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Abstract

The global rise in antibiotic resistance, coupled with the declining discovery of new
compounds, has created a crisis that demands innovative strategies for microbial control.
Identifying such novel strategies requires a mechanistic understanding of bacterial molecular
pathways. The central dogma of molecular biology, expanded by newer findings on the flow
of biological information, provides a fundamental roadmap for prokaryotic characterization
based on high-throughput experiments and computational approaches. However, capturing
this complexity requires integrative and reproducible computational frameworks that enable
robust cross-layer analyzes. This thesis addressed this challenge by developing and applying
computational methods that support integrative and visual analyses across the central
dogma, with focus on microbial characterization for their control.

To enhance the interactive characterization of prokaryotic genomes, the visual analytics
tool Evidente is introduced, with the goal of bridging the gap between the exploration of
single nucleotide polymorphisms (SNP) and the evolutionary context. Unlike traditional
visualization tools, Evidente classifies SNPs based on clade-specificity and enables their
visualization with metadata, as well as linking them to a functional context. By applying
it to bacterial pathogens, this approach demonstrated how genome-scale variation can be
interpreted in an evolutionary context to generate functional and phenotypic hypotheses.

Recognizing that genomic data alone are insu"cient to explain phenotypic diversity,
this thesis integrated transcriptomic data through two complementary web-applications:
TSSpredator-Web and TSS-Captur. They address the characterization of the transcrip-
tome’s architecture and link the genomic with the transcriptomic layer of the central dogma.
TSSpredator-Web extends the tool TSSpredator to identify and classify transcription
start sites (TSS), and allows exploration of genome-wide TSS maps together with genomic
data. Based on TSS maps, the Nextflow-based pipeline TSS-Captur characterizes tran-
scripts starting from unclassified TSS via computational methods for sequence classification,
termination site prediction, and analyses of secondary structure and promoter regions.
Together, both approaches showed how transcriptomic data can be used for annotation
refinement and transcript discovery, bridging the genomic and transcriptomic layer.

Lastly, the power of integrative analyses is demonstrated through two systematic studies
of bacterial metallophore systems. The first project focused on the characterization of known
metallophore mechanisms across the Staphylococcal genus using computational analyses
based on genomic data, representing the first comprehensive genus-wide analysis of these
systems. Expanding on this topic, the second study investigates how nasal Corynebacterium
species exploit metallophores synthesized by Staphylococcus aureus, suggesting a novel
way of controlling pathogens. This was achieved by identifying structural homologs
of lipoproteins through the development of the Nextflow-based pipeline PRESERVE, and
contextualizing the findings with transcriptomic data. By analyzing the putative promoter
regions, we gained insight into how these mechanisms are regulated in Corynebacteria.
These studies illustrate how the integration of multiple layers of biological data can shed
light into the interactions between species, providing knowledge that can be translated
into interference of colonization strategies, and be exploited for microbial control.

In summary, this thesis describes a methodological framework for integrative
computational analyses across the central dogma. By combining reproducible approaches
with interactive visual exploration, it illustrates how integrating data from di!erent
biological layers can help to generate insights for prokaryotic characterizations. These
insights can be used to establish innovative interventions for microbial control, o!ering a
computational pathway to address the escalating challenges of antibiotic resistance.
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Deutsche Zusammenfassung

Der weltweite Anstieg der Antibiotikaresistenz in Verbindung mit der sinkenden
Entdeckungsrate neuer Wirksto!e hat zu einer internationalen Krise geführt, die innovative
Strategien zur Bekämpfung von bakteriellen Pathogenen erfordert. Um neue Strategien
zu identifizieren, ist es notwendig, die komplexen Mechanismen hinter den molekularen
Signalwegen von Prokaryoten zu verstehen. Das zentrale Dogma der Molekularbiologie,
erweitert durch neuere Erkenntnisse über den Fluss biologischer Informationen, liefert einen
grundlegenden Fahrplan für die prokaryotische Charakterisierung auf der Grundlage von
Hochdurchsatz-Experimenten und computergestützten Ansätzen. Um diese Komplexität zu
erfassen, sind jedoch integrative Methoden erforderlich, die explorative und reproduzierbare
Analysen ermöglichen, um über mehrere Ebenen Erkenntnisse zu gewinnen. Diese
Dissertation hat sich dieser Herausforderung gestellt, indem sie integrative und visuelle
Analysen über das zentrale Dogma hinweg entwickelt und durchführt. Dafür wurden
computergestützte Methoden entwickelt und angewendet, wobei der Schwerpunkt auf der
mikrobiellen Charakterisierung für deren Kontrolle liegt.

Um die interaktive Charakterisierung prokaryotischer Genome zu verbessern, wurde
das Visual Analtytics Tool Evidente eingeführt, mit dem Ziel, die Lücke zwischen der
Erforschung von Einzelnukleotid-Polymorphismen (SNP, engl. single nucleotide polymor-
phism) und dem evolutionären Kontext zu schließen. Im Gegensatz zu herkömmlichen
Visualisierungstools klassifiziert Evidente SNPs auf der Grundlage der Kladenspezifität
und ermöglicht ihre Visualisierung mit Metadaten sowie ihre Verknüpfung mit funktionalen
Annotationen. Durch die Anwendung auf bakterielle Pathogene zeigte dieser Ansatz, wie
genomweite Variationen in einem evolutionären Kontext interpretiert werden können, um
robuste funktionelle und phänotypische Hypothesen zu generieren.

Ausgehend von der Erkenntnis, dass Genomdaten allein nicht ausreichen, um die
phänotypische Vielfalt zu erklären, untersuchte diese Arbeit die Integration von Tran-
skriptomdaten durch zwei sich ergänzende Webanwendungen: TSSpredator-Web und
TSS-Captur. Diese Tools befassen sich mit der Charakterisierung der Transkriptomar-
chitektur und verbinden die Genom- mit der Transkriptomebene des zentralen Dogmas.
TSSpredator-Web erweitert das Tool TSSpredator zur Identifizierung und Klassifizierung
von Transkriptionsstartstellen (TSS) und ermöglicht die Untersuchung genomweiter TSS-
Karten zusammen mit Genomdaten. Basierend auf TSS-Karten, die auf Nextflow-basierte
Pipeline TSS-Captur charakterisiert Transkripte, die von nicht klassifizierten TSS stammen,
indem es Methoden für die Sequenzklassifizierung, die Vorhersage von Transkriptionster-
minatoren, die Sekundärstrukturanalyse und die Promotoranalyse integriert. Zusammen
zeigten beide Ansätze, wie Transkriptomdaten für die Verfeinerung von Annotationen und
die Entdeckung von Transkripten verwendet werden können. Dadurch wird eine Brücke
zwischen der genomischen und der transkriptomischen Ebene geschlagen.

Schließlich wird die Leistungsfähigkeit integrativer Analysen anhand von zwei
systematischen Studien zu bakteriellen Metallophorsystemen demonstriert. Das erste
Projekt konzentrierte sich auf die Charakterisierung bekannter Metallophormechanismen in
der Gattung Staphylococcus mithilfe computergestützter Analysen auf der Grundlage
genomischer Daten und stellte die erste umfassende gattungsweite Analyse dieser
Systeme dar. In Erweiterung dieses Themas untersuchte die zweite Studie, wie nasale
Corynebacterium-Arten die von Staphylococcus aureus synthetisierten Metallophore nutzen,
und deutet damit einen neuen Weg zur Bekämpfung von Krankheitserregern an. Hierzu
wurden strukturelle Homologe von Lipoproteinen durch die Entwicklung der Nextflow-
basierten Pipeline PRESERVE identifiziert und die Ergebnisse mit Transkriptomdaten
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in Zusammenhang gebracht. Durch die Analyse der mutmaßlichen Promotorregionen
wurden Einblicke in die Regulation dieser Mechanismen in Corynebacteria gewonnen. Diese
Studien zeigen, dass die Integration mehrerer Ebenen biologischer Daten Aufschluss über
die Wechselwirkungen zwischen Arten geben kann. Diese Erkenntnisse lassen sich auf
Kolonisationsstrategien übertragen und können somit für die mikrobielle Kontrolle genutzt
werden.

Zusammenfassend beschreibt diese Dissertation einen methodischen Rahmen für
integrative computergestützte Analysen über alle Ebenen des zentralen Dogmas hinweg.
Durch die Kombination reproduzierbarer Ansätze mit interaktiver visueller Exploration wird
veranschaulicht, wie die Integration von Daten aus verschiedenen biologischen Ebenen dazu
beitragen kann, Erkenntnisse für die Charakterisierung von Prokaryoten zu gewinnen. Dieser
computergestützte Weg ermöglicht es, Erkenntnisse zu gewinnen, mit denen innovative
Maßnahmen zur mikrobiellen Kontrolle entwickelt werden können, um den zunehmenden
Herausforderungen der Antibiotikaresistenz zu begegnen.
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Chapter 1

Introduction

Prokaryotes are known for their ability to quickly adapt when exposed to hostile
environments, such as antibiotic exposure, and develop phenotypes that allow them
to survive under such hostile environments (Spratt 1994; Wright 2005). This means that
bacteria are gaining resistance against multiple known antibiotics, leading to one of the
major health care issues of the new era: the antibiotic resistance crisis (Neu 1992). Of
the estimated 7.7 million annual deaths attributed to bacterial infections, drug-resistant
pathogens are associated with about 65% and are directly linked to causing around 16% of
them (Okeke et al. 2024). To highlight pathogens of particular clinical concern, the World
Health Organization (WHO) introduced the ESKAPE group, which includes bacterial
species such as Escherichia coli and Staphylococcus aureus that are resistant to a large
fraction of clinically used antibiotics.

While the rate of antibiotic resistant bacteria increases, the rate of discovery of new
antibiotics has declined drastically in recent decades (Hegemann et al. 2022). This has
led researchers to pursue alternative strategies to control bacterial infections (Brown and
Wright 2016). Rather than relying on single antibiotics, combinatorial strategies have
been explored to improve the e"cacy of the compounds. These strategies include the
use of antibiotic combinations, but also approaches that pair antibiotics with nutrients or
specialized bacterial metabolites to promote drug uptake (Bognár et al. 2024; Yamano 2019).
In addition, therapies based on viruses that infect bacteria, called bacteriophages, have
regained attention as an alternative way to control bacteria (Gordillo Altamirano and Barr
2019). Lastly, researchers are also interested in understanding how bacterial interactions
can be exploited for microbial controls by studying the composition of communities
of microorganisms (Maier et al. 2024). Despite their conceptual diversity, the successful
development of these strategies largely depends on a detailed understanding of the molecular
mechanisms underlying antibiotic resistance, as well as the general molecular mechanisms
behind prokaryotic organisms. However, these processes do not operate in isolation but
arise from interconnected activities across multiple molecular layers.

To provide a conceptual framework for this interplay, Francis Crick introduced the
central dogma of molecular biology, which describes the unidirectional flow of biological
information within a cell (Crick 1958; Crick 1970). By linearly linking DNA, RNA and
proteins, it was described how genetic information gives rise to a molecular function in
a unidirectional manner (Fig. 1.1). Genomic nucleotide sequences are transcribed into
messenger RNAs (mRNAs), which are then translated into amino acid sequences that fold
into functional proteins.

Although Crick already acknowledged that there may be exceptions to this information
flow (Crick 1970), further research has gone beyond his expected exceptions and expanded
the original formulation of the central dogma (Miller et al. 2023; Shapiro 2009). For
example, Crick’s proposed transfer of information from RNA to DNA or between RNA
molecules was later confirmed by the discovery of RNA bacteriophages (Thie!ry and
Sarkar 1998). In addition, the identification of various non-coding RNA (ncRNA)
transcripts has demonstrated that RNA molecules play active regulatory roles, mediating
interactions between RNA and DNA and shaping gene expression beyond protein-coding
functions (Singh et al. 2018). Recent studies have also shown that the central dogma
does not fully capture the information flow initiated by proteins themselves (Fig. 1.1).
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Figure 1.1: Visual representation of the central dogma of molecular biology, introduced first by Crick
(1958). Black arrows represent information flows with clear evidence at time of publication of the
central dogma, while gray arrows represent hypothesis that were described as possible by Crick.
Dotted arrows represent extensions of the flow of information that have been verified in more recent
studies (Miller et al. 2023)

.

Proteins play an important role in connectivity across layers by participating in processes
such as DNA repair, post-transcriptional modifications of RNA, and post-translational
modifications of other proteins, thus directly shaping molecular function beyond linear
information transfer (Drazic et al. 2016; Nachtergaele and He 2017). Together, these findings
show that molecular mechanisms depend on highly interconnected layers, particularly in
prokaryotic systems.

This expanded view of the information flow in prokaryotic organisms has been driven by
the increasing availability of high-throughput technologies, which enable the investigation
of biological processes at unprecedented scale and resolution (Goodwin et al. 2016; Hasin
et al. 2017). The large volume and complexity of the data generated by these technologies
have made computational approaches an integral component of their processing and
analysis (Gauthier et al. 2019). This methodological necessity often increases the number
of players needed for a general analysis, as domain experts design and run high-throughput
experiments, while often computation experts process the data into human-readable
formats for domain experts to generate insights. Together, experimental advances and
computational methods have led to distinct omics layers, each with the aim of systematically
capturing molecular information by focusing on a specific aspect of cellular function (W.
Zhang et al. 2010). While numerous omics layers have been described, such as epigenomics,
metabolomics, and metagenomics, three align directly with the central dogma of molecular
biology: genomics, transcriptomics, and proteomics. Advances within these layers have
refined our understanding of prokaryotic systems, from genomic sequence information to
gene expression and protein function.

At the genomic level, next-generation sequencing (NGS) technologies have enabled the
reconstruction of complete genomes by generating large numbers of genomic fragments,
commonly known as reads (Forde and O’Toole 2013). Subsequently, these reads are
assembled into contiguous genomic sequences using computational approaches, either de
novo approaches or guided by a reference genome (Flicek and Birney 2009). Together, these
experimental and computational advances have made it possible to reconstruct complete
genomes for a wide range of prokaryotic organisms, going beyond laboratory strains to
include isolates from clinical environments (Besser et al. 2018).

The transcriptomic layer has similarly benefited from NGS-based approaches, as all
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RNA transcripts can be sequenced and mapped to a corresponding reference genome (Sorek
and Cossart 2010). This enables genome-wide quantification of gene expression under
multiple conditions and is not limited to previously annotated genes, in contrast to
earlier high-throughput technologies such as microarrays (Croucher and Thomson 2010).
Additionally, further experimental protocols have been developed that allow a deeper
understanding of the transcriptome, such as focusing on the ends of transcribed mRNA
transcripts by depletion or enrichment of certain mRNA (Dar et al. 2016; Sharma et al.
2010), or simultaneous analysis of the transcriptome of two species (Westermann et al.
2012).

In addition, the proteomic level has profited through the development of high-throughput
approaches, such as mass spectrometry–based technologies (Messner et al. 2023; Z. Zhang
et al. 2014). These approaches allow the quantification of known proteins and the
characterization of post-translational modifications (PTMs) (Aebersold and Mann 2016).
Beyond protein abundance, further improvements in low-throughput techniques, such as X-
ray crystallography and cryo-electron microscopy (cryo-EM), have enabled detailed analysis
of protein structures, providing insight into the structurome of prokaryotic organisms (Wells
and Marsh 2018).

Although these advances have substantially improved the characterization of individual
molecular layers, they also form the foundation for downstream computational analyses
that extract even more biological information, especially as data is often shared in large
repositories. This availability of large-scale biological datasets has allowed the development
and refinement of computational methods. At the genomic level, these methods allow the
identification of open reading frames (ORFs) based on known gene characteristics, thereby
defining the protein-coding potential of an organism (Koonin 2001). Beyond individual
genes, higher-order analyses can resolve structural organizations such as polycistronic
operons or biosynthetic gene clusters (BGCs), providing insight into co-regulation and
functional relatedness (Medema et al. 2014; Rogozin 2004). On the proteomic layers, a more
recent breakthrough has been the training of machine learning models from experimentally
confirmed protein structures to allow the accurate prediction directly from amino acid
sequences (Jumper et al. 2021). In addition, the easier access to experimental data, either
via own generation or via databases, has allowed comparative approaches to rise. These
analyses enable the investigation of variation between strains or species by identifying
single-nucleotide polymorphisms (SNPs), which constitute a major driver of genomic
diversity across bacterial populations, as well as reconstructing evolutionary relationships
using phylogenetic methods (Bentley and Parkhill 2004; Ford et al. 2011).

However, the full explanatory power of omics data unfolds when information is integrated
between layers (W. Zhang et al. 2010). For example, based on identified ORFs, mapped
transcriptomic data can be used to quantify the expression of annotated genes, but also to
refine the annotation through the identification of untranslated regions (UTRs) or even
overlooked genes (Sorek and Cossart 2010). It can even go further and combine processed
data from multiple layers to go beyond individual insight generations. For example, isolated
genomic analyses to identify polycistronic gene arrangements can imply co-expression and
shared regulation potential. However, only overlaying transcriptomic data allows the
identification that the co-expression of these structures is condition-dependent (Güell et al.
2009). In a similar manner, transcriptomic and proteomic profiles represent snapshots
of specific conditions, but rarely provide deeper insights into the underlying regulation
layer. Hence, by including the genomic context, di!erences that alter regulatory behavior
between strains can be identified, such as the occurrence of specific SNPs (Dugar et al.
2013). By integrating such layers, researchers can better capture the complex molecular
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networks underlying prokaryotic processes, as anticipated by the central dogma and its
subsequent extensions.

These examples illustrate that in order to generate insights from multiple input data,
many computational methods are required to first analyze the data individually and then
integrate them. This complex processing requires continuous and clear communication
between domain experts and computational scientists, as each iterative step often reveals
new perspectives that need specialized knowledge for their interpretation. To simplify the
communication process, new computational tools should move beyond the development of
algorithms and provide more accessible ways for domain experts to perform integrative
analyses independently.

A significant barrier for domain experts is the usability gap of scientific software (Mangul
et al. 2019). While integrative methods are algorithmically robust, limited resources
often prevent developers from focusing on user experience or accessibility. Hence,
many state-of-the-art tools are released as command-line interfaces (CLIs), e!ectively
restricting their use to researchers with significant technical expertise. Although some
developers have introduced graphical user interfaces (GUIs) to their applications to lower
this barrier (Joppich and Zimmer 2019), these often still require the installation of
dependencies. More recently, web-based processing platforms have emerged, o!ering
ready-to-go environments that allow domain experts to analyze data directly and accelerate
hypothesis testing (Jalili et al. 2020).

However, these platforms tend to focus on narrow, hypothesis-driven tasks, such as gene
expression quantification or sequence assembly, as they answer specific research question,
hence they lack the flexibility required for the exploratory tasks essential for integrative
analyses. Explorative tools should do more than identify correlations within the data, as
they should facilitate the generation of new hypotheses via data exploration, for example,
by increasing the transparency of the results. By developing interfaces that provide access
to intermediate processing steps, researchers can better understand why specific results
emerge. Such transparency is particularly critical for multi-omics integration, where the
underlying biological mechanisms are di"cult to grasp because of the complexity of the
data.

Beyond understanding the algorithm, researchers must be able to explore both raw and
processed data from multiple perspectives. Visual exploration is essential in this regard, as
it takes advantage of human perception to detect patterns and anomalies that numerical
summaries often fail to capture. A classic example is Anscombe’s Quartet (Anscombe
1973), which demonstrates how datasets with identical descriptive statistics can possess
radically di!erent structures when visualized (Fig. 1.2). This principle has been widely
adopted in omics data analysis (Munzner 2014; Revell et al. 2018), leading to a variety
of visualization tools that use data abstraction techniques to make complex information
interpretable. Some tools focus on visualizing data from one omic layer, such as phylogenetic
trees (Letunic and Bork 2019; Subramanian et al. 2019), or protein structures (DeLano
et al. 2002), while others integrate multiple omic layers within one view (Thorvaldsdóttir
et al. 2013). Nevertheless, these tools often only allow visualization of data that the user
has previously processed, disconnecting the visual data from the analysis process.

To expand the scope of visual analyses, the field of bioinformatics has seen the rise of
visual analytics tools, which combine computational power with interactive visualization to
transform raw data into actionable biological insights (Cui 2019). By integrating automated
analysis with interactive visual representation, visual analytics creates a human-in-the-loop
system. This approach enforces the idea that while computational methods are necessary
for processing high-dimensional data, humans remain superior at identifying biological
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Figure 1.2: Visual representation of Anscombe’s quartet (Anscombe 1973). All four data sets consist
of eleven observed paired data points (x and y). When summarized using common descriptive
statistics and a linear regression model, all datasets return identical values (x = 9.0, y = 7.5,
R2 = 0.667). However, the visualization of the data reveals how the distributions di!er substantially.

contexts and unexpected relationships between the data. In the context of multi-omics,
this approach is particularly potent as it allows researchers to create multiple perspectives
of the data, for example by an interactive data selection or parameter adjustment, and
immediately observe how these changes shift the resulting biological landscape.

While accessibility and visual exploration are essential to reduce barriers and improve
insight generation, they must be complemented by reproducibility. For insights to be
validated, shared, and extended by the scientific community, integrative workflows must be
transparent and repeatable (Mangul et al. 2019). This requires the use of modern workflow
management systems that formalize data processing steps and enable scalable execution
across computational infrastructures for the consistent integration of the omics layers. In
bioinformatics, Nextflow has emerged as a state-of-the-art framework for implementing
such workflows (Di Tommaso et al. 2017). Beyond ensuring consistent integration, Nextflow
supports containerization technologies such as Docker and conda, thus enhancing portability
and long-term reproducibility, regardless of the computational environment.

These methodological requisites should be regarded essential for addressing the antibiotic
resistance crisis, as they allow researchers to move beyond the analysis of isolated omic layers
toward an integrated perspective of prokaryotic systems. Consequently, the development
of transparent, reproducible, and exploratory computational environments represents a
suitable approach to capture the interplay between genomic variation, transcriptional
regulation, and protein structure and function. In this context, the central dogma of
molecular biology provides both a conceptual anchor and a practical roadmap for the
systematic characterization of bacterial systems, forming a foundation for the rational
development of alternative microbial control strategies that extend beyond the use of
classical antibiotics. In the following chapters, the specific methodological and conceptual
gaps of the current state of computational methods are described, followed by the developed
solutions on how they have been addressed to improve research on microbial control.
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Chapter 4

Objectives

The central dogma of molecular biology describes the flow of information from the genome
to the transcriptome and ultimately to functional molecules, providing a conceptual
framework for understanding cellular processes. With the increase in the generation of
omics data, the integration of data across the layers of the central dogma of molecular
biology has been shown to be essential to fully understand the mechanisms and behavior
of prokaryotic organisms. Hence, the main goal of this thesis is to develop applications
that support the integration of biological data originating from di!erent layers of the
central dogma, with a particular focus on genomics and transcriptomics, to facilitate insight
generation in the context of microbial control. Such integrative approaches can support
the investigation of processes such as antibiotic resistance, transcriptional regulation, and
interaction mechanisms that shape the cohabitation of di!erent organisms. In addition
to methodological integration, this thesis emphasizes the development of tools that are
accessible to end users, particularly researchers with limited computational expertise,
by providing intuitive and user-friendly interfaces for data exploration. Based on these
goals, more specific objectives were defined to address key challenges in the analysis and
integration of data across the di!erent layers of the central dogma, as outlined in the
following sections.

As described by the central dogma of molecular biology, the genomic layer provides the
foundation for the downstream layers. Accordingly, the characterization of prokaryotes
can reasonably begin at the genomic level, for example through the analysis of one of the
most frequently observed forms of variation: single nucleotide polymorphisms (SNPs).
However, due to the fast evolution of bacterial genomes, the interpretation of SNPs requires
an explicit evolutionary context. This motivated the development of Evidente, a visual
analytics tool designed for the integrative exploration of SNP and phylogenetic data.
Evidente combines these data types by computing the distribution of mutations across
a phylogenetic tree and classifying them according to their clade-specificity. In addition,
the tool supports the integration of metadata, including sample-specific descriptors, as
well as functional annotations such as Gene Ontology terms, enabling an integrative
analysis with genomic variation. Within this project, an objective of Evidente was to
support systematic exploration of genotype–phenotype associations, such as those related
to antibiotic resistance, to facilitate the characterization of prokaryotic organisms.

Although the main focus of Evidente was on the integration of genomic and
phylogenetic information, a clear need to move to the second layer and integrate
transcriptomic data became evident. While many computational approaches emphasize
the analysis of gene expression levels, there is a gap in the exploration of the transcriptome
architecture. Here, this project focused on the prediction of transcription start sites (TSS)
in prokaryotes. Although current tools, such as TSSpredator (Dugar et al. 2013), manage
to integrate experimental genome-wide transcriptomic data for the prediction of TSS,
they are often limited with respect to their user-friendliness and integrative exploration of
results. To tackle this issue, we developed TSSpredator-Web, a web-application for the
prediction and exploration of TSS data based on the tool TSSpredator. Providing such
a web-application facilitates access to the tool to multiple users and adds the possibility
of exploring the data, for example, by the integrated visualization of transcriptomic and
the underlying genomic data. To align with the goal of prokaryote characterization, an
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objective of this project was to apply TSSpredator-Web to a dataset characterizing the
transcriptome of the ESKAPE organism Escherichia coli under antibiotic treatment and
allow the exploration of condition-specific transcriptional landscapes.

Genome-wide TSS studies based on tools such as TSSpredator-Web have revealed
multiple genomic regions with strong transcriptional signals that lack corresponding
annotation, suggesting the presence of overlooked genes. This observation motivated the
integration of experimentally determined TSS positions with their underlying genomic
sequences in an automated and high-throughput manner. To address this gap, the
TSS-Captur pipeline was developed. The objective of TSS-Captur is to apply a
combination of bioinformatic methods to allow a systematic characterization of these
putative functional regions. Beyond characterization, the process behind TSS-Captur
should be accessible and allow the exploration of results, for example, via a web application,
targeting primarily users with limited technical expertise.

While the objectives so far were focused on data-integration techniques and user-friendly
tool development, the next objectives addressed a central biological question: how can
bacteria uptake metallophores. As metallophores aid bacteria to obtain essential metals
for proliferation, characterizing the mechanistic process behind their synthesis and uptake
provides insight for the development of novel microbial control strategies. This mechanism
was characterized from two di!erent perspectives. The first perspective aimed to assess
the potential for metallophore synthesis and uptake within the genus Staphylococcus,
which includes both human and animal colonizers, and especially the ESKAPE pathogen
S. aureus. Using genomic data, this objective focused on the integration of multiple
computational analyses to characterize the diversity of metallophore-related systems, with
an additional evolutionary context of the genus.

A characteristic of metallophores is that, once secreted, they can be utilized by other
species present in the same environment. For example, members of the evolutionary distant
genus Corynebacterium have been shown to inhibit the growth of Staphylococcus aureus
through the exploitation of its siderophores, a specialized class of metallophores involved in
iron acquisition. As the molecular mechanisms underlying this interaction remain largely
unresolved, one objective of this project was to characterize the potential of distantly
related species to exploit xenosiderophores by identifying lipoproteins known to be involved
in the uptake process. As we observed that sequence homology is insu"cient for inter-
genera comparisons, the goal was to derive structural protein information from genomic
sequences to enable structure-based homology evaluation using the pipeline PRESERVE.
To contextualize these findings, transcriptomic data were incorporated to support the
exploration of species-specific transcriptional responses associated with siderophore uptake.
In addition, putative promoter regions of the identified structural homologs were analyzed to
investigate their regulatory characteristics of the transcriptome. Together, these objectives
aim to establish a reproducible framework for the evaluation of cross-genera homology and
to nominate candidate genes for subsequent experimental validation, by accounting for
genomic, genome-wide transcriptomic and protein structural data.
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Chapter 5

Results
The main goal of this thesis is to support research on the control of microbes by providing
methods for the characterization of prokaryotic organisms. This is achieved by analyzing
data from single or multiple layers around the central dogma of molecular biology, either
by developing new applications or extending established approaches, applying them to
provided data, and, in most cases, providing new ways of exploring the results. Five
projects are presented within this thesis, while a complete list of publications throughout
my doctoral studies is available on page 7. The following sections will introduce the
main results of the individual projects and discuss to what extent they helped achieve the
determined objectives of the thesis.

5.1 Integrating genomic and phylogenetic data for SNP diversity exploration with
Evidente

This section presents the article Witte Paz, M., Harbig, T. A., and Nieselt, K. (2022).
“Evidente—a Visual Analytics Tool for Data Enrichment in SNP-based Phylogenetic
Trees”. In: Bioinformatics Advances vol. 2, no. 1, vbac075. doi: 10.1093/bioadv/
vbac075. For the full publication, refer to Paper I.

Prokaryotic genomes evolve rapidly, resulting in a high level of genetic diversity, even
between individuals of the same species (Arber 2000). While the evolution process might
result in large-scale genomic changes, such as insertions, deletions, and recombination
events, small mutations like single-nucleotide polymorphisms or variants (SNPs/SNVs,
hereafter called SNPs) play a major role in the rise of significant phenotypic variation (Ko
and Choi 2021; Vignal et al. 2002). The increased availability of whole-genome sequences
now allows researchers to identify such mutations in a genome-wide manner, and even
infer the evolutionary relationships based on SNP-based phylogenetic trees (Faison et al.
2014). These trees provide a powerful tool for tracing lineage divergence that can be used
to characterize a set of prokaryotic strains from one species. However, the analysis of the
evolutionary history often focuses only on the computed tree, while ignoring the underlying
genomic variations, despite its integration being crucial for further insights. For example,
one could identify specific SNPs contributing to evolution (e.g. via uniqueness in a specific
clade), or identify correlations between bacterial strains with specific characteristics, such
as geographic origin, sampling date, or other phenotypic traits. For such cases, it is also
important to know whether the SNP is located within a gene, as this might influence
the phenotype. Hence, further genomic data, such as the position of coding genes, can
be included for a more complete analysis of the set of bacteria. By exploring these
di!erent data sources within one common interface, hypotheses can be generated about
genotype–phenotype associations or clade-specific adaptations. However, existing tools
rarely support the visual exploration of such integrative datasets.

To allow such exploration, Evidente focuses on the integration of multiple data
originating mainly from the first layer of the central dogma: the genome. Evidente allows
joint visual exploration of SNP-based phylogenetic trees, genome-wide SNP profiles, together
with strain-specific characterization via metadata files, and gene information via Gene
Ontology (GO) terms. The main di!erence between Evidente and other phylogenetic tree
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Figure 5.1: Sketch on CLASSICO’s algorithm for the identification of clade-specific SNPs. The
tabular SNP data (upper table) represents the input for CLASSICO and indicates the presence of
SNPs by showing the observed allele at each genomic position and sample. A dot represents the
presence of the reference allele at that position, i.e. no SNP is found. Based on this data, SNPs
are mapped onto the leaves of a phylogenetic tree based on their presence in each sample (bottom
left). CLASSICO propagates each SNP from the leaves towards the root only if all child nodes of an
internal node share the same mutation (right). If a SNP is found only in a single internal node,
it is considered clade-specific or supporting (Position 1). If a SNP is found in multiple internal
nodes, it is labeled non-supporting (e.g., Position 2). This figure has been adapted from the original
publication (see Fig. I.1).

visualizers, such as Evolview (Subramanian et al. 2019) or iTOL (Letunic and Bork 2019),
is the underlying integration and categorization of SNP data into the visual interface. This
is computed via CLASSICO (CLAde-Specific Snp IdentifiCatOr). CLASSICO is an e"cient
algorithm that classifies each SNP from a genome-wide analysis into either supporting
or non-supporting for a given phylogenetic tree (Fig. 5.1). Supporting or clade-specific
SNPs are those positions where the algorithm terminates as only one node contains the
corresponding mutation. This means that the specific SNP occurs only within members of
one clade (see position 1 in Fig. 5.1, bottom-left). Otherwise, non-supporting SNPs are
those positions where, after the propagation has ended, the SNP is found in more than one
node (see position 2 in Fig. 5.1, bottom-right).

While the processing of the SNP data via CLASSICO achieves the first integration within
Evidente, it is di"cult to connect the SNP data to the underlying tree in an exploratory
manner. First, studies focusing on the genomic diversity of bacteria typically involve
numerous strains with extensive SNP variation (Arora et al. 2016; Schuenemann et al.
2018), producing long lists as the output of CLASSICO. Moreover, the size and complexity of
both the SNP–clade allocations and the phylogenetic tree make these output files di"cult
to interpret manually. Hence, we solve this problem by implementing a visualization
dashboard for Evidente, consisting of four panels (Fig. 5.2). To integrate the views of the
phylogenetic tree and the SNP data, an interactive dendrogram visualization (Fig. 5.2I)
is aligned to a heatmap (Fig. 5.2II) that visualizes the presence of SNPs that have been
selected by the users. Color is used to encode the allele of a SNP, while the clade specificity
is visualized by using four categorical colors to represent the four possible nucleotides. For
supporting SNPs, the respective heatmap cell is filled, while for non-supporting SNPs only
the borders of the heatmap cell are colored. A third heatmap is aligned to visualize any
metadata provided by the user into the visualization (Fig. 5.2III), and hence integrated in
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5.1 Integrating genomic and phylogenetic data for SNP diversity exploration with
Evidente

Figure 5.2: Visualization of a toy dataset using Evidente. The interface is divided into four
components: the main visualization panel (I–III) and the sidebar (IV). Panel (I) displays the
phylogenetic tree, while panels (II) and (III) show heat maps for selected SNPs and metadata,
respectively. The tool’s sidebar (IV) visualizes the legend for the color scales used and further tool
menus for interaction. (a) The main visualization shows some SNPs and metadata of a toy data set.
A clade node (blue) has been selected. The first SNP (position 30) is a supporting SNP found in all
leaves of the clade. The next two SNPs (positions 10 and 850) are supporting but appear only in a
subset of clade members. The final two SNPs (positions 15 and 20) are non-supporting. (b) The
sidebar shows SNPs for the selected clade, which can be added to the heat map. (c) Demonstration
of the aggregation feature: samples labeled as Wild Type (orange rectangles in the first column
of the metadata heat map) have been collapsed into a single node, renamed WILDTYPES. The
end node of a collapsed node is emphasized by a specific glyph (a shaded triangle). Aggregated
metadata is shown using box plots (for numerical values) or bar plots (for categorical and SNP
data). Moreover, the filter group “All but experimental” was created as seen in the corresponding
menu. It excludes all samples not classified as Wild Type or Clinical, hiding strain Toy_strain_1
from the view. This figure and caption have been adapted from the original publication. The
original version can be found in Fig. I.2
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Figure 5.3: Schematic overview of the GO-term enrichment analysis in Evidente. It illustrates
how SNPs are linked to annotated gene regions and their associated Gene Ontology (GO) terms
(left), enabling a functional interpretation of genomic variation. Each SNP located within a gene
is annotated with the corresponding GO terms (light-blue highlight). Also the SNPs within the
selected clade are counted (red internal node and corresponding highlight) For each GO term, a
contingency table is constructed (right) comparing the number of SNPs associated to the term
found in the selected clade, versus those outside the clade.

the exploration process. Following the attribute type definitions by Munzner (2014), any
sample-related data classified as categorical, ordinal, or numerical can be visualized using
an appropriate color map. These three panels represent the core of Evidente ’s visual
integrative approach, enabling users to visualize SNP data, phylogenetic relationships, and
sample metadata and explore possible correlations through visual alignment (Fig. 5.2a).

