene content continues to grow with each new genome, suggesting high rates 
of horizontal gene transfer and ecological versatility. Conversely, closed pangenomes saturate 
quickly, indicating more stable, conserved genetic repertoires.[17, 20] These metrics offer 
crucial insight into the evolutionary dynamics and adaptive strategies of microbial populations. 

Over the past decade, this framework has been widely adopted in microbial genomics[21], 
helping to characterize evolutionary dynamics and adaptive potential in species ranging from 
pathogens to environmental isolates[8, 19, 22]. 

 

Figure 1: Overview of biosynthetic gene cluster (BGC) function and PanBGC-DB workflow.  
a Schematic representation of a typical BGC, highlighting the modular architecture with genes 
performing distinct biosynthetic functions. Each coloured arrow represents one gene in the BGC. The 
specialized metabolites produced by these BGCs serve diverse ecological functions in nature, like stress 
resistance, antibiotic production, intercellular communication, and nutrient acquisition. b Workflow of the 
PanBGC-DB pipeline. BGCs are first provided as input and clustered into gene cluster families (GCFs) 
based on sequence similarity and synteny by BiG-SLICE[23] and BiG-SCAPE[24]. Within each GCF, 
genes are grouped into orthologous groups to enable comparative analysis of core and accessory 
components. The resulting data are integrated into the PanBGC-DB platform for visualization and 
downstream exploration of BGC diversity and evolution. 

In recent years, similar approaches are now being extended to the study of secondary 
metabolism[25]. These specialized metabolites, which play key roles in microbial interactions 
and biotechnological applications, are encoded by biosynthetic gene clusters (BGCs)[26] 

(Fig.1a). BGCs exhibit complex evolutionary histories and can be considered evolutionary 
entities in their own right[27]. Recent studies of individual gene cluster families (GCFs), groups 
of BGCs that share similar biosynthetic architectures and typically produce structurally related 
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compounds, have shown that BGCs evolve through gene gain, loss, and rearrangement, 
mirroring the dynamics seen in microbial genomes[28–30]. 

Advances in tools such as BiG-SCAPE[24] and BiG-SLiCE[23] now make it possible to group 
BGCs into gene cluster families and study variation within them. This enables comparative 
analyses of modular organization and functional divergence[24]. Yet, while such studies have 
begun to uncover the evolutionary dynamics within individual GCFs[31], a global, population-
level framework for analysing BGC diversity has been lacking. 

Here, we introduce the PanBGC framework (Fig. 1b), which applies pangenome principles to 
biosynthetic gene clusters by treating each GCF as a population of related clusters. This 
enables the systematic classification of biosynthetic genes into core, accessory, and unique 
components, and allows us to quantify patterns of modularity and openness across thousands 
of families. Applied to over 80 000 GCFs derived from more than 250 000 BGCs, the present 
analysis reveals that biosynthetic innovation is primarily driven by combinatorial rearrangement 
of conserved gene sets. 

To support broad access and interactive analysis, we present PanBGC-DB (https://panbgc-
db.cs.uni-tuebingen.de), an open platform that enables global exploration of biosynthetic gene 
cluster families analysed using the PanBGC framework and integration of user-provided BGCs 
into this comparative landscape. 

METHODS 

Biosynthetic gene cluster data were compiled from two publicly available sources. A total of 
254 792 predicted BGCs were obtained from the antiSMASH-DB[32] (accessed date February 
2025) by automated web crawling of all available JSON-formatted annotations. In addition, we 
included 2 635 experimentally validated BGCs from the MIBiG v4.0 database[33], using 
GenBank-format files. These datasets were used as the input for clustering the BGC in gene 
cluster families.  

Clustering of Gene Clusters into GCFs 

Biosynthetic gene clusters were clustered using a two-step strategy to define gene cluster 
families. First, all BGCs were processed using BiG-SLiCE[23] (v2.0.0; database release 2022-
11-30) with default parameters and cut-off set to 0.7 to assign clusters to broadly defined gene 
cluster families based on global similarity. The computation was performed using 96 CPU 
cores. In the second step, each BiG-SLiCE family was subjected to fine-scale reclustering 
using BiG-SCAPE (v2.0-beta6)[24], which computes pairwise similarities based on domain 
architecture, composition and sequence similarity. BiG-SCAPE was executed with the 
following parameters: --input-mode recursive, --record-type region, --classify category, --gcf-
cutoffs 0.4, --include-singletons, --hybrids-off, --no-trees, and --force-gbk, using the Pfam-A 

https://panbgc-db.cs.uni-tuebingen.de/
https://panbgc-db.cs.uni-tuebingen.de/
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HMM database for domain annotation. This two-step approach allowed us to generate GCFs 
that reflect both broad biosynthetic relatedness and fine-grained architectural similarity. 

Orthologous grouping of genes within Gene Cluster Families 

For each GCF, genes from all associated BGCs were grouped into orthologous groups using 
ZOL v1.5.9[34], with the -r option to standardize locus tags. Functional annotations were 
assigned using ZOL’s built-in annotation libraries. In addition to the ortholog assignments, we 
also extracted the consensus order, diversity, and average length of each orthologous group 
as computed by ZOL. The complete output was converted into a structured JSON format for 
downstream analysis and visualization. 

Openness metrics calculation 

To assess openness of the gene pool, a methodology of previous research[8, 35, 36], and was 
adapted for the PanBGC-DB. The code is available on the GitHub repo 
(https://github.com/ZiemertLab/PanBGC-
DB/tree/master/Website_code/public/cluster_charts/scripts) to simulate gene accumulation 
across each GCF. For each family, 30 random BGC sampling permutations were generated 
to compute the cumulative number of genes as BGCs were incrementally added. The resulting 
gene accumulation curves were fitted to the Heaps’ Law model y = k * x using three 
approaches: 

1. Standard log-log linear regression, which applies linear regression on log-transformed 
gene and BGC counts. 

2. Weighted regression, which emphasizes later sampling points by assigning increasing 
weights, improving fit when early data is noisy. 

3. Non-linear optimization, which directly minimizes squared error using gradient descent 
without log transformation. 

The best-fitting model was selected based on the highest R² value. The final  value was used 
to quantify the openness of each GCF.  

For the analysis based on unique gene composition in a BGC, the same simulation strategy 
and model-fitting approaches were applied. Instead of tracking the cumulative total of all genes, 
only the appearance of a BGC with a unique gene composition (not including gene order) at 
each sampling step was counted. The resulting curves capture the rate at which novel genes 
appear as more BGCs are added. As before, the Heaps’ Law model was fit using all three 
approaches, and the model with the best R² was selected to report the final  and k values.  

To evaluate whether openness estimates based on unique gene composition differed 
significantly from those based on total gene count, we applied a Kruskal–Wallis rank-sum test 
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on the corresponding  values across all GCFs. This non-parametric test was used to assess 
differences in distributions without assuming normality. 

Phylogenetic tree construction 

Gene trees for each orthologous group were generated by ZOL. The BGC tree is a coalescent 
tree inferred by astral-pro3 version 1.19.3.5[37] using all OG trees of the respective GCF. 

Website visualization  

The interactive web platform was developed using JavaScript for both frontend and backend 
logic, with HTML and CSS for structure and styling. Visualizations were implemented using 
different libraries. The input data is provided in JSON, Nexus, and CSV formats 
(Supplementary Tab. 1). Pre-processed data is dynamically loaded and rendered client-side. 
Code for the website is available in the GitHub repo (https://github.com/ZiemertLab/PanBGC-
DB/tree/master/Website_code/). 

Querying with user-provided BGCs 

Users can upload a single BGC in GenBank format to identify the most similar GCF. For each 
GCF, a theoretical maximum BGC was constructed by merging all orthologous gene groups 
observed across its member clusters (https://github.com/ZiemertLab/PanBGC-
DB/blob/master/Max_BGC.py). These representative BGCs were compiled into a searchable 
database using the makedb module from cblaster v1.3.0[38]. Upon upload, the user’s BGC is 
queried against this database using the cblaster search function to determine the best-
matching GCF (Supplementary Fig.3). 

Visualization of user-generated GCFs 

The Python pipeline used to process precomputed GCFs on the website was adapted to 
support user-provided data. Users can run this pipeline locally on one or more of their own 
GCFs to generate a structured JSON file compatible with the platform. By uploading this file, 
users can visualize their GCFs using the same interface and features as the preloaded dataset. 
The pipeline is available under https://panbgc-db.cs.uni-tuebingen.de/data/Scripts.zip. 

RESULTS 

Building on the conceptual framework introduced before, we adapted the pangenome model 
to the analysis of BGCs. In this context, each gene cluster family is treated as a population-
level unit analogous to a microbial species. This analogy is grounded in the fact that BGCs 
grouped into the same GCF share high architectural and functional similarity[39], often 
producing structurally related but still distinct compounds. Like individual genomes within a 
species, the BGCs within a GCF represent naturally occurring variants that reflect evolutionary 
diversification around a conserved biosynthetic theme[29]. This enables the application of 

https://panbgc-db.cs.uni-tuebingen.de/data/Scripts.zip
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core, accessory, and unique gene classification to BGCs, allowing us to investigate their 
diversity not as isolated cases but as structured populations with internal variability. 

Construction and Clustering of the PanBGC-DB Dataset 

To build a comprehensive dataset capturing bacterial BGC diversity, data from two major 
resources was compiled: the antiSMASH database[40], providing 254 792 BGCs from 35 726 
bacterial genomes, and the MIBiG repository[33], contributing an additional 2 635 
experimentally characterized BGCs. 

To generate refined GCFs a two-stage clustering strategy was used. Initial clustering using 
BiG-SLiCE grouped 257 427 BGCs into 21 528 GCFs. Notably, 15 443 GCFs consisted of 
singletons (BGCs that did not cluster with any other BGC), representing ~6% of the total BGC 
dataset. To further refine family delineation each GCF was subsequently clustered using BiG-
SCAPE v2.0, yielding a final set of 80 698 unique families. Of these, 58 700 GCFs were 
singletons, representing ~23% of the total BGC dataset. This indicates that the second 
clustering step identified additional fine-scale distinctions among loosely related BGCs 
(Fig.2a).  

Excluding singleton families, the average size of the refined GCFs was 9.4 BGCs 
(Supplementary Fig.1). These BGCs spanned 58 classes including nonribosomal peptide 
synthetases (NRPS), polyketide synthases (PKS), terpenes, ribosomally synthesized and 
post-translationally modified peptides (RiPPs), saccharides, others and diverse hybrid 
combinations thereof. Non-hybrids BGCs have the most GCFs, while hybrids of three or more 
different classes build the least GCFs (Fig. 2b) 
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Figure 2: PanBGC-DB pipeline overview and BGC family size distribution.  
a BGCs from antiSMASH-DB and MIBiG are first clustered using BiG-SLiCE. Broad GCFs are further 
refined using BiG-SCAPE. The PanBGC analysis framework then identifies core, accessory, and unique 
genes within each family and implements openness metrics. The results are integrated into the 
PanBGC-DB platform, which provides an interactive web interface for querying, visualization, and user-
uploaded comparisons. b Distribution of GCF sizes across classes, excluding singletons. Each boxplot 
shows the number of BGCs per GCF (log scale) for a given class, with colour gradient indicating the 
number of GCFs per class.  

Core and Accessory Gene Classification within GCFs 

Following standard pangenomic practice[8, 21, 41], all genes from BGCs belonging to the 
same GCF were clustered into orthologous gene groups (OGs). Each OG was subsequently 
classified as core, accessory, or unique according to its frequency across the clusters in that 
family. In bacterial pangenome studies, genes present in at least 95 % of genomes are typically 
considered core[12, 20, 21]. Because BGCs contain far fewer genes, applying a 95 % cutoff 
risks inflating the core fraction when only a handful of clusters differ and so loosing valuable 
information about GCF diversity. To avoid this bias, we adopted a more stringent criterion: an 
OG was deemed core only if it occurred in 100 % of BGCs within the family. OGs present in 
more than one but not all clusters were classified as accessory, whereas OGs exclusive to a 
single BGC were labelled unique. This stricter definition preserves meaningful distinctions 
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between conserved and variable functions and provides a clearer view of genetic diversity 
within each GCF. 

Functional Domain-Level Analysis 

To explore trends in the functional roles of genes within BGCs, we analysed the Pfam domain 
annotations[42] associated with core, accessory, and unique orthologous groups across 
biosynthetic categories. Core genes were predominantly linked to essential enzymatic 
activities required for metabolite biosynthesis. For example, in NRPS clusters, condensation 
(C) domains were consistently classified as core due to their universal role in peptide bond 
formation[43]. Similarly, KS (ketosynthase) domains were frequently core in PKS systems[44]. 
In addition to biosynthetic enzymes, transporter-related domains were also commonly 
identified among core genes, reflecting the importance of compound export in BGC function. 

Accessory genes displayed greater functional variability and were often associated with 
tailoring reactions or regulatory roles. By examining which accessory genes are recurrently 
present across BGCs within the same biosynthetic class, this analysis also highlights 
conserved auxiliary functions that may contribute to structural diversification or pathway 
regulation. 

A complete overview of domain frequency distributions for core, accessory, and unique genes 
across all biosynthetic categories is available at https://panbgc-db.cs.uni-tuebingen.de/stats 
under the gene stats tab. 

  

https://panbgc-db.cs.uni-tuebingen.de/stats
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Compositional Insights and Boundary Considerations in Intra-Family BGC 
Comparisons 

 

One of the key advantages of applying a pangenomic framework to BGCs is the ability to 
systematically compare gene composition within a gene cluster family and link these 
differences to chemical diversity. For instance, in a GCF containing experimentally validated 
Malleobactin A–D[45–48] and Ornibactin C4–C8 clusters[49], we identified clear substructuring 
based on accessory genes that correlate with distinct chemical features. Malleobactin-
producing BGCs encode a formyltransferase absent from Ornibactin clusters, while the 
Ornibactin subset consistently features two acyltransferase genes not found in Malleobactin 
variants (Fig. 3a). These accessory elements are mutually exclusive and align with known 
structural modifications in their respective siderophores (Fig. 3b-c), highlighting the utility of 
the framework in pinpointing biosynthetic genes responsible for functional diversification. This 
comparative resolution also opens up possibilities for synthetic biology applications, where 

Figure 3: Gene cluster variation and structural diversification in related siderophores.  
a Comparative gene cluster alignment of the Malleobactin A–D and Ornibactin C4–C8 BGCs from the 
MIBiG database. Homologous genes are connected by grey lines. While both clusters share a conserved 
core biosynthetic architecture, they differ in accessory genes: the Malleobactin cluster encodes an 
aldehyde oxidase (green), whereas the Ornibactin cluster features additional acyltransferases (yellow). 
b,c  Chemical structures of Malleobactin C and Ornibactin C8. Structural differences introduced by the 
respective accessory genes are highlighted with the respective colors. The remaining structure is shared 
by both compounds. d Compositional differences of the Subtilin, Ericin S and Entianin BGC. In blue a 
unique Ericin S transporter, in purple the duplicated structural genes and in brown the unique regulator 
of Entianin. e Core peptide alignment of Subtilin, Ericin S and Entianin. 
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distinct accessory genes can be rationally combined to design novel hybrid clusters with 
tailored chemical output. Expanding from this example, systematic identification of gene-
function relationships across thousands of GCFs paves the way for automated prediction of 
accessory gene functions and chemical modifications based on gene content, potentially 
accelerating the discovery and engineering of novel bioactive compounds. 

However, interpreting such compositional differences also requires caution due to limitations 
inherent in automated boundary predictions. As the BGC definitions in our dataset rely on 
antiSMASH outputs, the predicted cluster boundaries are often influenced by synteny and 
genomic context.[32] This can lead to the inclusion of conserved flanking regions that are not 
functionally related to the BGC, particularly in closely related species where genomic 
neighbourhoods are similar. This challenge is exemplified by the GCF containing the 
enterobactin pathway. The MIBiG entry for enterobactin (BGC0002685) and amonabactin P 
750 (BGC0001502) define compact and experimentally validated clusters[50, 51], yet related 
BGCs detected from antiSMASH extend considerably beyond this boundary, capturing 
additional genes on both ends (Fig.4). It is unclear whether these genes represent novel 
accessory functions or unrelated genomic content. 

 

Despite this limitation, the comparative approach offers a strategy to refine cluster boundaries. 
When antiSMASH-predicted clusters can be directly compared with a curated MIBiG entry, 
shared core regions can be confidently delineated. Accessory genes that are consistently 
absent in MIBiG but variably present in antiSMASH predictions may be deprioritized for 
functional interpretation. In this way, the pangenome model not only supports the discovery of 
biosynthetic variability but also provides a framework for improving cluster annotation fidelity 
through comparative context. 

Figure 4: Gene cluster diversity within the Enterobactin and amonabactin P 750 family.  
Comparative visualization of BGCs belonging to the Enterobactin gene cluster families. Each row 
represents a single BGC, with genes colored by orthologous group and arrows indicating gene 
orientation. MIBiG reference cluster is highlighted with a blue box.  
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Gene Composition Openness Reveals Modular Innovation in BGCs 

To quantify the degree of compositional variability within gene cluster families, we adapted 
openness metrics from microbial pangenome analysis using Heaps’ law γ-values [8, 12]. 
These metrics assess whether the gene content within a family is relatively saturated (closed) 
or continues to expand with the inclusion of new members (open), reflecting either genetic 
stability or ongoing diversification. Unlike species-level pangenomes, where hundreds to 
thousands of genomes are typically analysed, most GCFs consist of only a few BGCs. To 
address this constraint, we implemented modified curve fitting strategies tailored to smaller 
sample sizes and restricted openness analysis to GCFs with at least three BGCs, as reliable 
γ-value estimation was not feasible for smaller families. 

To capture different dimensions of diversity, openness was defined in three distinct forms. 
First, gene-based openness quantifies the increase in the total number of orthologous groups 
(OGs) with each additional BGC, reflecting expansion of the overall gene repertoire (Fig. 5a). 
Second, composition-based openness measures how consistently OGs are reused across 
BGCs in a GCF, indicating variability in how subsets of the PanBGC are deployed. This 
captures the rate at which novel gene combinations (distinct sets of orthologous groups) 
appear with each additional BGC, regardless of gene order (Fig. 5b). Third, we also considered 
the rate at which entirely novel genes, those not previously observed in a family, appear with 
the addition of new BGCs. However, our main focus remained on gene- and composition-
based openness, which together capture both repertoire size and modular flexibility.  
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Among the 80 698 GCFs in the final dataset, 14 716 families contained at least three BGCs 
and were retained for openness calculations. Using gene-based openness (i.e., increase in 
PanBGC size with each added BGC), the average γ-value across all biosynthetic categories 
was 0.286. According to established thresholds (γ < 0.3: closed; 0.3-0.6: intermediate; >0.6: 
open)[8, 36], this indicates that most GCFs are closed, with relatively stable gene repertoires. 
This suggests a limited influx of novel genes as more BGCs belonging to the same GCF are 
sampled. In contrast, openness based on gene composition diversity within BGCs (i.e., how 
consistently subsets of PanBGC genes appear across clusters) showed an average γ-value of 
0.841, indicating a high degree of structural variability (Fig. 5c). These findings highlight that 
gene composition reshuffling, rather than acquisition of new genes, is the dominant driver of 
diversity within GCFs. This suggests that in natural systems, BGC diversity emerges primarily 
through modular reorganization of existing genes rather than through frequent incorporation of 
entirely novel genes, reinforcing the idea that structural variability is a key evolutionary 
mechanism in BGC innovation. A Kruskal-Wallis test comparing γ-values from PanBGC size-
based and composition-based openness confirmed a statistically significant difference (p < 
0.001) between the two distributions (Fig.5d). 