The strength of Evidente lies not only in the visualization of the data, but also in
enabling its interactive exploration, allowing users to iteratively refine their analyses. Users
can select clades in the dendrogram to inspect CLASSICO-allocated SNPs and add SNPs to
the visualization (Fig. 5.2b). Standard interactions such as filtering and clade aggregation
are supported, and the aligned heatmap adapts accordingly by summarizing the data into
type-specific plots (Fig. 5.2c). Additional visualization, filtering, and export options are
provided in the sidebar (Fig. 5.2IV).

The last data-integration approach in Evidente is to assess whether SNPs within a
specific clade are found more often within genes associated with particular functions. To
perform this analysis, users provide a genome annotation file for the reference organism
along with gene-associated GO terms. These inputs are used to perform a GO enrichment
analysis with respect to a selected phylogenetic clade, as follows (see Fig. 5.3 for an
overview). With this functionality, Evidente allows users to inspect whether specific
SNPs might be a!ecting biological processes and how this could be linked with possible
phenotypes of the strains.

The data integration approaches developed within Evidente were evaluated using
two prokaryotic datasets. In the first case, the analysis of ancient and modern samples
of Mycobacterium leprae (Schuenemann et al. 2018) showed how Evidente can combine
phylogenetic and SNP data to identify SNPs uniquely associated with specific clades.
By additionally integrating metadata on sampling date and geographical origin, such
clade-specific SNPs become more informative. For example, Evidente facilitated the
identification of clades related to ancient samples. Moreover, the tool was used to identify
SNPs that enforced a hypothesis of the original publication, stating that the diversification
of M. leprae should be considered di!erently. Hence, using Evidente could allow researchers
to trace pathogen evolution across time and location, and to pinpoint mutations that
may have emerged under these contexts. The second use case focused on the analysis
of multiple strains of the pathogen Treponema pallidum (Arora et al. 2016). Unlike the
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5.1 Integrating genomic and phylogenetic data for SNP diversity exploration with
Evidente
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Figure 5.4: Framing the data integrated in Evidente using the central dogma of molecular biology
as a framework. The data types (colored circles) are distributed onto the genomic, transcriptomic,
and proteomic layers, depending on their origin. Circles with a solid border represent potential
inputs with metadata inclusion that might expand the outreach of Evidente (dashed lines).
Multicolored circles indicate data can link multiple layers.

previous case, Evidente facilitated the analysis of correlations between non-supporting
SNPs and antibiotic resistance phenotypes by facilitating a side-by-side visualization of
SNPs and metadata. Together, these use cases show how Evidente facilitates the process of
integrating multiple genomic data together with metadata in order to characterize bacteria,
enabling the translation from evolutionary analyses to microbial control strategies.

In order for other researchers to benefit from it, Evidente has been deployed as a
web-application as part of the Tübingen Visualization Server TueVis1.

Framing the inputs and processed data within the central dogma (Fig. 5.4) clearly shows
that SNPs and phylogenetic trees constitute the foundation of its approach. Although
phylogenomic data was not explicitly considered in the original formulation of the central
dogma, it can still be conceptually assigned to the genomic layer, since phylogenetic
reconstructions are derived from individual genomes. Beyond SNP and phylogenetic data,
Evidente also integrates additional data, such as gene annotations and Gene Ontology
terms. Though these two aspects are based on the genomic sequence, they establish a
first connection to the transcriptomic layer, since they describe the functional potential
of the organism. Furthermore, due to the general structure of the metadata input,
it can be used to extend the scope of Evidente toward higher layers of the central
dogma. Although this functionality has not yet been demonstrated, users could provide
transcriptomic or proteomic expression data from the analyzed strains and visualize it in
the interface. However, the feasibility of such large-scale integration across these layers
remains challenging, mainly due to data availability and experimental costs.

In summary, Evidente shows how integrative analyses of genomic data and metadata
can facilitate the gain of knowledge about microbes by focusing on an evolutionary
perspective. Its strength lies in combining phylogenetic trees with SNP-level resolution,
allowing the identification of clade-specific mutations, functional enrichments, and
correlations with other data, such as phenotypic data.

However, while such evolutionary analyses of genomic variation are essential for
understanding the origin of genomic di!erences, genomic information alone cannot fully
explain the phenotypic di!erences observed between closely related strains. In the context
of the central dogma, this highlights the need to complement evolutionary genomics with
information from other molecular layers. Hence, Evidente also supports the integration of
processed data from higher layers, such as quantification of the transcriptomic or proteomic
layer. This observation led to the development of the next methods that integrate genome
data with higher layers of the central dogma, in this case, the transcriptome.

1Accessible via https://evidente-tuevis.cs.uni-tuebingen.de/
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5. Results

5.2 Prediction and Exploration of Transcription Start Sites with TSSpredator-Web

This section presents the article Witte Paz, M., Herbig, A., and Nieselt, K. (2026).
“TSSpredator-Web: A Web-Application for Transcription Start Site Prediction and
Exploration”. In: PLOS ONE vol. 21, no. 3, e0326299. doi: 10.1371/journal.pone.
0326299. For the full manuscript, refer to Paper II.

As previously stated, gene annotation is a first option to bridge the genomic and the
more functional layers of the central dogma: the transcriptome and the proteome (Stein
2001). In the case of the transcriptome, genome annotation enables the interpretation of
genomic sequences with respect to their functional contribution to a specific environment via
RNA-seq experiments and bioinformatic downstream analyses (Lowe et al. 2017). However,
neither standard approaches for genome annotation nor standard RNA-seq experiments
allow researchers to identify a key position for further insights into the transcriptomic
layer: the exact position of the transcription start site (TSS, Backofen et al. 2014; Sorek
and Cossart 2010). While gene annotation methods often miss the TSS by focusing on
the identification of coding sequences, expression profiles based on typical RNA-seq (i.e. a
mixture of di!erent processing stages) are too noisy for the identification of base-specific
TSS. However, identifying TSS can help to understand the important interplay between
the genomic and transcriptomic layers. For example, it can allow the definition of genomic
elements, such as promoter regions and 5’ untranslated regions (UTRs), that play a crucial
role in transcriptome regulation (Sorek and Cossart 2010).

To tackle the gap in the identification of TSS, experimental protocols for prokaryotes
were developed, such as di!erential RNA-seq (dRNA-seq, Sharma et al. 2010), Cappable-
seq (Ettwiller et al. 2016), or tagRNA-seq (Innocenti et al. 2015). These protocols derived
from the standard RNA-seq approach allow the sequencing of primary transcripts (i.e.,
those not yet processed during transcription), and hence the computation of profiles that are
skewed towards the TSS (Fig. 5.5, left). With these, researchers can compare standard and
enriched expression profiles to identify positions that show a prominent signal for a clear
TSS. While the annotation can be pursued manually, multiple tools have been developed to
process the data (Amman et al. 2014; #uklina et al. 2016; Jorjani and Zavolan 2013), with
TSSpredator as one representative of these algorithms (Dugar et al. 2013). TSSpredator
detects TSS by comparing enriched and non-enriched RNA-seq profiles across genomic
positions and computing di!erent parameters based on this comparison (Fig. 5.5, left).
If at a specific position, the computed parameters surpass a set of predefined thresholds,
a TSS signal is called and it will be classified with respect to nearby genes as primary,
secondary, internal, antisense, or orphan (Fig. 5.5, right).

But even though the characteristics of TSSpredator’ have helped scientists describe
the transcriptome of several prokaryotic organisms (Cheah et al. 2024; Ryan, Bornet, et al.
2024; Wola$ski et al. 2025; Wolfram-Schauerte et al. 2024), it has limitations. Originally
designed as a command-line tool with a graphical user interface, TSSpredator necessitates
some technical knowledge, such as fixing installation dependencies. Hence, the audience
that could potentially benefit from this tool is reduced as domain experts, the intended end
users, should not be expected to have such an experience. Furthermore, TSS prediction
requires multiple input files to be manually allocated into standard and enriched expression
profiles, but also into the genomic strand of origin. Lastly, users cannot explore TSS data
within the same tool and integrate other aspects, such as genomic sequences and annotation.
By removing these hurdles, the tool becomes accessible to a wider range of researchers, but
also facilitates the scaling to align with the rapid growth of RNA-seq data as well as with
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Figure 5.5: Overview of the computational goals achieved by TSSpredator. (left) TSSpredator
predicts transcription start sites (TSS) by comparing two expression profiles: a standard RNA-seq
(gray line) and an 5→-enriched profile (yellow line). Based on these, it computes three parameters
across the genome: step height, step factor and the enrichment factor. After prediction, TSS
are classified with respect to nearby genes. Primary and secondary TSS are located (within 300
bp) upstream of annotated genes, where secondary TSS show a lower enriched expression signal
compared to the respective primary TSS. Internal TSS are located within the genes themselves,
while antisense TSS are located on the antisense strand close to a gene (within 150 bp) or within
the gene itself. Lastly, all other identified TSS are called orphan TSS. These figures have been
adapted from the original publication and can be found in Figs. II.1 and II.2.

the demand for fast insight generation. This highlights the need for more user-friendly tools
that furthermore enable the integration of additional data to characterize the prokaryotic
transcriptome. To address this, we have developed TSSpredator-Web, a web application
that not only performs TSS prediction via TSSpredator but also facilitates interactive
exploration of the results. By providing an interface for uploading large datasets and
by combining interactive genome-integrated exploration with automated TSS prediction,
TSSpredator-Web bridges the gap between biological interpretation and data creation,
primarily for domain experts.

The main add-on of TSSpredator-Web is the implementation of an exploration interface
with multiple features (Fig. 5.6). The tabular file called MasterTable, which details all
projected TSS, is the primary output of TSSpredator and is therefore essential for the
explorative analysis. For this reason, we include an interactive view of the MasterTable,
supporting common exploration features (Fig. 5.6, center). Moreover, to improve the
exploration process, we included additional visualizations that mirror the exploration and
visualization techniques used in multiple genome-wide TSS studies (#uklina et al. 2016;
Hocq et al. 2022; Ryan, Jenniches, et al. 2020). These features can be put into the context
of the information-seeking mantra introduced by Shneiderman (1996) “Overview first,
zoom and filter, details on demand”. To provide a broad overview of the results, an UpSet
plot (Lex et al. 2014) summarizes the distribution of TSS (Fig. 5.6, left).

While the UpSet plot provides an overview on experiments and classes,
TSSpredator-Web provides a genomic overview of all TSS positions (Fig. 5.6, right)
via a genome explorer implemented with the toolkit Gosling (LYi et al. 2022). Based also
on Shneiderman’s mantra, the genome explorer shows for each experiment all predicted
TSS aggregated by their genomic position and class to show a genome-wide distribu-
tion, as well as including regions with annotated genes. Via semantic zooming, more
information is added to the visualization, as TSS positions are no longer aggregated,
but shown individually using glyphs. To provide more context on the genomic layer, the
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Figure 5.6: Core components of the interactive result exploration enabled by TSSpredator-Web.
The UpSet plot (left) provides an overview of TSS distribution across categories (e.g., primary,
secondary, internal, antisense, orphan), allowing users to identify overlaps and combinations across
classes, but also across experiments. To explore the MasterTable (center), TSSpredator-Web
provides interactive search, sort, and filtering functionalities to explore all predicted TSS and
their attributes. The genome viewer (right) integrates transcriptomic and genomic data, providing
both an aggregated view (showing TSS counts binned by a genomic region) and a detailed view
(showing individual TSS, expression profiles, and upstream sequences). Both views also integrate
the genome annotations. Arrows between the components indicate how the visualizations are linked
via interaction, facilitating the exploration workflow in the tool. Some parts of this figure have
been adapted from the original figure found in Fig. II.4.

genomic sequence upstream of the TSS is shown in the genome explorer. This allows
users to search for putative binding sites of known regulators (e.g., the Pribnow box in
prokaryotes (Sharma et al. 2010)). Additionally, the detailed view integrates the expression
data for each experiment for both enriched and control datasets, allowing the evaluation for
the expression at each predicted TSS position. With these three visualizations, users can
get an overview (e.g. with the UpSet plot and the genome viewer), zoom and filter, and
get a detailed view (e.g. on the MasterTable or the detailed view of the genome viewer),
mirroring all three steps of Sheneiderman’s mantra.

The improvement in TSS prediction and novel exploration in TSSpredator-Web
was evaluated using a Cappable-seq dataset from the ESKAPE bacterium Escherichia
coli (Balkin et al. 2025), comprising 48 coverage profiles (four conditions, three replicates,
two strands, and two library types: enriched and non-enriched) that were easily uploaded to
the new interface via drag & drop. The prediction returned a total of 7, 194 TSS positions
that were further explored using the new exploration platform. Via the UpSet plot we
were able to identify condition-specific primary TSS linked to antibiotic stress-response
genes, such as ugd and arnB. These genes were explored using the genome explorer to
consider genomic and transcriptomic data, such as their location in the genome, their
upstream sequences, and expression profiles. With the novel exploration platform, we
could also explore orphan TSS in more detail. We showed that these TSS positions did
not only have a clear TSS signal but also a clear promoter motif, such as the Pribnow
box. Hence, rather than hinting at false positives, this analysis showed that these regions
might contain overlooked transcriptional units. In general, this use case demonstrates how
TSSpredator-Web not only facilitates the process of TSS prediction, but also the insight
generation process of genome-wide TSS maps, such as the identification of regulatory
mechanisms of condition-specific genes, or the discovery overlooked transcriptional units.
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Figure 5.7: Framing the input and computed data of TSSpredator-Web within the central dogma
of molecular biology. These are distributed (colored circles) onto the genomic and transcriptomic
layer. Multicolored circles indicate data that connect di!erent layers.

The implementation of TSSpredator-Web handles multiple data types originating
from the genomic and transcriptomic layers of the central dogma of molecular biology,
providing a bridge between them (Fig. 5.7). Starting from enriched and standard RNA-seq
coverage profiles, the platform derives a new layer of information: genome-wide TSS maps.
To gain even more knowledge on the data, TSSpredator integrates these maps with the
genome sequence, their annotations but also the underlying expression data, in a single
and interactive interface. This integration enables the easy generation of biological insight
starting from expression data, addressing a key gap in existing TSS prediction workflows.
TSSpredator-Web is available as a containerized tool and, similarly to Evidente, has
been deployed to the TueVis visualization server in order for researchers to explore their
own data2. Moreover, this allows for future instances of TSSpredator-Web to be linked
with other downstream analyses. One possibility would be to analyze the data with the
TSS-Captur pipeline, which will be introduced in the following section.

5.3 Characterization of Overlooked Transcriptional Units via TSS-Captur

This section presents the article Witte Paz, M., Vogel, T., and Nieselt, K.
(2024). “TSS-Captur: A User-Friendly Pipeline for Characterizing Unclassified RNA
Transcripts”. In: NAR Genomics and Bioinformatics vol. 6, no. 4, lqae168. doi:
10.1093/nargab/lqae168. For the full publication, refer to Paper III.

The integration of genomic and transcriptomic data into genome-wide TSS maps has
immensely helped researchers to characterize transcriptional elements within prokaryotic
genomes, but has also led to the discovery of overlooked transcriptional units. More
specifically, multiple studies analyzing TSS data, including the one introduced in the
previous section, have shown a number of predicted TSS that cannot be associated with
annotated genes (Ettwiller et al. 2016; Sharma et al. 2010; Wolfram-Schauerte et al. 2024).
These include orphan TSS (oTSS), which are not located in the vicinity of any annotated
gene, but also antisense TSS (aTSS) located on the antisense strand of an annotated gene,
but with no gene located downstream. Due to the strong experimental signal, these sites
provide an interesting start for identifying overlooked transcriptional units, such as small
protein-coding genes or regulatory non-coding RNAs (ncRNAs), which are often overlooked
by standard annotation methods (Barquist et al. 2016; Stazic and Voß 2016).

The diversity of these TSS signals across multiple studies motivated the development
of TSS-Captur, a computational pipeline based on Nextflow (Di Tommaso et al. 2017).
This pipeline addresses the automatic characterization of transcripts starting at oTSS

2Accessible via https://tsspredator-tuevis.cs.uni-tuebingen.de/

21

https://doi.org/10.1093/nargab/lqae168
https://tsspredator-tuevis.cs.uni-tuebingen.de/


5. Results

Further characterisationTranscript extraction Transcript classification 
into mRNA or ncRNA

Termination site 
prediction

μG

BLAST CNIT

QRNA SVM

Final prediction

Related 
query

Rho-dependent via 
RhoTermPredict

Rho-independent 
via TransTermHP

RNAFold

MEME

Pribnow box 
(-10 box)

Nextflow-based pipeline and interactive report for result exploration

Figure 5.8: Overview of the characterization of genomic regions starting at TSS via TSS-Captur.
The pipeline extracts the downstream regions of orphan and antisense TSS and classifies them
as mRNA or ncRNA using CNIT and QRNA. Transcription termination sites (TTS) are identified
genome-wide via TransTermHP (intrinsic) and RhoTermPredict (Rho-dependent). RNA secondary
structure is predicted using RNAFold. Upstream promoter regions are analyzed with MEME to detect
enriched motifs such as the Pribnow box. All results are integrated into an interactive report for
exploration.

and aTSS by integrating genomic data with transcriptomic signals to define four di!erent
aspects: length, RNA class (messenger or non-coding), putative regulation mechanism, and
secondary structure. To achieve this, TSS-Captur takes as input the MasterTable with
the predictions of TSSpredator or TSSpredator-Web, as well as the genome sequence
and its corresponding annotation file. Various methods are combined in the following
manner (Fig. 5.8). First, TSS-Captur extracts a putative transcript for each TSS position,
taking into account the mean gene length (µG) based on all annotated genes and other
genomic features, such as TSS or annotated genes (Fig. 5.8, left-most). This transcript is
then used as a base for the following modules to run the characterization.

To assign a functional class (mRNA or ncRNA) to each transcript, TSS-Captur
integrates two complementary prediction strategies (Fig. 5.8, second from the left). On
one hand, CNIT (Guo et al. 2019) is a support vector machine (SVM)-based method that
classifies the extracted sequence as either non-coding RNA (ncRNA) or messenger RNA
(mRNA) based on intrinsic sequence composition. On the other hand, QRNA (Rivas and
Eddy 2001) employs a comparative genomics approach to detect evolutionarily conserved
patterns indicative of coding or non-coding potential. This method requires a homologous
sequence from a related organism, which is retrieved via BLAST (Altschul et al. 1990).
The performance of both tools was evaluated based on known annotated transcripts to
identify their strengths and limitations. This analysis showed that the accuracy of QRNA
highly depends on an optimal homologous sequence and that CNIT overpredicts non-coding
RNAs. Based on these observations, TSS-Captur combines both predictions based on a
set of rules. If the predictions disagree, the class mRNA is chosen because of the previous
limitations of each individual tool. This combined classification method showed a more
robust classification accuracy than each tool individually.

Besides providing an RNA class for each transcript, CNIT and QRNA also provide the
coordinates of the most probable functional subsequence. For example, in the case of
an mRNA, the translated sequence. Based on these coordinates, TSS-Captur predicts
the most-probable transcription termination site (TTS) to identify the coordinates of
the full transcriptional unit (Fig. 5.8, second from the right). This is based on the
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genome-wide prediction of TTS with the tools TransTermHP (Kingsford et al. 2007) and
RhoTermPredict (Di Salvo et al. 2019). These two tools complement each other, as the
former one focuses on the identification of intrinsic (or Rho-independent) terminators,
while the latter one predicts those termination regions where the Rho protein is involved.
Based on the positions of the TTS, their confidence score and the coordinates returned by
CNIT and QRNA, TSS-Captur assigns a TTS for each transcriptional unit.

TSS-Captur characterizes two additional aspects for the analyzed transcriptional units
to provide further functional and regulatory context (Fig. 5.8, right). RNAFold (Lorenz
et al. 2011) is applied to the full transcript unit (i.e., from TSS to predicted TTS) to
compute a secondary structure based on the minimal free energy of the structure. Besides
providing a hint on the stability of the RNA molecule, this step might help identify a
putative function for those units classified as ncRNAs. The second characterization involves
the analysis of the upstream regions of all oTSS and aTSS with MEME (Bailey et al. 2009) to
identify enriched sequence motifs. This allows researchers to identify any overrepresented
sites that might correspond to a transcription factor binding site, and hence gain insight
on how these overlooked transcripts are regulated.

To facilitate accessibility and interpretability of the results, an interactive interface is
provided. Within the interface, users can not only access the final predictions for each
transcript but also inspect intermediate results, allowing them to trace the processes that
led to the final characterization. Moreover, it facilitates the visualization of the computed
secondary structures as well as the integration of the results of the enrichment analysis
returned by MEME. To further increase user accessibility, TSS-Captur is not only provided
as a Nextflow pipeline, but has been extended to serve as a web application within the
TueVis visualization server3. Similar to TSSpredator-Web, the deployment of TSS-Captur
as a web application removes the installation hurdles and provides the user with a way to
access the computational resources needed for complete characterization. This accessibility
improvement lowers the barrier for domain experts for genome-wide TSS characterization.

TSS-Captur was applied to a genome-wide TSS dataset from S. coelicolor (Jeong et al.
2016), analyzing 1,542 antisense and orphan TSS in a single high-throughput run of around
8 hours and 20 minutes. For most TSS, the pipeline predicted the transcript’s functional
class (925 as ncRNAs, 617 as mRNA), allocated a terminator site (→80% Rho-dependent
sites), and hence estimated its length (median length of 933 nt for mRNAs and 501 nt for
ncRNAs). Moreover, it identified enriched motifs in the putative promoter region of the
TSS. One highly enriched G/C-rich motif was detected in over 560 promoter regions, but had
no match in any regulatory motif database, suggesting that a yet unannotated regulatory
mechanism might be involved in the regulation of these overlooked transcripts. Lastly, to
assess the accuracy of the characterization of the S. coelicolor dataset, the results were
compared with an experimentally validated set of 63 uncharacterized transcripts reported
by Vockenhuber et al. (2011). While the overlap between the two datasets was low (23 TSS),
we identified that TSS-Captur correctly classified 18 as ncRNAs, with an overestimated
length. The results of this use case show how TSS-Captur can characterize thousands of
unannotated transcripts in a reproducible and accessible manner and hence complement
existing annotation pipelines to expand the scope of prokaryotic characterization. By
starting with TSS derived from experimental data and then providing predictions on
transcript class, length, promoter motifs, and secondary structures, TSS-Captur provides
an overview of hypothesis generation prior to any experimental validation. For example,
researchers could analyze their genome-wide TSS maps to identify the most promising
transcriptional units that might lead to putative novel regulatory ncRNAs. In such a case,

3https://tsscaptur-tuevis.cs.uni-tuebingen.de/
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Figure 5.9: Framing input and outputs of TSS-Captur within the central dogma of molecular
biology. Starting with experimentally predicted transcription start sites (TSS), the genome and the
current annotation, TSS-Captur derives further information from the genomic and transcriptomic
layer (colored circles). Multicolored circles indicate data that connect di!erent layers.

the predicted data through TSS-Captur reduces both time and cost by already providing
an overview of transcriptional units with high predicted functional potential.

As with the other methods presented in this thesis, TSS-Captur integrates and computes
data from multiple layers of the central dogma (Fig. 5.9). While TSS are typically derived
from experimental data, as in the case of TSSpredator-Web, TSS-Captur is not restricted
to such inputs and would work with any set of genomic positions, as long as the data is
provided in the correct format. Based on this set of genomic positions, the corresponding
genome sequence and its annotation, TSS-Captur generates transcription termination sites
as well as general annotations for overlooked transcriptional units, hence focused mainly on
the computation of data for the genomic layer of the central dogma. A similar case occurs
for the analysis of the enriched motifs in putative promoter regions. However, TSS-Captur
also characterizes an aspect of the transcriptomic layer, as it allows researchers to take a
first glimpse of the structurome of all predicted RNA transcripts.

Altogether, TSS-Captur not only bridges the gap between TSS data and functional
annotation but also provides an integrative, reproducible, and accessible framework for
the characterization of the prokaryotic transcriptome. While the presented examples do
not directly contribute to the overall context of microbial control, one can speculate that
characterizing the current dark transcriptome can have future relevance in this field. For
example, novel regulatory mechanisms such as ncRNAs might help first to understand
and later to control multiple aspects of prokaryotic pathogenesis (Chauvier and Walter
2024; Gottesman 2005). With this, TSS-Captur not only complements existing genome
annotation pipelines but also provides a foundation for generating hypotheses that may
reveal novel regulatory elements or genes, which in turn could open new avenues for
experimental validation and lead to novel strategies for microbial control.
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5.4 Comprehensive computational analysis of metallophore synthesis and uptake
potential in Staphylococci species

This section presents the article Witte Paz, M., Bitzer, A., Nieselt, K., and
Heilbronner, S. (2025). “A Landscape of Metallophore Synthesis and Uptake Potential
of the Genus Staphylococcus”. In: NAR Genomics and Bioinformatics vol. 7, no. 4,
lqaf183. doi: 10.1093/nargab/lqaf183. For the full publication, refer to Paper IV.

While the previous projects were primarily driven by a data-centric motivation that
aims to develop novel computational methods for prokaryotic characterization, the following
two projects focus on the uptake of metallophores in bacteria. Specifically, in this project,
we investigated the genomic potential of Staphylococcus species to synthesize and acquire
these metabolites.

Members of the Staphylococcus genus are colonizers of human and animal microbiomes.
Prominent examples include S. epidermidis found on human skin (Bomar et al. 2018), S.
lugdunensis commonly found on the skin and in the anterior nares (Heilbronner 2021),
and S. aureus, a member of the ESKAPE pathogens and therefore a significant burden
for healthcare systems (Howden et al. 2023). Although they are found in multiple host
environments, successful colonization is challenging, as essential nutrients, such as metals,
are limited (Weinberg 2000; Zackular et al. 2015). To overcome this, bacteria have evolved
metallophores: secondary metabolites with a high a"nity for metal ions (Neumann et al.
2017). A well-studied subclass of metallophores are siderophores, metabolites specialized
in iron retrieval (Kraemer et al. 2015). The ability to synthesize such metabolites is gained
via biosynthetic gene clusters (BGCs), sets of genes that translate the enzymatic machinery
required for the synthesis, modification and export of metallophores (Reitz and Medema
2022). After secretion and metal chelation, for Gram-positive bacteria, metallophore-metal
complexes are re-imported into the cell through lipoprotein receptors and ATP-binding
cassette (ABC) transporters (Kraemer et al. 2015). However, since metallophores function
outside the cell, the chelated complex is available not only to the organism that synthesizes
it but also to neighboring microbes that express compatible receptors (Kramer et al. 2020),
creating an ecological interaction between bacteria (Cordero et al. 2012).

One well-studied organism with respect to the synthesis and uptake of metallophores
is S. aureus. This species synthesizes a repertoire of metal-chelating compounds that
includes two siderophores and one metallophore (Ghssein and Ezzeddine 2022). S. aureus
synthesizes the carboxylate-type siderophores staphyloferrin A (SF-A) and staphyloferrin
B (SF-B) via two distinct BGCs (Beasley, Vinés, et al. 2009; Dale, Doherty-Kirby, et al.
2004). Chelated SF-A and SF-B molecules are re-imported into the cell via dedicated
and highly specific uptake systems: HtsABC and SirABC, respectively. In both cases,
substrate specificity is mediated by an extracellular lipoprotein (HtsA or SirA), which
recognizes the chelated complex and delivers it to associated ABC transporters (HtsBC
or SirBC) for transport across the membrane (Cotton et al. 2009; Dale, Sebulsky, et al.
2004). Beyond iron acquisition, S. aureus also produces the metallophore staphylopine
(STP), which enables the uptake of manganese and zinc (Ghssein, Brutesco, et al. 2016).
For the uptake of the metal-loaded metallophore, the CntABCDF system is required,
with CntA being the lipoprotein receptor. Besides synthesizing its own metallophores, S.
aureus is capable of exploiting metallophores produced by other species, a phenomenon
known as xenosiderophore usage. S. aureus has been shown to uptake hydroxamate-type
siderophores through the FhuBCD1D2G transporters and catecholate-type siderophores
through the SstABCD transporter (Beasley, Marolda, et al. 2011; Sebulsky, Hohnstein,
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Figure 5.10: Overview of data processing for the characterization of metallophore synthesis and
uptake potential of staphylococcal species.

et al. 2000; Sebulsky, Speziali, et al. 2004), where FhuD1, FhuD2, and SstD are lipoproteins
for recognition of metallophores (Beasley, Marolda, et al. 2011).

Although the synthesis and uptake potential of the metallophores of S. aureus has
been studied in detail, the extent to which these potentials are conserved or diversified
across the Staphylococcus genus remains poorly understood. To address this gap, this study
performed a large-scale computational analysis of Staphylococcus genomes to systematically
characterize the diversity of metallophore synthesis and uptake potential. Based on
genomic sequences of more than 1,900 Staphylococcus strains available through the Genome
Taxonomy Database (GTDB) (Parks et al. 2022), we assessed the presence, absence,
and variability of metallophore-related biosynthetic and transport systems, providing a
comprehensive overview of the metallophore landscape within the genus.

The analysis was performed at both the species and strain levels to identify genus-wide
trends as well as intra-species variability. At the species level, one representative genome per
species, as provided by the GTDB, was analyzed, resulting in a total of 74 Staphylococcus
species. As not all representative genomes correspond to complete assemblies, assembly
metadata was retrieved and considered to assess potential assembly-related biases in
downstream analyses.

For the strain-level analysis, four species associated with human microbiome were
investigated in detail: S. epidermidis (skin), S. capitis (scalp), S. hominis (skin), and S.
lugdunensis (skin). Although they are described as commensal species, they have also
been reported to cause serious inspections under some circumstances (Becker et al. 2014).
All available strains for these species were downloaded from the GTDB and underwent a
quality control screening to reduce the impact of highly fragmented genome assemblies,
as they could compromise the reliable identification of BGCs and proteins involved in
metallophore uptake.

Both levels of analysis followed the same computational workflow (Fig. 5.10). To
assess the genomic potential for the synthesis of metallophores, each genome sequence
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was analyzed using antiSMASH (Blin et al. 2023) to identify BGCs, but considering only
those associated with metallophore synthesis. As antiSMASH also compares predicted
BGCs with curated clusters from the MIBiG database, it allowed the identification of
SF-A, SF-B, and STP biosynthesis genes as well as the evaluation of their completeness.
Hence, for each species or strain, the BGCs were classified as complete, incomplete, or
absent. If antiSMASH identified any BGCs as putative metallophore clusters but without a
counterpart in the MIBiG, they were analyzed against known metallophore BGCs using the
tool clinker (Gilchrist and Chooi 2021), allowing evaluation of structural conservation
and potential functional relatedness. For the analysis of the strain level of S. lugdunensis,
a previously described BGC with potential for metallophore synthesis (Heilbronner et al.
2011) was searched in all genomes based on BiG-SCAPE (Navarro-Muñoz et al. 2020).

As antiSMASH only allows the characterization of the synthesis potential, the
metallophore uptake potential was analyzed using a sequence homology–based approach
using MMseqs2 (Hauser et al. 2016). As lipoproteins are essential for uptake of
metallophores, strains capable of importing a metallophore are expected to encode homologs
of the corresponding uptake lipoproteins. Therefore, the amino acid sequences of the six
lipoproteins known to be involved in Staphylococcus aureus’ metallophore uptake were
used as reference to identify homologs. If more than one gene within a strain exceeded the
predefined similarity threshold for a given reference, the strain was considered to harbor
multiple homologs of the corresponding uptake lipoprotein.

The results of the metallophore synthesis and uptake analyses were contextualized
with a phylogenetic tree (Fig. 5.11) based on the core-genome multilocus sequence typing
(cgMLST) approach of the tool chewBBACA (Silva et al. 2018) . Among the 74 staphylococcal
species, the landscape of metallophore biosynthesis varies (Fig. 5.11, leftmost heatmap
column). All 74 species harbored the SF-A biosynthetic locus, 10 species exhibited
truncations due to missing essential genes, suggesting an inability to synthesize SF-A. In
contrast, staphyloferrin B (SF-B) biosynthesis was detected in only 17 species distributed
across multiple phylogenetic lineages. Similarly, staphylopine (STP) biosynthesis was
identified in 29 diverse staphylococcal species, with truncation observed in a single case.

Beyond these well-characterized metallophores, antiSMASH identified an additional
BGC predicted to encode a metallophore that is not represented in the MIBiG database
(Fig. 5.11, gray column) but showed a high similarity to a siderophore biosynthetic cluster
described in Mammaliococcus sciuri when compared via clinker. Interestingly, this
putative metallophore BGC was restricted to a specific phylogenetic clade that lacks the
potential for synthesis of SF-A, suggesting a potential functional replacement of SF-A in
these species.