The Bacillus lanthipeptide family (family 415_FAM_00315) exemplifies this pattern. The 
clusters belonging to this family encode for subtilin, ericin S and entianin, which are 
antimicrobial peptides with potential applications as natural food preservatives and 
medicine[52]. While all three clusters share conserved core genes for lanthionine ring 

Figure 5: Openness metrics adapted for biosynthetic gene clusters.  
a Example Heaps’ Law curve showing the accumulation of total (blue curve), core (green curve), and 
accessory genes (orange curve) as additional BGCs are sampled from a representative GCF. The red 
dotted line represents the fitted curve. b Heaps’ Law modeling of BGC uniqueness using gene 
composition data. The red dotted line represents the fitted curve. c Histogram of gamma values for BGC 
families with ≥3 members, calculated using either PanBGC size (blue) or unique gene composition 
(orange). d Boxplot comparing gamma distributions between the PanBGC size and unique BGC 
composition metrics for GCFs with ≥3 BGCs n =14 716.  
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formation they exhibit compositional differences: the ericin cluster contains duplicated 
structural genes separated by an inserted lanC fragment, while the entianin cluster features 
different regulatory genes compared to the standard subtilin architecture (Fig. 3d-e)[53–55]. 
This family shows low gene-based openness (γ = 0.195) reflecting limited novel gene 
acquisition, yet a relative high composition-based openness (γ = 0.641) indicating modular 
rearrangement of existing genes. 

To ensure that openness values were not biased by differences in family size, we also 
assessed correlations between γ-values and the number of BGCs per GCF (Supplementary 
Fig.2). No significant association was detected, confirming that openness metrics robustly 
reflect compositional dynamics independent of cluster count. 

Evolutionary Dynamics Assessed Through Tanglegram Analysis 

To explore the evolutionary relationships among gene clusters within each family, we applied 
tanglegram-based comparisons between gene trees and BGC trees. Phylogenetic trees 
represent evolutionary relationships, with closely related sequences grouped on nearby 
branches. In our analysis, gene trees show the evolutionary history of individual orthologous 
groups (how each gene family evolved), while BGC trees represent the overall evolutionary 
relationships between entire gene clusters (how the complete BGCs are related to each other). 
For all GCFs with at least three BGCs, individual gene trees were constructed for each 
orthologous group and aligned against the BGC tree. These tanglegrams visually represent 
the congruence between gene-level and cluster-level relationships, enabling the identification 
of structural similarities or differences across BGCs in a family. 

In some GCFs, gene trees closely mirrored the coalescent BGC tree, indicating structural 
consistency and shared evolutionary trajectories. In contrast, tanglegrams with extensive 
crossover lines suggest high plasticity of the GCF with possible horizontal gene transfers. 
Families with many crossover lines suggest higher evolutionary plasticity and potential for gene 
module exchange or recombination, while minimal crossovers indicate structurally conserved 
BGCs. 
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Web-Based Visualization and User Tools for Exploring BGC Diversity 

 

To make this conceptual framework accessible and interpretable, we developed PanBGC-DB 
(https://panbgc-db.cs.uni-tuebingen.de/), an interactive web platform for exploring biosynthetic 
gene cluster families (Fig. 6 a-h). The website allows users to browse thousands of 
precomputed GCFs (Fig. 6a) and interactively visualize their internal diversity. By presenting 
the results of the pangenome adaptation in an intuitive, visual format, PanBGC-DB provides a 
practical entry point into the population-level analysis of BGCs. 

Each GCF page offers a suite of interactive modules enabling in-depth exploration of its 
composition and structure. Users can adjust the core gene threshold dynamically (e.g., from 
100% to lower cutoffs), which updates the classification of core, accessory, and unique genes 
across the cluster family (Fig. 6b). Based on this threshold, the platform reconstructs a core 

Figure 6: Multiple screenshots from the PanBGC-DB web interface for the Ornibactin and 
Ornibactin GCF  
a Overview table showing metadata of gene cluster families, including class, number of BGCs, total 
genes and summary of gene distribution (core / accessory / unique). b Donut plot illustrating the 
proportion of core, accessory, and unique genes in this GCF. c Visual representation of the core BGC.  
d Visual representation of the maximum BGC (PanBGC). e Gene presence-absence heatmap across 
all BGCs within the family. f Gene cluster comparison plot showing structural conservation across BGCs. 
g Domain architecture viewer showing module organization in biosynthetic genes across the family. 
h Interactive tanglegram linking the phylogenetic tree of BGCs (left) with that of a selected orthologous 
group (right). 
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BGC (comprising only genes that meet the cutoff) (Fig. 6c) and a maximum BGC (all genes 
observed in any cluster) (Fig. 6d), both displayed in consensus gene order. These 
representations allow for immediate insight into conserved biosynthetic cores versus variable 
extensions. 

To evaluate diversity within a GCF, the platform provides openness visualizations, including 
curves for both the increase in PanBGC size and compositional diversity as more BGCs are 
added (Fig. 5 a-b). These charts help interpret whether a family is genomically saturated 
(closed) or still expanding (open), capturing both the total repertoire and the variability in gene 
usage. 

Further modules include a presence-absence heatmap showing the distribution of orthologous 
groups across BGCs in a family (Fig. 6e), and a clinker[56] inspired synteny view that groups 
structurally identical BGCs and aligns them for side-by-side comparison (Fig. 6f). For modular 
BGCs such as NRPS and PKS, domain-level annotations are visualized, allowing users to 
assess differences in enzymatic architecture and modular composition across clusters (Fig. 
6g). 

To explore evolutionary dynamics, the platform features tanglegram visualizations, comparing 
individual gene trees to the coalescent BGC tree (Fig. 6h). These allow users to assess 
evolutionary congruence or structural rearrangements within each GCF. A high number of 
crossover lines between trees suggests evolutionary plasticity or potential horizontal gene 
transfer, while low crossover indicates conserved gene arrangements. 

Beyond internal visualization, PanBGC-DB also includes two tools that extend its utility to 
custom datasets and external queries: 

1. Custom BGC Visualization Pipeline 

Users can download a Python-based pipeline that processes user-provided BGCs into 
PanBGC-style visualizations. With a single command, the pipeline generates interactive 
displays including core/accessory gene maps, heatmaps, domain alignments, and presence-
absence matrices. This allows researchers to analyse their own gene clusters within the same 
conceptual framework used in the public database. 

2. Query Interface for Cluster Matching 

A built-in search function enables users to upload a BGC of interest and identify the closest 
matching GCFs in the PanBGC-DB reference dataset using the cblaster tool. The query returns 
the most similar families based on gene content similarity, allowing users to contextualize their 
BGC within broader patterns of diversity and conservation (Supplementary Fig.3). 

Together, these features make PanBGC-DB not only a static repository of precomputed 
clusters, but also a dynamic environment for hypothesis generation, comparative analysis, and 
integration of user-generated data within a population-level framework of BGC diversity. 
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DISCUSSION 

In this study, we introduce a conceptual shift in the analysis of biosynthetic gene clusters by 
adapting the pangenome framework to the level of gene cluster families. Rather than treating 
BGCs as isolated genomic islands, we organize them into structured populations of related 
clusters, enabling comparative analyses grounded in evolutionary principles. This approach 
positions each GCF analogously to a microbial species in classical pangenomics[12, 16], 
allowing us to systematically partition biosynthetic diversity into core, accessory, and unique 
components [12, 57]. By doing so, we provide a scalable framework for interpreting the 
modular architecture of secondary metabolism across large genomic datasets and open the 
door to population-level reasoning in a domain traditionally dominated by individual-case 
studies. To translate this conceptual shift into an accessible resource, we developed PanBGC-
DB, an interactive web platform that enables users to explore population-level diversity of 
BGCs across thousands of gene cluster families. 

While other resources exist for organizing biosynthetic gene clusters at scale [23, 24], including 
the widely used BiG-FAM database [39], these platforms have primarily focused on high-level 
classification and dereplication of BGCs across global datasets. Workflow tools like BGCflow 
similarly examine BGC distribution across pangenomes, treating entire clusters as discrete 
genomic units[58]. In contrast, PanBGC-DB is tailored toward the in-depth analysis of variation 
within gene cluster families. By adopting a population-genomic framework and applying a two-
step clustering strategy, PanBGC-DB generates more granular GCFs, allowing closely related 
BGCs to be studied as coherent evolutionary units. This finer resolution is not intended to 
replace broader classification schemes, but rather to support the complementary goal of 
revealing how modular rearrangement, gene loss, and duplication shape the diversity within 
biosynthetic lineages. In doing so, PanBGC-DB extends the comparative scope of BGC 
analysis beyond mere grouping, towards understanding the internal dynamics that drive 
natural product diversification. 