The observed diversity goes beyond metallophore synthesis and is also reflected in the
uptake systems (Fig. 5.11, green columns). In most species, the presence of the htsA gene
closely mirrors the capacity for SF-A production, such that species with truncated SF-A
biosynthetic loci generally also lack an htsA homolog. However, exceptions to this pattern
were identified. S. lugdunensis has retained htsA despite carrying a non-functional SF-A
biosynthetic cluster, suggesting the ability to exploit SF-A via xenosiderophore uptake,
aligning with previous experimental observations (Brozyna et al. 2014). A similar pattern
was also observed for SF-B and STP. In most cases, the truncation of a BGC coincided
with the absence of the respective uptake lipoproteins (SirA for SF-B and CntA for STP),
with a few species deviating from this pattern, such as S. lugdunensis.

The diversity among lipoproteins associated with the usage of xenosiderophores (FhuD1,
FhuD2, and SstD) was also analyzed. In addition to being present in multiple Staphylococcus
species, several strains encoded multiple copies of these lipoproteins (Fig. 5.11, red columns),
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Figure 5.11: Overview of metallophore synthesis and uptake potential in the genus Staphylococcus.
The dendrogram shows the phylogenetic relationships of staphylococcal species, alongside the
results summarizing their metallophore-related biosynthetic and uptake capacities. The assembly
level of each used reference is visualized in the first heatmap. The synthesis potential was assessed
with antiSMASH. Results annotated as the three known S. aureus metallophores obtained with
ClusterCompare are shown in the second to the left heatmap column. Blue rectangles indicate
biosynthetic gene clusters (BGCs), with dark blue representing complete BGCs (all synthesis
genes present) and light blue indicating incomplete BGCs. Gray rectangles mark additional BGCs
predicted as potential metallophore synthesizers but without specific annotation. The last two
columns represent the uptake potential: green shading indicates the sequence similarity of the
proteome to S. aureus metallophore uptake lipoproteins, while red shading shows the number of
putative homologs identified. Strains that were reassessed and that have shown di!erent results
have been marked with an asterisk (*). This figure and caption have been adapted from the original
publication. The original version can be found in Fig. IV.2.

suggesting a potential broadening of uptake capacity for hydroxamate- and catecholate-type
siderophores.

Due to the high metabolic cost of metallophore synthesis, selective pressure is expected
to develop mechanisms that restrict the exploitation of these metabolites to producing
organisms. Previous studies have shown that this pressure drives diversification of
both metallophores and their cognate lipoprotein receptors, restricting access by non-
producers (Gu et al. 2025). To investigate the presence of these mechanisms within
Staphylococcus species, we analyzed the conservation of the known binding-site residues of
the three lipoproteins involved in metallophore uptake (HtsA, SirA, and CntA). For each
lipoprotein, at least two distinct binding-site conservation patterns were identified. These
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Figure 5.12: Framing the data integrated in the characterization of the metallophore landscape of
staphylococcal species using the central dogma of molecular biology as a framework The data types
(colored circles) are distributed onto the genomic, as they all originate from this data layer.

patterns could reflect evolutionary strategies to restrict siderophore usage, that should be
experimentally confirmed in the future.

Lastly, strain-level analysis revealed species-specific diversity patterns. S. hominis
and S. epidermidis strains showed a high degree of conservation in both metallophore
synthesis and uptake potential, since most strains closely mirror the observed traits in the
respective representative genomes. In contrast, only 16% of the S. capitis strains reflected
the potential inferred from the representative genome, indicating that the representative
strain does not fully represent the metallophore-related traits of this species. S. lugdunensis
also displayed intra-species diversity, as 48% of the strains shared the same trait profile as
the reference, while a second distinct pattern was observed in 40% of the strains. Notably,
despite this diversity in S. lugdunensis, the yet uncharacterized BGC with metallophore
synthesis potential was consistently identified in all S. lugdunensis strains.

Altogether, the results of this project establish the first systematic, genus-wide
characterization of metallophore synthesis and uptake potential in staphylococcal species.
This work continues the overall strategy the preceding projects by integrating diverse types
of genomic data to extend biological understanding of a biological question. Moreover, it
provides the foundation for the development of a new application that addresses this aspect
in prokaryotic characterization, as multiple bioinformatic tools were applied to answer
the research question. Here, similarly to Evidente, the approach focused on integrating
multiple aspects of genomic data (Fig. 5.12). By doing so, we demonstrate how information
embedded in the genome can be leveraged to derive insights into functional layers, such
as metabolic capabilities, that are not apparent from the primary sequence alone. This
highlights once more how integrative bioinformatic analysis can bridge the di!erent layers of
the central dogma, advancing our understanding of bacterial metabolism. This integrative
approach was also used in the following project to investigate the role of metallophores,
more specifically siderophores, in bacterial interactions between S. aureus and multiple
species from the genus Corynebacteria.
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5.5 Characterization of Siderophore Uptake Mechanisms and their Regulation in
Corynebacteria

This section presents the ongoing manuscript Witte Paz, M., Bitzer, A., Heilbronner,
S. and Nieselt, K. “Characterizing Siderophore Uptake and their Regulation Mechanisms
in Corynebacteria based on Structural Homology and Transcriptome Profiling”. For
the full manuscript, refer to Paper V.

Given that Staphylococcus aureus poses a substantial threat to healthcare systems world-
wide due to its high mortality rates and broad spectrum of antibiotic resistance (Howden
et al. 2023), understanding how metallophore-mediated interactions with other organisms
can be used for antimicrobial strategies has gained importance. A recent study by Zhao
et al. (2024) demonstrated that several Corynebacteria species are able to inhibit the growth
of S. aureus by exploiting its siderophores, highlighting the piracy of xenosiderophores
as a potential mechanism of microbial interference within the nasal environment. While
the molecular basis of this interaction was elucidated only for one species (C. hesseae),
other Corynebacterium species exhibiting a similar inhibitory phenotype remained largely
uncharacterized. Hence, the main goal of this project was to systematically characterize the
mechanisms by which multiple Corynebacteria exploit xenosiderophores. This integrative
analyses integrated three complementary perspectives: the identification of uptake systems
via structural homology, their transcriptomic response under iron-limited conditions, and
the analysis of the underlying regulatory mechanisms.

Based on sequenced genomic data, the first goal was to identify the mechanisms that
allow Corynebacteria to profit from these siderophores. For this, our dataset consisted of
52 Corynebacterium sequenced genomes, which strains covered six di!erent species (an
overview can be found in Figure V.1). Here, it is important to mention that the dataset
also included the C. hesseae species analyzed by Zhao et al. (2024). All strains have been
experimentally assessed to identify their capability to synthesize siderophores via chrome
azurol S (CAS), as well as their utilization of siderophores via co-cultures with S. aureus
and derivated mutants. Moreover, the dataset included eight S. aureus sequenced strains
for reference and validation of the computational approaches.

One of the mechanisms identified by the authors was the presence of a distant homolog
of S. aureus’ HtsA to make siderophore uptake possible. Hence, similarly as in the previous
project, we hypothesize that the uptake mechanisms in Corynebacteria should involve
homologous genes to any lipoprotein involved in siderophore uptake of S. aureus (HtsA,
SirA, FhuD1, FhuD2 or SstD). First approaches with sequence homology approaches did
not align with the results of the co-culture assays, suggesting a low sensitivity due to the
evolutionary distance between the genera. For this reason, the pipeline PRESERVE was
applied for a structural homology analysis.

PRESERVE is a computational framework commonly developed with Simon Hackl4 that
clusters conserved proteins based on sequence homology and predicts their structure based
on a representative sequence. For a reproducible identification of homologous lipoproteins
across species based on structural similarity, PRESERVE has been developed as a Nextflow
pipeline (Fig. 5.13). The pipeline consists in identifying lipoproteins from proteome
sequences using SignalP6 (Teufel et al. 2022), followed by a clustering of genes based on
MMseqs2 (Hauser et al. 2016) to reduce the redundancy of the set. Based on the reduced
set, the tertiary structure of the cluster representative is predicted via ColabFold (Mirdita
et al. 2022) to represent all lipoproteins in the cluster. Going beyond structural prediction,

4Research Group Integrative Transcriptomics, University of Tübingen
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Figure 5.13: Overview of the pipeline PRESERVE for identification of structural homologs based
on genomic (red rectangles) and proteomic data (blue rectangles). Starting with a set of multiple
genomes, the pipeline reduces the proteome to get only lipoproteins using SignalP6 (Teufel et al.
2022). By clustering the amino acid sequences with MMSeqs (Hauser et al. 2016), one representative
per cluster can be selected (highlighted in blue) for structural prediction using Colabfold (Mirdita
et al. 2022). Lastly, the structures are compared to the reference set via Foldseek (van Kempen
et al. 2024) to identify those with structural homology.

PRESERVE performs a structural comparison of predicted lipoprotein structures through
Foldseek (van Kempen et al. 2024) to a set of references, such as the five lipoproteins of
S. aureus for this study. In the end, the clusters of identified homologs are reinflated to
obtain a set of homologs for each provided strain.

We applied PRESERVE to the dataset collected for this study, which includes 8 strains
of S. aureus that were used as a validation. By defining a minimal coverage of 0.7 and
a minimal LDDT value of 0.5 for structural alignments to identify a structural homolog,
we identified a total of 444 lipoproteins in all 60 samples, with 381 found in the di!erent
Corynebacteria species (Fig. 5.14). The number of potential homologs was species-specific,
but showed a stable profile across strains of the same species. Here, we could note that
for the C. hesseae strain, our approach was able to capture the homolog identified in the
study by Zhao et al. (2024). Moreover, to validate our approach, we analyzed the results
of S. aureus strains in more detail. The results showed that PRESERVE identified all five
references as structural homologs. Nevertheless, other lipoproteins that are not known to
be involved in SID uptake were also identified. This suggested that while our objective was
to improve the sensitivity of the SID-uptake mechanisms, the specificity of our approach
dropped, and the set of structural homologs might include false positives. Nevertheless,
since there are no references for corynebacterial species, we kept all 381 as potential hits
for further characterization of the species.

A further goal of this project was to characterize the transcriptomic response of
the corynebacterial species in an iron-deprived environment. To achieve this, RNA-seq
experiments were conducted for four of the analyzed species (Fig. 5.15, upper part). First,
the overall results of the RNA-seq experiments were evaluated using a standard RNA-seq
analysis pipeline (Harbig 2023) and DESeq2 (Love et al. 2014). This returned over 980
di!erentially expressed genes for each species, even though a conservative significance
threshold (p ↑ adj. < 0.01) was selected. Moreover, a GO-enrichment analysis with the
tool GO-Compass (Harbig et al. 2023) returned multiple GO terms involved in siderophore
uptake, with many of them linked to up-regulated genes. This confirmed the overall usage
of xenosiderophores by these species.

This general transcriptomic characterization of the corynebacterial species was used
to contextualize the identified structural homologs (Fig. 5.16, red triangles). 86.5% genes
(32 out of 37) identified with PRESERVE were strongly and significantly up-regulated,
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Figure 5.15: Overview of further characterization of Corynebacteria samples based on the identified
structural homologs. The upper approach describes how the transcriptomic data was analyzed and
integrated in the analysis. The first steps describe the general analysis of the data, while the latter
approaches describe the integration of the structural homologs in the analysis. The bottom pipeline
describes how the promoter regions of the identified homologs were analyzed in order to identify
putative regulatory mechanisms.

indicating a clear need for these genes in the exposed environment. The five remaining
genes showed a low log fold-change and also a p-value above the significance threshold.
However, the annotation files described these genes as related to iron transport, suggesting
they might not be false positives, but rather inactive or constantly expressed across both
conditions. Moreover, the previous GO-enrichment analysis provided an overview of the
annotation of the identified homologs. In total, the GO annotation identified 16 lipoproteins
related to siderophore transport. Among these 16 genes, only nine overlapped with the
37 structural homologs of our previous analysis, resulting in 28 lipoproteins uniquely
identified by PRESERVE, and seven unique for the GO enrichment. When accounting for
the expression of the genes, only one gene exclusively found by the GO-enrichment showed
an up-regulation in the RNA-seq experiment, whereas most of the candidates identified
via PRESERVE were strongly up-regulated, as previously mentioned. Hence, this highlights
that the genes identified by PRESERVE might have a stronger linkage with iron-deprived
environments than the ones annotated by the GO-enrichment analysis. This also shows the
necessity of other methods for gene annotation, as GO annotation tools seem to overlook
potential genes related to this molecular function.
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5.5 Characterization of Siderophore Uptake Mechanisms and their Regulation in
Corynebacteria

C. propinquum C. simulans

C. accolens C. hesseae

−5 0 5 10 −5 0 5 10

100

200

300

100

200

300

log2(Fold Change)

− 
lo

g 1
0(

ad
j. 

p−
va

lu
e)

Type of gene Non−Lipoprotein Lipoprotein Structural homologous lipoprotein

Figure 5.16: Volcano plots summarizing the complete transcriptomic response for a control vs.
treatment with the chelator EDDHA (Fold change: treated ↑ control). The vertical lines highlight
where the absolute log2 fold-change (| log2(FC)|) is equal to one. The volcano plot di!erentiates
between lipoproteins identified only by SignalP6 (blue triangles), lipoproteins identified as structural
homologs via Foldseek (red triangles) and other genes not identified as lipoproteins (gray circles).
The original figure can be found in Fig. V.7.

Besides analyzing the expression of the structural homologs, all up-regulated lipoproteins
(Fig. 5.16, blue triangles with log fold change > 1) were assessed in detail. Here, the results
of the structural alignments with these genes were revised to assess whether PRESERVE
had missed any relevant lipoproteins. Only four proteins were identified as putative false
positives, as they returned a high coverage of the references (> 94%), but LDDT values
slightly below the defined thresholds (→ 0.4). A more detailed inspection of the structural
alignment showed that the low LDDT value was caused due to changes in unstructured
regions rather than in the core of the protein. This indicates that the predicted structures
should be preprocessed, for example, using AlphaCutter (Tam and Iwasaki 2023), to
improve the structural comparison to clearly defined regions. The rest of the up-regulated
lipoproteins was identified to be other types of lipoproteins also needed for the siderophore
uptake, such as ABC transporter proteins. However, since they were not part of the used
reference set, they were not identified with this approach.

Lastly, besides contextualizing the homologs for each species separately, we compared the
identified homologs to each other via orthologous groups computed Orthofinder (Emms
and Kelly 2019) to analyze the consistency of the gene expression in a cross-species manner.
Based on the orthogroups, we could identify that the majority of homologs within the
same orthogroup not only shared the up-regulation, but showed similar absolute expression
values. This indicates that, independently of each other, the species show a similar
expression profile of the homologs.

The identified orthogroups also enabled a comparison between gene sequence similarity
and the phenotypic outcomes of the co-culture assays with S. aureus, which tested the ability
of di!erent species to utilize staphyloferrin A and/or B. However, none of the orthogroups
mirrored the phenotypic profiles observed experimentally. As previously mentioned, Zhao
et al. (2024) identified the molecular mechanisms of siderophore uptake in C. hesseae,
reporting two candidate genes: one mediating the uptake of both siderophores and another
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5. Results

showing no functional involvement in this process. In our dataset, both genes were assigned
to the same orthogroup, despite showing di!erent phenotypes in the experiments. This
discrepancy shows a limitation of our orthogroup-based comparison, which may not account
for the fine-grained genetic aspects needed for siderophore specificity.

The final objective of this project was to investigate the regulatory mechanisms of the
identified homologs by analyzing their putative promoter regions (Fig. 5.15, bottom part).
Motif enrichment analysis can reveal overrepresented sequences that likely correspond
to transcription factor binding sites and thereby provide insight into the regulation of
gene expression (Parise et al. 2020). Since siderophore uptake genes are organized in
operons (Cotton et al. 2009; Dale, Sebulsky, et al. 2004; Ghssein, Brutesco, et al. 2016),
they are expected to be co-regulated by the same transcription factor (Osbourn and Field
2009). To account for this, we predicted operons across all corynebacterial genomes using a
conservative threshold of 50bp intergenic distance, and included the S. aureus strains in the
analysis for validation purposes. For each operon, the upstream region of the first gene was
extracted and analyzed using XSTREME to identify and annotate enriched motifs (Grant
and Bailey 2021). Filtering the resulting motifs to only those known to be associated
with iron homeostasis from the literature revealed binding sites corresponding to two
transcription factors: the Ferric uptake regulator (Fur) (Sheldon and Heinrichs 2012) and
the Iron-dependent regulator (IdeR) (Lee and Holmes 2000; Marcos-Torres et al. 2021).

To compare the occurrence of binding sites across species, we counted the number of
binding sites upstream of the identified genes per strain and summarized the results at
the species level (Fig 5.17). In S. aureus, Fur binding sites were predominant, consistent
with their well-established role as the primary regulator of iron-uptake mechanisms in
this species (Sheldon and Heinrichs 2012). In contrast, corynebacterial species showed a
higher frequency of IdeR binding sites compared to Fur. IdeR, a member of the DtxR
regulation family, has been described in the literature as the main regulator for iron uptake
in Corynebacterium diptheria (Marcos-Torres et al. 2021). Our analysis therefore enforces
the idea that, in Corynebacteria, IdeR rather than Fur serves as the primary transcriptional
regulator of iron uptake.

In this study, the main goal was to characterize the uptake mechanisms of siderophores
and their regulation in a set of isolates of corynebacterial species. To achieve this, data from
multiple layers across the central dogma was analyzed using computational approaches and
the results were integrated for a detailed characterization (Fig. 5.18). Starting with genomic
sequences and annotations, the focus was to identify putative lipoproteins involved in this
process. Further processing through sequence-based clustering and prediction of protein
structure led to the identification of structural homologs to the provided references, thereby
bridging the layers of genomics and proteomics. To contextualize the function of these
findings, the transcriptomic data was analyzed both generally for each strain and specifically
for the identified homologs. In addition, cross-species comparisons between corynebacterial
species allowed the assessment of expression consistency through orthogroups. Lastly,
promoter analyzes revealed candidate regulatory binding sites and thus provided insight into
species-specific mechanisms of iron homeostasis. Together, these results demonstrate that
characterizing complex uptake systems requires a multi-layered approach, where insights
emerge only from the integration of genomic, transcriptomic, and proteomic perspectives.

In summary, integration of structural homology detection, orthogroup analysis,
transcriptomic profiling, and motif enrichment allowed the characterization of putative
siderophore uptake mechanisms in nasal Corynebacteria, using information across all
layers of the central dogma of molecular biology. The results showed a large repertoire of
structurally conserved lipoproteins that are strongly up-regulated under iron limitation.
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5.5 Characterization of Siderophore Uptake Mechanisms and their Regulation in
Corynebacteria

Figure 5.17: Overview of the results for motif enrichment across the analyzed species. (left) Relative
abundance of transcription factor binding sites associated with iron homeostasis, identified per
species. The number of identified motifs was normalized by the number of samples per species,
providing an estimate of each transcription factor’s overall relevance within the respective species.
(right) Motifs identified as binding sites for Fur or IdeR, known iron-regulators. The corresponding
consensus binding sequences have been highlighted for each motif (bar on top of the subsequence).
The original figure can be found in Fig. V.10.
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Figure 5.18: Framing of the data integrated for the analysis of siderophore uptake in corynebacterial
species. This study analyzed and computed data across all three layers of the central dogma of
molecular biology to provide insight into the investigated mechanisms.

However, their precise functional functions could not be resolved, as illustrated by the
discrepancies between orthogroup assignments and phenotypic uptake profiles. Moreover,
the identification of IdeR rather than Fur as the main regulator across corynebacterial
species highlights that even conserved functional traits can be embedded in divergent
regulatory frameworks. Together, these findings provide a high-resolution but still
incomplete picture of how corynebacteria exploit staphylococcal siderophores, highlighting
candidate genes for future experimental validation and the methodological challenges of
linking sequence and structural homology to substrate specificity.
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Chapter 6

Discussion and Conclusion

The best means of controlling microbes is to understand their capabilities and, more
importantly, the mechanisms behind them. In order to address this, the optimization of
omic data generation has led to a rapid increase in available data that provides insights
into multiple types of microbes. However, the generation of insights from such data is
highly dependent on its processing. In this thesis, new applications have been developed
to advance the characterization of prokaryotes. The underlying theme that connects all
projects is the idea that, instead of analyzing single data sources independently, methods
that integrate multiple sources into a workflow should be developed to deepen insights within
prokaryotic characterization across the central dogma of molecular biology. Furthermore,
these projects demonstrate how methodological advances, such as advances in accessibility,
data exploration, and reproducibility, directly enhance the quality of insights in microbial
research. Here, we will discuss how the projects complement each other, and uniquely
address certain aspects to fulfill these mentioned goals, as well as the main goal of the
thesis: to enhance the characterization of prokaryotes for microbe control. The chapter
concludes with a critical assessment of the current challenges for the developed tools as
well as with an overview of emerging trends in the field.

Each of the projects presented integrates more than one type of input data for the
characterization of prokaryotes. However, for some of the projects, their input data focus
on one layer of the central dogma of molecular biology, while others have a cross-layer
scope.

The project presenting the characterization of siderophores uptake mechanisms in
Corynebacteria species (Project V) has the largest scope across layers of the central dogma,
as it required the processing and analysis of genomic and transcriptomic data. Following
common approaches to integrate multiple omics layers, each data input was analyzed
independently to be then integrated at a later point for insight generation. First, the
Nextflow-based pipeline PRESERVE provided insight into the protein structurome and
allowed the homolog identification of multiple lipoproteins involved in iron-uptake based on
genomic data, while late integration of transcriptomic data provided a further important
perspective on the identified structural homologs. The transcriptome data revealed that
most of the identified homologs are highly expressed in iron-deprived environments and also
helped to discard homologs that might not be involved in these iron-uptake mechanisms.

The other projects presented in this thesis employ a complementary integration strategy,
leveraging multiple data sources within a single layer to gain insights into that same layer
or characterize downstream layers of the central dogma. For the characterization of
metallophore synthesis and uptake across staphylococcal species (Project IV), genomic
data characterizing biosynthetic gene clusters and homologous lipoprotein receptors were
analyzed together to elucidate the diversity of metabolite production and utilization across
the genus. This demonstrated how the combination of multiple perspectives within the
same layer can reveal complex phenotypical potentials. Evidente (Project I) follows a
similar approach by unifying genomic features, in this case phylogenetic and SNP data, with
functional annotations into a single, accessible framework for prokaryotic characterization.
By transforming complex genomic and phylogenetic data into an accessible and interpretable
format, Evidente lays the groundwork for a deeper investigation across other layers of the
central dogma, such as the e!ect of mutations on specific biological processes. In addition,
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6. Discussion and Conclusion

users can include metadata, such as transcriptomic or proteomic information, to connect
genomic findings with the corresponding layers.

For the remaining two projects presented in this thesis, the integration explicitly links
multiple layers of the central dogma, with information from one layer directly translating in
insights of another layer. In Project II, based on transcriptomic data, TSSpredator-Web
allows the user to generate insights into genomic positions linked to the start of gene
expression, such as the exploration of surrounding genes or upstream regulatory regions.
With such possibilities, researchers can generate insights into the genomic aspects of
regulatory mechanisms behind specific genes. Building on this concept of cross-layer
insight, TSS-Captur (Project III) also connects genomic positions that have been identified
via transcriptomic data with the genomic sequence information to reconstruct putative
transcripts, including previously possibly overlooked non-coding RNAs and small protein-
coding genes. Given such a detailed characterization, TSS-Captur provides a foundation
for further functional analysis at the transcriptomic and proteomic levels. Taken together,
while the developed applications di!er in their outreach on input data across the central
dogma, they consistently act as bridges between the molecular layers. Collectively, they
allow researchers to gain a broader and more interconnected view of bacterial function.

The majority of the projected presented here also highlight a common methodological
strategy followed in this thesis that enhances the insightful generation via enabling users to
access and interact with the tools without technical barriers. In particular, in bioinformatics,
it is a common practice that new methods are made publicly available through command-
line tools that require users to install several dependencies before analyzing their data
with novel approaches (Liaw and Gehlenborg 2022). This is also the case for the tools
presented in this thesis, as they all depend on other programs or modules to work properly.
For example, Evidente relies on CLASSICO to analyze the SNP distribution along the
phylogenetic tree, and TSS-Captur bases its predictions of possible genes on the results
of CNIT and BLAST. Although solving such dependencies has become a routine task for
computational experts, this is a barrier for many biologists, who are the domain experts.
To address these accessibility-related issues, the Tübingen Visualization (TueVis) server
was developed1. The idea behind this platform is to provide an overview of accessible
tools for a broad spectrum of researchers, including computational researchers and domain
experts, similar to the platform Galaxy (Jalili et al. 2020). The focus of the TueVis is on
the visual analysis of omics data. It categorizes the tools into six groups depending on the
main type of input data: Genomics, transcriptomics and proteomics, similarly as defined
by the central dogma of molecular biology, with the additional categories of multi-omics,
phylogenomics and systems biology. Three of the software tools presented in this thesis
(Evidente, TSSpredator-Web and TSS-Captur) are part of the nineteen tools currently
hosted on TueVis, as well as three other web-applications to which I contributed. These
are: GO-Compass, which allows the visual exploration of GO enrichment results (Harbig
et al. 2023), PTM-Vision, an application for the analysis of post-translational modifications
in bacteria (Hackl et al. 2025), and ProtEgoNist, an ego-network centered approach for
exploring large networks (Brich et al. 2024). Such a user-friendly platform allows experts
of di!erent fields to take profit of the tools, as it is also the case in Galaxy.

In contrast to Galaxy, the focus of the tools provided via TueVis, including those
presented in this thesis, is to provide an explorative approach to the data, a further
methodological feature for enhanced insight generation explored within this thesis. The
main approaches followed by the tools presented in this thesis are visual exploration, in
the cases of Evidente and TSSpredator-Web, and accessibility of the rationale behind

1https://tuevis.cs.uni-tuebingen.de/, accessed on February 17, 2026
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specific predictions, as in the case of TSS-Captur. These applications di!er from the
traditional hypothesis-driven approaches, where computational methods should directly
answer a specific research question, as they allow for the generation of new hypothesis via
data exploration. Evidente enables visual exploration of the SNP distribution throughout
the phylogenetic tree so that users can identify correlations between them and further
metadata. Similarly, TSSpredator-Web enables the researcher to create a summary of
several TSS positions in order to subsequently formulate hypotheses, such as whether a
certain class of TSS accumulates in specific genomic regions or if there are di!erences
within the promoter regions that can then be further investigated with other visualizations
provided. Lastly, TSS-Captur provides the possibility to improve genome annotation
starting from identified TSS positions and thus allows for an improved understanding of
prokaryotic genomes.

The focus of these three projects was to provide accessible and user-friendly tools for
data exploration. As the PRESERVE pipeline and the computational analyses applied for
the exploration of the metallophore landscape were developed to answer a domain-specific
research question rather than a general web-based deployment, they are currently optimized
for computational experts and not domain experts.

The pipeline PRESERVE was optimized for the characterization of Corynebacteria species,
prioritizing the depth of knowledge on the specific aspects of siderophore characterization
over generating a broad and generalizable approach. During this process, PRESERVE has
been developed as a ready-to-use Nextflow pipeline2, which can be used by any experienced
user, with su"cient computational resources (e.g. graphic cards for faster computation).
While the tools found on the TueVis prioritize immediate accessibility for domain experts,
PRESERVE addresses a di!erent relevant methodological aspect mentioned throughout this
thesis: reproducibility. As a Nextflow pipeline, it easily connects various analysis steps to
get consistent results over multiple runs. In addition to that, it enables the installation
of all dependencies using conda environments. Similarly, TSS-Captur allows for high
reproducibility since the analyses are also computed through a Nextflow pipeline and
depend on a Docker image for the containerization of all dependencies.

To increase the reproducibility and user-friendly exploration of metallophore synthesis
and uptake analyzes, the prototype pipeline SID-Chart (SIDerophore CHARacterization
Tool) was developed in the context of a supervised bachelor thesis3. Similar to PRESERVE
and TSS-Captur, SID-Chart encapsulates all steps for the characterization within a
Nextflow pipeline to enhance reproducibility. In addition, an interactive interface allows
users to get an overview of the results, as well as identify specific strains with the use
of xenosiderophore. This prototype provides a basis for future development of a web-
application that facilitates the overall exploration of metallopohre synthesis and uptake in
other bacteria.

Currently, Evidente and TSSpredator-Web are designed to prioritize interactive real-
time exploration of complex biological data. Both tools focus on enabling a visual analysis
rather than providing a full reproducible environment of the exploratory sessions. While
TSSpredator-Web supports re-analysis through configuration files and allows temporary
sharing of results via URL links, downstream interactive exploration steps are not yet
stored for later reuse. A similar design applies to Evidente. The reproducibility of
interactive analysis workflows is commonly addressed through visualization provenance

2https://github.com/Integrative-Transcriptomics/preserve-nextflow/tree/Ra!ael_BA - the latest
version by Ra!ael Rack, Bachelor thesis, supervised by Mathias Witte Paz and Simon Hackl.

3https://github.com/Integrative-Transcriptomics/SID-Chart, developed by Lukas Lorentz, Bachelor
thesis, supervised by Mathias Witte Paz.
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6. Discussion and Conclusion

approaches (Gratzl et al. 2016). Integrating such features would further enhance the
reproducibility of exploratory analyses in future tool iterations. At the same time, both
tools support reproducible deployment by providing fully containerized versions of web
applications through their respective repositories. Beyond making local execution possible,
containerization preserves a stable software environment and facilitates long-term reuse,
which is particularly important in web-based applications that depend on fast evolving
libraries and frameworks (Cito et al. 2016).

In the discussion so far, three key aspects for methodological advances were pointed
out: web-based deployment for better accessibility, enabling interactive and integrative
exploration of data, and reproducibility by standardized workflows and containerization of
tools. These advances demonstrate how computational design decisions impact not only
speed, but also depth of insight in biological inquiry. Each of the strategies developed
has its unique strengths, but together they highlight a shift from static, hypothesis-driven
analyses to dynamic, user-focused, and high-throughput exploration of omics data. This
methodological shift is necessary because new biological hypotheses are emerging from the
intersection between interactive data exploration and robust reproducible software. Having
established how these approaches help researchers overcome barriers in data analysis, the
next section will focus on the biological insights that have been or could be gained through
these methods for characterizing and controlling microbes.

In alignment with the goals of the cluster of excellence Controlling Microbes to Fight
Infection (CMFI), which funded the research work presented in this thesis, the aim of
characterizing microbes should provide a means of generating new methods for their control.
The use cases presented for each project establish a proof-of-concept for the characterization
of prokaryotes. However, the tools presented can be applied to various control scenarios,
o!ering the generation of broader insights for this goal.

A use-case with Evidente showed how easily the tool can be used to replicate
the identification of SNP positions that correlate with antibiotic resistance phenotypes.
Interestingly, other studies have indicated that an integrative analysis of genome-wide
SNP mutations and metadata is useful for developing control strategies against di!erent
microbes. For example, SNP data and phylogenetic analyses have been integrated with
patient metadata to trace the transmission of epidemic strains and find highly contagious
individuals (Kumar et al. 2016). Researchers using Evidente could investigate the SNP
data deeper and determine which SNP mutations may be associated with these individuals
and the molecular functions a!ected by them. In addition, SNP data have helped identify
resistance microbes (Alam et al. 2014; Stubberfield et al. 2021), which in turn helps to
advance patient treatment, such as alteration of antibiotic usage or dose due to variations
in the minimum inhibitory concentration. Integration and visualization of data within
Evidente may help to develop methods to find the best patient treatment based on the
given bacterial isolate.

Regarding the transcriptomic layer, increased availability and data processing can
provide ways to regulate pathogenicity of microbes. For example, we have shown how
genome-wide TSS maps generated with TSSpredator-Web can be used to identify the
e!ects of multiple antibiotics on the transcriptome and its architecture. In particular, such
TSS maps enable the identification of the exact position of promoter regions, which harbor
regulatory mechanisms and provide insight into the corresponding transcription factors.
Repression of such transcription factors has been shown to help regulate the pathogenic
characteristics of specific organisms, such as Clostridioides di!cile (Soutourina et al. 2020)
or Listeria monocytogenes (Al-Tohamy and Grove 2025). In such studies, the interface of
TSSpredator-Web can provide a more accessible analysis as well as an intuitive manner
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to explore the generated genome-wide TSS set and hence speed-up the insight generation
process. In addition to insight generation, TSS maps also allow the discovery of new small
non-coding RNA, some of which have been related to several pathogenicity factors (Khaledi
et al. 2025; Zhukova et al. 2017) or resistance mechanisms, such as ompX in Salmonella
Typhimurium (Briones et al. 2022). Thus, a genome-wide follow-up characterization of
TSS with TSS-Captur has the potential to identify other overlooked key players within
the genome of pathogens.

Of the projects described in this thesis, both projects focusing on metallophore
characterization clearly illustrate how new computational methods can open completely
new directions for microbial control. For example, first approaches have already exploited
siderophores to increase antibiotic e"ciency (Górska et al. 2014). Moreover, both projects
help to understand how ecological niches are formed and whether commensals can be used as
probiotics for the inhibition of pathogens (Kramer et al. 2020). Also, the PRESERVE pipeline
can be applied to identify structural homologs of di!erent proteins needed for interactions
with the environment, such as quorum sensing proteins (Bassler 1999; Mukherjee and
Bassler 2019). As this pipeline also o!ers information on regulatory mechanisms, it can
lead to the identification of compounds that might enhance or repress specific transcription
factors involved in the iron-uptake mechanism, as has been identified for other prokaryotic
pathways (Binsfeld et al. 2025).

Finally, the applications developed in this thesis might, in principle, be combined to
characterize multiple molecular layers of a single organism, thus complementing standard
annotation pipelines and allowing the construction of more accurate computational models,
such as genome-scale metabolic models (Bäuerle et al. 2023). By integrating genomic
variation, transcriptomic regulation, and functional or structural protein information, such
models may better reflect fitness, pathogenicity, and interaction potential under di!erent
environmental conditions. In that respect, the tools introduced here do not intend to replace
existing approaches but to complement them by enabling exploratory, hypothesis-generating
analyses that are directly linked to possible microbial control strategies. Together, these
projects demonstrate how integrative, accessible bioinformatics methods can translate
complex multi-omics data into mechanistic insights. Hence, they align with the objectives
of the cluster of excellence CMFI and point to the potential of accessible and exploratory
analyses to drive a new era of discovery in antimicrobial strategies. However, the route from
computational insight to clinical or environmental application involves limitations that
extend beyond the current implementation of these tools. These limitations do not reduce
the methodological contributions of this work, but instead identify clear boundaries for
their interpretation and provide an avenue for further development in the characterization
of bacteria.