The openness metrics for BGC gene pool and BGC composition introduced here provide a 
valuable framework for interpreting the evolutionary and functional potential of biosynthetic 
gene clusters. Our analysis revealed that while most GCFs exhibit limited acquisition of entirely 
novel genes, indicating a relatively closed gene content, the combinations in which these 
genes appear across BGCs of the same GCF are highly variable. This compositional fluidity 
suggests that the primary driver of BGC diversification is not the continual integration of new 
biosynthetic genes, but rather the modular reshuffling of a conserved gene set. This modularity 
is exemplified by the Bacillus lanthipeptide family, where conserved ring-forming enzymes are 
coupled with variable resistance, transport, and regulatory modules. Such flexibility allows 
organisms to fine-tune metabolic pathways, generate structurally distinct metabolites, and 
adapt to shifting ecological contexts, all without expanding their gene pool.[53, 59–61] These 
findings position gene composition plasticity as a central mechanism of biosynthetic innovation 
and underscore the value of viewing GCFs as evolutionary populations rather than isolated 
units. Thus, modular reshuffling allows organisms to repurpose existing biosynthetic elements 
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into new configurations, enabling the generation of diverse metabolites without the need to 
acquire entirely novel genes. This strategy not only supports metabolic adaptability across 
ecological niches[60] but may also facilitate the emergence of novel functions by reassembling 
familiar parts in previously untested ways.  

The ability to dissect biosynthetic gene clusters at the population level opens new opportunities 
for natural product discovery and design. By clearly distinguishing conserved core genes from 
variable accessory components within GCFs, PanBGC-DB helps researchers identify families 
with modular flexibility, which often correlates with chemical novelty[62]. This makes it possible 
to prioritize gene cluster families that exhibit unexplored biosynthetic potential, particularly 
those with unusual combinations of biosynthetic domains or accessory genes. At the same 
time, the structured view of naturally (co-) occurring genes[63] provides a valuable basis for 
synthetic biology, offering a blueprint for reconstructing or modifying pathways using genes 
present. By using gene combinations that are already observed together in nature and present 
in the same gene cluster family, synthetic biology can draw on pathways that are more likely 
to be functionally compatible. [29, 64–66] A concrete example of this design-guiding potential 
is illustrated by the Ornibactin/Malleobactin gene cluster family. Using PanBGC-DB, we 
identified accessory gene differences, specifically two acyltransferases in Ornibactin C4–C8 
and a formyltransferase in Malleobactin A–D, that correlate with known structural variations 
between the compounds [67, 68]. These structural differences translate into functional 
divergence. Ornibactin C8 exhibits strong siderophore activity, while most malleobactins 
require concentrations exceeding 400 μM for minimal iron-chelating function. Additionally, 
malleobactin and Ornibactin display a different role during infection. Ornibactins are essential 
virulence factors for B. cenocepacia pathogenesis, whereas malleobactins are dispensable for 
B. pseudomallei virulence. The accessory gene modifications therefore appear to have 
specialized ornibactin for virulence-associated iron acquisition, while malleobactins may have 
evolved broader alternative biological functions. Based on this observation, we propose the 
rational construction of a hybrid cluster incorporating both functionalities, potentially generating 
a novel metabolite that combines the potent iron-chelating capacity of ornibactins with the 
alternative biological activities of malleobactins.[69] This demonstrates how PanBGC-DB can 
move beyond passive exploration to actively guide the design of new biosynthetic pathways, 
grounded in observed natural configurations and evolutionary compatibility. This increases the 
chances that genes will integrate successfully into engineered systems, both structurally and 
biochemically. In this way, PanBGC-DB provides a practical and biologically grounded 
resource for guiding pathway engineering with greater precision and confidence. 

While PanBGC-DB provides a scalable framework for analysing biosynthetic gene clusters at 
the population level, limitations of the platform should be acknowledged. One of the key trade-
offs in our approach lies in the GCF construction. By using a two-step clustering strategy to 
ensure that only closely related BGCs are grouped together, we enhance the resolution of 
within-family comparisons and make diversity patterns more interpretable. However, this 
increased specificity may come at the cost of excluding more distantly related clusters that, 
while functionally relevant, fall outside the defined similarity thresholds. As a result, broader 



71 

biosynthetic relationships might be fragmented across multiple families, potentially limiting 
comparative insights at higher levels of divergence. In addition, the BGCs used in this study 
were sourced from the antiSMASH-DB, where cluster boundaries are inferred based on the 
position of core biosynthetic genes and domain architecture, but are not experimentally 
validated. As such, inaccuracies in boundary prediction may lead to the inclusion of non-
functional genes or the omission of relevant tailoring enzymes, which could dilute or distort the 
inferred gene content of a family. Moreover, the high number of singleton clusters observed in 
our analysis may reflect the uniqueness of these biosynthetic systems but could also be 
artificially inflated by the predominance of cultivated strains in the antiSMASH database, which 
may not fully represent the true diversity of microbial communities and could therefore lead to 
an incomplete or skewed assessment of BGC diversity patterns. However, the growing interest 
in metagenomics and the increasing incorporation of metagenomic-derived BGCs into 
databases should help mitigate this bias in future. Finally, orthologous gene groups in 
PanBGC‑DB are determined using ZOL[34]. ZOL clusters genes based on sequence similarity 
and positional conservation across gene clusters, which is highly scalable but may group 
structurally similar yet functionally divergent genes into the same OG. This can blur subtle 
functional differences, potentially reducing the resolution of accessory versus core gene 
identification. However, functionally precise orthology inference is an open problem[70], and 
ZOL is one of the tools performing very well with cluster genes. 

Despite these limitations, PanBGC‑DB represents a significant advance in the systematic 
exploration of biosynthetic diversity. By reframing gene cluster families as structured 
populations, the platform provides a powerful conceptual and analytical foundation for 
understanding how secondary metabolism evolves, diversifies, and adapts. Its integration of 
scalable clustering, gene-level pangenomic metrics, and interactive visualization tools makes 
the database a unique and accessible resource for both hypothesis-driven research and data 
exploration. As new genomes and metagenomes continue to be sequenced, and as tools for 
BGC boundary refinement and gene function prediction advance, the precision and utility of 
PanBGC-DB will continue to grow. The structured, population-level representation of BGCs 
provided by PanBGC also creates new opportunities for machine learning applications. For 
example, core/accessory gene classification enables standardized feature extraction for 
models predicting metabolite structure, function, or ecological role. Openness scores and 
domain architectures provide rich quantitative descriptors for prioritizing BGCs with 
biosynthetic novelty, while curated GCFs define empirically co-occurring gene sets that are 
valuable for training generative models. We anticipate that PanBGC will serve as a 
foundational resource for both experimental and computational advances in secondary 
metabolism.  
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DATA AVAILABILITY 

PanBGC-DB is freely available at https://panbgc-db.cs.uni-tuebingen.de and can be accessed 
using any web browser with JavaScript support. The full source code for the website, as well 
as all scripts and pipelines used for clustering, orthologous grouping, and openness 
calculations, are available at https://github.com/ZiemertLab/PanBGC-DB. 
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THESIS – DISCUSSION 

In this PhD project, the goal was to create a systematic framework that enables insights into 

diversity occurring in gene cluster families. To achieve this goal, we developed an approach 

that treats BGC families the same way as pangenomics treats species populations. Just as 

pangenomic studies group related genomes (typically from the same species) to analyze their 

collective gene content, we organized biosynthetic gene clusters into gene cluster families 

based on their structural and functional similarities. In each GCF we used ZOL to form 

orthologous groups of genes from different BGCs from the same family based on sequence 

similarity, positional conservation and function. This enabled the classification of orthologous 

gene groups into core (present in all BGCs), accessory (found in some but not all clusters), 

and unique (exclusive to single clusters) categories. Such classification provides insights into 

the conserved biosynthetic machinery that defines each family versus the variable genetic 

elements that may contribute to functional specialization and subtle chemical diversification. 

Beyond gene classification, we adapted pangenomic openness metrics to quantify the 

evolutionary dynamics within BGC families. By applying Heaps' law modelling to BGC families, 

we could assess whether families operate with relatively stable gene sets (closed) or continue 

to incorporate new genetic material as more family members are sampled (open). This 

approach enables systematic analysis of how biosynthetic innovation occurs within families 

and whether diversity arises primarily through gene acquisition or through modular 

rearrangement of existing components. 

Early studies in which I collaborated provided critical observations that inspired the 

development of the PanBGC framework. In the caprazamycin biosynthesis investigation 

(manuscript 1)[123], my analysis of the liu cluster distribution revealed that 52% of 

Streptomyces strains harbor the complete cluster, and 48% of the Streptomyces strains 

contain also a second acyl-CoA dehydrogenase, thus raising questions about functional and 

structural variation of these widespread gene families. Similarly, in the Rhodococcus 

lipopeptide study (manuscript 2)[124], a comparative genomics analysis identified widespread 

presence of the rhodoheptin and rhodamide pathways distributed among 322 and 478 bacterial 

species respectively, again highlighting the need for a systematic approach to examine 

diversity within such widely distributed biosynthetic families. Both studies highlighted 

comparative genomics as a useful tool in guiding the discovery of natural products while at the 

same time revealing a gap in analysis: available tools and methods can detect and classify 

BGC and group them into related cluster families but lack frameworks for analyzing internal 

diversities within these cluster families. 

To overcome this limitation, the main focus of this thesis was the development and application 

of the PanBGC framework (manuscript 3)[125]. This approach treats gene cluster families as 

closely related populations analogous to how pangenomics analyzes microbial species. When 

used to inspect over 80.000 gene cluster families derived from over 250,000 BGCs revealed 
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fundamental patterns of genetic diversity within BGC families. The most significant finding was 

the difference between gene repertoire stability and compositional plasticity. While most GCFs 

exhibit closed pangenomes with limited acquisition of entirely novel genes (gene pool 

saturated), they, on the other hand, undergo high compositional gene variation. This pattern 

indicates that secondary metabolite diversity is generated primarily through modular 

reorganization of existing genetic components rather than through incorporation of novel 

genetic material. 

The framework enables a quantitative analysis of biosynthetic diversity in all major secondary 

metabolite classes, revealing patterns in core versus accessory gene distributions and helps 

to correlate genetic composition with chemical structures. To make this analysis accessible, 

the PanBGC-DB was developed as an interactive platform containing precomputed analyses 

of over 80,000 gene cluster families, complete with visualization, comparative analysis 

modules, and integration capabilities for custom datasets. The platform offers access to 

population-level BGC analysis, enabling even researchers with minimal bioinformatics 

knowledge to conduct GCF investigations. 

This work outlines a population-scale framework designed for systematically quantifying and 

interpreting diversity patterns within biosynthetic gene clusters. It offers a new concept in which 

biosynthetic gene clusters can be analyzed and also helps fields like genome mining, synthetic 

biology, and evolutionary studies with direct access to implementable use cases. The results 

of each manuscript are addressed in detail in their respective discussions. The following 

discussion aims to give a broader implication of the PanBGC framework and to address its 

impact on contemporary natural products research.  

THE FOUNDATION: PANGENOMICS AS A TRANSFORMATIVE 
FRAMEWORK IN MICROBIAL RESEARCH 

As outlined in the introduction, the pangenomic approach has proven invaluable across diverse 

areas of microbial research by providing systematic frameworks for analyzing genetic diversity 

within related populations [109, 110, 126–129]. The conceptual shift from single-genome 

analysis to population-level thinking has fundamentally changed how we understand microbial 

adaptation, evolution, and functional potential. This transformation provides strong justification 

for applying similar principles to biosynthetic gene clusters. 

In pathogen research, pangenomic studies have revolutionized our understanding of virulence 

and antimicrobial resistance mechanisms. Comprehensive analyses of major bacterial 

pathogens such as Escherichia coli, Staphylococcus aureus, and Mycobacterium tuberculosis 

revealed that pathogenicity often arises from accessory gene pools rather than core genomic 

variations[116, 128, 130]. For instance, pangenomic analysis of Escherichia coli identified an 

immense reservoir of accessory genes, with individual strains representing only a fraction of 

the total genetic diversity. This observation explained the high phenotypic differences between 

commensal and pathogenic E. coli isolates, demonstrating that virulence resulted from 

acquisition of specific accessory genetic elements rather than fundamental alterations to the 
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core cellular machinery[119]. Similarly, in Neisseria meningitidis, pangenomic studies revealed 

the role of accessory genes in antigenic variation and immune evasion. The accessory genome 

encompasses genes responsible for capsule biosynthesis switching and phase-variable 

surface proteins, allowing the bacterium to evade host immune detection[131–133]. These 

insights have proven instrumental in identifying conserved antigens and developing broadly 

protective vaccine targets[134]. 

The quantitative frameworks developed for pangenomic analysis, particularly the use of Heaps' 

law to characterize pangenome openness, have provided powerful tools for understanding 

diversity dynamics[135]. As described in the introduction, these metrics enabled researchers 

to distinguish between populations with high rates of horizontal gene transfer (open 

pangenomes) versus those with stable genetic arrangements (closed pangenomes) [136, 137]. 

These metrics have enabled researchers to quantify diversity strategies and predict the genetic 

potential of microbial populations. The discoveries made with pangenomic approaches in 

environmental microbiology have demonstrated how microbial populations maintain functional 

coherence while adapting to diverse ecological conditions[138]. Analysis of marine 

Prochlorococcus populations showed maintenance of core metabolic functions across oceanic 

habitats, with accessory genes enabling adaptation to local variations in nutrient availability 

and environmental stress[122]. These studies established that pangenomic organization 

allows microbial populations to maintain essential functions while retaining the genetic 

flexibility necessary for environmental adaptation. 

METHODOLOGICAL INNOVATION: ADAPTING PANGENOMICS FOR 
BGC ANALYSIS 

The success of pangenomic approaches in microbial genomics provided strong theoretical 

justification for their application to BGC analysis. Several key principles from microbial 

pangenomics directly supported the feasibility of this method for BGC population analysis. 

First, the modular organization of both bacterial genomes and biosynthetic gene clusters 

suggested that similar analytical frameworks might reveal comparable diversity patterns. Just 

as bacterial genomes can be broken down into functional modules that respond independently 

to selection[139, 140], BGC families might contain core biosynthetic modules alongside 

variable elements that enable functional diversification. Second, the horizontal mobility of 

BGCs, well-documented in the literature[46, 141, 142], paralleled the horizontal gene transfer 

processes that drive pangenomic diversity[143]. The compact, self-contained nature of many 

BGCs makes them particularly suitable for horizontal transfer, potentially leading to diversity 

dynamics similar to those observed in bacterial accessory genomes. Third, the functional 

constraints operating on BGCs resembled those affecting bacterial core genomes. Essential 

biosynthetic functions, like essential cellular functions, would be expected to show strong 

conservation across family members, while auxiliary functions that enhance biosynthetic 

efficiency or enable adaptation to specific chemical environments might show patterns of 

variability similar to bacterial accessory genes.  
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TECHNICAL ADAPTATIONS FOR BGC-SPECIFIC ANALYSIS 

The adaptation of pangenomic principles to BGC analysis required fundamental 

reconceptualization of what constitutes a population unit. In traditional pangenomics, 

populations are defined as collections of genomes from the same species or closely related 

strains, typically identified through genomic similarity thresholds such as average nucleotide 

identity (ANI) values above 95%[109, 117]. The PanBGC framework instead treats gene 

cluster families as population units, where each BGC represents an individual member of the 

population analogous to how individual genomes represent members of a species population. 

This conceptual shift required developing new approaches for population definition. While 

microbial pangenomics relies on established taxonomic frameworks and genomic similarity 

metrics, BGC families needed to be defined based on biosynthetic function and architectural 

similarity. Traditional pangenomic studies typically use single-step clustering approaches 

based on overall genomic similarity[112]. In contrast, the PanBGC framework implemented a 

two-step clustering strategy that first groups clusters based on broad global similarity using 

BiG-SLiCE[144], then refines these groupings using BiG-SCAPE[145] to ensure that family 

members share specific architectural features. This approach addresses the unique challenge 

that BGCs can share overall function while differing significantly in specific enzymatic domains 

or gene organization. 

Traditional pangenomic analysis employs ortholog detection methods designed for complete 

genomes, typically using approaches like OrthoMCL[146], OrthoFinder[147], or bidirectional 

best hits that focus primarily on sequence similarity. These methods are optimized for large 

gene sets spanning thousands of genes per genome and can afford to ignore gene order 

information when the primary goal is identifying homologous relationships across diverse 

functional categories. The PanBGC framework required a more stringent approach due to the 

smaller scale of gene clusters and the functional importance of every gene in biosynthetic 

contexts. With BGCs containing only 10-30 genes, applying a 95% threshold could misclassify 

functionally essential genes as accessory simply due to small differences in cluster boundaries 

or annotation quality. The framework therefore adopted a 100% presence threshold for core 

gene definition, ensuring that only truly universal genes within a family are classified as core. 

This stricter definition preserves meaningful distinctions between conserved and variable 

functions while providing clearer insights into the genetic diversity within each family. 

Traditional pangenomic openness analysis focuses on a single dimension: whether the total 

gene repertoire continues to expand as more genomes are added to the analysis. This 

approach uses Heaps' law parameters to classify pangenomes as open (γ > 0.6), intermediate 

(0.3 ≤ γ ≤ 0.6), or closed (γ < 0.3) based on gene accumulation curves[110]. While this 

framework works well for large genomic datasets with hundreds to thousands of genomes, it 

required modification for BGC analysis due to typically smaller family sizes and the unique 

characteristics of biosynthetic systems. The PanBGC framework introduced two 

complementary openness metrics that capture different aspects of biosynthetic diversity. 

Gene-based openness measures the traditional expansion of gene repertoire, adapted for 

smaller datasets through modified curve fitting strategies including weighted regression and 
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non-linear optimization to provide robust estimates even for families with few members. More 

importantly, the framework introduced compositional openness analysis, which measures how 

consistently orthologous groups are reused across BGCs within a family, indicating variability 

in how subsets of the total gene pool are deployed in individual clusters. 

This dual-metric approach addresses a question specific to biosynthetic systems: whether 

diversity arises primarily through acquisition of entirely novel genes or through modular 

rearrangement of existing genetic components within the family. Traditional pangenomic 

openness analysis cannot distinguish between these mechanisms, but the distinction is crucial 

for understanding biosynthetic innovation. The compositional openness metric revealed that 

while most BGC families maintain closed gene repertoires (limited novel gene acquisition), 

they exhibit high compositional plasticity, suggesting that modular reorganization rather than 

gene acquisition drives most biosynthetic diversity. 