First, all tools were designed with integration in mind, while interoperability would
be a focus for future developments. While currently the tools work in a standalone
manner, providing a closer technical coupling between these tools and the existing TueVis
applications would enhance the potential of integrative microbial analysis. For example, a
direct transfer of data from TSSpredator-Web to TSS-Captur will provide the user with a
direct analysis of all uncharacterized positions. Further analysis of predicted loci encoding
uncharacterized proteins could be extended by a structural search with PRESERVE against
protein databases, such as the PDB (Burley et al. 2017) or the AlphaFoldDB (Varadi et al.
2022). This extension would overcome the limitations of standard sequence homology
pipelines, as it enforces the idea that structural homology reflects a higher functional
similarity. Another extension would be to connect Evidente with the tool MUSIAL4 (MUlti

4https://musial-tuevis.cs.uni-tuebingen.de/, developed by Simon Hackl
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Sample varIant AnaLysis), as MUSIAL can produce the input SNP table based on variant
calling files (VCF), providing an even faster analysis of the data. Moreover, the GO-
enrichment analyses computed within Evidente could be enhanced by connecting them to
GO-Compass, as it would deliver improved results by taking into account the hierarchy of
GO terms and facilitate a more explorative interaction of the results. An example of such a
GO-enrichment analysis was performed as a use-case within the GO-Compass (Harbig et al.
2023). These technical extensions would not only improve the analysis of the individual
tools, but also establish the TueVis platform as a robust, multi-layered environment for
the integrative characterization of prokaryotic organism.

A central contribution of this work is the enhancement of tool accessibility and usability
for the microbial research community. While these tools establish a robust basis for
interactive data analysis, future developments will provide the opportunity to include
formal large-scale evaluations, such as user studies with a diverse cohort of researchers.
As the recruitment of domain experts for such studies remains a proven challenge in
bioinformatics software development (Davis et al. 2023), this thesis has addressed usability
based on exploratory approaches of published articles. By identifying the exploratory
requirements of the literature as described in the projects I and II, we ensured that the
tools are able to provide an easy exploration of the complex steps needed for prokaryotic
characterization.

Although the applications in this thesis have been proven with known biological data,
their true value lies in their ability to help in the generation of new hypotheses. By providing
a way to explore complex biological data, the novel findings identified by these tools serve
as a guide for future hypothesis-driven experimental validation. For example, the use case
presented in the context of TSSpredator-Web identified a transcript originating from an
orphan TSS. This signal represents a valuable candidate for further characterization with
established experimental approaches such as RT-qPCR (Freeman et al. 1999), Western
blots (Towbin et al. 1979), or Northern blots (Alwine et al. 1977). Such experiments would
allow the confirmation of the expression of the transcripts and the evaluation of their
coding or non-coding potential, similar to the analysis presented by Vockenhuber et al.
(2011).

In the same way, the insights described in the context of TSS-Captur and by the
metallophore characterization analyses provide a road-map for targeted experimental
validation. In the study of siderophore uptake in Corynebacterium species (Project V),
the computational analyses successfully provided a list of high-confidence candidates
from a diverse genomic landscape, significantly narrowing the focus of future studies.
Extending this analysis to include proteomic quantification would o!er a more complete
view of how these transcriptional signals translate into functional mechanisms and complete
the characterization across the central dogma. Such a complete characterization of the
siderophore mechanisms would allow highly precise knock-out experiments and co-culture
assays with S. aureus to quantify the essentiality of the genes, as presented by Zhao et al.
(2024). Moreover, the predicted role of DtxR as a regulator of siderophore uptake genes in
Corynebacteria provides a clear next step for experimental validation, with corresponding
studies being currently conducted in collaboration with Alina Bitzer. A targeted deletion of
this transcription factor should confirm the role within regulatory mechanisms, as identified
through our integrative computational analysis.

Lastly, while the projects presented in this thesis are all based on the central dogma of
molecular biology, they prioritize the genomic and transcriptomic layers as the primary
drivers of integrative analysis. The scope of this thesis covers the proteomic layer
via PRESERVE, which provides structural insight based on the genomic layer, and via
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TSS-Captur, which is able to identify previously overlooked protein-coding regions,
based on genomic positions supported by experimental data. While the high-throughput
quantification of protein expression levels, derived from mass-spectrometry data, remained
outside the primary scope of this thesis, I contributed to the conceptualization of
PTM-Vision (Hackl et al. 2025), a platform for the exploration of post-translational
modifications. Integrating more proteomic data analysis into the developed workflows
represents a next step, o!ering the potential to further refine the functional characterization
of prokaryotic organisms.

Moreover, instead of focusing on the characterization of single organisms, future focus
could take advantage of current methods that allow simultaneous analysis of multiple
species. For example, integrative analysis of the composition of whole bacterial communities
can be explored using whole-genome metagenomics (Tyson et al. 2004) and could also profit
from the analysis of metatranscriptomics approaches (Frias-Lopez et al. 2008). Moreover,
even simpler compositions could benefit from exploratory analyses of multiple organisms,
such as the analysis of the bacterium’s transcriptome when interacting with another
bacterium (Tognon et al. 2019), or during bacteriophage infection (Westermann et al.
2012), which are currently on the rise as resources for new antimicrobial strategies (Skurnik
2022). By providing explorative and integrative analyses of such datasets, researchers
would be able to reflect a more realistic environment to which organisms are exposed.

As the amount of data to be analyzed increases, the complexity of integration also
increases. For these reasons, newer applications based on machine learning methods
facilitate the analysis and integration of biological data. Recent advances have enabled
highly accurate predictions in many biological domains, such as genomic language models
that predict gene expression only based on sequence (Barbadilla-Martínez et al. 2025) or
machine learning methods that identify mechanisms for antimicrobial resistance based on
transcriptomic data (Shahreen et al. 2025). Integrating machine learning models would,
therefore, allow future extensions of the presented tools to benefit from these recent
computational developments. For example, further developments of TSSpredator-Web
could integrate predictive models for base-specific TSS identification using only standard
RNA-seq libraries. This would significantly lower experimental and financial barriers,
as enriched libraries, while ideal, are not always accessible due to technical constraints
or limited funding. Moreover, protein language models (Liu et al. 2024) could be used
to identify potential homologs and replace the highly-demanding computational step of
prediction of protein structures. However, their applicability in microbiology remains
limited by the lack of interpretability. To generate insights, researchers should be able to
trace the results back to underlying biological features, such as genomic loci, regulatory
elements, or structural motifs. Hence, further research should be directed towards the
exploration and visualization of these methods to better interpret their results.

A final next step beyond the development of individual analysis tools is the aggregation
of their results into explorable interfaces, such as specialized atlases of microbial knowledge.
This di!ers from raw data repositories, as these interfaces allow the exploration of results,
without the need of a reanalysis, as seen in the BGC atlas (Bagci et al. 2025) or the
PhageExpressionAtlas5. Applying this atlas-based approach to the outputs of Evidente,
TSSpredator-Web, TSS-Captur, and SID-Chart would increase access to these complex
datasets, allowing a wider research community to uncover novel biological insights that
might otherwise remain hidden in raw data.

In conclusion, this thesis demonstrates that user-centered and integrative computational
tools are needed to navigate the complexity of omics datasets and support hypothesis

5https://phageexpressionatlas.cs.uni-tuebingen.de/, developed mainly by Maik Wolfram-Schauerte
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6. Discussion and Conclusion

generation in microbiology. By bridging the individual layers of the central dogma
through a focus on accessibility, reproducibility, and exploration, the work presented here
provided a methodological framework for a more complete understanding of prokaryotic
systems. Future e!orts focusing on tool interoperability, large-scale experimental validation,
and community-level analyses will be crucial to translate these exploratory insights into
actionable strategies to control microbial behavior. As omics technologies continue to grow
in volume and complexity, the integration of all molecular layers through transparent and
interactive computational frameworks will remain a key aspect to characterizing microbes
and ultimately controlling their infections.
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I

Abstract

Motivation: A common practice in the analysis of pathogens and their strains is
using single nucleotide polymorphisms (SNPs) to reconstruct their evolutionary history.
However, genome-wide SNP-based phylogenetic trees are rarely analyzed without any
further information. Including the underlying SNP data together with further metadata
on the respective samples in the exploration process can facilitate linking the genomic
and phenotypic properties of the samples.
Results: We introduce Evidente, a web-application that provides an interactive
visual analysis interface for the simultaneous interrogation of phylogenetic relationships,
genome-wide SNP data and metadata for samples of an organism. Besides visualizing
the phylogenetic tree, Evidente classifies SNPs as supporting or non-supporting of
the tree structures and shows the distribution of both types of SNPs among samples
and clades of interest. Furthermore, additional metadata can be included in the
visualization. Lastly, Evidente includes an enrichment analysis to identify over-
represented genomic features encoded by GO-terms within the clades of the tree. We
demonstrate the usability of Evidente with the data of the pathogens Treponema
pallidum and Mycobacterium leprae.
Availability: Evidente is available at the TueVis visualization web-server at
https://evidente-tuevis.cs.uni-tuebingen.de/, it can also be run locally.

Keywords: Visualization, Phylogenetics, SNPs, Web services, Comparative genomics
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I. Evidente – A visual analytics tool for data enrichment in SNP-based phylogenetic trees

Introduction

The rise of next-generation sequencing (NGS) techniques allows faster and more e"cient
procedures for the sequencing of genomes (Goodwin et al. 2016). This has not only
lead to the sequencing of thousands of di!erent species across all kingdoms, but also to
the deciphering of the variability of genomes within a species. In particular the massive
sequencing of microbial and viral genomes now o!er exciting abilities to query the variability
of di!erent strains within a bacterial or viral species. Many fields, in particular that of
molecular epidemiology but also the field of ancient pathogenomics (see Spyrou et al.
(2019) for a review), have made enormous progress and created amazing insight in the
evolutionary history of human pathogens. NGS techniques in particular have enabled the
study of point mutations called single-nucleotide polymorphisms or variants depending
on the frequencies in the populations (SNPs/SNVs, from this point on SNPs) in strains
within a species. SNPs are then often used for example to reconstruct the evolutionary
relationship of the individuals. For this, a common procedure is to first map the NGS
data to a common reference genome, followed by the SNP-calling step using a genotyping
method. An alternative approach is to align sample genomes with a reference genome
and to identify all positions where a sample di!ers by a mutation from the reference with
respect to the coordinate system of the reference genome. The detected SNPs of all samples
can be summarized into one SNP-table (see Figure I.1a for an example). A SNP-table,
and hence the underlying identified SNPs, can then be used as a basis for the evolutionary
reconstruction to compute a SNP-based phylogenetic tree using, for example, a maximum
parsimony approach.

However, the evolutionary reconstruction does not provide a direct relationship between
the reconstructed phylogenetic tree and the underlying SNPs. One way of linking these
two data sets and also providing a measurement of accuracy of the tree is to compute the
clade-specificity of the SNPs. A clade-specific or clade-unique SNP appears only and in all
samples of the clade’s leaf-nodes. Hence, clade-specific SNPs support the choice for the
reconstructed phylogeny and therefore can be called supporting SNPs. An example for
a clade-specific, i.e., supporting SNP, is the SNP found at position 1 in Figure I.1b. If a
SNP appears in many clades, we refer to it as a non-supporting SNP. An example for a
non-supporting SNP is the SNP found at position 2 in Figure I.1b.

SNP-based phylogenetic trees are often used for the analysis of pathogens and their
strains (Filliol et al. 2006; Foster et al. 2009; Pandya et al. 2009). For example, SNP-
based phylogenies were used in the analysis of the spread of the pathogen Mycobacterium
leprae (Schuenemann et al. 2018) as well as in the analysis of the rise of antibiotic resistance
of Treponema pallidum (Arora et al. 2016). In these studies, the analysis required the
inclusion of the identified SNP-data as well as further metadata (e.g. the origin place of
the sample or its antibiotic resistance) to identify significant correlations among the data
sets. To simultaneously interact with the phylogenetic data, the identified genome-wide
SNPs and further metadata within one visualisation interface can help in identifying
possible correlations. Furthermore, the underlying genomic data is often analyzed from
the functional perspective or to classify, for example, microbial samples after disease
outbreaks. A prominent example for this is Nextstrain (Hadfield et al. 2018), a visual
analytics platform to track the evolution of viruses. It integrates genome sequence data
with phylogenetic reconstruction of the strains and metadata such as geographic origin or
host species. Nextstrain has been instrumental in understanding the evolution and spread
of SARS-CoV-2, the virus that has caused the COVID-19 pandemic.

There are many pipelines for the phylogenetic reconstruction from SNP data, such as

62



Position Ref
1 G
2 C

1

A
G

S6
.
.

5

.
S 2

A
G

SS SS3

A
.

4

.
G G

(a)

(b) (c)
S
S
S
S
S
S

S
S
S
S
S
S

Po
s-
2

Po
s-
1

Figure I.1: (a) Example of a SNP-table with toy data on genomes of 6 strains. Each row describes a
position with SNPs at the strains when compared to the reference allele. A dot character indicates
that no mutation appears within the given strain, while any character indicates the presence of a
SNP. (b) The SNPs at positions 1 and 2 are aligned to the leaves of the phylogenetic tree. (c) When
using CLASSICO, the SNP at position 1 propagates up to the lowest common ancestor (LCA) of S1,
S2 and S3. Since the SNP is found only in one clade, it is clade-specific, thus supporting. The SNP
found at position 2 is found after propagation at the LCA of S1 and S2, as well as in the clades
formed only by S4 and S5, respectively. Hence, this SNP is not clade-specific, i.e. non-supporting.

snpTree (Leekitcharoenphon et al. 2012), PhyloSNP (Faison et al. 2014), SNPhylo (Lee
et al. 2014; Yang et al. 2018) or SNVPhyl (Petkau et al. 2017). However, they either do
not o!er any kind of visualization or they lack essential interactivity for a subsequent
exploration process. On the other hand, tools such as Evolview (Subramanian et al. 2019),
iTOL (Letunic and Bork 2019) or PhyD3 (Kreft et al. 2017) provide the visualization of
phylogenetic data with additional metadata for the analyzed samples. Still, these tools
do not focus on SNP-based trees and hence they neither provide an intuitive interaction
with available SNP data nor allow the identification of enriched molecular features, such as
Gene Ontology terms, in genes with either clade-specific SNPs or non-clade-specific SNPs.

To cover this gap of a visual analytics tool, this paper presents Evidente (E"cient
VIsual analytics tool for Data ENrichment in phylogenetic TreEs). Evidente enables a
simultaneous visualization of genome-wide SNP data and phylogenetic data. Furthermore,
Evidente allows to integrate additional metadata on the analyzed samples into the
visualization. By providing an interactive visual interface, Evidente facilitates the
identification of correlations between the phylogenetic clades, their respective SNPs and
metadata. Moreover, Evidente allows the user to run an enrichment analysis on the Gene
Ontology (GO, Ashburner et al. 2000) terms associated with the genes in which SNPs
occur.

We demonstrate the e!ectiveness of our approach through an analysis of two case
studies using the pathogens Treponema pallidum and Mycobacterium leprae, and thereby
show how Evidente can be used to identify clade-specific SNPs as well as visually identify
possible correlations between the genotype and metadata.
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Approach

Before we developed the visual interface of Evidente, we first identified four main tasks for
the analysis of SNP data together with metadata in a phylogenetic context in collaboration
with two domain experts.

Task T1 Find clade-specific SNPs: Analyze how well the SNPs support the tree
structure since the tree structure itself does not give insights into the underlying SNP
distribution. By viewing SNPs specific for a clade users can tell how well it is supported
by SNPs.

Task T2 Analyze the underlying SNP/Metadata distribution of a clade: It
is not always of interest to visualize the SNPs and metadata for all individual strains
separately, but summarize the data for a clade of interest to see how often the di!erent
alleles appear at a position or how the metadata is distributed.

Task T3 Link Metadata and non-supporting SNPs: Visually identify correlations
that are not supporting the tree. Non-supporting SNPs by definition do not correlate
perfectly with the tree structure. However, they might correlate with metadata. For
instance, a correlation could hint at a connection between genotype and environmental
factors.

Task T4 Analyze a clade functionally: Find out if any gene functions are over-
represented in a clade compared to other clades. For example, one can conduct a GO
enrichment analysis to find out if any GO terms linked to genes with identified SNPs are
significantly over-represented in a clade compared to the rest of the tree.

With the design of Evidente we aim to enable the tasks defined above and allow
simultaneous interrogation of phylogenetic and genotype relationships, with additional
metadata expressed through colorings. To achieve this, Evidente visualizes a phylogenetic
tree that has been computed from a set of samples from a single species together with
the underlying SNPs and additional metadata aligned to the leaves of the tree. In the
following the design and functionalities o!ered in Evidente are described in detail.

Data Preprocessing and Input Data

The minimum requirement to run Evidente are two input files which need to be provided
by the user: a SNP-table in tsv-format and a Newick file representing the phylogenetic tree
of the same samples as represented in the SNP-table. An example pipeline that computes
a SNP-table from NGS data is EAGER (Peltzer et al. 2016) in conjunction with the multi-
sample analyzer MUSIAL (https://github.com/Integrative-Transcriptomics/MUSIAL). The
columns of the SNP-table (see Figure I.1a) represent each strain or analyzed sample. The
rows represent the positions in the genome where a SNP has been found in at least one
sample. Each entry containing a nucleotide in IUPAC-code indicates the presence of a
SNP in the corresponding position. An N character represents an unresolved base. A dot
symbol symbolizes that the corresponding sample shares the same base with the reference
at the given position.
The phylogenetic tree on the same samples as used for the SNP-table can be computed
by any method of choice. For example, we use the SNP data and a maximum parsimony
approach for this step. In the two use cases presented below, this has been done using
MEGAX (Kumar et al. 2018).

In addition to the phylogenetic tree and the SNP data, Evidente is able to visualize
metadata provided by the user. This information should be encoded in a CSV or a TSV-file,
with the columns representing the metadata and the rows containing the name of the
analyzed samples. For a correct interpretation and visualization of the metadata features,
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the second row of the metadata file needs to assign each column to a data type category.
For this classification, the data types presented by Munzner (2014) were chosen, and should
therefore be labelled as Categorical, Ordinal or Numerical. Evidente orders categorical
values by their frequency. Ordinal values are sorted alphabetically by default, though the
user can re-sort them in Evidente.

Further optional input files are an annotation file of the reference organism in GFF
format and a list of the genes with their corresponding GO-terms. The usage of these files
will be explained below in the Subsection GO Enrichment Analysis.

Computation of the SNP clade-specificity

The goal of Evidente is to link the phylogenetic data and the genome-wide SNP data by an
interactive visualization. Therefore, for each SNP Evidente assesses if it is clade-specific,
i.e., the SNP appears only in the respective samples of the clade’s descendant leaf-nodes.
For the calculation of the clade-specificity Evidente includes a module called CLASSICO
(CLAde Specific Snp IdentifiCatOr), which computes the distribution of the SNPs from
the input files with respect to the least common ancestors (LCAs) that define a clade
in the phylogenetic tree (Figure I.1c). The algorithm first distributes the SNPs within
the reconstructed clades by the following method: The identified SNPs are propagated
from the leaves towards the root. An internal node receives a SNP from its children, as
long as the SNP is present among all descendants with the same allele. This process is
repeated through post-ordering of the nodes up to the root of the tree. It is important
to note that some SNPs might not propagate at all and will be allocated only to one of
the leaves of the phylogenetic tree. If a SNP is allocated to only one node, meaning it is
a clade-specific SNP, then it is labelled as supporting of the tree structure, otherwise as
non-supporting. Unresolved bases N do not undergo this process but are directly labelled
as non-supporting SNPs, since they could be labelled as any base which prevents a clear
classification. CLASSICO produces two lists of SNPs, one for the supporting and one for
the non-supporting SNPs which are used for the visualizations in Evidente.

Design and Features

In this section the main visual interface as well as design choices of Evidente are described.
To illustrate this, we have chosen an artificial phylogeny and exemplary toy SNP and
metadata. The corresponding input data can be found in the supplementary material
(Suppl. Tables I.S1 and I.S2).

Evidente’s Graphical User Interface

The key feature of Evidente is to interactively and simultaneously view and explore a
phylogenetic tree and whole-genome SNP data as well as metadata of the samples of one
organism. The central part of the graphical user interface (GUI) of Evidente consists of
three visualisation components that are horizontally aligned: a horizontal dendrogram, and
two heat map-like visualisations of SNP and metadata (see Figure I.2I-III). In addition,
the user interface includes a sidebar with graphical control elements for access to various
functions as well as a settings panel for the colour encoding of the SNP data and metadata
(see Figure I.2IV).

For the visualisation of the phylogenetic tree, we chose a horizontal linear dendrogram.
It is created using a modified version of the D3-based library Phylotree (Shank et al.
2018). The resulting interactive dendrogram provides typical interactions for phylogenetic
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trees, such as selection of branches or nodes, collapsing subtrees on clade-nodes and the
hiding of subtrees or leaves. This is described in more detail in subsection Functionalities.

As a horizontal dendrogram was chosen, screen space is used e"ciently since heat
map-like visualizations of sample-specific data can be aligned horizontally to the leaves (see
Figure I.2I). Two separate heat map-like visualisations are aligned to the tree encoding
SNPs and metadata using color (see Figure I.2II-III). Separating SNPs and metadata
facilitates di!erentiating the used color scales within both components more easily and
helps finding patterns in the SNP data. The heat map visualizing the SNPs shows one
position of the genome per column and a rectangle encodes the presence of a SNP in the
corresponding sample (see Figure I.2II). The nucleotide of the SNP is visualized using a
di!erent color. Cells encoding supporting SNPs receive a full color fill, while non-supporting
SNPs are encoded by cells only with a colored frame instead of a fill. Blank spaces encode
the absence of a SNP at the given position, i.e. the sample in question showing the
reference allele. In the metadata visualization each column of the heat map shows di!erent
sample-specific information that can be either of the numerical, ordinal, or categorical
data type (see Figure I.2III). For numerical data, a continuous sequential color scale was
chosen. Similarly, the ordinal data has a sequential color scale as default. Lastly, the
categorical values get a default color scale of twenty colors defined by D3 (Bostock et al.
2011). An overview of the color scales of currently displayed data can be found in the
legend component (see Figure I.2IV). The color scales can be changed interactively.

Since the distances between leaves, their labels, and the heat maps can be too large to
easily identify the rows corresponding to the leaves, guiding-lines connect the di!erent visual
components. Via hovering interactions of any element, the guiding-lines are highlighted to
underline the connection between associated elements. Similarly, vertical guiding-lines are
displayed when a user hovers over a cell in one of the heat maps. Furthermore, users can
highlight branches in the phylogenetic tree to emphasize their corresponding elements in
the heat maps.

Functionalities

Interactive functionalities of Evidente are o!ered both in the dendrogram itself as well as
in the sidebar (see Figure I.2IV). Initially no SNPs or metadata is selected and only the
dendrogram is displayed after loading the files. Though the default view uses a dendrogram
(i.e., a tree visualization that includes the branch lengths in the visualization), the user
can interactively visualize the data as a cladogram, a visualization of the tree that focuses
only in the descendent-ancestor relationship without including distances. SNPs belonging
to a clade of interest can be explored and added to the view by selecting a node. This
interaction is the key for the simultaneous exploration of the SNP and phylogenetic data
(T1). Figure I.2a shows such an interaction. After selecting a node, the SNPs corresponding
to the clade are listed in a table in the sidebar (Figure I.2b) categorized by their clade-
specificity and the presence of the SNP among the leaves of the clade (either present in
all leaves or only in a subset of them). The selected node and the respective side bar
elements for the clade SNPs are visually linked. Specific SNPs or all SNPs can be selected
to be visualized from the clade of interest. Alternatively, using the sidebar, SNPs can be
selected by their position and also metadata can be added to the visualization. With the
simultaneous visualization of both data sources, it is possible to visually link SNP and
metadata patterns (T3).

Besides the extraction of SNPs for specific clades, further interactions such as the
aggregation and filtering of the data are possible. Any internal node can be collapsed and
afterwards labelled as the user desires. This functionality is helpful to get an overview
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Figure I.2: Data visualization using Evidente. The view consists of the main visualization panel (I,
II, III) and the sidebar (IV). The main panel visualizes the phylogenetic tree (I), and selected SNPs
(II) and metadata (III) as heat maps. The tool’s sidebar (IV) visualizes the legend for the color
scales used and further tool menus for the interaction. (a) The main visualization shows some SNPs
(here: five SNPs from Table S1) and metadata (here: three columns from Table S2) of the toy data
set. A clade node (blue) has been selected. The first SNP (position 30) corresponds to a supporting
SNP that can be found in all leaves of the selected clade, while the supporting SNPs in the next
two positions (positions 10 and 850) appear only in a subset of leaves under the selected clade. The
last two visualized SNPs (positions 15 and 20) are non-supporting SNPs. In a side bar element (b)
clade SNPs for the currently selected node are summarized and can be added to the visualization.
(c) Aggregation functionality of Evidente. The subtree containing all samples with the class Wild
Type has been aggregated into one node and interactively been renamed as WILDTYPES. The end
node of a collapsed node is emphasized by a specific glyph (a shaded triangle). The metadata in an
aggregated node replaces the heat map cell with box plots (for numerical values) or bar plots for
all other data types, including SNP data. Moreover, the filter group “All but experimental” was
created as seen in the corresponding menu. It filters out all samples not belonging to the classes
Wild Type or Clinical. Hence, the strain Toy_strain_1 and its data have been hidden.
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of the characteristics within a summarized clade (T2) or to simplify the visualization by
summarizing clades with similar characteristics into one element depending on their data
type. Numerical values are summarized into horizontal box plots, while SNP, categorical
and ordinal data are transformed into bar plots. All aggregated plots are scaled to the
maximal value within each column to facilitate the comparison of aggregated data. An
example for aggregation can be seen in Figure I.2c.

On the other hand, the filtering function allows the user to focus the exploration to
only a subset of data. For example when a research question focuses only on a specific
strain of the species or that not all available samples have metadata at one’s disposal.
There are two alternative filtering strategies for this: either directly from the phylogenetic
tree or by using available metadata. For the first option, any node but the root can be
selected to be hidden together with all its descendants. The latter option is used from
the corresponding section of the side bar by selecting the metadata categories that should
be considered for the filtering. For each of the selected categories, the user specifies the
desired characteristics of the nodes, i.e. the required range for values within the selected
numerical data, or the categories from ordinal or categorical data. With this information
the user defines a filter group that can be annotated at will. Every condition within a filter
group needs to be fulfilled by a node in order for it to be shown. If many filter groups are
created, a node needs to fulfill only one of them in order to be shown. Figure I.2c shows
an example of the results of a filtering process.

The phylogenetic tree as well as the heat maps allow dragging and zooming both
vertically as well as horizontally, which is especially useful for viewing cells of collapsed
clades in more detail when a large tree is displayed. The visualizations and legends produced
with Evidente can be exported in PNG or PDF format.

GO Enrichment Analysis

Besides the interactive features mentioned above, Evidente o!ers an analysis of GO-terms
associated with the genes with detected SNPs to identify significantly enriched terms
within a clade of the phylogenetic tree (T4). Before running an enrichment analysis, each
SNP that is found within a gene needs to be linked with the GO terms corresponding
to the gene. This is achieved by using the annotation GFF file together with the file
containing the GO-terms relationships. Since GO-terms are modelled in a directed acyclic
graph (Ashburner et al. 2000), each gene with one or more detected SNPs is not only
annotated with the corresponding term, but also with all ancestor terms. This propagation
is achieved by using the library GOATOOLS (Klopfenstein et al. 2018) and an up-to-date
GO hierarchy. The enrichment analysis can be run for a selected clade or for all clades
that contain at least one supporting SNP. The enrichment analysis runs independently for
each clade as follows: Evidente first extracts all GO-terms that are associated with genes
a!ected by any kind of SNP within the selected clade. For every GO-term a right-sided
Fisher’s Exact Test (Fisher 1922) is conducted. A scheme of the contingency table can be
found in Suppl. Table I.S3. The sum of all cells of the contingency table is equal to the
total number of SNPs found within annotated genes. Bonferroni’s method (Holm 1979)
is applied to correct the resulting p-values from the statistical tests, using the number of
GO-terms identified within the selected clade as the parameter for the correction.

All clades that contain enriched GO-terms after the correction are reported within a pop-
up modal dialogue with the enriched terms, their description and their respective p-value.
Using this modal the user is able to highlight the analyzed clade and add SNPs related
with each over-represented GO-term to the visualization. Furthermore, the significantly
enriched GO-terms can be exported as a CSV file.
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Implementation and Availability

Evidente is a client-server application that uses established libraries in the backend and
the frontend. The frontend of Evidente is written in JavaScript using React (https:
//reactjs.org/) as a structural framework and the library D3 (Bostock et al. 2011) for the
rendering of the visualizations. Evidente uses a python server based on Flask (Grinberg
2018) for data-parsing and the computation of the enrichment statistics. In order to create
the background used for the GO enrichment Evidente makes use of GOATOOLS (Klopfenstein
et al. 2018). The module CLASSICO for the calculation of SNP clade-specificity is written
in Java and is run as a python subprocess.

Evidente is available on the TueVis server (https://evidente-tuevis.cs.uni-tuebingen.
de/), but can also be run locally. The stand-alone version requires NodeJS (Tilkov and
Vinoski 2010) and npm (https://www.npmjs.com/) to be installed.

Results

The goal of the case studies is to demonstrate how the proposed visual analysis approach
enables users to execute the four tasks described in Section Approach. For this, Evidente
is used to visualize the data of two studies analyzing pathogens: Mycobacterium leprae,
which causes Hansen’s disease also known as leprosy (Monot et al. 2009), and Treponema
pallidum, which causes the syphilis (subspecies TPA), yaws (subspecies TPE) or bejel
(subspecies TEN) disease (Fraser et al. 1998).

The first use case was performed on the data of the study by Schuenemann et al.
(2018), which analyzed modern and ancient samples of Mycobacterium leprae extracted
from di!erent species around the world. The data consists of a total of 159 samples
with 3,124 identified SNP positions. The metadata file was manually created with the
information provided by the authors in the original publication. To explore the tree with
the SNP data and metadata, we used Evidente to first collapse all clades except one clade
(labeled 2F, see Figure I.3a) according to the branch structures presented in the original
paper of Schuenemann et al.. These branches represent clades of M. leprae strains based on
di!erent SNP (sub)types. The collapsing allows a detailed inspection of the most ancient
clade of M. leprae. One of the findings of Schuenemann et al. was that the ancient M.
leprae strains are not present in one common clade, but that they can be found in several
branches. Figure I.3a shows this distribution by aggregating the metadata. The box plots
representing the origin date of the samples indicate that ancient samples also appear in
Branch 4, Branch 0 and Branch 3. The bar plots reveal that no clade contains samples
from one specific continent of origin. This analysis of the metadata distribution is a typical
task in the field, as described in Task T2.

Next, a specific branch (labelled B2) has been analyzed in detail (see Figure I.3b). The
results of the study of Schuenemann et al. (2018) suggest that B2 should be split into three
di!erent branches (branches 2E/F/H). For a detailed analysis of the branches below B2, all
other subtrees were hidden. In order to further analyze the novel branch splits discussed
in the paper, the root of clade B2 is selected to identify any SNPs supporting the original
split, which is an example for Task T1 (identifying clade specific SNPs). For the root of the
clade B2, Evidente returns that no SNP is supporting this split. This speaks in favour of
the decision of splitting this branch into three di!erent subbranches.

Furthermore, Figure I.3b shows that within this clade, Ethiopian samples are not found
within a common clade, but are distributed across the subtree. To understand which SNPs
support the splits of these clades, we used Evidente to select the root nodes of each clade
containing only Ethiopian samples to identify and visualize these SNPs. Figure I.3b shows
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that the first upper two Ethiopian clades have more SNPs supporting this arrangement
when compared to the rest of the clades. Finally, we selected the root of the branch 2F to
identify SNPs supporting this branch that surprisingly consists of two modern Ethiopian
samples and many ancient samples. Evidente lists only two supporting SNPs, which
underlines the heterogeneity of the strains. These two SNPs could be analyzed in detail to
identify their location in the respective genomes and analyze their possible e!ects.

The data of the second use case consists of 75 Treponema pallidum samples with a total of
2,550 di!erent SNP positions (Pla-Díaz et al. 2022). In addition, we used metadata regarding
the antibiotic resistance of some samples against the macrolide azithromycin (Arora et al.
2016) as well as geographical origin, year of isolation and subspecies classification (TPA,
TPE or TEN). The original phylogenetic tree contains a long branch that makes the
visualization di"cult to visualize as a dendrogram. Hence, the data is visualized instead
as a cladogram (see Supplementary Figure I.S1).

When visualizing the macrolide resistant data, Figure S1a shows how resistant samples
are distributed among the phylogenetic tree. In order to find a possible correlation of this
metadata with SNPs, the non-supporting SNPs can be visualized, as stated in Task T3. By
selecting, for example, the leaf labelled NE20, Evidente returns a list of 38 non-supporting
SNPs. All SNPs that visually correlate only with the samples with macrolide resistance
were kept in the visualisation. We tolerated the correlation with unresolved bases (N),
since they could refer to any allele at the position. Figure S1a shows two SNPs having a
clear correlation with resistant samples, since all sensitive samples show the reference allele
at these positions. These two SNPs are the only ones of the 38 identified SNPs that show
a correlation with the resistant samples. These positions (genomic positions 235,204 and
283,649) are found within the 23S rRNA operon, whose modification is associated with the
resistance against azithromycin (Stamm 2010). With this finding, researchers could now
test the samples for which the macrolide resistance data is not available but show these
SNPs for resistance.