KEY FINDINGS 

GENE REPERTOIRE STABILITY VERSUS COMPOSITIONAL PLASTICITY 

The most significant finding from applying the PanBGC framework to over 80,000 gene cluster 

families was the discovery of a fundamental difference between gene repertoire stability and 

compositional plasticity. Analysis of gene-based openness revealed that the majority of BGC 

families exhibit closed pangenomes with average γ-values of 0.286, indicating limited 

acquisition of entirely novel genes as more clusters are added to families. This finding suggests 

that successful BGC families reach evolutionary equilibrium in terms of their core genetic 

content, with established biosynthetic pathways representing combinations of genetic 

elements that have been optimized over evolutionary time. However, compositional openness 

analysis revealed a different pattern, with average γ-values of 0.841 indicating high structural 

variability in how genes, that are part of the same family, are combined within individual 

clusters. This compositional plasticity demonstrates that BGC families retain significant 

potential for generating diversity through recombination and rearrangement of existing genes, 

even when they are not acquiring novel genes. The statistical significance of this difference 

was confirmed, establishing that these represent genuinely distinct aspects of biosynthetic 

diversity [125]. This pattern suggests that biosynthetic innovation in natural systems operates 

primarily through modular reorganization of evolutionarily validated components rather than 

through incorporation of entirely novel genetic material. This finding has important implications 

for understanding how secondary metabolite diversity is generated and maintained in microbial 

populations, suggesting that the chemical diversity observed in natural products is established 

by the combination of different tailoring genes already present in similar clusters rather than 

continuous innovation through novel gene acquisition. The predominance of compositional 

plasticity over gene repertoire expansion suggests that biosynthetic innovation operates under 

different constraints than general microbial evolution. While bacterial genomes often can 

incorporate novel genes from environmental gene pools, BGCs appear to operate under 
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stronger functional constraints that favor recombination of proven genetic components over 

experimentation with entirely novel elements. This strategy may be particularly advantageous 

in competitive microbial environments where maintaining chemical defenses or signaling 

capabilities is essential for survival, but chemical novelty provides competitive advantages 

[148]. 

FUNCTIONAL PATTERNS IN CORE VERSUS ACCESSORY GENES 

Domain-level analysis of core, accessory, and unique orthologous groups revealed systematic 

patterns in the functional roles of genes across different categories. Core genes were 

predominantly associated with essential enzymatic activities required for metabolite 

biosynthesis[125], such as condensation domains in NRPS systems and ketosynthase 

domains in PKS systems [149]. These findings align with our expectations that core 

biosynthetic machinery would be universally conserved within families, representing the 

minimal genetic requirements for producing the characteristic chemical scaffold of each family. 

Accessory genes displayed greater functional variability and were often associated with 

tailoring reactions, regulatory functions, or transport activities[125]. The presence or absence 

of one or multiple accessory genes across multiple BGCs within families highlighted how they 

contribute to structural diversification or pathway regulation without being universal 

requirements. This pattern suggests that accessory genes represent functions that can be 

gained or lost to fine-tune biosynthetic output for specific ecological or physiological contexts. 

PANBGC-DB IN THE CONTEXT OF EXISTING BGC RESOURCES 

While several resources exist for organizing biosynthetic gene clusters at scale, including BiG-

FAM database[150] and antiSMASH-DB[151], these platforms have primarily focused on high-

level classification and dereplication of BGCs across global datasets. BiG-FAM organizes 

clusters into families based on similarity but has only limited tools for analysing internal 

diversity within those families. The database was designed to provide a broad overview of 

secondary metabolite diversity and therefore employed relatively high similarity cutoffs to 

generate gene cluster families[150]. antiSMASH-DB, on the other hand, serves as a 

comprehensive repository of predicted BGCs but lacks frameworks for comparative analysis 

of gene cluster families[151]. 

PanBGC-DB addresses a complementary but distinct analytical need by providing tools for in-

depth analysis of variation within gene cluster families. The platform's two-step clustering 

strategy generates more granular GCFs than existing approaches, allowing the creation of 

biologically meaningful family definitions that capture both broad functional relationships and 

specific structural features essential for understanding biosynthetic mechanisms. This means 

that with stricter similarity cutoffs compared to BiG-FAM, the created families are less biased 

to include clusters that may encode unrelated secondary metabolites within the same family, 

ensuring greater biochemical coherence within each GCF. This finer resolution enables 
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researchers to investigate specific genes that create chemical diversity within biosynthetic 

families. 

PanBGC-DB is designed to complement rather than replace existing BGC analysis tools, fitting 

seamlessly into established analytical workflows. Researchers can use antiSMASH for initial 

BGC detection, BiG-SCAPE[103] for family assignment and then employ PanBGC-DB for 

detailed intra-family analysis. This integration capability ensures that the population-level 

insights provided by PanBGC-DB enhance rather than duplicate existing analytical results. The 

platform's query interface enables researchers to contextualize their own BGCs within the 

broader landscape of biosynthetic diversity by identifying the most similar families in the 

reference dataset. This functionality allows researchers to rapidly assess whether their clusters 

represent novel biosynthetic approaches or variations within known families, guiding 

experimental priorities and informing hypotheses about potential chemical products. 

METHODICAL APPLICATIONS 

GENOME MINING  

The PanBGC framework helps genome mining approaches by enabling systematic 

prioritization of BGC families based on quantitative diversity metrics. Traditional genome 

mining strategies often struggle with the overwhelming number of predicted BGCs in genomic 

databases[152], lacking systematic approaches for assessing which clusters are most likely to 

yield novel bioactive compounds. The framework addresses this challenge by providing 

quantitative metrics for assessing biosynthetic novelty potential based on diversity patterns 

within families. 

Families exhibiting unusual combinations of core and accessory genes, or those showing high 

compositional diversity, may often represent promising targets for natural product discovery. 

The framework can also help with chemical novelty prediction based on accessory gene 

combinations that have not been previously observed. By cataloging which accessory genes 

co-occur in characterized families, researchers can identify clusters with unprecedented gene 

combinations and prioritize them for chemical characterization. This approach, in addition to 

tools like ARTS (Antibiotic Resistance Target Seeker)[153], provides a rational basis for 

predicting chemical novelty without requiring extensive experimental screening.  

Beyond basic prioritization, the PanBGC framework enables several sophisticated genome 

mining strategies. Incomplete cluster detection becomes possible by identifying BGCs that lack 

expected core genes compared to other family members, potentially revealing clusters that 

have undergone gene loss or require complementation from elsewhere in the genome. This 

capability can be used to assess the completeness of assembled genomes with their 

respective clusters.  
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SYNTHETIC BIOLOGY 

The PanBGC framework provides a systematic approach to identify tailoring enzymes for 

synthetic biology applications. By cataloging accessory genes that co-occur with specific core 

biosynthetic machinery, the platform provides strong evidence for functional compatibility. 

Tailoring enzymes found within the same gene cluster family have been evolutionarily 

validated to work with similar core pathways, significantly increasing the likelihood of 

successful integration compared to traditional trial-and-error approaches that often combine 

enzymes from distantly related systems[154]. This data-driven strategy addresses a major 

bottleneck in biosynthetic engineering by predicting enzyme compatibility. The framework 

enables researchers to identify underexploited combinations of tailoring activities by comparing 

accessory gene profiles across families, transforming enzyme selection from an empirical 

process into one guided by evolutionary precedents. This systematic cataloging reveals novel 

tailoring strategies proven effective in natural systems that can be applied to target clusters. 

Recent successful demonstrations in biosynthetic gene cluster engineering demonstrated how 

the tailoring enzyme swapping between related biosynthetic gene clusters is a viable option to 

generate new-to-nature compounds. A compelling proof-of-concept was provided by Ye and 

colleagues in their work with argimycin P alkaloids [155], where they successfully expressed 

an isomerase and a dehydrogenase gene from the later biosynthetic steps of coelimycin P1 

into Streptomyces argillaceus strains which produces the structural similar argimycins P. This 

combinatorial approach generated five novel hybrid argimycins with unprecedented scaffolds, 

one of which demonstrated improved antibiotic activity compared to the parental compounds. 

The success of this enzyme swapping was enabled by the fact that coelimycin P1 and 

argimycins P are two polyketide alkaloids whose biosynthesis pathways share some early 

steps, providing sufficient biochemical compatibility between the donor and recipient clusters 

[155]. Beyond cataloging possible tailoring genes established in nature, the compositional 

openness metrics calculated for each family provide valuable insights for synthetic biology 

applications. Families exhibiting high γ-values for compositional diversity indicate greater 

tolerance to accept genes from similar clusters and engineering interventions, suggesting 

these clusters are naturally more suitable for modification and represent promising targets for 

biosynthetic engineering [154]. Conversely, families with low compositional γ-values reflect 

evolutionary constraint and structural rigidity, indicating a stable cluster which most likely does 

not accept new genes. This quantitative assessment of family plasticity enables researchers 

to tailor their engineering strategies appropriately, maximizing the likelihood of successful 

pathway modification while minimizing the risk of introducing nonfunctional changes to well-

conserved biosynthetic systems. 

Even when specific tailoring enzymes are not found within the same gene cluster family, 

PanBGC-DB enables broader analysis across related biosynthetic categories to identify 

functionally compatible enzymes. The organization in biosynthetic categories allows 

researchers to examine tailoring enzyme distributions across related biosynthetic systems, 

such as all major biosynthetic classes and their hybrids. For instance, if a methyltransferase 

might be commonly found across diverse NRPS families, there is a higher likelihood to 

integrate this successful into novel NRPS contexts [154]. The PanBGC-DB shows these 
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patterns, providing researchers a comprehensive list of possible tailoring enzymes suited for 

different clusters. This category analysis is particularly valuable for identifying tailoring 

enzymes that operate on chemical moieties that are structurally conserved across different 

biosynthetic pathways. For example, tailoring enzymes that modify amino acid residues could 

potentially function across both NRPS and hybrid systems, while enzymes that operate on 

polyketide chains might be transferable between different PKS families. The PanBGC 

framework enables systematic identification of these transferable activities by analyzing 

enzyme distribution patterns across biosynthetic categories, revealing the scope of potential 

applications for specific tailoring functions. 

Furthermore, the addition or removal of one or more tailoring enzymes is not the only way to 

create new compounds by designing a new BGC. The modularity of biosynthetic systems such 

as non-ribosomal peptide synthetases and polyketide synthases makes them particularly 

interesting for genetic modification of the core genes [56, 156–158]. In these systems, the 

substrate specificity of adenylation (A) domains in NRPS, responsible to recruit different amino 

acids, and acyltransferase (AT) domains in PKS, responsible for the recruitment of acyl-CoA 

extender units, plays a central role in determining the chemical structure of the final compound. 

By analyzing the conservation and variability of these domains across gene cluster families, it 

becomes possible to identify positions within the assembly line that tolerate substrate diversity. 

Such flexible positions are prime targets for domain swapping strategies aimed at altering or 

expanding the chemical output, while positions under strong evolutionary constraint may be 

less suitable for modification. In PanBGC-DB, we provide a visual representation of the domain 

composition of NRPS and PKS modules of each family, enabling researchers to easily identify 

variable positions.  

Several successful examples demonstrate the value of understanding positional flexibility in 

modular biosynthetic systems [159–163]. In PKS engineering, AT domain swapping in module 

7 of the rapamycin polyketide synthase successfully altered the extender unit specificity from 

methylmalonyl-CoA to malonyl-CoA, producing 23-desmethyl rapamycin[164]. This 

substitution shows how AT domain engineering can systematically remove or add specific 

chemical features to complex natural products. The success of this swap was enabled by the 

compatibility between the donor and recipient AT domains and their ability to maintain proper 

interactions with the surrounding PKS architecture while changing substrate specificity. This 

suggests that when using AT domains present in similar clusters from the same gene cluster 

family, the probability that the swap is accepted by the recipient cluster is much higher due to 

evolutionary validation of compatibility within the family. 

Similarly, in NRPS engineering, successful domain swapping has been achieved when guided 

by understanding of positional conservation patterns. In daptomycin biosynthesis, exchange 

of C-A domains led to production of novel active antibiotics [165]. Some were as active as 

daptomycin while one compound was more potent against E. coli. This demonstrates that 

swapping domains is a viable option to create new-to-nature compounds with increased 

bioactivity. 

The mentioned principle of evolutionary compatibility is further illustrated by subdomain 

swapping guided by understanding of evolutionary relationships within biosynthetic families. In 
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gramicidin S synthetase engineering, researchers transplanted nine subdomains encoding 

diverse amino acid specificities into the GrsA initiation module[166]. The most successful 

construct combined a subdomain with a module from the same gramicidin S biosynthetic 

system, demonstrating how subdomain engineering can systematically alter substrate 

specificity while maintaining enzymatic function. The success of this combination was enabled 

by the compatibility between components from the same gramicidin S synthetase family, where 

both donor and recipient elements share evolutionary origins and structural constraints. This 

suggests that when using NRPS subdomains and modules present in similar clusters from the 

same gene cluster family, the probability that the engineering approach is accepted by the 

recipient system is much higher due to evolutionary validation of compatibility within the family. 

POSSIBLE BROADER IMPACT 

PHARMACEUTICAL APPLICATIONS 

The organization of BGCs in families and the analysis of internal diversity patterns could 

provide pharmaceutical researchers with evolutionary insights that can inform drug discovery 

and development strategies. As mentioned in the introduction, a lot of compounds used in 

modern medicine are derived or inspired by chemical structures found in nature [1, 167]. Using 

the strategies outlined in the previous chapter, researchers can redesign BGCs responsible 

for producing specific pharmaceuticals to enhance bioactivity by incorporating accessory 

genes identified in related clusters, thereby diversifying or optimizing the core structure. In 

addition to increasing bioactivity, these modifications can be directed to reduce toxicity, 

improve compound stability, or adapt the molecules to better suit the conditions of their 

intended application . This approach could also lead to the development of novel antibiotics 

derived from known compounds, with structural variations that enable them to overcome 

existing resistance mechanisms and restore their clinical effectiveness. 

ENVIRONMENTAL APPLICATIONS 

The core versus accessory gene classification within BGC families offers insights into 

biosynthetic flexibility that may correlate with adaptability to different environmental conditions. 

Families with high compositional diversity, as indicated by compositional openness metrics, 

may represent lineages with greater potential for adaptation to diverse environmental contexts, 

while families with low compositional diversity may represent lineages with strong adaptation 

to a specific niche. This information can guide researchers in selecting target organisms for 

environmental applications by prioritizing taxa that belong to BGC families with demonstrated 

compositional plasticity. For applications involving biosurfactants and other environmentally 

relevant compounds, the systematic organization of BGC families enables researchers to 

identify related pathways across diverse bacterial taxa and assess the distribution of specific 

biosynthetic capabilities. The framework's ability to reveal accessory gene patterns within 
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families can help predict structural variations in products that may be relevant for specific 

environmental applications. The systematic organization of biosynthetic capabilities across 

microbial diversity also supports the development of environmental monitoring approaches. 

BGC family distributions within microbial communities can potentially serve as indicators of 

biosynthetic potential and community functional capacity, providing researchers with 

systematic frameworks for interpreting complex metagenomic datasets in environmental 

contexts. 

LIMITATIONS AND CONSIDERATIONS 

CREATION OF MEANINGFUL GENE CLUSTER FAMILIES 

The validity of all population-level analyses presented in this framework fundamentally 

depends on the accurate clustering of BGCs into biologically meaningful families. While BiG-

SCAPE represents the current gold standard for creating functionally coherent gene cluster 

families based on domain architecture and sequence similarity [145], it was not designed to 

handle datasets of the scale used in this study. This computational limitation necessitated the 

development of a two-step clustering approach that introduces potential sources of bias in 

family formation. 

Our initial implementation employed strict similarity cutoffs for both BiG-SLiCE and BiG-

SCAPE clustering steps, which resulted in an excessive number of singleton families and the 

inappropriate separation of clusters that should logically belong to the same family. For 

example, the malleobactin and ornibactin clusters, which produce structurally related 

siderophores through similar biosynthetic logic [168–170], were assigned to different families 

during the initial BiG-SLiCE clustering step. Similarly, desferoxamine-producing clusters[171], 

despite their clear functional relationship, were distributed across multiple distinct families. 

These separations occurred even before the more refined BiG-SCAPE analysis could assess 

their architectural similarities, indicating that the initial broad clustering was too restrictive. 

Several factors likely contributed to this overly restrictive initial clustering. First, functionally 

related siderophore clusters often exhibit significant sequence divergence while maintaining 

similar biosynthetic logic, particularly when they have evolved in different bacterial lineages or 

undergone extensive horizontal gene transfer [172]. Second, BiG-SLiCE's k-mer-based 

methodology may be sensitive to differences in gene arrangement, enzyme variants, and 

species-specific sequence features that do not reflect fundamental biosynthetic differences. 

To address this limitation, we adapted our approach by implementing much higher similarity 

cutoffs for the BiG-SLiCE step, allowing the more accurate BiG-SCAPE algorithm to work with 

larger but still computationally manageable family sizes. This modification successfully 

resolved the separation issues observed with the malleobactin/ornibactin and desferoxamine 

families, demonstrating that the adjusted parameters could capture biologically meaningful 

relationships that were previously obscured. 
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However, even with these methodological improvements, multiple limiting factors continue to 

affect the creation of meaningful families. Since the majority of BGCs in public databases 

derive from the automated prediction of antiSMASH, cluster boundaries are inferred based on 

the position of core biosynthetic genes and domain architecture but lack experimental 

validation[173]. Inaccurate boundary predictions can significantly impact clustering outcomes 

by incorporating genes that are not functionally related to the biosynthetic pathway or by 

excluding relevant genes that fall outside the predicted boundaries. The inclusion of non-

functional flanking genes can artificially increase similarity between unrelated clusters that 

happen to share similar genomic neighborhoods, while the exclusion of genuine cluster 

components can prevent the recognition of true family relationships. This boundary uncertainty 

represents a source of potential error that affects the interpretation of core versus accessory 

gene classifications and compositional diversity metrics throughout the analysis.  

ORTHOLOGOUS COMPLETE GROUPING OF THE GENE POOL OF A GCF 

The accurate identification of orthologous relationships between genes across BGCs within 

each family is critical for meaningful core, accessory, and unique gene classification. For this 

purpose, we employed ZOL[174], which offers several advantages over traditional ortholog 

detection methods such as OrthoFinder[147]. ZOL was specifically designed for the analysis 

of gene clusters and incorporates both sequence similarity and positional conservation 

(synteny) in its clustering algorithm. This dual approach is particularly valuable for BGC 

analysis, where gene order often reflects functional relationships and evolutionary constraints 

within biosynthetic pathways. By considering positional information alongside sequence 

similarity, ZOL can better distinguish between genes that may share similar sequences but 

serve different functional roles depending on their genomic context within the cluster 

architecture.[174] 

However, despite these methodological advantages, ZOL's reliance on sequence similarity as 

a primary clustering criterion introduces potential limitations that can affect downstream 

analyses. The tool may group structurally similar yet functionally divergent genes into the same 

orthologous group, particularly when these genes share high sequence identity but have 

evolved distinct substrate specificities or catalytic properties. The grouping of functionally 

divergent genes has several downstream impacts on the PanBGC analysis. In core and 

accessory gene classification, the misassignment of functionally distinct genes to the same 

orthologous group can artificially inflate the apparent conservation of certain functions across 

a family, potentially masking important functional diversity. Conversely, genes that represent 

genuine functional equivalents but differ slightly in sequence may be incorrectly separated into 

different orthologous groups, leading to underestimation of core functions and overestimation 

of accessory diversity. These classification errors also directly impact the calculation of 

compositional openness metrics, as the γ-values depend fundamentally on accurate ortholog 

identification to assess how consistently gene combinations appear across BGCs within 

families. Systematic errors in ortholog assignment could therefore lead to incorrect 

interpretations of compositional plasticity and evolutionary dynamics within BGC families. 
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DATASET BIAS AND TAXONOMIC REPRESENTATION 