Finally, to demonstrate how Evidente can be used to fulfill task T4, the clade SS14
of T. pallidum was analyzed to identify enriched GO-terms within the clade. The GFF
annotation file of the Nichols strain (RefSeq NC_021490) was used, since this reference
genome was used to compute the SNP-table (Pla-Díaz et al. 2022). The GO-term IDs
related to the coding genes were predicted using FACoP (http://facop.molgenrug.nl/). This
analysis returned 61 significantly enriched GO-terms within the SS14 clade. The four
most significant results were related to the cell’s membrane (GO:0061024, GO:0019867,
GO:0071709, GO:0009279, p-value = 6.29 ↓ 10→31). Evidente also allows the user to
visualize the distribution of (supporting or non-supporting) SNPs found within genes
labelled with the GO-term of interest. Figure S1b shows the distribution of all SNPs in
those genes that are associated with the GO-term membrane organization (GO:0061024).
However, the SNP distribution hints that the over-representation is not unique for clade
SS14, since a second clade (with the TPE/TEN samples) also shows SNPs in genes
associated with this GO-term.

Discussion

Evidente is designed to simultaneously visualize the phylogenetic information, genome-
wide SNP data and further aspects of an evolutionary reconstruction of di!erent samples
or strains from a single species. As a true visual analytics tool, it does not only provide a
visual link by aligning the SNPs to the dendrogram, but it also links them computationally
with its module CLASSICO, which adds the structural information “supporting of the tree
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Figure I.3: Use case for Evidente with Mycobacterium leprae’s data presented by Schuenemann
et al. (2018). (a) Visualization of the phylogenetic tree with collapsed branches as presented in the
original paper. Only the clade 2F (red node) has been left uncollapsed for detailed visualization.
(b) Detailed analysis of clades found within branch 2 (B2 - purple node). The rest of the clades
have been hidden. Using the root of each clade containing only Ethiopian samples (orange nodes),
the supporting SNPs allocated to them were selected and visualized. The last 2 SNPs represent
those SNPs supporting the clade 2F (red node).

structure” and “non-supporting of the structure” to the SNPs. Moreover, this type of tree
visualization is one of the most commonly used in related work and therefore is easy to
interpret for users. Another layer of information is added with the GO-term enrichment
analysis, which aims to find significantly enriched functions for genes a!ected by SNPs in
a clade of interest. Further features such as filtering, aggregation and selection facilitate
the interaction with the tool.

With the two case-studies we showed that the simultaneous visualization of SNP-
data and metadata, and the integration of an enrichment analysis provided in Evidente
supports the identification of interesting patterns, within analyses focused on the spread of a
pathogen or in antibiotic resistance development. In the first case study, where modern and
ancient samples of the M. leprae were analyzed, we showed that Evidente can e!ectively
be used to summarize metadata by collapsing clades. Moreover, we analyzed how strongly
a certain clade is supported by the SNPs. This distinction helps finding SNPs that are
unique to a clade, which might be candidates for a closer inspection by a domain expert.

In the second case study an exploration process was shown for finding SNPs that
are non-supporting for the tree structure but correlate with metadata for samples of
T. pallidum. Such correlations can, for example, indicate convergent evolution, where
strains in di!erent clades in the tree develop similar mutation due to a shared environmental
factor. Furthermore, we were able to show how SNPs in genes associated with a specific
GO-term are distributed in the tree to find GO-terms specific for the genes a!ected by
SNPs in two of the three main clades in the phylogenetic tree of T. pallidum.

In both case studies, phylogenies of bacterial strains were used. While this data
source is suitable since SNP-based phylogenetic trees are often used for the analysis of the
evolution of (bacterial but also viral) pathogens and their strains, the interest on eukaryotic
pangenomes has started to increase in the last years (Richard 2020). Due to the simple
data formats, Evidente can be applied to any properly formatted phylogenetic tree and
SNP data table and thus also deal with eukaryotic pangenomes.
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In our use-cases the phylogenetic tree was based on the SNPs themselves, but it might
also be interesting to use the tool for analyzing a tree that is not SNP-based to investigate
how well, for instance, a tree reconstructed using the whole genome is supported by SNPs.
Currently, the usage of Evidente is restricted to the analysis of samples with a common
genomic coordinate system. Hence, insertions and deletions are not considered.

In the current implementation only SNPs that are found uniquely in clades, i.e.
monophyletic groups are considered supporting in order to ensure clade-conformation.
However, a further category, which could be considered supporting are SNPs found within
a paraphyletic group. Such a third category of SNPs will be a future work for Evidente’s
pre-processing module CLASSICO.

Presently Evidente provides a user-friendly interaction with phylogenetic trees up to a
couple of hundred genomes, like the examples shown here. on a laptop screen. The largest
phylogenetic tree visualized so far in Evidente is the one of M. leprae. An overview of the
data that consists of 159 samples is provided due to the possibility of collapsing clades.
To facilitate the visualization of even larger trees, we plan to work on enhancing the tree
scalability. For such trees, one future implementation could provide automatic collapsing
of clades to reduce the number of nodes shown. With this, the user is first shown an
overview of the data, before having the possibility of decollapsing clades to zoom in and
interact with more detailed data, thus implementing the visual information seeking mantra
by textciteshneiderman96eyes. With respect to the scalability of the SNPs, a them, the
number of SNPs that can be displayed at the same time depends on the screen width.
For the Mycobacterium leprae’s use-case, around 100 SNPs were studied simultaneously.
Further SNPs can be explored by horizontally dragging the SNP heat map.

With the inclusion of GO-terms in the analysis, Evidente o!ers already the exploration
of a wide range of functions. Further future work will expand the statistical computations
of Evidente, such as for example by integrating KEGG pathways as another resource
for an enrichment analysis. Moreover, we will provide further methods for statistical
correction. In addition, we plan to include the metadata into the computational analysis,
by either conducting an enrichment based on the metadata, or by automatically identifying
SNP patterns that correlate with metadata.

Conclusion

We have presented Evidente, a web-application that enables an interactive and
simultaneous visualization of phylogenetic, genome-wide SNP data and further metadata.
The linked dendrogram of the phylogenetic tree with the two heat map-like table
visualisations make the visual assessment of clade-specific or non-clade-specific SNPs
and the connection of SNPs with specific metadata as well as enriched GO terms straight-
forward. With these visualization approaches and the functionalities implemented in
Evidente, the identified tasks required for the interaction with the underlying data could
be addressed successfully as demonstrated in the case studies. Hence, Evidente allows
the exploration and identification of possible associations that may not be immediately
evident in the data.
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Supplementary Material

Table I.S1: Excerpt of the SNP-table with toy data used for the visualizations of Evidente.

Position Ref Toy_strain_1 Toy_strain_2 Toy_strain_3 Toy_strain_4 Toy_strain_5 Toy_strain_6 Toy_strain_7
5 A T . . . . T .
10 G A . . C . . .
15 A . . . . T . T
20 T . A . . . A .
25 C G G G G T T T
30 C . A A A . . .
· · · · · · · · · · · · · · · · · · · · · · · · · · ·
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Table I.S2: Example of the input table for Evidente that contains the metadata of the analyzed
samples. Each column indicates a metadata feature, while the rows show the strains analyzed. The
type of each metadata is specified in the second row named “Type“.

Information Weight Quantity Class Size
Type Numerical Numerical Categorical Ordinal
Toy_strain_1 0.17 5 Experimental Small
Toy_strain_2 0.9 6 Clinical Medium
Toy_strain_3 0.8 10 Clinical Medium
Toy_strain_4 0.012 5 Clinical Small
Toy_strain_5 1100 22 Wild Type Large
Toy_strain_6 200 55 Wild Type Large
Toy_strain_7 6000 70 Wild Type Huge

Table I.S3: Distributions of all SNPs regardless of their classification that are found within a gene
within the contingency table. Each SNP is categorized depending if they are related to the GO-term
G and a clade C in question for an over-representation analysis using a right-sided Fisher’s Exact
Test.

# SNPs found in C # SNPs not found in C
# SNPs related to G a b a + b
# SNPs not rel. to G c d c + d

a + c b + d N = a +
b
+c + d
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Figure I.S1: Use case with the Treponema pallidum data from a study by Pla-Díaz et al. (2022)
visualized using a cladogram. (a) Four positions with non-supporting SNPs found in the strain
NE20 are shown together with the visualization on the metadata for Macrolide resistance. The first
two SNPs show a possible correlation with the samples that are resistant, since every appearance of
a SNP occurs only in resistant samples and sensitive samples keep the reference at this position (no
SNP visualized). Hence, these SNPs should be considered for a further analysis. For the latter
two a correlation can be ruled out, since the SNPs are present in sensitive samples as well. (b)
Visualization of all SNPs associated with the GO-term membrane organization (GO:0061024). This
GO-term was found enriched in the clade SS14 (orange node). However, many SNPs related to
this function can also be found within the clade TPE/TEN (yellow node). This suggest that this
function could also be enriched in this clade. The positions of the SNPs have been removed for
enhanced readability.
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Abstract

Background: With the rapid development of high-throughput RNA-seq technologies,
the transcriptome of prokaryotes can now be studied in unprecedented detail. Tran-
scription start site (TSS) identification provides critical insights into transcriptional
regulation. Still, current command-line tools for the prediction of TSS remain chal-
lenging with respect to their usability and lack of integrated exploration features.
Results: We introduce TSSpredator-Web, an interactive web application that
enhances the usability of the established yet unpublished tool, TSSpredator.
TSSpredator-Web facilitates TSS prediction from non-enriched and enriched RNA-
seq data, classifies TSS relative to annotated genes, and allows users to explore
results through dynamic visualizations and interactive tables. For the visualiza-
tions, we provide an UpSet plot summarizing the TSS distribution across experi-
ments or classes, and a genome viewer that integrates transcriptomic and genomic
data, which contextualizes the insights of the TSS predictions. To illustrate the
usage of TSSpredator-Web, we provide a use case with Cappable-seq data from Es-
cherichia coli. TSSpredator-Web is available on the TueVis visualization web-server
at https://tsspredator-tuevis.cs.uni-tuebingen.de/.
Conclusions: By combining user-friendly accessibility with interactive data ex-
ploration, TSSpredator-Web significantly facilitates genome-wide TSS analysis and
interpretation in prokaryotes, empowering a broader range of researchers to generate
biological insights from transcriptomic data.

Keywords: Transcription Start Sites, Web Application, Transcriptomics, Enriched RNA-seq
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II. TSSpredator-Web: A Web-Application for Transcription Start Site Prediction and
Exploration

Introduction

Due to the development of high-throughput RNA-seq technologies, the transcriptome
of a prokaryotic organism can now be studied in unprecedented detail. Far beyond the
quantification of known transcripts, the precision of the data allows for the detection of
novel transcripts or the definition of transcript starting boundaries (Ettwiller et al. 2016;
Sharma et al. 2010).

To clearly define the base-specific starting boundary of a transcript, researchers require
the identification of transcription start sites (TSS). Their identification plays a crucial role
in understanding prokaryotic transcriptional regulation, as they define the exact positions
where the RNA polymerase initiates transcription as well as the location of the promoter
region. Promoter regions contain essential regulatory elements such as binding sites for
various sigma and transcription factors (Backofen et al. 2014; Kazmierczak et al. 2005).
This facilitates the generation of insights on how gene expression is regulated under varying
environmental conditions (Paget 2015; Ryan et al. 2020). Beyond this, the base-specific
TSS identification also defines untranslated regions (UTRs), which contain riboswitches
and RNA thermometers (Sorek and Cossart 2010) and helps to identify other regulatory
instances in bacteria, such as non-coding RNAs (ncRNAs) or antisense RNAs (Storz
et al. 2011). Despite the critical role of TSS identification, accurately predicting these
sites remains challenging. Most genome annotations only provide predicted translation
start sites and coding regions. Moreover, relying solely on standard RNA-seq data for a
base-exact genome-wide TSS prediction does not produce comprehensive results, as this
protocol does not distinguish unprocessed, so-called primary transcripts from processed
transcripts (i.e., transcripts with a degraded 5’-end). Reads originating from processed
RNA transcripts will shift the coverage profile towards the 3’-direction and thus bias the
exact TSS prediction (Sharma et al. 2010; Westermann and Vogel 2021). To overcome these
challenges, special library preparation protocols have been developed for the determination
of genome-wide TSS maps.

In 2010, Sharma et al. presented di"erential RNA-seq (dRNA-seq), an experimental
approach to enrich for reads originating from the 5’ ends of primary transcripts (i.e., tran-
scripts containing a 5↑-triphosphate instead of a monophosphate) in prokaryotes (Sharma
et al. 2010). This is achieved by treating the cDNA with a terminator exonuclease (TEX),
which specifically degrades processed RNAs with a 5’-monophosphate. A more recent
method for enrichment is Cappable-seq (Ettwiller et al. 2016). Instead of degrading pro-
cessed RNAs, a vaccinia capping enzyme (VCE) is used to positively enrich primary RNAs
with a 5’-triphosphate end. A more general approach is tagRNA-seq (Innocenti et al.
2015), which attaches specific tags to primary and processed RNA molecules. Besides
the di!erence in methodology, all enriched libraries can be sequenced to produce enriched
expression profiles, thereby increasing the sensitivity and specificity of TSS annotation
strategies, making genome-wide TSS identification possible. Such a comprehensive view of
transcriptional activity enables the identification of not only local regulatory elements but
also global regulatory patterns throughout the organism, such as unannotated ncRNAs
throughout a genome (Witte Paz et al. 2024). With the genome-wide TSS mapping, a
high-resolution view of gene regulation is provided by identifying di!erences in promoter
usage, identification of the length of 5’ untranslated regions (5’-UTRs), and the presence
of novel transcripts across species, going beyond what the typical RNA-seq experiments
o!er, in terms of comparative transcriptomics (Dugar et al. 2013). However, as the scale
of the data generated by these approaches grows, manual curation becomes impractical,
necessitating the development of fully automated computational methods to process and
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analyze TSS data e"ciently.

Various tools have been developed to automate the prediction of TSS from enriched
RNA sequencing libraries. Here, we focus on one of the first methods developed for TSS
prediction, TSSpredator (Dugar et al. 2013). Other tools, such as TSSAR (Amman et al.
2014) and TSSer (Jorjani and Zavolan 2013), have been developed to identify TSS from
standard and dRNA-seq data using statistical models based on the Poisson and Skellam
distributions or Bayesian approximation based on the binomial distribution, respectively, to
identify significantly enriched primary transcripts. A newer approach, ToNER (Promworn
et al. 2017), has been developed for the analysis of Cappable-seq data. Similarly to the
previous methods, it relies on the computation of an enrichment score for each position and
the identification of those that are statistically significant. Lastly, a support vector machine
learning-based approach has also been explored to improve predictive accuracy (#uklina
et al. 2016). Di!erently from all previous methods, TSSpredator follows a heuristic
approach by mimicking the manual TSS annotation process originally described by Sharma
et al. (2010). TSSpredator identifies peaks in expression across the genome by comparing
the values to thresholds set by the user. Afterwards, enrichment scores are computed
by comparing both RNA-seq libraries (enriched and standard) to identify transcription
start sites, without relying on a statistical approach. The latest version of TSSpredator
now includes support for three prominent experimental protocols (dRNA-seq (Sharma
et al. 2010), Cappable-seq (Ettwiller et al. 2016), and tagRNA-seq (Innocenti et al. 2015)),
alongside new features, such as the analysis of multi-contig assemblies. While neither
TSSpredator nor its further developments have been released as a stand-alone publication,
the tool has proven e!ective in various studies. For instance, it has been used to compare
the transcriptome of one organism under di!erent conditions (e.g., Bischler et al. (2015)
and Ryan et al. (2020)), as well as cross-strain analyses to identify conserved and divergent
transcriptional characteristics (e.g., Dugar et al. (2013) and Rohmer et al. (2022)).

Still, given the complexity and volume of genome-wide TSS data, TSSpredator as
well as the other command-line tools mentioned above, often fail to provide the e"cient
data exploration needed for meaningful interpretation and insight generation. Interactive
web applications address this challenge by simplifying both the use of the tool and the
exploration of results through user-friendly interfaces. By including dynamic and interactive
representations of TSS distributions, promoter sequences, and expression patterns, such
platforms enable users to quickly inspect genomic regions, compare transcriptional
landscapes, and identify patterns that might otherwise remain hidden. Features such
as summary visualizations, interactive genome browsers, expression data overlays, and
customizable filtering options enhance accessibility and facilitate hypothesis generation,
making genome-wide TSS analysis more accessible, e"cient, and informative.

To achieve this, we introduce TSSpredator-Web, a web application designed to predict
and explore TSS identified by TSSpredator. The web interface facilitates the interaction
with TSSpredator, for example, by reducing the hurdles of dependencies installation
and by providing enhanced interactions for data upload and data sharing. Moreover,
TSSpredator-Web enhances the exploration of results by o!ering interactive visualizations,
providing an overview of genome-wide TSS maps, as well as detailed views on the TSS
predictions, thus facilitating deeper insights into transcriptional regulation.
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II. TSSpredator-Web: A Web-Application for Transcription Start Site Prediction and
Exploration

Methods

Comparative detection of TSS

Before introducing TSSpredator-Web, we introduce the underlying algorithm of
TSSpredator for TSS detection. TSSpredator is able to analyze di!erent sequencing
protocols for TSS detection in prokaryotes, as long as they produce a control and an
enriched library. So far, it has been tested with data provided by all established protocols
mentioned above: dRNAseq (Sharma et al. 2010), Cappable-seq (Ettwiller et al. 2016)
and tagRNA-seq (Innocenti et al. 2015). The sequencing results need to be processed to
produce coverage profiles of the complete reads for both libraries, either in wiggle or in
bedGraph format, using mapping workflows such as READemption (Förstner et al. 2014).
TSSpredator then identifies the TSS by comparing both profiles and expecting an increase
in expression for the TSS in the enriched library versus its non-enriched counterpart,
independently for each genomic strand (forward and reverse). For this, TSSpredator
expects the expression data pairs (enriched and non-enriched) to be normalized beforehand.
For example, one possibility provided by READemption is to normalize the coverage by the
total number of aligned reads and then multiply each position by the lowest number of
aligned reads of all considered libraries (coverage-tnoar_min_normalized) or by a million
(coverage-tnoar_mil_normalized). TSSpredator then conducts a further normalization
between libraries (see Supplementary Algorithm II.S1). For each enriched library, by
default, the 90th percentile (QP L) is computed and used as a factor for percentile nor-
malization of both libraries—enriched and its corresponding non-enriched counterpart.
To recover the original data range, the minimal percentile value across samples (Qmin)
is multiplied by the normalized values. Moreover, to normalize for di!erent enrichment
factors across replicates and sets, the median enrichment factor (i.e., enriched value divided
by non-enriched library) is computed by default for all library pairs (enriched and non-
enriched). The largest enrichment factor EFmax is then used to normalize all non-enriched
libraries. While not activated by default, TSSpredator can export the normalized libraries
for further downstream analyses after TSS prediction.

After normalization, for each position i in each enriched expression graph, TSSpredator
extracts the expression height e(i), and computes, with respect to the previous position
e(i ↑ 1), the height change e(i) ↑ e(i ↑ 1) and the factor of height change e(i)

e(i→1) (Fig. II.1,
Suppl. Algorithms II.S2 and II.S3). These values are compared to predefined thresholds. If
a position i exceeds the thresholds for step height Th and step factor Tf , it is considered a
TSS candidate and classified as detected. Here, it is important to note that the step height
threshold is relative to the 90th percentile value used for the inter-library normalization. If
too many of the detected TSS are found close to each other within a window size W , they
are reduced by selecting either only the first TSS or the one with the highest expression.
This produces a set of putative TSS per strand and per replicate.

In case of more than one replicate per experiment (that is, an organism’s genome or
a tested condition), predicted TSS that are within a distance of 1bp when comparing
replicates are considered equal to allow a cross-replicate shift (!r). This default value can
be changed by the user. If a TSS is labeled as detected in one replicate, the corresponding
positions in the other replicates are re-evaluated by reducing the thresholds by predefined
reduction values for the step height and step factor (εh and εf , respectively). This increases
the number of detected TSS across replicates. A TSS needs to be detected in a minimal
number of replicates (Rmin, default: 1) to be included in the next steps. However, this lower
threshold can be increased for higher specificity. For all detected TSS at any position j, the
enrichment factor EF = eenr(j)

enon(j) (Fig. II.1, Supplementary Algorithm II.S2) is computed for
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Figure II.1: Sketch of the computation of the three parameters step height, step factor and
enrichment factor required for TSS prediction. The black line represents the non-enriched RNA-seq
profile (enon), covering the whole length of an annotated gene. The yellow line shows the enriched
profile (eenr), with an increased expression value upstream of the annotated gene.

all replicates with respect to the same position in the non-enriched library, and the maximal
value across replicates is compared to the enrichment fact threshold TEF . For example, if
the selected threshold is 2, it means that the double expression value is expected in the
enriched library compared to the control library for the TSS to be labeled as enriched.
Analogously to the cross-replicate shift, all TSS found within the cross-condition shift
value (default: 1bp), are considered equal. This returns one set of detected and enriched
TSS per strand and experiment.

Lastly, the sets of enriched TSS per experiment are compared to each other. The
comparison of TSS in a multiple-condition experiment is straightforward since the TSS
are already in the same coordinate system. For a multiple-strain experiment, a common
coordinate system is computed using the concept of the SuperGenome based on a whole-
genome alignment (Dugar et al. 2013), such as the XMFA file provided by Mauve (Darling
et al. 2010). With the alignment, TSS are compared to each other and clustered together
if they are found in close chromosomal distance. This returns, per experiment, a set
of detected and enriched TSS that can be further analyzed. All mentioned thresholds
can be modified by the user to lower or increase the specificity and/or sensitivity of the
prediction. As the prediction step is influenced by the chosen thresholds and parameters,
five predefined parameter sets have been introduced to span a range of sensitivities and
specificities, from very sensitive to very specific (Suppl. Fig. II.S1). An overview of how
the parameter sets influence the TSS-calling process for an experiment with one condition
and one replicate is provided in Suppl. Figure II.S2.

Finally, all detected TSS are classified according to their locations relative to annotated
genes. While other classification methods exist (Boutard et al. 2016), here we classify TSS
as defined in Sharma et al. (2010) (Fig. II.2). 5 di!erent classes are defined: Primary and
secondary TSS are found up to 300 nt upstream of a gene’s annotated translation start,
where the strongest or the first signal are classified as primaries, and the rest of signals
as secondary TSS. Internal TSS are found within an annotated genes, and antisense TSS
are found on the antisense strand within a distance of less than 150 nt to an annotated
gene. Lastly, TSS that are not associated with either of the other four classes are called
orphan TSS. Note that a TSS can also get more than one class assignment (e.g., it can be
a primary TSS of a gene and at the same time an antisense TSS for a gene on the opposite
strand). The resulting predictions are stored in a TSV-file called MasterTable, which
summarizes all relevant information per TSS. This table describes in detail all predicted
TSS positions, such as their enrichment factor, their class, the gene to which they might be
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Figure II.2: Classification of TSS based on the distance to annotated genes as defined by Sharma
et al. (2010). Primary and secondary TSS are located upstream of annotated genes, where secondary
TSS show a lower enriched expression signal compared to the respective primary TSS. Internal TSS
are located within the genes themselves, while antisense TSS are located on the antisense strand
close to a gene (within 150 bp) or within the gene itself. Lastly, all other identified TSS are called
orphan TSS.

associated, among others. This is reported for every experiment in the analysis, showing
multiple lines per TSS and classification. Moreover, TSSpredator provides GFF files
for each experiment aligned into one coordinate system. This is especially useful when
analyzing multiple strains of a bacterium.

Design process of TSSpredator-Web

The workflow for TSS prediction and their association with a gene is run independently
for each replicate, condition, and strand, as described above. For each replicate, four
input files are required—one for each strand (forward and reverse) and experimental type
(non-enriched control and enriched). Since TSSpredator expects each file to be correctly
categorized, every file must be uploaded separately.

To facilitate this interaction, the latest version of TSSpredator o!ers a JAVA-based
GUI to assist users in allocating files and setting the required parameters for the TSS
prediction (https://it.inf.uni-tuebingen.de/tsspredator, accessed on May 2025). From this
GUI, the data processing can be initiated, and the predicted results are generated and
saved in external files for downstream exploration.

While e!ective for TSS prediction, this process presents several usability challenges.
First, since TSSpredator is implemented in JAVA, it requires users to install additional
dependencies, limiting platform independence and posing di"culties for users with limited
technical expertise. Second, the manual file allocation process becomes increasingly
cumbersome, and possible error-prone, as the number of replicates and conditions grows.
Finally, downstream analysis is not integrated into the tool, so that users must export the
results to other platforms to gain a comprehensive overview or biological insight.

By reviewing several genome-wide TSS studies, we identified common strategies used
to explore such data sets. For example, many studies provide overview visualizations
with respect to the TSS distribution across their classes or analyzed conditions (#uklina
et al. 2016; Hocq et al. 2022; Ryan et al. 2020). Additionally, these studies often integrate
transcriptomic and genomic data, especially gene annotations and upstream regulatory
regions, within one view for enhanced data exploration (Sharma et al. 2010).

Based on the limitations of TSSpredator, and the evaluation of published TSS studies,
we identified eight requirements to improve the TSS analysis workflow (see Fig. II.3). These
requirements can be classified with respect to the step of the TSS prediction workflow
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Figure II.3: Requirements identified for the improvement of the TSS prediction workflow. Each of
them will be tackled with the implementation of TSSpredator-Web.

they can improve: the input allocation (R1, R2), data processing (R3, R4) and result
exploration (R5, R6, R7, R8).

Building on these requirements, we have defined a set of goals to be addressed by
TSSpredator-Web:

G1 Accessibility (R3): Ensure platform independence by eliminating installation
requirements, allowing users to easily access the tool.

G2 Usability (R1, R4–R7): Simplify the user experience by providing easy ways of
uploading and exploring the data, as well as making long waiting times bearable.

G3 Exploration (R5–R7): Support data exploration through interactive visualizations
that present TSS predictions across levels of detail.

G4 Data Integration (R6, R7): Facilitate exploratory analyses by combining genomic
and transcriptomic information into an interactive view, providing genomic context
of the results.

G5 Reproducibility and Data Sharing (R2, R8): Provide mechanisms to reproduce
and share both the prediction results and exploration processes with others.

Back-end of TSSpredator-Web

To facilitate the accessibility for the TSS prediction workflow, TSSpredator-Web has
been designed as a web-application. It is freely accessible via the TueVis visualization
platform (https://tsspredator-tuevis.cs.uni-tuebingen.de). However, we also provide Docker
images that facilitate deployment on any server, as well as allow local usage of the tool
(https://github.com/Integrative-Transcriptomics/TSSpredator-Web/releases). The back-
end was designed with Flask (v2.3.3) and runs a JAVA-compiled version of TSSpredator
for the TSS prediction. For multiple simultaneous asynchronous requests, a worker manager
based on Celery (v5.3.4) and redis (v6.2.0) has been integrated in the back-end. The results
of the TSS prediction are preprocessed using Python scripts and bedGraphToBigWig (Kent
et al. 2010) for the subsequent interactive exploration in the web interface.

Web-interface

The front end of TSSpredator-Web has been developed using React and is structured
into three distinct pages, each corresponding to one step in the TSS prediction workflow.
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The first step, input allocation, o!ers an improved file upload experience. Users can
upload all necessary files at once and conveniently organize them using a drag & drop
interface. The predefined sets of parameters described previously can be selected from this
interface or adapted by the user. Once all parameters have been set, a configuration file
that encompasses all the chosen parameters can be saved for future use, ensuring future
reproducibility. If any user is provided with such a configuration file, they only need to
upload it along with a folder containing all needed files, for TSSpredator-Web to allocate
the inputs automatically, enabling a faster start of the analysis.

Upon starting the TSS prediction, users are redirected to the status page, where
information on the data processing is regularly updated. This allows an e!ortless monitoring
of the analysis without needing to keep the browser window open, as well as facilitating the
sharing of ongoing predictions. Additionally, if any result have already been computed with
TSSpredator-Web, the users are able to upload a ZIP-file of these results. This skips the
need to rerun the prediction and still enabling access to the downstream data exploration
features of TSSpredator-Web.

Data exploration & integration

To support the goals of data exploration & integration, as well as the usability improvement,
TSSpredator-Web completes the TSS prediction workflow by providing an interactive
result analysis. For this, the MasterTable as computed by TSSpredator is presented as
an interactive table, complemented by two visualization approaches: an UpSet plot (Lex
et al. 2014) o!ering a high-level overview of the dataset, and a genomic viewer for
contextualization of the TSS predictions.

The interactive MasterTable includes common features of exploration, such as searching,
filtering, and sorting. Since TSS can be associated with more than one gene and therefore
can be classified into more than one of the classes mentioned above, they correspond to
one row in the MasterTable per classification. The TSS distribution among the di!erent
classes or between experiments is visually summarized by an UpSet plot (Lex et al. 2014).
By setting which variable should be used for the plot (either TSS classes or di!erent
experiments), the users can identify how many TSS positions have multiple TSS classes or
how many of them occur in specific combinations of experiments. To get more information
on these subsets of TSS, these subsets in the UpSet plot are interactive, such that users
can select them, and only their corresponding rows are shown in the MasterTable.

For the exploration of TSS in a genomic context, a genome browser has been
implemented. Based on the visualization grammar Gosling (LYi et al. 2022), the
genome browser provides aggregated and detailed views of the data for each strand
independently, following Shneiderman’s mantra: Overview first, zoom and filter, details
on demand (Shneiderman 1996). The aggregated view (Fig. II.4, top) consists of multiple
visualization components. The main component shows a stacked bar chart that bins the
TSS according to their position in the genome and their assigned class. Depending on the
zoom level, the view is aggregated with bins of 50kbp, 10kbp or 5kbp. A further track
below the stacked bar charts indicates annotated genes by including gray rectangles at
the corresponding position. Such an aggregated view is shown until a full window size
resolution of 50,000 bp is reached. From this point on, the detailed view (Fig. II.4, bottom)
is displayed, showing each individual TSS and the surrounding annotated genes. Within
this view, the main track also includes the normalized expression values for the enriched
and control libraries at each genomic position. To provide information on gene regulation,
the 50 bp-long sequence upstream of the TSS is visualized on a third track. A tool-tip can
provide more detailed information of each TSS, gene, and expression value.
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Figure II.4: Sketch of di!erent views of the genome browser of TSSpredator-Web. The top section
(aggregated view) displays the aggregated stacked bar chart. Each bar shows the count of TSS of
a specific class in the respective genomic region bin. Below, the gene track provides a hints for
the location of annotated genes. The bottom section illustrates how the plot changes upon falling
below the 50,000 bp threshold (detailed view). Individual TSS locations are represented by colored
glyphs, and genes are shown in their entirety with their corresponding name or locus_tag. The
visualization also includes expression data from both control (in gray) and enriched libraries (in
yellow), along with a track that illustrates the upstream region of a TSS. For simplicity, only 10 bp
of the upstream region are shown on this representation instead of the actual 50 bp.

The described tracks visualize the data separately for each strand, with a di!erence in
the orientation of the plots and glyphs (Fig. II.5). This mimics the visualization method
used in other genomic browsers, such as the Integrated Genome Browser (IGB) (Freese
et al. 2016) or the Integrative Genomics Viewer (IGV) (Thorvaldsdóttir et al. 2013). The
genome browser of TSSpredator-Web provides two view arrangements to facilitate the
exploration of the data within one experiment, and also the comparison across experiments
(Fig. II.5). The single view mode groups the tracks of each experiment together (see
Fig. II.5, top row), thus facilitating the exploration of single experiments, under di!erent
conditions, or single strains of one organism. Furthermore, the aligned view mode (see
Fig. II.5, bottom row) groups the components vertically with respect to their strand,
hence facilitating the comparison between conditions or strains. Regardless of the chosen
arrangement, all views are synchronized, so that the same zoom level is shown in all
instances. Moreover, a synced cross-line appears on hover to identify the position over all
views. The genome browser can be freely used for exploration at any level of detail of the
genomic coordinates. If users require specific TSS positions, these can be searched in the
MasterTable and then directly visualized in the genome browser.

The complete predicted dataset as well as each single visualization can be downloaded
from the interface. Moreover, as each prediction of TSSpredator receives a unique URL, the
TSS predictions can be easily shared and accessed up to seven days after the corresponding
TSS prediction was run.

87



II. TSSpredator-Web: A Web-Application for Transcription Start Site Prediction and
Exploration

Figure II.5: Visual representation of the two modes of the genome browser to show data of multiple
experiments. Each experiment consists of one component per strand, di!ering on the orientation of
the data (for example, the reverse strand is flipped vertically). The single view mode (top section)
groups the components based on the experiments for a direct exploration within each experiment.
Di!erently, the aligned view (bottom section) groups the visualization components vertically with
respect to the two strands. This allows an easier comparison across experiments. Regardless of the
chosen view, a synced crossline is shown on hover. For simplicity, in this figure this line is only
shown in the single view.

Use Case

To provide an example of how TSSpredator-Web can be used to generate and analyze
genome-wide TSS data, a dataset for Escherichia coli K-12 MG1655 published by Balkin
et al. (2025) [GEO Accession No. GSE215300] is used in the following section. In this
study, the authors treated the E. coli strain with three di!erent antibiotics (novobiocin,
rifampicin and tetracycline). All three antibiotics have di!erent modes of action. Novobiocin
inhibits the DNA gyrase and, hence reduces DNA replication (Smith and Davis 1967).
Rifampicin blocks the bacterial RNA polymerase, reducing the RNA synthesis (Floss
and Yu 2005). Lastly, tetracycline binds the 30S ribosomal subunit and inhibits protein
synthesis (Chopra and Roberts 2001). For all three treatments and a control condition,
the authors measured gene expression using three replicates per condition, following the
Cappable-seq protocol (Ettwiller et al. 2016) to generate 5↑-enriched reads. Non-enriched
VCE-capped reads were generated using the NEBNext Ultra™ II Directional RNA prep kit
are also available under the same GEO accession number. READemption (Förstner et al.
2014) was used to align the reads and to compute the coverage plots in wiggle format.
Enriched and non-enriched reads were aligned independently to the E. coli reference genome
[NCBI Accession No. GCF_000005845.2], taking into account their di!erent protocols for
library preparations. The READemption coverage command provides di!erent normalized
wiggle files. To make both independent runs comparable, the tnoar_mil_normalized
coverage plots were used for further analysis, consisting of 24 wiggle files (that is, 4
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conditions ↓ 3 replicates ↓ 2 strands) per library protocol (non-enriched and enriched).
These 48 wiggle files, together with the genome and annotation file obtained from NCBI,
are the basis for the prediction of TSSpredator-Web.