The comprehensive nature of our analysis depends heavily on the representativeness of the 

underlying BGC dataset, which exhibits significant taxonomic and ecological biases that may 

affect the generalizability of our findings. The antiSMASH database, while representing the 

most comprehensive collection of predicted BGCs available, reflects the historical sampling 

biases inherent in microbial genome sequencing efforts [151]. Certain taxonomic groups, 

particularly Streptomyces and other well-studied Actinomycetes, are heavily over-represented 

in public genome databases due to their recognized importance in natural product discovery 

and their relative ease of cultivation [175]. Conversely, many bacterial lineages remain under-

sampled, particularly those from extreme environments, marine ecosystems, and unculturable 

organisms that may harbor significant biosynthetic diversity. This taxonomic bias has several 

implications for our population-level analyses. Apparent diversity patterns and openness 

metrics may be skewed toward the evolutionary dynamics of well-studied lineages, potentially 

missing important modes of biosynthetic innovation present in under-sampled groups. The 

core versus accessory gene classifications within families may reflect the genetic organization 

typical of intensively studied organisms rather than representing universal patterns across 

bacterial diversity. Additionally, the compositional openness metrics calculated for BGC 

families may be influenced by the depth of sampling within particular taxonomic groups, as 

families dominated by closely related organisms may show different diversity patterns 

compared to those spanning broader phylogenetic distances.  

STATISTICAL POWER LIMITATIONS FOR OPENNESS ANALYSIS 

The statistical robustness of our openness calculations is constrained by the size distribution 

of gene cluster families in our dataset. While our analysis encompasses over 80,000 GCFs, 

the majority of these families consist of very few members, with ~6% of the total BGC dataset 

being singletons and most multi-member families containing fewer than ten BGCs. Openness 

analysis requires families with at least three BGCs for meaningful γ-value estimation, which 

restricts this analysis to only 14,716 families and excludes a substantial portion of the total 

diversity from quantitative assessment. Even among families that meet the minimum size 

threshold, the small number of BGCs per family reduces the statistical confidence of γ-value 

estimates and limits the reliability of curve fitting procedures. Traditional pangenomic studies 

typically employ hundreds to thousands of genomes to establish robust openness metrics[112, 

135, 176], while our BGC families rarely exceed several dozen members. To address this 

limitation, we implemented modified curve fitting strategies including weighted regression and 

non-linear optimization approaches specifically adapted for smaller datasets. However, these 

adaptations do not completely reduce the bias based on the size of the families. 
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CHEMICAL PRODUCT VALIDATION GAP 

A fundamental limitation of our population-level framework lies in the disconnect between 

computational BGC family organization and experimental validation of chemical products. The 

vast majority of BGC families in our dataset lack experimentally characterized chemical 

products, with only a small fraction containing clusters from the MIBiG database with validated 

structures and bioactivities[101]. This validation gap creates uncertainty about whether 

computationally defined families represent biologically meaningful units that produce 

structurally or functionally related compounds. While these assumptions are supported by well-

characterized examples like the malleobactin/ornibactin and desferoxamine family, the extent 

to which this relationship holds across the broader diversity of biosynthetic families remains 

unclear. Families that appear coherent based on genetic architecture may nevertheless 

produce chemically complete distinct compounds due to subtle differences in enzymatic 

activities or substrate specificities that are not captured by sequence-based clustering 

approaches. Furthermore, the functional roles attributed to accessory genes remain largely 

theoretical for most families. Since the majority of BGC families lack characterized chemical 

products, the specific contributions of accessory genes to structural diversification is not yet 

experimentally validated and must instead be inferred from functional annotations. This 

reliance on computational predictions rather than experimental evidence introduces additional 

uncertainty into what accessory genes can be used in synthetic biology. 

Despite these limitations, the PanBGC framework represents a significant methodological 

advance in the systematic analysis of biosynthetic gene cluster diversity. Many of these 

challenges are common to large-scale computational analyses of predicted BGCs and affect 

all current approaches in the field. The limitations identified here should be viewed as areas 

for future improvement rather than fundamental flaws that invalidate the framework's utility. As 

genome sequencing efforts expand to include more diverse microbial lineages[173, 177], as 

BGC prediction and annotation tools improve[175, 178], and as more natural products are 

experimentally characterized and linked to their biosynthetic origins[101, 179], the accuracy 

and biological relevance of population-level BGC analyses will continue to increase. Most 

importantly, the systematic organization of BGC families and the quantitative metrics for 

assessing diversity patterns provide a robust foundation for hypothesis generation and 

experimental design, even when individual family assignments or gene classifications may be 

imperfect. The framework's value lies not in providing definitive answers about every BGC 

family, but in establishing a systematic approach for analyzing biosynthetic diversity that can 

guide more targeted experimental investigations and inform rational engineering strategies 

based on evolutionary principles. 

FUTURE DIRECTIONS 

The systematic framework established by PanBGC opens several promising avenues for 

future development that can address current limitations while expanding the scope and utility 

of population-level BGC analysis. The most immediate and impactful advancement lies in the 
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integration of multi-omics data to bridge the gap between computational BGC organization and 

experimental validation of chemical products. Metabolomics data represents the most direct 

approach for validating the chemical coherence of computationally defined BGC families. By 

systematically linking mass spectrometry-based metabolic profiles to BGC family 

assignments[180], researchers can test whether families that appear genetically coherent also 

produce chemically related compounds. This integration would be particularly valuable for 

validating the functional significance of accessory gene variations within families, as 

correlations between specific accessory gene combinations and distinct metabolic features 

could provide experimental evidence for the chemical diversification mechanisms inferred from 

genetic analysis. Large-scale metabolomics datasets from projects like the Global Natural 

Products Social Molecular Networking (GNPS) platform[181] could be mapped to BGC 

families, creating a comprehensive resource linking genetic and chemical diversity. 

Additionally, transcriptomics data could indicate co-dependence of accessory genes revealing 

that multiple of them are needed in order to work and perform adaptations to the final 

compound. 

Advances in artificial intelligence and machine learning present transformative opportunities 

for improving the technical foundations of BGC family analysis[182, 183]. Deep learning 

approaches could significantly enhance BGC boundary prediction accuracy, addressing one 

of the limitations affecting family formation and gene classification. Neural networks trained on 

experimentally validated cluster boundaries from the MIBiG database could learn to recognize 

subtle patterns in gene organization and expression that current rule-based approaches miss, 

potentially reducing the systematic errors introduced by inaccurate boundary predictions[182]. 

Machine learning could also revolutionize the clustering process itself by developing algorithms 

that incorporate chemical similarity alongside genetic similarity when forming families. Such 

approaches could integrate structural information from characterized natural products to guide 

the grouping of uncharacterized BGCs, creating families that are coherent both genetically and 

chemically. Large language models, already showing promise in protein function 

prediction[184], could be adapted for automated functional annotation of accessory genes by 

training on the growing amount of biochemical literature and experimental data. Furthermore, 

predictive models could be developed to estimate chemical product structures based on BGC 

family composition, enabling researchers to prioritize families for experimental characterization 

based on predicted chemical novelty or bioactivity. 

Community contribution and collaborative validation represent essential components for 

realizing the full potential of population-level BGC analysis. The development of crowdsourced 

curation platforms could harness the expertise of the global natural products research 

community to validate and refine BGC family assignments. Such platforms could enable 

researchers to submit experimental data linking characterized compounds to specific BGCs, 

gradually building a comprehensive database of validated gene-to-chemical relationships. 

Community-driven annotation of accessory gene functions could leverage the collective 

knowledge to provide more accurate functional assignments than automated prediction 

methods alone[101].  
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The integration of these developments will contribute to the continued evolution of population-

level BGC analysis as genome sequencing efforts expand, multi-omics technologies become 

more accessible, and computational methods advance. While significant challenges remain in 

accurately predicting chemical products from genetic information and validating computational 

family assignments experimentally, the systematic framework established in this thesis 

provides a foundation for incremental improvements that can enhance our understanding of 

biosynthetic diversity. 

CONCLUSION 

This thesis establishes the PanBGC framework as a systematic approach for understanding 

diversity within biosynthetic gene cluster families by adapting proven pangenomic principles to 

secondary metabolite biosynthesis. By treating gene cluster families as evolutionary 

populations rather than isolated genomic islands, this work provides the first comprehensive 

framework for analyzing the internal diversity patterns that drive chemical innovation in 

microbial natural products. The most significant finding from this population-level analysis is 

the contrasting patterns of gene repertoire stability and compositional plasticity within BGC 

families. While most families exhibit closed pangenomes with limited acquisition of novel 

genes, they demonstrate high compositional diversity in how existing genetic components are 

combined across individual clusters. This reveals that biosynthetic innovation operates 

primarily through modular reorganization of evolutionarily validated components rather than 

continuous incorporation of novel genetic material. This insight suggests that chemical 

complexity emerges from recombination of proven biosynthetic elements rather than endless 

genetic innovation. Through the PanBGC-DB website, these population-level analyses 

become accessible to researchers from different fields. The framework enables researchers to 

make informed decisions about experimental priorities and engineering strategies based on 

comprehensive evolutionary context rather than limited precedent. Most importantly, this work 

establishes a new strategy for natural product research that emphasizes population-level 

thinking over individual case studies thereby enabling more insight into GCF diversity. 
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