Since one of the goals of TSSpredator-Web is to provide a user-friendly way to predict
and explore genome-wide TSS maps, this starts already with the upload of the data.
The 50 required files can be easily uploaded to TSSpredator-Web using the drag & drop
functionality (Suppl. Fig. II.S3). Here, the files were distributed among the four conditions
and three replicates. To increase the confidence of the results, the predetermined very
specific parameters were chosen for the TSS prediction step. For clustering after prediction,
a cross-condition shift of 3bp and a cross-replicate shift of 2bp were allowed. Based on
these parameters, TSSpredator identified a total of 7, 194 genomic positions as enriched
TSS.

The genome-wide TSS exploration process starts with an overview of the TSS across
classes and analyzed conditions. Taking into account only the genomic position of a TSS,
the UpSet plot shows that most TSS are classified as internal, directly followed by primary
TSS (Fig. II.6A). However, this distribution does not account for how often a TSS occurs
across conditions, meaning that a TSS can be enriched only in one condition. This can
be verified by considering both, the genomic position and the condition in which the TSS
occur for the UpSet plot (Fig. II.6B). The results show that primary TSS are, in fact, the
predominant class in the results. A similar result can be seen by looking at the genome
browser, where all TSS positions are aggregated by class and genomic position per condition
(Fig. II.6C), where a predominance of primary TSS can also be observed.

To analyze the distribution of primary TSS even further, one can visualize the occurrence
of this class across conditions. This can also be inspected via the UpSet plot (Fig. II.7A)
and provides a glimpse into an interesting subset of TSS: 43 TSS surpass the threshold
for detection only in the samples treated with any of the three antibiotics, but not in the
control samples (highlighted in Fig. II.7A). These positions can be analyzed in more detail
by interacting with the UpSet plot to filter the MasterTable for this specific subset. From
here, the MasterTable can be sorted by step height (that is, the increase in the enriched
library at position i compared to the previous position i ↑ 1) to show the most prominent
positions (an excerpt of the MasterTable shown in Table II.1). Based on these results,
users can search for further information, for example, by searching for more information
about genes in known databases, such as the EcoCyc database (Keseler et al. 2005) for E.
coli. Some of the genes found in Table II.1 were manually searched in EcoCyc to exemplify
this exploration workflow. For example, the genes ugd, arnB and ais, are described as
responsible for changes in membrane lipopolysaccharides (LPS), indicating a reaction
against the hostile environments (Breazeale et al. 2002; Mainprize et al. 2013; Nishino
et al. 2006) as already shown for another antibiotic polymyxin (Breazeale et al. 2002). In
addition, the gene dinI indicates DNA damage, which can be caused by antibiotics, even
though it is not part of their active mode of action (Revitt-Mills and Robinson 2020). In
summary, some of the TSS with the highest step height and their associated genes reflect
how E. coli reacts to the high stress caused by antibiotics.

Although providing an overview of the most prominent TSS can be helpful, combining
this information with the transcriptomic layer provides even more insight. This can be
achieved through the genome browser. Here, we inspect the most prominent TSS with
respect to the step height: position 2, 099, 734, the primary TSS of gene ugd (locus_tag:
b2028, Fig. II.7B). Here, it can be seen that enrichment libraries show the highest expression
for the TSS under treatment with novobiocin, in comparison to the other two antibiotics. A
recent study identified that among these three antibiotics, the membrane LPS modification
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Figure II.6: Analysis of the overall distribution of TSS across conditions, classes and location in the
genome for data collected for E. coli on four di!erent conditions (one control and three treatment
with antibiotics). (a) UpSet plot showing the distribution of enriched TSS aggregated only by
their location (i.e., position and strand). (b) UpSet plot showing the distribution of enriched TSS
aggregated by their location and the condition they occur. For this UpSet plot, each TSS is counted
for each condition separately. (c) Aggregated view of the genome browser showing the distribution
of TSS colored by class and binned by their position in the genome for the control condition.
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Figure II.7: Analysis of primary TSS for E. coli across conditions, especially those TSS occurring
only under the treatment with each antibiotic. (a) UpSet plot showing the distribution of primary
enriched TSS across conditions, aggregated only by their location. The highlighted set refers to
those TSS positions enriched only under the treatment with each antibiotic. (b) Aligned mode
of the genome browser showing a primary TSS position on the reverse strand (shown via the
direction of the glyphs and the bars of the expression profiles) occurring in all conditions with
antibiotic treatment, but not in the control condition. The TSS is located upstream of the gene udp
(locus_tag: b2028). The enriched libraries (orange bars) can be seen increased in all conditions.
However, the treatment with novobiocin shows the highest expression value. For simplicity, the
empty genome track has been removed from the figure.

91



II. TSSpredator-Web: A Web-Application for Transcription Start Site Prediction and
Exploration

Table II.1: Excerpt of the MasterTable showing the top 10 enriched primary TSS enriched based on
step height and their associated genes. These TSS are enriched in all antibiotic treatment conditions
for E. coli.

Pos Strand stepHeight Locus_tag Gene Name Product

2099734 - 316.07 b2028 ugd UDP-glucose 6-dehydrogenase
712851 + 158.06 b0687 seqA negative modulator of initiation of replication

4275169 - 123.71 b4060 yjcB uncharacterized protein YjcB
3775568 + 75.8 b3601 mtlR transcriptional repressor MtlR
1056182 - 74.31 b0993 torS sensor histidine kinase TorS
3210566 - 74.27 b3064 tsaD N(6)-L-threonylcarbamoyladenine synthase, TsaD subunit
1121509 - 39.35 b1061 dinI DNA damage-inducible protein I
2365854 + 34.77 b2253 arnB UDP-4-amino-4-deoxy-L-arabinose aminotransferase
4392704 + 33.23 b4670 yjeV uncharacterized protein YjeV
2365723 - 28.99 b2252 ais putative lipopolysaccharide core heptose(II)-phosphate phosphatase

triggered by ugd, among other genes, is most e!ective against novobiocin (Deylami et al.
2024). A further step to analyze this region beyond TSSpredator-Web would be to extract
the promoter and/or the UTR region of this gene to analyze putative regulatory elements
in detail. Here, the UTR region of ugd was manually extracted using the coordinates
provided by TSSpredator-Web, and compared to the RFAM (Ontiveros-Palacios et al. 2025)
database outside of the presented interface. Though no hit was identified, the secondary
structure of the sequence was computed using RNAfold (Gruber et al. 2015) and returned
a stable secondary structure (see Suppl. Fig. II.S4).

TSSpredator-Web also enables the analysis of another particularly interesting class
of TSS: orphan TSS. These positions correspond to transcription start sites that cannot
be associated with any annotated gene from the provided file, suggesting the presence
of transcriptional activity outside known gene boundaries. Such signals may represent
transcriptional units that were overlooked by standard gene annotation pipelines and
become detectable only through genome-wide TSS mapping. To investigate such putatively
overlooked genes, we analyzed the top 10 orphan TSS present under all conditions, ranked
by their step height. A prominent region is close to the orphan TSS at position 2, 904, 461
on the reverse strand (Fig. II.8A). Upon zooming in on this region in the genome browser, a
noticeable increase in the enriched library can be observed, with expression levels increasing
up to 350.Moreover, the upstream sequence contains a subsequence similar to the Pribnow
box (TATAAA) at -9 nt upstream of the TSS (Fig. II.8B), suggesting a binding site for the
RNA polymerase. When exploring the nearby regions, a second orphan TSS is identified on
the forward strand at position 2, 903, 986 (Fig. II.8C). This TSS also shows a clear Pribnow
box at position -13 nt upstream of the TSS. Together, these two orphan TSS may represent
previously unannotated transcriptional units. Their pronounced step heights and well-
defined upstream promoter motifs make them strong candidates for further computational
and experimental validation, with the potential to improve the genomic annotation of the
organism. For example, one could analyze the downstream regions of the TSS to identify
possibly overlooked open reading frames.

Discussion & Conclusion

Genome-wide TSS maps provide important information for the analysis of the architecture
of the prokaryotic transcriptome (Balkin et al. 2025; Ryan et al. 2020) or even recent studies
on bacteriophages (Putzeys et al. 2022; Wolfram-Schauerte et al. 2024). These studies
facilitate the definition of the regulatory promoter region of genes and provide clear signals
for the identification of unannotated genes (Backofen et al. 2014; Kazmierczak et al. 2005;
Witte Paz et al. 2024). Due to the large complexity of the underlying data, computational
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Figure II.8: Usage of the genome browser for the exploration and characterization of orphan TSS in
E. coli. For simplicity, empty visualization tracks have been removed from the figures. (a) Genome
viewer on Single view mode visualizing a region with two orphan TSS that occur in all conditions,
shown here only for the rifampicin treatment. On the reverse strand (bottom), the TSS position
2, 904, 461 shows a prominent step height rising up to an expression of around 350. Interestingly,
on the forward strand at position 2, 903, 986 a further orphan TSS position was identified. (b)
Zoomed view of TSS at position 2, 904, 461 of the reverse strand with an expression value of the
enriched library (orange bars) around 350. The upstream region shows a putative Pribnow box
(TATAAA) starting at -9 nt upstream of the TSS. (c) Zoomed view of TSS at position 2, 903, 986
with an expression value of the enriched library (orange bars) around 25. The upstream region
shows again a clear putative Pribnow box (TAATATAA) starting at -13 nt upstream of the TSS.

methods are required to analyze the data and produce insights. The currently available
methods tackle the prediction of TSS with di!erent underlying methodologies (Amman
et al. 2014; #uklina et al. 2016; Jorjani and Zavolan 2013; Promworn et al. 2017) and
most commonly provide only a command-line tool. Yet, the usage via the command-
line demands technical expertise, which should not be expected from researchers with a
biological background, especially since they are the individuals who generate insights from
the data. Moreover, data exploration and integration are key steps in the generation of
insights. However, this step has been neglected by many of the currently existing tools.
Therefore, we defined requirements and goals to close the gap in insight generation for TSS
prediction workflows at every step through the implementation of TSSpredator-Web.

As a web-application, the platform-independent usage and the user-friendly GUI of
TSSpredator-Web enhance the accessibility of the prediction workflow (our defined goal
G1). In addition, the web-based application allows for the integration of modern, user-
centered approaches that address the remaining goals defined for TSSpredator-Web. For
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example, it facilitates the reproducibility and data sharing of the workflow (G5) via the
upload of a configuration file containing all the input files.

Besides reproducibility, TSSpredator-Web was developed to increase the usability of
the TSS prediction workflow (G2). This enhanced usability begins with the improved and
intuitive file upload process and continues with the asynchronous TSS prediction executed
in the backend. A further major usability improvement is the ability to explore genomic
and transcriptomic data directly within the interface. Users can now rely not only on
TSSpredator-Web for TSS prediction but also for data exploration (G3), as illustrated
in our use case. The exploration can be pursued from di!erent angles. The MasterTable
provides access to all predicted results of TSSpredator, while the visualizations provide a
more comprehensive view of the data. For example, a quick overview of the TSS distribution
among classes, experiments, and locations in the genome can be achieved either by using
the UpSet plot or by the aggregated view of the genome browser. As shown in the use case,
users can identify specific TSS sets of interest; for example, those that occur only under
specific conditions; such as those enriched only when E. coli was treated with antibiotics.

The aim of the genome browser is to provide a single view that integrates genomic and
transcriptomic data (G4). Prior studies had to rely entirely on external tools, such as MEME,
to provide a genomic context for a TSS. Though our implementation of TSSpredator-Web
does not provide any statistical information on the occurrence of the sequences upstream
of a TSS, it allows a general exploration and contextualization of the data. With this,
users are not only able to identify TSS with high confidence values but also to dig deeper
into their potential regulation, such as sequences present in their promoter regions.

Moreover, the ability to characterize orphan TSS, those TSS not linked to annotated
transcriptional units, opens the door to discovering previously overlooked genomic elements,
such as ncRNAs (Barquist et al. 2016; Stazic and Voß 2016). Using the genome browser of
TSSpredator-Web, the confidence in such sites can be evaluated based on expression, high
step height values, or the presence of a Pribnow box. Other tools, such as the recently
developed pipeline TSS-Captur (Witte Paz et al. 2024), focus on further characterizing
these TSS sites to provide a hint about the functionality of the transcript and to close the
gap in missing gene annotations. Both TSSpredator-Web and TSS-Captur are part of
the Tübingen Visualization Server (TueVis) initiative, a visualization server for user-friendly
tools. In the future, it is planned to directly link TSSpredator-Web with TSS-Captur

to allow a seamless transition from exploratory TSS prediction to detailed characterization
of uncharacterized TSS.

While the current exploration within TSSpredator-Web is primarily visual, users may
also be interested in identifying statistically di!erent TSS between conditions. This can
be achieved by exporting the normalized expression profiles generated by TSSpredator
and extracting the enriched coverage profile surrounding each enriched TSS position
based on the MasterTable. These profiles are treated as distributions. Our statistical
approach uses the Kolmogorov-Smirnov (KS-)test (Kolmogorov 1933; Smirnov 1948) by
comparing the coverage distributions around the called TSS between the conditions. For
this, we conduct pairwise KS-tests between all replicates of the conditions to be compared
and compute a common p-value using the Cauchy combination test (Liu and Xie 2020).
Finally, all the combined p-values of all tested TSS are subject to a Bonferroni p-value
correction (Bonferroni 1936).

This approach has not yet been integrated into TSSpredator-Web, but we provide a
preliminary implementation in the GitHub repository.

Moreover, TSSpredator-Web has so far been thoroughly tested using coverage profiles
that account for the complete read length, particularly for defining the predefined
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parameter sets (see Suppl. Fig. II.S1). However, READemption (Förstner et al. 2014)
and other coverage profile generating tools, such as bedtools genomcov (Quinlan 2014)
or deeptools (Ramírez et al. 2014), also allow for the possibility of accounting for only
the first base of the read during profile generation. While TSSpredator-Web has not been
fully tested on such coverage profiles, we expect it to correctly identify TSS in this data as
well. Still, as first-base profiles tend to be less smooth, especially in intergenic regions, we
recommend running the prediction with more specific thresholds for the step height and
step factor parameters as the ones used for full-read coverage profiles.

Additionally, future developments of TSSpredator-Web may include support for newer
sequencing protocols such as Cappable-ONT (Putzeys et al. 2022) for long-read-based
TSS prediction and Term-seq (Dar et al. 2016) for the characterization of transcription
termination sites (TTS). This would provide deeper insights into RNA processing, regulation
and boundary detection, further extending the depth and applicability of TSS analyses in
prokaryotes.

In conclusion, TSSpredator-Web provides an accessible and interactive platform for
genome-wide TSS exploration, improving the discovery and interpretation of bacterial
transcriptomics. Its user-friendly focus, combined with the capability of visual analysis of
the data, provides users with a good basis for the analysis of the prokaryotic transcriptome
architecture.
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Algorithm II.S1 Library normalization of TSSpredator
Input: r ↔ N with N is the number of coverage profile pairs (samples)

Cr
non: Normalized non-enriched coverage profiles r

Cr
enr: Normalized enriched coverage profiles r

PL: Percentile for library normalization, default PL = 90
PE: Percentile for enrichment normalization, default PE = 50

Output: Library normalized coverage profiles er
non and er

enr

Q ↗ ↘
EF ↗ ↘
for all r ↔ N do

Qr ↗getPercentile(Cr
enr, PL)

Q ↗ {Qi, Q}
for s ↔ {+, ↑} do

N r,s
enr ↗ Cr,s

enr/Qi

N r,s
non ↗ Cr,s

non/Qi

end for
end for
Qmin ↗ min(Q)
for all s ↔ {+, ↑} and i ↔ N do

N↓r,s
enr ↗ N r,s

enr ≃ Qmin

N↓r,s
non ↗ N r,s

enr ≃ Qmin

T ↗ predictTSS(N↓r,s
enr , N↓r,s

non )
Fr ↗getEnrichmentFactors(T )
EFr ↗getPercentile(Fr, PE)
EF ↗ {EFr, EF}

end for
EFmax ↗ max(EF )
for all s ↔ {+, ↑} and r ↔ N do

er,s
non ↗ N↓r,s

non ≃ EFi
EFmax

er,s
enr ↗ N↓r,s

enr

end for
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Algorithm II.S2 Helper functions for TSS prediction
function DetectTSSPerReplicate(er

enr, Qmin, Th, Tf , W )
T abs

h
↗ Th · Qmin, D ↗ ↘

for i = 2 to L do
!h ↗ er

enr(i) ↑ er
enr(i ↑ 1), F ↗ er

enr(i)/er
enr(i ↑ 1)

if !h ⇐ T abs
h

and F ⇐ Tf then
D ↗ {D, i}

end if
end for
return CollapseClosePositions(C, W )

end function

function getEnrichmentFactorAcrossReplicates(T detected

k
(j), er

k,non
, er

k,enr
)

EFmax ↗ 0
for all replicates r of condition k do

EF ↗ er
enr(j)/er

non(j)
max(EFmax, EF )

end for
return EFmax

end function
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Algorithm II.S3 TSS prediction with TSSpredator, for each strand individually
Input: Library normalized coverage profiles er

non and er
enr for all conditions K

Minimal percentile Qmin, Thresholds step height Th, step factor Tf and enrichment
factor TEF

Allowed shifts per replicate !r, and conditions !k, Reduction values εh, εf

Minimal replicate support Rmin, Collapse window size W
for all replicates r do

Tr ↗ DetectTSSPerReplicate(er
enr, Qmin, Th, Tf , W )

end for

ϑ Cross-replicate grouping and threshold relaxation
ϑ If TSS have a position di"erence of at most !r across replicates of a condition, account
as equal
Tk ↗ GroupWithinConditions(Tr, !r)
for all clusters Tk with position j do

for all replicates r not represented in Tk do
T ↑

f
↗ max(1, Tf ↑ εf ), T ↑

h
↗ max(0, Th ↑ εh)

T ↑abs
h

↗ T ↑
h

· Qmin

for all x ↔ [j ↑ !r, j + !r] do
!h ↗ er

enr(x) ↑ er
enr(x ↑ 1), F ↗ er

enr(x)/er
enr(x ↑ 1)

if !h ⇐ T ↑abs
h

and F ⇐ T ↑
f

then
Tk ↗ {Kk, x}
break

end if
end for

end for
end for
ϑ A TSS needs to occur at least in Rmin replicated to be accounted
T detected

k
↗ filterForMinimalOccurrence(Tk, Rmin)

ϑ Enrichment factor evaluation
T enriched

k
↗ ↘

for all TSS in T detected

k
with position j do

EF ↗getEnrichmentFactorAcrossReplicates(Tk(j), er

k,non
, er

k,enr
)

if EF ⇐ EFthr then
T enriched

k
↗ {T enriched

k
, j}

end if
end for

ϑ Cross-condition merging
ϑ If TSS have a position di"erence of at most !k across conditions, account as equal
T enriched,detected ↗groupAcrossConditions(T enriched

k
, T detected

k
, !k )

return T enriched,detected
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Figure II.S1: Overview of the five predefined sets of thresholds for Step height, Step factor and
Enrichment factor for the TSS prediction with TSSpredator.
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Figure II.S2: Overview of how di!erent parameter sets influence TSS calling in TSSpredator.
Three discontinuous genomic positions (i, j, k) show loci with putative TSS. The top plot shows the
normalized expression profiles of the enriched and non-enriched RNA-seq libraries for one condition
and one replicate. The middle plots display the derived metrics Step Height, Step Factor, and
Enrichment Factor, together with the corresponding thresholds for the very specific, default, and
very sensitive parameter sets. Positions exceeding a given threshold are marked with a colored
point according to that parameter set. Note that for Step Factor, the thresholds for the very specific
and default sets coincide. In the bottom plot, a TSS is called at positions where all three metrics
surpass the thresholds of a given parameter set. The color of each TSS indicates the parameter set
that would identify it.
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Interface of TSSpredator-Web

Figure II.S3: Screenshot of drag & drop process for file distribution. Instead of selecting files
individually, they can be uploaded at once and distributed across the di!erent conditions and
replicates.

Use case

Figure II.S4: Secondary structure of the UTR region of the gene ugd as predicted by RNAfold.
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Abstract

RNA-seq and its 5’-enrichment methods for prokaryotes have enabled the precise
identification of transcription start sites (TSSs), improving gene expression analysis.
Computational methods are applied to this data to identify TSSs and classify them
based on proximal annotated genes. While some TSSs cannot be classified at all (orphan
TSSs), other TSSs are found on the reverse strand of known genes (antisense TSSs), but
are not associated with the direct transcription of any known gene. Here, we introduce
TSS-Captur, a novel pipeline, that uses computational approaches to characterize
genomic regions starting from experimentally confirmed, but unclassified TSSs. By
analyzing TSS data, TSS-Captur characterizes unclassified signals, complementing
prokaryotic genome annotation tools. TSS-Captur categorizes extracted transcripts
as either messenger RNA (mRNA) for genes with coding potential, or non-coding
RNA (ncRNA) for non-translated genes. Additionally, it predicts the transcription
termination site for each putative transcript. For ncRNA genes, the secondary
structure is computed. Moreover, all putative promoter regions are analyzed to
identify enriched motifs. An interactive report allows seamless data exploration.
We validated TSS-Captur with a Campylobacter jejuni dataset and characterized
unlabeled non-coding RNAs in Streptomyces coelicolor. TSS-Captur is available both
as a web-application and as a command-line tool.

Keywords: Transcriptomics, Genomics, Transcriptome Architecture, Transcript Characteri-
zation
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III. TSS-Captur: A User-Friendly Pipeline for Characterizing Unclassified RNA transcripts

Introduction

In molecular biology and genetics, the identification of transcription start sites (TSSs) can
provide valuable insights into the regulation of gene expression in prokaryotic organisms.
For example, it can aid researchers to understand the mechanisms controlling transcription
initiation by allowing the identification of nearby transcription factor binding sites (Sorek
and Cossart 2010) and hence provide new insights into gene regulation. Di!erential
RNA-seq (dRNA-seq) (Sharma et al. 2010) and Cappable-seq (Ettwiller et al. 2016) are
enrichment methods for RNA-seq that allow the identification of TSSs in prokaryotes.
These methods modify the RNA libraries prior to sequencing, allowing for the base-specific
identification of the 5↑-end of expressed genes. Such experiments typically result in hundreds
to thousands of TSSs, making a manual determination cumbersome. To facilitate the
process of TSS identification, computational methods have been developed in the past
years.

TSSpredator (Dugar et al. 2013) is one such tool that determines TSS signals from
experimental data. It then associates the identified TSSs with annotated genes based
on their proximity and strand. Studies that have generated genome-wide TSS maps
across various bacterial genomes have led to important insights into gene regulation and
expression. One study, a genome-wide transcriptome analysis of Helicobacter pylori,
uncovered regulatory mechanisms within the 5↑ untranslated regions (5↑-UTR) of annotated
genes (Bischler et al. 2015). A more recent study reported a genome-wide TSS map for
Bacteroides thetaiotaomicron (Ryan et al. 2020). Besides providing insight into the vast
transcription regulation mechanisms of the organism, this study reported around 269
potential non-coding RNA candidates, including GibS, a trans-acting RNA gene involved
in bacterial metabolism regulation. In these and many other studies, numerous TSS signals
were not found close to any annotated gene. Hence, such TSSs were typically reported as
orphans (oTSSs). Moreover, other TSSs were located on the antisense strand within the
coordinates of an annotated gene (thus typically called antisense TSSs, aTSSs), but have
no annotated gene in the direct downstream region.

Genome annotation pipelines, such as Bakta (Schwengers et al. 2021), Prokka (Seemann
2014), and PGAP (Tatusova et al. 2016), primarily focus on identifying sequences with coding
potential, located within messenger RNA (mRNA) transcripts, as well as housekeeping
non-coding RNA (ncRNA) genes. Other ncRNA genes are often overlooked due to their
diverse structural patterns. In addition, the complexity also increases, since ncRNA
genes with low sequence similarity may fold into the same or very similar structures.
This structural and sequence heterogeneity of ncRNA genes makes their computational
prediction challenging, especially in prokaryotes (Barquist et al. 2016; Seemann 2014;
Stazic and Voß 2016). Nevertheless, prokaryotic ncRNA genes play important functional
roles, such as the cis or trans action of small RNAs (Carvalho Barbosa et al. 2020). Orphan
and antisense TSSs are promising signals that may indicate the presence of overlooked
genes, such as these ncRNAs. Moreover, regions starting at these sites may also transcribe
previously unidentified protein-coding genes, such as small open reading frames (sORFs),
which have proven equally challenging to characterize (Gray et al. 2022; Orr et al. 2020).
Thus, an exploratory tool designed to automatically characterize the transcripts starting
at these sites as well as their respective upstream regions would o!er valuable insights into
the prokaryotic transcriptome.

To enable the characterization of these TSS classes and their downstream regions
in an explorative manner, we introduce TSS-Captur, a TSS-characterization pipeline
for unclassified RNA-transcripts. TSS-Captur combines the results of transcriptomic
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experiments with the underlying genomic sequence, allowing the characterization of
putative transcripts, starting with orphan and antisense TSS signals predicted using
TSSpredator. For the overall characterization, TSS-Captur integrates di!erent tools.
TSS-Captur determines whether a transcript beginning at an oTSS or aTSS transcribes
into a messenger RNA (protein-coding) or into a non-coding RNA (non-coding gene).
For this, it combines two well-established prediction methods: a comparative genomics
approach (QRNA (Rivas and Eddy 2001)) and an ab initio method (CNIT (Guo et al.
2019)). Furthermore, TSS-Captur associates TSS signals with predicted transcription
termination sites to compute the length of the transcript. It also provides the visualization
of the computed secondary structure of ncRNA genes, enabling the user to explore the
thermodynamic characteristics (i.e., folding potential) of such genes. Lastly, TSS-Captur
facilitates the analysis of motifs within the regions upstream of each TSS signal for
the identification of transcription factor binding sites or other regulatory elements. All
these results are presented in an interactive report that o!ers both an overview of the
predicted results and detailed information for each transcript. Implemented as a stand-
alone command tool and as an interactive web tool, TSS-Captur o!ers a user-friendly
complement to existing annotation methods, aiming to enhance understanding of the
bacterial transcriptome.

Related Work

The accuracy and completeness of a genome annotation is a key part for multiple
computational analyses, since it provides a baseline for the functional potential of an
organism (Schwengers et al. 2021). Typical prokaryotic genome annotation pipelines,
such as Bakta, Prokka or PGAP, not only lack the annotation of 5’ and 3’ UTRs, but
also of small ncRNAs (Schwengers et al. 2021; Seemann 2014; Tatusova et al. 2016).
Other approaches, such as Promotech (Chevez-Guardado and Peña-Castillo 2021) or
G4promfinder (Di Salvo et al. 2019), complement these predictions by characterizing
promoter regions. However, the diverse regulatory mechanisms in prokaryotes present
challenges in generalizing these methods. Adding the transcriptomic layer of information can
provide more precise or even potentially new results, such as refining a transcript’s structure
or identifying previously unannotated expressed regions. Tools such as APERO (Leonard
et al. 2019) and baerhunter (Ozuna et al. 2020) integrate transcriptomic data with
genome data by using mapped RNA-seq reads to identify expressed regions that are
not proximal to annotated genes, thereby identifying potential small non-coding genes.
However, RNA-seq data alone has been proven to be insu"cient for an accurate base-
exact prediction of gene boundaries (Bischler et al. 2015). Instead of relying on RNA-seq
data alone, ANNOgesic (Yu et al. 2018) uses dRNA-seq data to identify TSSs and their
corresponding transcripts. ANNOgesic o!ers a plethora of di!erent methods for enhancing
bacterial genome annotations, including the prediction of small RNAs (sRNA), sORF,
circular RNAs, CRISPR related RNAs, riboswitches and RNA-thermometers. However,
ANNOgesic lacks a user-friendly interface for executing and exploring results, making it
di"cult to confirm and further investigate its predictions. Our approach, TSS-Captur,
complements ANNOgesic by providing an intuitive web-based platform for exploration.

Material & Methods

TSS-Captur is a pipeline that characterizes genomic regions starting with TSS signals
that cannot be associated with any known annotated gene (orphan or antisense TSSs).
It is based on Nextflow DSL2 (Di Tommaso et al. 2017) for the stage management and
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III. TSS-Captur: A User-Friendly Pipeline for Characterizing Unclassified RNA transcripts

Figure III.1: Overview of TSS-Captur. Di!erent shapes have been used to represent data (ovals),
processes (rectangles) or databases (cylinders). The input files (red) are provided to Nextflow
for the data preparation. This provides the input to the RNA classification (blue) and the motif
analysis (yellow). The transcription termination site (TTS, purple) prediction works directly on
the genome and the results are combined with the classified transcripts. Here, transcripts classified
as ncRNAs are analyzed for their secondary structure (magenta). Lastly, all results are presented
in the interactive interface (green).

Docker for the containerization of all required tools. To facilitate the user experience,
TSS-Captur can be used as a web-application (Supplementary Figure III.S1), and results
can be explored through an interactive web-interface (Supplementary Figure III.S2). The
web-application is based on NextJS, while the report is created by Frozen-Flask and the
JavaScript library DataTables.

We also provide a stand-alone command-line version of the software. In the ensuing
sections, we provide a short overview of the TSS-Captur pipeline (see Fig. III.1), followed
by detailed explanations of each step.

TSS-Captur requires three di!erent input files: the MasterTable from the TSS
determination and classification process run by TSSpredator, as well as the genome
and annotation files used for the computation of the TSSs. TSS-Captur first filters all
TSSs to retain those classified as oTSSs or aTSSs from the MasterTable, extracts the
respective downstream genomic region and classifies it as representing either an mRNA or
ncRNA. Two di!erent methods are used for this step: CNIT (Guo et al. 2019), a method
based on support-vector machines (SVMs), as well as QRNA (Rivas and Eddy 2001), a
comparative sequence analysis requiring a pairwise alignment. Furthermore, the tools
TransTermHP (Kingsford et al. 2007) and RhoTermPredict (Di Salvo et al. 2019) are
used to predict genome-wide transcription termination sites (TTS). While TransTermHP
predicts intrinsic terminators via the identification of hairpin loops (Kingsford et al. 2007),
RhoTermPredict identifies Rho-dependent sites via the identification of Rho-utilization
(RUT) sites and RNA polymerase (RNAP) pause sites (Di Salvo et al. 2019). Based on
these predictions, a putative TTS (either intrinsic or Rho-dependent) is allocated for each
potential transcript. In the case of transcripts classified as ncRNA genes, TSS-Captur
computes their secondary structure using RNAFold (Gruber et al. 2008). Furthermore, the
putative promoter regions of all transcripts are analyzed using MEME (Bailey and Elkan
1994) to identify enriched motifs. All results are accessible via an interactive interface.
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Data Preparation

After obtaining only orphan and antisense TSSs from the MasterTable, sequences
downstream of these TSSs are extracted from the genome. The mean gene length (µG) is
calculated for all entries in the annotation file and used as the transcript length’s upper
limit, capped at a maximum of 1000bp to fulfill the limitations of QRNA. In addition
to using µG as a transcript limit, TSS-Captur also stops transcript extraction if any
specified genomic feature is found within the extraction range. Such features include any
TSS listed in the MasterTable (either primary, secondary, antisense or orphan) or the
start of an entry in the annotation file. By stopping extraction at any TSS, TSS-Captur
minimizes the impact of regions related to expressed genes, such as their 5↑-UTR regions,
on the characterization of the overlooked transcripts. Moreover, this step also prevents
the transcripts from overlapping with known but unexpressed genes. Consonant with the
recommendation of Rivas and Eddy (2001), all extracted regions shorter than 30 nt are
removed from the analysis together with their TSS (Rivas and Eddy 2001; Sorek and
Cossart 2010). After extraction, each transcript is saved in a separate FASTA-file, along
with its TSS class (oTSS or aTSS). To ensure consistency in reading direction (5↑-3↑), the
complement of reverse strand transcripts is computed.

Classification of transcripts

For the characterization of transcripts, TSS-Captur uses the comparative genomic tool
QRNA and the SVM-based ab initio tool CNIT (Guo et al. 2019; Rivas and Eddy 2001).
Running both classifiers strengthens TSS-Captur’s prediction by accounting for di!erent
sequence characteristics and evolutionary aspects of the classification. CNIT requires only
the transcript sequence as input and o!ers two pre-trained models: one trained with
animal data and the other with plant data. To our knowledge, no similar tool has been
developed for prokaryotes. To ensure the appropriate application of CNIT to prokaryotic
data, both models were tested on a subset of annotated genes (see Verification and Use
Case below for details). Unlike CNIT, QRNA relies on a pairwise alignment. To determine
the most appropriate alignment for each sequence, TSS-Captur uses BLAST and the nt
database (Altschul et al. 1990). A recommended optimal evolutionary distance between
sequences, which conserves structure (for ncRNAs) and still returns plausible alignments,
is within the range 65-85% (Barquist et al. 2016; Rivas and Eddy 2001). To achieve such a
pairwise alignment, the sensitive discontinuous dc-Megablast search strategy of BLAST is
employed, since it mainly returns hits with 80% similarity (McGinnis and Madden 2004).
To address the long runtime and the high sensitivity of this search approach, TSS-Captur
reduces the search space in the database to consider only species within the same genus
as the analyzed organism. This is achieved by using the organism’s accession code and
the ETE toolkit (Huerta-Cepas et al. 2016) library to query the NCBI Taxonomy. The
hits reported by BLAST are evaluated according to the following criteria: (1) the sequence
similarity is within the optimal range and (2) the coverage of the transcript is maximized,
prioritizing conservation at the 5↑-region of the query (see Supplementary Section B for
details). For each transcript, the best alignment is stored in a FASTA-file for usage in QRNA.

The outputs of both tools are compared to compute a final call for each transcript.
Both CNIT and QRNA provide a class prediction, a prediction score, and the best functional
genomic subregion (e.g., the predicted coding-sequence region for an mRNA transcript).
TSS-Captur computes a class-specific z-score normalization to enable a comparison of
the two methods’ prediction scores. In case of agreement, the output of the best-scoring
program is used. In the case of class disagreement of the two tools, TSS-Captur proceeds
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as follows:

• If either of the tools predicts a coding gene (i.e. mRNA), and the other an ncRNA,
the mRNA class is chosen (see Verification for details).

• If QRNA returns no prediction due to a missing alignment or due to choosing the null
model (OTH ), CNIT’s prediction is used.

Since both tools also return the coordinates of the most probable functional subsequence,
a putative 3’-end for each transcript is computed during this step. However, this is refined
by identifying a nearby putative TTS in the following step.

Transcription termination sites

TSS-Captur makes its termination site prediction in a genome-wide manner us-
ing TransTermHP (Kingsford et al. 2007) in the case of intrinsic termination and
RhoTermPredict (Di Salvo et al. 2019) for Rho-dependent termination. TransTermHP
is run using nocoRNAc (Herbig and Nieselt 2011) as a wrapper, since it is optimized for
whole-genome analysis and directly filters terminators with low confidence scores (below
75). Both tools report annotation files (GFF-files) with predicted genome-wide termination
regions and their corresponding confidence score.

After the aforementioned transcript classification, TSS-Captur associates transcripts
with potential terminators. For each transcript, all predicted TTS starting within the
coordinates defined by QRNA or CNIT are considered. Each putative TTS is evaluated by
considering its prediction score and its distance to the 3’-end predicted during classification
(see Supplementary Section C for details). The best-scoring TTS is taken for each transcript.

The transcript’s end is then adjusted according to the type of terminator identified.
For intrinsic terminators, the end of the hairpin loop marks the TTS. In Rho-dependent
cases, the RNAP pause site (150 nt downstream of the RUT site) is analyzed, as it may
contain either a hairpin or only a RNAP-pause site (Henkin 1996). If a hairpin structure is
detected, both the RUT site and hairpin are included in the termination region, with the
TTS placed directly behind the hairpin. If no hairpin is found, the end of the RNAP pause
site is considered as the transcript’s end. This process defines a TTS and a transcript
length (TTS position ↑ TSS position) for each transcript.

Secondary structure prediction

For each transcript classified as an ncRNA, RNAFold (Lorenz et al. 2011) is used to compute
the secondary structure with the minimum free energy (MFE). This RNA structure is
saved as a JPG-file and linked in the interactive report.

Promoter region analyses

The putative promoter region of each accounted TSS is analyzed using MEME (Bailey and
Elkan 1994; Bailey, Boden, et al. 2009) to identify over-represented motifs. Such enriched
motifs could be either novel regulatory elements or also known transcription factor binding
sites, such as the Pribnow-Box or the -35 box. Identifying such motifs can strengthen the
validity of the TSS signals. For this analysis, TSS-Captur extracts the 50bp upstream
region of each TSS to be passed to MEME, which identifies a user-defined number of motifs
ranging from 5 to 20bp in length. As long as no more than 1,000 TSSs are analyzed in one
batch, MEME will also provide the start of each motif in each sequence, which is essential
for identifying common regulation motifs. Results are provided by MEME in a user-friendly
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Table III.1: Evaluation of CNIT’s performance on C. jejuni’s subset. Each model was evaluated by
computing the sensitivity, specificity and precision concerning the annotated RNA class.

Model Type Sen. Spec. Prec.

Plant mRNA 0.92 1 1
ncRNA 1 0.92 0.926

Animal mRNA 0.82 1 1
ncRNA 1 0.82 0.847

HTML report and as an XML-file. The XML output is further converted into a TSV-file for
easier data manipulation. Both formats are included in TSS-Captur’s final output.

TSS-Captur Result Interface

To streamline exploration of TSS-Captur’s output, a comprehensive HTML report
summarizes the results in one interface (see Supplementary Figure III.S2), via interactive
tables for each characterization step. The overview page o!ers a summary of analyzed
and discarded TSSs, including their classification as either orphan or antisense. The
central table on this page merges important data: TSS position, strand, predicted class
(mRNA/ncRNA), promoter motifs, among other information. Moreover, the page integrates
the visualization of the secondary structure for each transcript predicted as ncRNA. The
pages on the terminator allocation and classification provide in-depth information on
the corresponding processes. For example, the classification page allows users to trace
the rationale behind each transcript’s assigned class. The MEME HTML report is directly
integrated in TSS-Captur’s report, allowing a detailed inspection of promoter motifs and
leveraging all of MEME’s existing visualization advantages, as well as the other tools from
the MEME Suite (e.g., TOMTOM (Bailey, Boden, et al. 2009)). Finally, the ignored TSS page
lists TSSs excluded by TSS-Captur due to their short length.

Results

Verification of TSS-Captur

To assess the overall performance of TSS-Captur, we used the expression data for
Campylobacter jejuni str. NCTC 11169 published by Dugar et al. (Dugar et al. 2013) to
compute a MasterTable using TSSpredator, with default parameters. The annotation file
(RefSeq ID NC_002163) was used to classify the TSSs with respect to annotated genes.
From this set, we selected a subset of 100 primary TSSs (pTSS) and their corresponding
annotations, equally balancing both RNA classes (ncRNA and mRNA).

First, we extracted the transcripts using the exact coordinates of each annotated gene of
the subset to assess the two models of CNIT (animal-based and plant-based) with respect to
sensitivity, specificity and precision. Both models demonstrated high sensitivity, specificity,
and precision (all ⇐ 0.82; see Table III.1), indicating that the use of CNIT is suitable for
prokaryotes. However, the plant model delivered better results (⇐ 0.92; Table III.1) and is
therefore used subsequently.

Afterwards, the influence of the extracted transcript’s length on the overall RNA
classification implemented in TSS-Captur was assessed. For each TSS and its annotated
transcript end l, multiple regions with varying end l↑ were extracted, with l↑ = l + t
and t = 5i, i ↔ [↑20, 20]. To achieve a larger dataset, we lowered the 30 nt extraction
threshold to 5 nt. Based on the RNA class (mRNA or ncRNA) from the annotation
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Figure III.2: Evaluation of RNA classification. The three di!erent types of predictions are shown:
CNIT, QRNA and the combination implemented in TSS-Captur. For each prediction type and for
each modified l→, the precision was computed for each type of transcript (ncRNA and mRNA).

Figure III.3: Evaluation of TSS-Captur by treating pTSSs as oTSSs. (A): Confusion matrix on
the real and predicted RNA classes for the transcripts. (B): Distributions of the genes’ di!erences
(predicted - annotated) by predicted RNA class (bin width = 50 nt). The mean and median
di!erences are also shown. Wrongly predicted RNAs are highlighted (red).

file, we computed the precision for the three classification approaches (CNIT, QRNA and
TSS-Captur’s resulting decision of the combination of both methods). This analysis
revealed that by combining both approaches as implemented in TSS-Captur, the highest
precision (within the range 0.8-0.95) across most of the transcripts for ncRNA genes
was achieved, while CNIT’s precision was the highest for mRNA genes across all lengths
(Fig. III.2). Still, the combination implemented in TSS-Captur returned also precise results
for mRNAs (> 0.95) across all transcripts’ length.

Lastly, we modified the MasterTable to assess the whole process behind TSS-Captur. We
removed all oTSSs or aTSSs from the MasterTable to avoid their analysis in TSS-Captur.
The entries in the MasterTable and the annotation file for the 100 pTSSs of the subset
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Figure III.4: Visual summary of TSS-Captur output for S. coelicolor ’s data. (A): Summary of the
predicted RNA classes for each transcript by the tool used for prediction and the original TSS
type. (B): Distribution of the allocated terminator regions, wrt. their type. (C & D): Histogram
(bin width = 20) of the length for annotated genes (C) and for predicted transcripts (D). Only
annotated genes shorter than 1250 nt are shown for a better comparison with the predictions.

were modified to simulate orphan TSSs. The remaining TSSs were left unmodified to have
a feasible MasterTable. The output of TSS-Captur was compared with the original classes
and lengths. All ncRNA genes were correctly classified, and of the 50 mRNA genes, only
four were incorrectly classified as ncRNAs (Fig. III.3A). For the prediction of the gene’s
length, the di!erence between the predicted and the annotated length was computed,
returning a mean di!erence of 9.2 nt and a median of -35 nt (Fig. III.3B). 57 genes had an
absolute length di!erence ⇒ 100 nt, while 74 genes had an absolute length di!erence ⇒ 250
nt. For those 18 genes with an absolute length di!erence ⇐ 500 nt, a clear di!erence in the
classes was observed. On the one hand, eight coding genes were strongly underestimated in
their length. On the other hand, nine ncRNAs were greatly overestimated in their length.

Use Case: Streptomyces coelicolor

To demonstrate the applicability of TSS-Captur, we analyzed a genome-wide TSS dataset
of Streptomyces coelicolor (Jeong et al. 2016). For this, the expression data was analyzed
using TSSpredator with sensitive parameters and an annotation file for the organism
(RefSeq ID NC_003888.3). This resulted in a total of 1, 660 antisense and orphan TSSs that
were passed to TSS-Captur as input, together with the genome sequence and annotation
file.

118 of these TSSs were filtered out, since they would have produced transcripts of a
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Figure III.5: Distribution of start of most enriched motif in the promoter regions for S. coelicolor ’s
analyzed TSSs using MEME.

length below our threshold of 30 nt. Of the remaining 1,542 TSSs, 925 regions were predicted
as ncRNA genes and 617 as coding genes (Fig. III.4A, Supplementary Fig. III.S2). The
majority of the analysed transcripts was predicted to have a Rho-dependent terminator site
(80.8%), 2.8% showed intrinsic termination and for 16.4% of the sequences no terminators
were predicted (Fig. III.4B). The predicted ncRNA transcripts as well as coding genes
displayed a wide range of lengths (Fig. III.4D). With a median length of 933 nt, coding
genes are on average around twice as long as ncRNAs, which show a median length of 501
nt. The median and mean gene length predicted for mRNA transcripts is also close to
the mean and median length of all annotated genes of S. coelicolor (see Fig. III.4C) The
secondary structure of genes predicted as ncRNAs was also computed and included in the
report (see Supplementary Fig. III.S3).

TSS-Captur identified two enriched motifs within the upstream regions of the analyzed
transcripts. The most-significant motif (E-value = 2.8↓10→469) was found in 564 promoter
sequences, exhibiting a strong G/C pattern and a preference for position 20 nucleotides
upstream of the TSS (Fig. III.5). A database comparison using TOMTOM (Gupta et al. 2007)
was started from the report of TSS-Captur. However, it did not return any matches for
this motif.

Another study by Vockenhuber et al. (2011) identified 63 putative small ncRNA genes
including their TSSs and TTSs based on RNA-seq. Eleven of them were confirmed using
Northern Blot. We compared the 63 putative ncRNAs as predicted by Vockenhuber et
al. with the results generated by TSS-Captur based on the study by Jeong et al. (2016).
Since both studies analyzed S. coelicolor under di!erent conditions, and the TSS inference
methods also di!ered, the data had to be made comparable. For this, we reduced the sets of
TSSs computed with Jeong et al.’s data to those that had a distance of ±15 nt to the regions
reported by Vockenhuber et al. This comparison revealed 23 intersecting TSS positions,
including six that had been confirmed using Northern Blot (Supplementary Table III.S1).
Of all overlapping transcripts, TSS-Captur classified 18 as ncRNA genes, including the
six genes confirmed using Northern Blot. Compared to the lengths reported by the study,
TSS-Captur predicted longer transcripts (Supplementary Fig. III.S4). To further validate
our predictions, we compared all transcripts classified as ncRNA genes against the RFAM
database (Kalvari et al. 2021). This returned 11 unique hits (Supplementary Table III.S2),
of which three hits were transcripts already identified in the Vockenhuber et al. study.

116



Figure III.6: Runtime analysis of TSS-Captur. The runtime of 18 analyses is visualized together
with the computed linear regression line (left). The mean of the runtime as well as the standard
deviation of each process was computed and shown here in % relative to the overall runtime (right).
Processes that were faster than one minute (e.g., TransTermHP) are not shown.

Runtime analysis

The runtime of TSS-Captur was assessed using multiple datasets (in total, 18 di!erent
runs were conducted) including the conduct of all genome-wide analyses (termination site
predictions, promoter identification, etc. It was performed on a server with an Intel(R)
Xeon(R) E5-4610 v2 @ 2.30GHz CPU using at most 4 cores. The results show a clear linear
dependency on the number of TSSs (Figure III.6, left) with an increase in the runtime by
18.6s per TSS. In all runs, the most time-consuming step is the QRNA analysis (89.5% of
total; see Figure III.6, right).

Discussion

Genome-wide base-resolved transcriptome maps o!er insights into regulation regions of
annotated genes (e.g., 5’-UTRs, promoters) (Bischler et al. 2015; Ryan et al. 2020).
However, they also reveal strong transcription signals in unannotated regions – a rich
source of potentially undiscovered genes. Our exploration tool, TSS-Captur, unlocks
the potential of these sites, enabling user-friendly analysis that combines genomic and
transcriptomic data for their characterization.

The main back-end component of TSS-Captur is a pipeline implemented using
Nextflow. Among the advantages of Nextflow are its declarative syntax, as well as
modularity and extensibility, which facilitate multiple aspects of the identification and
characterization of TSSs.

For the classification of previously uncharacterized transcript sequences, both intrinsic
genomic features (CNIT) and evolutionary conservation (QRNA) are considered. Similarly, the
transcription termination site prediction combines complementary methods (TransTermHP
& RhoTermPredict) for a broad analysis. The analysis of secondary structures and
promoter regions o!ers insights into the function of the transcript as well as its regulation
mechanisms. A unified report facilitates exploration of the results.

To validate our approach, we used a dataset based on primary TSSs in Campylobacter
jejuni. We analyzed the precision of the RNA classification across varying transcript
lengths, demonstrating that our combined approach provides a balanced performance for
both gene classes. By simulating orphan TSSs, we evaluated the overall performance of
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TSS-Captur. The results showed accurate classification for all ncRNAs and almost all
protein-coding genes, while lengths’ predictions vary in accuracy across genes.

Our analysis of the S. coelicolor TSS dataset showcases the utility of TSS-Captur in
exploring unannotated genomic regions. Of particular interest is the identification of a
highly enriched G/C motif upstream of many of the unannotated transcripts. While no
direct matches were found using TOMTOM, this motif might be associated with G-quadruplex
regulation mechanisms known to operate in S. coelicolor (Di Salvo et al. 2018). This
finding demonstrates how TSS-Captur facilitates hypothesis generation. Via the report of
TSS-Captur, other tools from the MEME Suite (Bailey, Boden, et al. 2009) are available to
the user to further investigate identified enriched motifs within the promoter regions.

TSS-Captur’s predictions exhibited some overlap with the experimentally validated
ncRNAs from Vockenhuber et al. 2011. Here, it is important to remark that the experimental
conditions between the analyzed TSSs with TSS-Captur and the study of Vockenhuber et
al. di!ered, hence not all transcripts might be present. This, together with our choice of
using the TSS prediction of TSSpredator with the most sensitive parameters, explains the
rather low rate of commonly called TSSs. Nonetheless, the confirmation with the study,
along with the RFAM validation of some predicted ncRNAs, emphasizes how TSS-Captur
can be used to detect novel ncRNAs.

Both TSS-Captur and ANNOgesic use a number of di!erent backend tools for transcript
characterization. While ANNOgesic currently o!ers a larger range of methods than
TSS-Captur, addressing additional aspects of transcriptomic data annotation, it also
has some limitations. ANNOgesic’s reliance on existing databases and known mechanisms
(like the Shine-Dalgarno sequence) for transcript characterization may limit the discovery of
novel genes. In contrast, TSS-Captur’s classification relies on more abstract characteristics
of the transcripts, with the potential for uncovering previously unknown mechanisms of
transcription. Furthermore, by including RhoTermPredict, TSS-Captur accounts for Rho-
dependent termination, a well-known mechanism in prokaryotes (Henkin 1996). Moreover,
ANNOgesic’s command-line interface and lengthy documentation pose challenges for users
lacking extensive computational skills. One motivation to develop TSS-Captur was to
provide users with a user-friendly and accessible tool. Our web-interface simplifies file
parsing, eliminating the need for inexperienced users to engage in direct command-line
interaction. Also, TSS-Captur unifies results within a single interface, o!ering data
exploration alongside convenient access to secondary structure visualizations and external
analysis options, such as MEME.

Due to the flexibility of Nextflow, new modules, tools or even other data sources can
be easily included in TSS-Captur. One issue that we identified in our two use cases is
the prediction of the 3’-end of transcripts. In particular, the lengths of predicted ncRNAs
often seem to be overestimated. This was revealed by the validation study, as well as our
observation that TSS-Captur’s predicted transcripts often aligned only with subsequences
within the RFAM entries. In the future, we may consider integrating more recent tools or
other data sources for the prediction of the 3’-end, such as TermNN (Brandenburg et al.
2022) or Term-seq data (Dar et al. 2016).

For the classification step of uncharacterized transcript regions, we used two
complementary methods and thereby provide a general idea of the transcript’s function
(either mRNA or ncRNA). Nonetheless, there remains an opportunity to advance
the classification of prokaryotic transcripts. For instance, new methods for intrinsic
classification, specifically trained with prokaryotic data, could be developed. These
approaches could yield even more precise predictions about transcript classes, though
one must account for the fact that sequence homology-based classification typically o!ers
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higher precision, especially as the number of sequences increases (Barquist et al. 2016;
Fu et al. 2013). This is particularly true when intrinsic features alone are insu"cient for
accurate classification, as it is often the case with short-length sORFs (Samayoa et al.
2011). Moreover, improvements are possible not only in classification but also in the
identification of the most likely secondary structures for ncRNA genes. By considering
homologs with similar, though not identical, primary structures, tools like Infernal can
incorporate this possibility of structural prediction (Nawrocki and Eddy 2013). However,
the identification of the relevant set of homologs is not trivial and often requires manual
intervention, making such an approach di"cult to automate (Barquist et al. 2016).

With respect to the classification, it needs to be acknowledged that TSS-Captur defines
two distinctive classes (mRNA and ncRNA) for a transcript. This strict classification
might not be adequate for all transcripts, such as dual-function small RNAs (Raina et al.
2018; Schnoor et al. 2024). This lesser known class of genes consists of two components: a
small non-coding RNA and a small open-reading frame component. The limited number of
relevant prokaryotic examples hinders the generalization of identification methods for this
class of genes (Schnoor et al. 2024). Nevertheless, any future development that provides a
clearer classification for such transcripts can be easily integrated in TSS-Captur due to
the Nextflow-based structure.

In summary, starting from experimental TSS data, TSS-Captur predicts the
characterization of unclassified signals and allows a user-friendly exploration to complement
prokaryotic annotation tools, contributing to the understanding of bacterial transcriptomes.
By combining a user-centric design, TSS-Captur empowers researchers with diverse
technical backgrounds to characterize experimentally detected transcription signals and
eventually accelerate the discovery of novel genomic elements and their regulatory
mechanisms.

Availability

TSS-Captur can be accessed at https://tsscaptur-tuevis.cs.uni-tuebingen.de/. The source
code is available via Zenodo at https://zenodo.org/doi/10.5281/zenodo.12527008. The
datasets used for this study are also available online at https://zenodo.org/doi/10.5281/
zenodo.12526907. All tools required for the pipeline have been containerized into a Docker
image and are publicly available at https://hub.docker.com/r/mwittep/tsscaptur
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Supplementary Material

A. The TSS-Captur pipeline

Figure III.S1: Snapshot of the web-interface of TSS-Captur. It allows the user to upload their files,
as well as selecting a few parameters for the pipeline. Two other pages provide more information
wrt. TSS-Captur. The Example Data page links di!erent datasets that can be used directly in
TSS-Captur, as well as their precomputed reports. The About page provides an overview of the
pipeline, such as the tools used for characterization.
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Figure III.S2: Snapshot of the interactive report of TSS-Captur visualizing S. coelicolor ’s data.
The interface provides di!erent levels of details for each analysis step run in TSS-Captur that can
be accessed via the navigation menu (left). An overview of the data is provided by summarizing
main results of the analyzed TSSs. The information regarding each transcript is listed in a tabular
view that allows sorting and filtering.
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B. Evaluation of BLAST’s hits

After BLAST returns a set of local alignments A for each transcript, the optimal hit H↓ must
be selected. Instead of relying solely on the best E-value or bit-score, other characteristics
are crucial. The ideal pairwise-alignment hit should fulfill the following criteria:

• The distance to the TSS (DT SS) should be minimal.

• The similarity Sim should be within the range of 65 ↑ 85%.

• The coverage of the query (Covq) in the alignment should be maximized.

To evaluate each hit (Hi ↔ A), the scoring function Eq. 1 is used. qcovhsp, qstart
and pident are values returned by BLAST that represent the coverage of the query, the
start of coordinate of the alignment in the query and the overall identity of the alignment,
respectively. A weighted average S combines the three scores with weights 0.45, 0.35, and
0.2, reflecting the relative importance of TSS proximity, similarity, and query coverage.
For each transcript, the alignment H↓ is taken, with H↓ = arg max S(Hi), ⇑Hi ↔ A, and
stored in a FASTA-file for usage in QRNA.

DT SS(Sq, t) = min(max(0, Sq ↑ t), t + 20)
t + 20

DSim(IA) = Nµ=75,ω=8(IA)
Nµ=75,ω=8(75)

Covq(Cq) = min(1,
Cq ↑ 50

25 )

S(Hi) = 0.45 · DT SS(qstartHi
, 10)

+ 0.35 · DSim(pidentHi
)

+ 0.2 · Covq(qhspcovHi
)

(Eq. 1)
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C. Evaluation of termination sites

During classification, QRNA and CNIT return the most-probable functional subsequence and
hence hint for a first 3’-end of the transcripts. After this, TSS-Captur continues with the
allocation of a predicted termination site. For each transcript, any termination regions
predicted by RhoTermPredict and TransTermHP starting within the subsequence defined
by the two classification tools are considered as putative termination sites. Since the used
tools might return false-positives, the predictions are scored to identify the most-plausible
termination site. We consider two aspects for this evaluation: the confidence value TTSscore

returned by the corresponding prediction tool, and the location of the termination region
wrt. the coordinates reported by the classification step (Tstart and Tend, respectively,
for the start and end of the predicted transcript). Note that Tstart is the same as the
TSS position and Tend is the putative end predicted by either QRNA or CNIT. The scores
of TransTermHP and RhoTermPredict have di!erent ranges, hence they are normalized,
computing TTS↑

score A weighted average is computed using the normalized score and the
distances to the TSS and the 3↑-end of the transcript, as seen in Eq. 2.

Dstart = |TTSstart ↑ Tstart|
length(T )

Dend = |TTSstart ↑ Tend|
length(T )

score = TTS↑
score

2 + Dstart

4 +
(1 ↑ Dend

4

)
(Eq. 2)
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III. TSS-Captur: A User-Friendly Pipeline for Characterizing Unclassified RNA transcripts

D. Use case: S. coelicolor

Figure III.S3: Interactive report of TSS-Captur visualizing S. coelicolor ’s transcript antisense_192.
The predicted secondary structure is directly visualized in the interface after clicking the
corresponding element in the table.

Figure III.S4: Histogram (bin width = 50) showing the length di!erences between experimental
results presented by Vockenhuber et al. (2011) and predicted transcripts with TSS-Captur for S.
coelicolor . Highlighted bars (red) represent transcripts confirmed using Northern Blot.
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Table III.S1: Comparison of results of TSS-Captur with the study by Vockenhuber et al. (2011).
The first columns represent the name, start, end and length reported by the study. Transcripts
confirmed via Northern Blot (NB) by Vockenhuber et al. are indicated. For TSS-Captur’s results,
the position of the TSS, the start, end, class and length reported by the characterization are shown.

Study Vockenhuber et al. Results of TSS-Captur
Name Start End Length NB ID TSS Length Class

scr0991 1045891 1046090 200 Yes orphan_20 1045891 351 RNA
scr1601 1711967 1712074 214 Yes antisense_192 1712079 214 RNA
scr1821 1950867 1950948 82 Yes orphan_32 1950867 1077 RNA

scr2736-1 2982224 2982505 282 Yes orphan_48 2982224 34 RNA
as2780 3034099 3034209 111 Yes antisense_376 3034209 1142 RNA

scr3035 3321216 3321353 138 Yes orphan_59 3321353 140 RNA
as3287 3636488 3636569 82 No antisense_488 3636567 527 RNA
as3317 3669433 3669657 225 No antisense_491 3669433 1104 COD
as3321 3673385 3673581 197 No antisense_494 3673385 709 COD

scr3323 3675098 3675329 232 No orphan_77 3675098 331 RNA
scr3558 3933527 3933668 142 No antisense_599 3933677 32 RNA
scr3559 3934693 3934927 235 No orphan_88 3934687 71 RNA
scr3920 4315358 4315484 127 No antisense_682 4315355 848 COD
scr3928 4323842 4324023 182 No orphan_109 4323842 584 RNA
as4261 4674583 4674770 188 No antisense_744 4674582 36 RNA
as4567 4984635 4984793 159 No antisense_804 4984793 1059 COD

scr4632 5055055 5055172 118 No orphan_142 5055173 533 RNA
as4675 5106760 5106941 182 No antisense_860 5106761 417 RNA
as4699 5124039 5124366 328 No antisense_870 5124354 621 RNA
as5028 5464169 5464418 250 No antisense_942 5464419 806 RNA

scr6106 6706584 6706667 84 No antisense_1148 6706584 932 COD
scr6908 7672451 7672670 220 No orphan_230 7672451 916 RNA
scr6925 7688336 7688466 131 No orphan_233 7688336 877 RNA
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Table III.S2: Hits of S. coelicolor ’s predicted ncRNA genes in the RFAM database. The accession code column corresponds to the identification used within
RFAM, while the column ID refers to the label given to the transcript by TSS-Captur. Start and End refer to the local coordinates within each transcript
that were aligned. The predicted length refers to the length predicted by TSS-Captur, while the aligned length refers to how much of the transcript was
actually aligned. Hits marked with an asterisk (*) represent transcripts that come from the data of Vockenhuber et al..

ID Target name Acc. code Start End E-value Pred. length Aligned length
orphan_87 6C RF01066 25 100 1.70 ↓ 10→05 167 76
antisense_111 Cobalamin Riboswitch RF00174 229 331 4.40 ↓ 10→14 330 103
orphan_20 *Cobalamin Riboswitch RF00174 17 235 4.90 ↓ 10→27 153 219
orphan_233 *Scr6925 RF02826 1 130 2.10 ↓ 10→25 560 130
antisense_192 *Scr1601 RF02830 6 213 3.00 ↓ 10→40 214 208
antisense_840 tRNA RF00005 401 468 7.10 ↓ 10→12 467 68
orphan_127 ydaO-yuaA RF00379 182 338 1.50 ↓ 10→26 337 157
orphan_128 Scr4115 RF02829 80 188 2.40 ↓ 10→16 644 109
orphan_157 Scr5239 RF02605 66 224 3.90 ↓ 10→32 543 159
orphan_167 che1 RF02935 370 471 4.70 ↓ 10→15 486 102
orphan_78 Bacterial ssrRNA RF00177 602 743 6.80 ↓ 10→32 739 142
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Abstract

Metallophores are secondary metabolites that enable bacterial growth in metal-limited
environments such as the human nasal microbiome. While synthesis and uptake of
metallophores in Staphylococcus aureus is well characterized, the diversity across the
Staphylococcus genus remains unclear. We performed a comprehensive bioinformatic
analysis of 77 representative species, as well as over 1800 strains, to map metallophore
biosynthetic gene clusters (BGCs) and uptake systems. Staphyloferrin A (SF-A)
biosynthesis was widely conserved, though disrupted loci were found in some species,
with some of them appearing to have replaced SF-A with a newly discovered, still
uncharacterized, BGC. In contrast, staphyloferrin B (SF-B) and staphylopine (STP)
production were restricted to select species. Uptake systems were more broadly
distributed, showing evidence of "cheating" species that lack biosynthesis, but retain
the required lipoproteins for metallophore usage. S. lugdunensis exemplifies this,
encoding multiple uptake systems without producing known metallophores. Strain-
level variation was also observed, particularly with specific cases of SF-A truncation,
but also for the diversity of lipoprotein receptors. These findings highlight the diversity
of metallophore systems, suggesting diverse metallophore-dependent cooperation and
competition within the Staphylococcus genus. This work provides a foundation for
future experimental studies to identify the role of metallophores in microbial community
interactions.

Keywords: Metallophores, Genomics, Biosynthetic Gene Clusters, Staphylococci
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IV. A landscape of metallophore synthesis and uptake potential of the genus
Staphylococcus

Introduction

Staphylococci are common members of the human and animal microbiota. The pathogen
Staphylococcus aureus colonizes the anterior nares of approximately one-third of the
human population, and this colonization represents a major risk factor for subsequent
infections (Wertheim, Melles, et al. 2005; Wertheim, Vos, et al. 2004). Other staphylococcal
species generally considered less virulent—such as Staphylococcus epidermidis—are
ubiquitously present on human skin and nasal mucosa (Bomar et al. 2018).

Skin and mucosal surfaces are nutrient-limited environments, particularly with respect
to trace metal ions such as iron (Fe), manganese (Mn), copper (Co), and zinc (Zn).
These transition metals are essential cofactors for key metabolic enzymes, and although
required only in trace amounts, bacterial growth is fully dependent on their availability.
Among them, iron has been studied most extensively due to its critical role in enzymes
involved in DNA replication, glycolysis, and respiration (Schaible and Kaufmann 2004;
Weinberg 2000). However, Mn and Zn are also essential for bacterial physiology (Lonergan
and Skaar 2019). On epithelial surfaces, host-secreted metal-binding proteins such as
lactoferrin (Fe) and calprotectin (Mn/Zn) restrict the availability of these ions (Zackular
et al. 2015). This defense mechanism is known as nutritional immunity and limits bacterial
proliferation (Murdoch and Skaar 2022).

To overcome metal starvation, many microorganisms possess dedicated biosynthetic gene
clusters (BGCs) allowing the production of metallophores, small, high-a"nity secondary
metabolites, that scavenge trace metals from the environment. In some cases, metallophores
even extract metals directly from host proteins like lactoferrin or calprotectin (Neumann
et al. 2017). Among the best-studied classes of metallophores are siderophores, a subclass
specialized in iron scavenging (Kraemer et al. 2015). Once metal-saturated, the chelators
are recognized by specific receptors on the bacterial surface (lipoproteins in Gram-positive
bacteria) and imported into the cell, where the metal is released via reduction or degradation
of the metal chelator. Metallophores can function as public goods within bacterial
communities. Once secreted, they can be utilized by neighboring bacteria that express
compatible receptors. This enables diverse ecological interactions, ranging from cooperative
“shared labor” to exploitative “cheating”, where non-metallophore producing bacteria steal
the benefits without contributing to the metabolic costs of their production (Kramer et al.
2020).

Staphylococcus aureus is known to produce metallophores, and both its metallophores
and their physiological relevance are well characterized (Ghssein and Ezzeddine 2022)
(Fig. IV.1). The pathogen synthesizes the iron-binding siderophores staphyloferrin A
(SF-A) and staphyloferrin B (SF-B). SF-A is a carboxylate-type siderophore produced
via a nonribosomal peptide synthesis (NRPS) independent system: The BGC consists of
sfaABCD genes with sfaB/D representing iucA/C homologs, making staphyloferrin A a
classical NRPS independent siderophore (NIS) (Beasley, Vinés, et al. 2009). Iron-loaded
SF-A is recognized by the substrate-binding lipoprotein HtsA and imported via the HtsABC
system (Cotton et al. 2009). SF-B is also a carboxylate-type siderophore, synthesized by
SbnABCDEFGHI in an NRPS-independent fashion but without IucA/C homologs (Dale,
Doherty-Kirby, et al. 2004). The siderophore is then imported via the SirABC system,
following recognition by the SirA lipoprotein (Dale, Sebulsky, et al. 2004).

In addition to iron acquisition, S. aureus produces the Mn/Zn-binding metallophore
staphylopine (STP) which is also synthesized in an NRPS-independent manner by
CntKLME (Ghssein, Brutesco, et al. 2016). Metal-saturated staphylopine is recognized by
the lipoprotein CntA and imported through the CntABCDF system.
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Figure IV.1: Schematic representation of S. aureus siderophores and metallophores, as well as their
acquisition systems.

S. aureus is also capable of utilizing siderophores produced by other organisms
(xenosiderophores). The lipoproteins FhuD1 and FhuD2 mediate uptake of hydroxamate-
type siderophores (Sebulsky, Hohnstein, et al. 2000; Sebulsky, Speziali, et al. 2004). In
contrast to HtsA, SirA and CntA the xenosiderophore receptors are more promiscuous and
more than one dedicated molecule can be recognized. The precise structural mechanism of
hydroxamate binding to the FhuD1/FhuD2 receptors is unclear, but it has been shown that
the proteins bind di!erent hydroxamate type siderophores with di!erent a"nities, suggesting
specialization and multiple alleles might allow an increased spectrum of hydroxamates
to be acquired (Sebulsky and Heinrichs 2001; Sebulsky, Speziali, et al. 2004). Similarly,
SstA can recognize catecholate type iron chelators from host and bacterial origin (Beasley,
Marolda, et al. 2011) and, as identified in S. lugdunensis, di!erent alleles are proposed to
expand the range of molecules that can be acquired (Flannagan et al. 2022).

While SF-A is thought to be widely produced across the staphylococcal genus, SF-
B production appears to be restricted to S. aureus (Dale, Doherty-Kirby, et al. 2004).
However, the capacity of other staphylococci to produce metallophores or to use those
of other species remains poorly understood. Additional insight is needed to enhance
our understanding of metallophore-driven interspecies interactions within the human
microbiome.

In this study, we conducted a comprehensive bioinformatic analysis of metallophore
biosynthesis and acquisition genes across the Staphylococcus genus. We found that while
SF-A biosynthetic genes are broadly conserved, several species possess truncated loci, likely
rendering them non-functional. Interestingly, one distinct phylogenetic clade harbors a
metallophore biosynthesis operon that remains to be characterized, possibly compensating
for the loss of SF-A production. SF-B biosynthetic genes were confined to S. aureus and
closely related, animal-associated species. However, several coagulase-negative staphylococci
(CoNS) encode the SF-B acquisition gene sirA, suggesting an adaptation to exploit SF-
B produced by pathogens. Likewise, xenosiderophore uptake genes (fhuD, sstA) are
widespread, and many species carry multiple paralogs, indicating functional diversification
and expanded substrate specificity. Finally, we observed low intra-species variation in
metallophore biosynthesis and acquisition genes, suggesting that horizontal gene transfer
of these systems is limited within this genus.
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Table IV.1: Number of available strains from the GTDB and number of remaining assemblies after
filtering for four selected species and quality (N50 > 50 kb, # contigs < 250).

Species Number of strains
retrieved from the GTDB Used assemblies

S. capitis 215 180
S. epidermidis 1, 556 1, 292
S. hominis 274 235
S. lugdunensis 144 128

Material and Methods

To characterize the metallophore synthesis and uptake mechanisms in the staphylococcal
genes, we conducted an analysis on the species- and on the strain-level. For the analysis on
the Staphylococcus species level, the accession numbers of representative samples for each
Staphylococcus species were collected from the Genome Taxonomy Database (GTDB) (Parks
et al. 2022). This resulted in 84 genomes that span the available species. For some species,
the GTDB returned more than one representative. In these cases, only one representative
per species was selected for a more consistent comparison, resulting in 77 genomes (Supp.
Table S1).

For the analysis on the strain level, four human-related species were selected. The
accession numbers of all available strains from the GTDB were retrieved and the
corresponding genomes and protein sequences were downloaded from the NCBI database.
Some strains’ assemblies were removed due to their low quality (N50 < 50kb or they
contained a total of more than 250 contigs). In total, approximately 1, 800 strains were
analysed. The final number of strains per species for this analysis can be found in Table IV.1.
The corresponding accession codes can be found as supplementary data.

The following analyses were first computed for the set of species and applied subsequently
on the selected strains. Based on the retrieved genomes, biosynthetic gene clusters (BGCs)
were identified using antiSMASH (version 7.1.0) (Blin et al. 2023). antiSMASH classifies the
BGCs into di!erent cluster types with a rough functional description. Due to our focus on
siderophore synthesis potential, we focused only on BGCs labeled as NRPS-independent
siderophores and Non-ribosomal peptide (NRP) metallophores. Additional modules from
antiSMASH were activated to annotate the identified BGCs. The module ClusterCompare
annotates and provides a similarity score to BGCs found in the MIBiG database (Terlouw
et al. 2023). If a BGC was similar to any known metallophore-related BGC in S. aureus
(sfaABCD, sbnABCDEFGHI, or cntKLME), we quantified its completeness. That is, we
assessed whether all required synthesis genes were present. The BGCs were classified as
complete if they had 100% similarity to the annotated counterpart. Otherwise, they were
considered incomplete as long as the similarity was not zero. If the analyzed representative
for a species showed an incomplete BGC, other available strains from the GTDB were
analyzed to assess whether this was a species-wide observation.

Lastly, while some BGCs were classified as metallophores or siderophores, they reflected
no similarity to any BGC in the MIBiG database via ClusterCompare. These BGCs were
then compared to each other and to the reference BGCs of S. aureus using the tool clinker
(version 0.0.31) (Gilchrist and Chooi 2021).

Since antiSMASH focuses solely on the identification of biosynthetic genes, it cannot
assess a species’ capacity to uptake metallophores. In Staphylococci, lipoproteins play a key
role in the uptake of siderophore-iron complexes. Hence, we expect that gene homologs
are present in the investigated genomes and can uptake the corresponding siderophore.
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Considering the evolutionary diversity across species and strains, our objective was to
establish a threshold that would yield significant outcomes in terms of sequence diversity
for homolog identification.

To analyze the uptake potential of the species, a sequence homology analysis with
MMSEQS2 (version 15, commit: ad6dfc) was performed (Steinegger and Söding 2017). The
amino acid sequence of the six lipoproteins of S. aureus was used as queries in MMSEQS2 to
search within all staphylococcal proteomes. To identify the best threshold, the results for
the S. aureus search were analyzed in detail. After removing the self-hits (100% similarity),
the highest o!-target similarity was observed between HtsA and a heme-binding protein,
at 49.2% similarity. Based on this, we set a 50% sequence similarity threshold to define
potential homologs of the protein references across the remaining species. If a protein shows
a similarity higher than 50% to more than one of the reference lipoproteins of S. aureus,
the lipoprotein was called homolog only to the reference gene with the highest similarity.
Moreover, multiple genes of the same species can be identified as potential homologs of
one reference lipoprotein. In such cases, the number of potential homologs was counted
and the similarity value of the best hit per lipoprotein per species is retained.

To identify whether specific phylogenetic clusters had similar metallophore synthesis
and uptake potential, a phylogenetic tree was calculated based on a core-genome
multilocus sequence typing (cgMLST). The cgMLST was identified using chewBBACA
(version 3.3.10) (Silva et al. 2018) to then create a distance matrix using the script
mlst2dist (https://github.com/tripitakit/mlst2dist) based on the algorithm proposed by
Allelematch (Galpern et al. 2012). From the resulting distance matrix, a phylogenetic tree
was reconstructed using the neighbor joining algorithm implemented in MEGA11 (version
11.0.11) (Tamura et al. 2021).

For the synthesis potential at the strain level, we applied the same classification as
before, categorizing strains as complete or incomplete based on the presence of the full
biosynthetic gene cluster. In the case of S. lugdunensis, a previous study identified an NRPS
system with metallophore potential (Heilbronner et al. 2011). To analyze the occurrence
of this BGC across S. lugdunensis strains, we queried the BGCs identified by antiSMASH
using BiG-SCAPE (version 2) (Navarro-Muñoz et al. 2020) and included its presence in
the summarized results. For the uptake potential, a strain was considered positive for
uptake if it harbored at least one potential homolog of the reference lipoproteins, using
the previously defined sequence similarity threshold of 50%. The results for metallophore
synthesis and uptake potential were summarized using an UpSet plot (Lex et al. 2014).
The UpSet plot visualizes the distribution and overlap of these traits across strains for
each species individually.

Results & Discussion

Metallophore Biosynthesis Genes Vary Between Staphylococcal Species

To investigate the genus Staphylococcus, we collected a non-redundant set consisting
of 77 species representing all currently available species at the Genome Taxonomy
Database (GTDB). A phylogenetic tree was computed based on the core genome
MLST, and the presence of the sfa, sbn, and cnt gene clusters—associated with the
production of staphyloferrin A (SF-A), staphyloferrin B (SF-B), and staphylopine (STP),
respectively—was assessed (Fig. IV.2).

Though described as representatives for the corresponding species, the assemblies show
a high diversity in their assembly levels (Fig. IV.2, leftmost heatmap column). Moreover,
despite being classified as Staphylococcus in the NCBI taxonomy, our phylogenetic analysis

135

https://github.com/tripitakit/mlst2dist


IV. A landscape of metallophore synthesis and uptake potential of the genus
Staphylococcus

Figure IV.2: Overview of metallophore synthesis and uptake potential in the genus Staphylococcus.
The dendrogram shows the phylogenetic relationships of staphylococcal species, alongside the
results summarizing their metallophore-related biosynthetic and uptake capacities. The assembly
level of each used reference is visualized in the first heatmap. The synthesis potential was assessed
with antiSMASH. Results annotated as the three known S. aureus metallophores obtained with
ClusterCompare are shown in the second to the left heatmap column. Blue rectangles indicate
biosynthetic gene clusters (BGCs), with dark blue representing complete BGCs (all synthesis
genes present) and light blue indicating incomplete BGCs. Gray rectangles mark additional BGCs
predicted as potential metallophore synthesizers but without specific annotation. The last two
columns represent the uptake potential: green shading indicates the sequence similarity of the
proteome to S. aureus metallophore uptake lipoproteins, while red shading shows the number of
putative homologs identified. Strains that were reassessed and that have shown di!erent results
have been marked with an asterisk (*).

identified three species as outliers, consistent with alternative genus-level classification
proposed by the GTDB. Still, these species were included in our analysis and used as
outgroups for the phylogenetic tree. It is important to note that none of these three species
was identified as a potential metallophore producer nor cheater by our analysis.

Our data show that SF-A biosynthesis is a core trait across the genus, with sfa genes
present in all analyzed staphylococcal species (Fig. IV.2, leftmost blue heatmap column).
However, 10 species carry truncated sfa loci, suggesting abrogation of SF-A biosynthesis.
We used clinker to investigate structurally distinct sfa-loci in more detail (Fig. IV.3).
This analysis confirmed that S. lugdunensis harbors a truncated locus lacking sfaDA genes.
This has been described previously and in vitro evidence is available showing that the
truncation hinders SF-A biosynthesis (Brozyna et al. 2014). Interestingly, S. ureilyticus
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(GCF_002902235.1) appears to carry a similar truncation although the location of the
sequence at the very end of a contig raises some doubt regarding the accuracy or quality of
this assembly. To address this, we repeated the analysis using the reference assembly from
the RefSeq database (GCF_025558845.1) (Pruitt et al. 2007), which revealed a complete
siderophore biosynthesis cluster. Nevertheless, since siderophore production is known to be
strain-specific (Zhao et al. 2024), the current assembly data do not allow for generalization
of these findings to the entire species.

Additional eight species including a clade containing S. pettenkoferi, S. argensis,
S. marylandensis, and S. sp943908435, as well as individual species in distinct clades such
as S. equorum and S. hominis showed internal deletion of sfaA (Fig. IV.3). Analysis of
additional genomes from S. pettenkoferi, S. argensis, S. equorum and S. hominis with
antiSMASH confirmed that sfa inactivation is conserved at the species level (Fig. IV.6B
and Supp. Table S2). Our results are in general agreement with a previous study, showing
S. chromogenes but not S. equorum to produce SF-A (Reydams et al. 2024).

Together, these data show that sfa genes are omnipresent within staphylococci, but
recombinations of the locus are observed in 10 out of 74 (13.5%) species, most likely
hindering the production of SF-A.

In contrast, only 23% of the species (17 genomes out of 74) harbor the sbn genes for SF-
B biosynthesis. These include S. aureus and its close relatives (S. schweitzeri, S. argenteus,
S. singaporensis), but also more distantly related, non-human-associated species such as
S. equorum, S. delphini, S. pseudintermedius, and S. ratti. This is in agreement with
studies suggesting occasional SF-B production by non-S. aureus staphylococci (Lindsay
et al. 1994).

Staphylopine biosynthesis genes (cnt) are found in 39% of species (29 out of 74) across
various clades. One potentially non-functional cnt locus was identified in S. durrellii.
Since no further genomes for this species are currently available at GTDB nor RefSeq,
this hinders a further confirmation analysis for this species. However, we performed a
detailed comparison of the cnt BGCs of S. aureus and S. durrellii (Fig. IV.4). This analysis
revealed that S. durrellii lacks the gene cntK, most likely preventing STP production.

antiSMASH identified biosynthetic gene clusters (BGCs) potentially involved in
metallophore production that have not yet been annotated in the MIBiG database (Fig. IV.2,
grey column). These novel NIS-BGCs were discovered in a clade comprising S. pettenkoferi,
S. argensis, S. marylandensis, and S. sp943908435. For further characterization, the
BGCs were compared to each other and to known metallophore-producing BGCs of
S. aureus using clinker (Fig. IV.5). Moreover, two other BGCs previously associated
with metallophore production were included in the comparison: an NRPS system in
S. lugdunensis (Heilbronner et al. 2011) and an NRPS-independent siderophore of
Mammaliococcus sciuri (GCA_037849205.1, previously named Staphylococcus sciuri) (Zhao
et al. 2024).

The analysis showed a high degree of conservation between the uncharacterized clusters
regarding both operon organization and sequence similarity, strongly suggesting that
the strains produce the same or at least very similar compounds. Among these, the
S. marylandsciuri BGC showed the highest sequence divergence, despite preserving the
overall operon structure. Interestingly, the BGC identified in M. sciuri shows conserved
synthesis and transporter genes, suggesting a resemblance to the uncharacterized BGCs of
the mentioned clade. Importantly, no significant similarity to sfa, sbn, or cnt gene clusters
was identified, suggesting that these BGCs likely encode the biosynthesis of a distinct, still
uncharacterized metallophore. Notably, the phylogenetic clade of staphylococci carrying
these BGCs corresponds to the sfa-deficient clade described above (Fig. IV.2, Fig. IV.3).
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Figure IV.3: Comparison of all incomplete BGCs related to the synthesis of staphyloferrin A and
the reference BGC of S. aureus using the tool clinker. The core biosynthetic genes (sfaABCD)
are colored individually. Transporter genes are colored with respect to the annotation provided by
antiSMASH. Other genes have been removed from the figure for clarity.

Accordingly, it is tempting to speculate that this clade replaced SF-A by a novel siderophore,
most likely to produce a privatized compound that is not shared with other staphylococcal
species (Kramer et al. 2020).

Furthermore, our analysis of S. lugdunensis also identified the previously reported
NRPS-system of unknown function (Heilbronner et al. 2011). This system shows no
similarity to any other staphylococcal metallophore BGCs (Fig. IV.5), but antiSMASH
shows a sequence similarity to the streptococcal NRPS system responsible for the production
of the siderophore equibactin (Heather et al. 2008). Nevertheless, it is important to highlight
that the BGC is not annotated as a metallophore BGC, but only as an NRPS system;
hence, it was not identified by our first analysis using antiSMASH. As discussed in the
original publication, it is unclear if this system produces an antibacterial compound
similar to lugdunin (Zipperer et al. 2016) or if it produces a metallophore. However,
the similarity to equibactin along with the presence of a dedicated import system of
the energy coupling factor type (ECF-transporter)—which are known as trace nutrient
acquisition systems (Rempel et al. 2019)—strongly suggests the production of a nutrient
scavenging molecule. Nevertheless, the observation that S. lugdunensis does not produce
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Figure IV.4: Comparison of incomplete cnt BGCs of S. durrellii to the corresponding loci of
S. aureus using clinker. Other genes found within the BGC have been removed for clarity.

Figure IV.5: Comparison of novel BGCs identified in this study, known metallophore BGCs of
S. aureus, and two uncharacterized BGCs from other studies using the tool clinker. For all BGCs,
the genes have been colored with respect to the annotations provided by antiSMASH. For the last
BGC, a subset of genes shows a similarity to the BGC producing equibactin (BGC0000347).

iron-scavenging siderophores in vitro (Brozyna et al. 2014; Zhao et al. 2024) might either
suggest inactivity of the system or that the molecule does not target iron but a di!erent
metal such as Zn, Mn, or Cu. Additional laboratory-based experiments are needed to
answer these questions.

Metallophore Acquisition Systems Vary Between Staphylococcal Species

Metallophores, once secreted, act as public goods and can be utilized by other community
members. To assess the potential for metallophore acquisition across the genus, we analyzed
the distribution of genes encoding known siderophore receptors (Fig. IV.2, green columns).

The htsA gene, encoding the SF-A receptor, is broadly conserved, consistent with the
widespread presence of sfa biosynthetic genes. In species lacking intact sfa loci, htsA was
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often also absent, supporting the idea of coordinated loss of synthesis and uptake systems.
However, some species retained htsA despite non-functional sfa loci, suggesting that they
may scavenge SF-A produced by other species. For example, SF-A usage of S. lugdunensis
has been demonstrated experimentally (Brozyna et al. 2014). Furthermore, it has been
shown that SF-A is a widely accessible siderophore within the nasal microbiome and its
usage by “cheaters” that do not produce siderophores themselves reduces the fitness of
the producers (Zhao et al. 2024). Intriguingly, S. taiwanensis was the only species with
an intact sfa operon but no detectable htsA. Since no additional genome sequences are
currently available, the results derived with MMSEQS2 were analyzed in more detail. The
most similar gene of S. taiwanensis (locus tag: HYI43_00815) to htsA has a similarity of
around 40%, hence falling below our defined homology threshold of 50%. Interestingly, this
gene is not found within the borders of the sfa-related BGC identified by antiSMASH, but
with a distance of around 680 kb to the core biosynthesis genes. Moreover, we evaluated the
presence of the remaining components of the htsABC and identified homolog genes to htsB
(HYI43_04060, 72.5%) and htsC (HYI43_04065, 73.8%). This led to the identification of
a neighbouring coding sequence region (HYI43_04055) with a substrate-binding protein
potential found. However, this coding region is labeled as a pseudogene, explaining why
the corresponding amino acid sequence was missing from the species’ proteome, and hence
from the MMSEQS2 analysis. Moreover, the sequence of this pseudogene translates to a 34
aa long protein sequence, highlighting the di!erence to the complete sequence of htsA of
327 aa. This raises questions about the functionality of this putative protein and therefore
about S. taiwanensis’ ability to re-import SF-A.

All SF-B-producing species encode the corresponding receptor SirA (Fig. IV.2,
second-left green column). Only two species, S. lugdunensis and S. chromogenes, were
identified that encode sirA without an sbn cluster. Again, it has been experimentally
demonstrated that S. lugdunensis can utilize SF-B and a similar trait can be expected for
S. chromogenes (Brozyna et al. 2014). Interestingly, the presence of sirA in S. chromogenes
was shown to be strain- rather than species-specific (Reydams et al. 2024) and the
phenomenon of SF-B cheating appears to be a rare trait among staphylococcal species.

A similar picture was apparent for STP production and acquisition (Fig. IV.2, middle
green column). Almost all species with STP biosynthesis genes harbor the corresponding
receptor cntA, or if they have an inactive locus, they retain the receptor. Interesting
exceptions are S. schleiferi, which shows an intact cntKLME operon but no cntA receptor,
and S. lugdunensis encoding cntA without corresponding biosynthesis genes. To verify the
results of S. schleiferi, we proceeded similarly as with S. taiwanensis. Here, no other protein
was identified as similar to cntA by our MMSEQS2 search. For the ABC transporters cntBC,
two potential homologs were identified: JM183_RS11640 for cntB (sequence similarity:
64.4%) and JM183_RS11635 for cntC (69.1%). A neighboring gene (JM183_RS11645)
described as nickel ABC transporter substrate-binding protein was also identified in this
case. However, a premature stop codon leads to a protein sequence of 390 aa, hence
di!ering with respect to the expected length of 532 aa for cntA, suggesting that S. schleiferi
might not be able to uptake STP.

Siderophores are costly metabolic molecules and act as public goods (Kramer et al.
2020). Cheaters arise within bacterial communities that consume but do not produce
siderophores, which exhibit a metabolic burden to producers. Accordingly, siderophore
production genes along with associated receptors are known to be under evolutionary
pressure. For Pseudomonas aeruginosa it is known that the siderophore pyoverdine is
produced with many subtle modifications, requiring modified receptors for acquisition (Gu,
Shao, Qu, et al. 2025). This allows production of privatized siderophores preventing their
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usage by cheaters. It is widely unclear if this phenomenon is also occurring in Staphylococci.
To address this, we investigated the conservation of the metallophore-binding sites

within the receptors HtsA, SirA and CntA across species. A multiple sequence alignment
was computed using ClustalO (v1.2.4) (Sievers et al. 2011) for the sets of homologs across
all species and the conservation of amino acid residues known to be engaged in binding
of the metallophores (Grigg, Cheung, et al. 2010; Grigg, Cooper, et al. 2010; Song et al.
2018) was analysed (Suppl. Table IV.S3). For HstA we found 6 out of 9 important amino
acids to be strictly conserved amongst the HstA alleles of all species. However, 21 species
(33%) showed conserved divergence of three amino acids (R86N, K203Q, R304K) and a
single species showed a unique profile (R86N, K203E, R304-K) (Suppl. Figure IV.S1).
It is tempting to speculate that these receptor variants might possess altered a"nity
towards SF-A or even recognize a modified version of the siderophore as observed for P.
aeruginosa (Gu, Shao, Qu, et al. 2025). However, additional biological and biochemical
evidence is needed to support this idea. For SirA divergence was observed in two species at
two binding sites (Suppl. Fig. IV.S2). An exchange of T144N was found in S. lugdunensis,
and R206C was identified in S. chromogenes (Suppl. Figure IV.S2). The first species S.
lugdunensis was demonstrated to consume SF-B, strongly suggesting that the receptor
variant is able to recognize SF-B, putative e!ects on a"nity remain however speculative.
The e!ect of R206C on S. chromogenes remains unclear. Lastly, 55% of the identified CntA
homologs di!er from the canonical S. aureus receptor by carrying an N448T exchange
(Suppl. Figure IV.S3). Again it remains unclear if these exchanges a!ect specificity or
a"nity.

S. aureus is known to import hydroxamate-type siderophores via the Fhu system (Cabr-
era et al. 2001), using two receptors, FhuD1 and FhuD2 (Sebulsky and Heinrichs 2001).
Homologs of fhuD1 were rare (5 out of 77 species), while fhuD2 was widely conserved
across the genus (89% of species, 69 out of 77, Fig. IV.2, second-right green column).
Interestingly, several species harbored up to three distinct fhuD2 homologs (Fig. IV.2, red
columns), possibly expanding their hydroxamate siderophore uptake range.

The Sst system enables S. aureus to import catecholate-type siderophores (Beasley,
Marolda, et al. 2011). Homologs of sst were widespread (67 out of 77, 87%, Fig. IV.2,
rightmost green column). However, a clade of seven species, closely related to
S. lugdunensis, harbored multiple sst copies. This duplication, previously observed in
S. lugdunensis (Flannagan et al. 2022), may broaden the catecholate substrate range
available to these species.

Taken together, S. lugdunensis presents a staphylococcal species with special
characteristics. It appears to produce a single metallophore of so far unknown specificity.
It produces neither SF-A nor SF-B nor STP but encodes the dedicated uptake systems
for all these metallophores. Finally, the species encodes FhuD and multiple homologues
of SstD. Altogether this suggests that S. lugdunensis is a highly adapted “cheater” that
depends strongly on the biosynthetic potential of other species to thrive under metal-limited
conditions.

Strain-Level Variation

Recent studies have demonstrated that metallophore production and uptake may vary at
the strain level (Zhao et al. 2024). To investigate this, we analyzed metallophore-related
loci at the strain level for four selected species (S. hominis, S. epidermidis, S. capitis, and
S. lugdunensis).

For S. epidermidis, the majority of strains (1, 142 of 1, 292 analysed genomes) mirrored
the profile of the GTDB reference strain, encoding both production and uptake systems for
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SF-A and STP and the presence of sstD (Fig. IV.6A). However, certain groups of isolates
showed di!erent profiles. 97 isolates lacked sstD, suggesting the inability of these strains
to use catecholate-type siderophores. Additionally, individual isolates showed single or
multiple genes being compromised, suggesting strain-level di!erences in their abilities to
produce or consume metallophores.

Additionally, we looked for evidence for the development of divergent receptor alleles
within S. epidermidis. Comparison of the full length HstA protein sequences showed a
high degree of conservation (69.6% to 99.2% identity to the reference allele of S. aureus)
(Suppl. Figure IV.S4a). However, when considering only the residues known to be
involved in SF-A binding, the conservation increased to 100% in 99.9% of isolates (Suppl.
Figure IV.S4b). The strains carrying alterations showed truncated alleles, suggesting
inactivated proteins or inaccurate assemblies. Altogether, this analysis suggests that
the receptors bind staphyloferrin A in a conserved manner, and direct evidence that the
receptors develop to accommodate putative staphyloferrin A variants is not apparent.

The S. hominis strains showed high conservation regarding their ability to produce or
secrete metallophores with only 2 out of 235 sequenced isolates diverging from the GTDB
reference strain by lacking individual systems (Fig. IV.6B).

In S. capitis, only 29 of the 180 strains showed the gene combination of the GTDB
reference strain, while the majority of strains (140) appear proficient in staphylopine
production and acquisition. This suggests that the representative strain defined by the
GTDB (GCF_002902325.1) is poorly representing the species in this regard (Fig. IV.6C).

Two almost equal groups of strains were identified in S. lugdunensis. While 62 of 128
analysed strains showed identical traits as the reference strain, 52 strains encoded an
additional FhuD1 homologue, suggesting an increased ability to acquire hydroxamate-type
siderophores (Fig. IV.6D). In addition, ten strains did not encode any FhuD protein and
three strains showed individual combinations of gene inactivations. More interestingly, the
NRPS system putatively encoding a metallophore of unknown function was identified in
127 strains, showing a conserved trait across multiple S. lugdunensis strains.

Conclusion

This study provides a systematic overview of metallophore synthesis and uptake potential
across the Staphylococcus genus, revealing the diversity at both species and strain level,
based on similar approaches applied to other species (Cordero et al. 2012; Gu, Shao, Rehm,
et al. 2024; Koedooder et al. 2023). Our analysis shows that staphyloferrin A (SF-A)
biosynthesis is a widespread trait among staphylococci. However, multiple species harbor
truncations within the sfa locus, likely reflecting adaptations that favor metallophore
scavenging rather than the metabolic cost of siderophore production. Furthermore, it
also suggests the functional replacement of SF-A, as seen in the phylogenetic clade with
a novel but conserved NRPS-independent metallophore-related BGC of yet unknown
function. Future analyses of this yet uncharacterized BGC could focus on its experimental
validation, as well as on the application of novel bioinformatic methods that focus on the
characterization of the chemical structure of the produced metabolite (Butler et al. 2023).

In contrast, staphyloferrin B (SF-B) and staphylopine (STP) production is restricted
to a subset of species, with examples of gene loss or inactivation (e.g., in S. durrellii)
driving both species- and strain-level variation. Our data also confirm some occurrences
of metallophore cheating, where species retained uptake systems without maintaining
the corresponding biosynthesis genes. As a clear representative of the cheater species,
S. lugdunensis displays an extensive repertoire of metallophore receptors despite lacking
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Figure IV.6: UpSet plots for the strain analysis on four selected species: (A) S. epidermidis, (B)
S. hominis, (C) S. capitis, and (D) S. lugdunensis. The BGCs are classified as complete (dark blue)
if they show 100% similarity to the reference BGCs in the MIBiG database. Else, they are classified
as incomplete (light blue). A lipoprotein homolog is detected for a strain if the similarity to the
used reference is higher than 50%.

the capacity to synthesize SF-A, SF-B, or STP itself, suggesting a strong dependence on
the metabolic output of other community members.

While our primary focus was on SF-A, SF-B, and STP, the presence of another
siderophore aureochelin has been suggested (Courcol et al. 1997). However, the molecule
is not characterized, and biosynthetic gene clusters are not known. In our study, we also
did not identify any biosynthetic gene cluster corresponding to this compound. This likely
reflects current limitations in reference databases, such as the MIBiG database, which lack
entries for these siderophores and thus prevent their detection by tools like antiSMASH. A
similar issue applies to the NRPS system in S. lugdunensis, previously suggested to have
iron-binding potential (Heilbronner et al. 2011). However, due to the absence of a known
reference BGC, this system is annotated solely as an unclassified NRPS cluster, missing its
putative function as a metallophore. Close inspection of the antiSMASH entry along with
knowledge regarding the siderophore equibactin was needed to associate the NRPS with
metallophore activity. Accordingly, our analysis might underestimate the occurrence of
metallophore biosynthesis gene clusters. Similar problems associated with the bioinformatic
mining of genomes for siderophore BGCs have also been reported by others (Butler et al.
2023; Gu, Shao, Rehm, et al. 2024; Reitz and Medema 2022).
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Our study has analyzed 77 representatives of the Staphylococci genus, with a detailed
analysis of four species, with a total analysis of over 1, 800 strains for their potential
of metallophores synthesis and uptake. For three of the in-depth strain analyses, we
identify that the representatives reflected a similar profile of most of the analyzed strains.
Nevertheless, we have also emphasized how for some strains a strain-dependency is observed,
such as the cases for S. urelyticus, S. capitis and S. lugdunensis. Additional strain-level
analyses of other specific species can provide additional insight into intra-species diversity.
This phenomenon is most likely of immense ecological relevance. The emergence of cheaters
put the biosynthesis and receptor genes under constant evolutionary pressure to create
privatized siderophores (Kramer et al. 2020). This phenomenon is well studied, for example,
in Vibrionaceae (Cordero et al. 2012) or Pseudomonadaceae (Gu, Shao, Qu, et al. 2025).
In the latter genus, the advanced understanding of siderophore-modification and associated
receptor variation has allowed accurate prediction of interactions on the strain level.
Our study shows that cheaters specialized in the acquisition of staphyloferrin A, B and
staphylopine produced by other cells of the same or of another species seem prominent
within the genus Staphylococcus, suggesting conserved ecological principles. Accordingly, it
is tempting to speculate that also metallophore variants and associated variants of HtsA,
SirA and CntA might exist between staphylococcal species and strains. However, up to
the best of our knowledge, this is not described today and further experimental evidence
will be needed to assess this.

While we found divergence of the full-length receptor alleles, the amino acid residues
known to be crucial for metallophore-binding were, with few exceptions, conserved
between species. Additionally, the crucial amino acids of the HtsA protein showed perfect
conservation between hundreds of S. epidermidis isolates. This suggests that diversification
of staphyloferrin A and the associated receptors to create privatized variants might not be
a prominent phenomenon. However, further biochemical characterization of staphyloferrin
A derived from diverse species/strains is needed to support this hypothesis.

Moreover, our analyses investigated the uptake potential with respect to the similarity
of the membrane-anchored receptors. However, the metallophore uptake mechanisms rely
on further proteins, such as ABC transporters and ATPases (Cotton et al. 2009; Dale,
Sebulsky, et al. 2004; Ghssein, Brutesco, et al. 2016). Hence, further analyses could expand
on this study to identify the diversity of a complete uptake system.

In summary, our study provides a comprehensive description of metallophore-related
systems in staphylococcal species, revealing both conserved features and diverse potentials.
These findings lay the foundation for future experimental work to characterize novel BGC
products and to further investigate the ecological and clinical implications of metallophore
diversity, metabolic interdependencies, and cheating strategies within this genus.
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Supplementary Material

Table IV.S1: Overview of species and assemblies used in the analysis. The classification from the
NCBI and the GTDB is provided.

NCBI Acces-
sion Code

NCBI classification GTDB classification

GCA_000433035.1 Staphylococcus sp. CAG:324 CAG-313 sp000433035
GCA_020544305.1 Staphylococcus taiwanensis Staphylococcus taiwanensis
GCA_023665865.1 Staphylococcus sp. Duncaniella sp023665865
GCA_945870555.1 Staphylococcus epidermidis UBA970 sp945870555
GCF_000010125.1 Staphylococcus saprophyticus subsp.

saprophyticus ATCC 15305 =
NCTC 7292

Staphylococcus saprophyti-
cus

GCF_000236925.1 Staphylococcus argenteus Staphylococcus argenteus
GCF_000298075.1 Staphylococcus massiliensis CCUG

559 27
Staphylococcus massiliensis

GCF_000816085.1 Staphylococcus hyicus Staphylococcus hyicus
GCF_000875895.1 Staphylococcus gallinarum Staphylococcus gallinarum
GCF_000934465.1 Staphylococcus microti Staphylococcus microti
GCF_001027105.1 Staphylococcus aureus Staphylococcus aureus
GCF_001224225.1 Staphylococcus borealis Staphylococcus borealis
GCF_001431205.1 Staphylococcus sp. NAM3COL9 Staphylococcus

sp001431205
GCF_001500315.1 Staphylococcus auricularis Staphylococcus auricularis
GCF_001618885.1 Staphylococcus condimenti Staphylococcus condimenti
GCF_001792775.2 Staphylococcus pseudintermedi us Staphylococcus pseudinter-

medius
GCF_002101335.1 Staphylococcus lutrae Staphylococcus lutrae
GCF_002614725.1 Staphylococcus edaphicus Staphylococcus edaphicus
GCF_002732165.1 Staphylococcus xylosus Staphylococcus xylosus
GCF_002901705.1 Staphylococcus lugdunensis Staphylococcus lugdunensis
GCF_002901845.1 Staphylococcus hominis subsp. ho-

minis
Staphylococcus hominis

GCF_002901865.1 Staphylococcus agnetis Staphylococcus agnetis
GCF_002901995.1 Staphylococcus coagulans Staphylococcus coagulans
GCF_002902085.1 Staphylococcus simiae Staphylococcus simiae
GCF_002902145.1 Staphylococcus rostri Staphylococcus rostri
GCF_002902235.1 Staphylococcus ureilyticus Staphylococcus ureilyticus
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GCF_002902285.1 Staphylococcus simulans Staphylococcus simulans
GCF_002902305.1 Staphylococcus argensis Staphylococcus argensis
GCF_002902325.1 Staphylococcus capitis subsp. capitis Staphylococcus capitis
GCF_002902345.1 Staphylococcus arlettae Staphylococcus arlettae
GCF_002902365.1 Staphylococcus cohnii subsp. cohnii Staphylococcus cohnii
GCF_002902385.1 Staphylococcus intermedius NC TC

11048
Staphylococcus intermedius

GCF_002902405.1 Staphylococcus schweitzeri Staphylococcus schweitzeri
GCF_002902565.1 Staphylococcus petrasii Staphylococcus petrasii
GCF_002902575.1 Staphylococcus croceilyticus Staphylococcus croceilyticus
GCF_002902625.1 Staphylococcus devriesei Staphylococcus devriesei
GCF_002902685.1 Staphylococcus pettenkoferi Staphylococcus pettenkoferi
GCF_002902725.1 Staphylococcus caprae Staphylococcus caprae
GCF_003012915.1 Staphylococcus felis Staphylococcus felis
GCF_003019255.1 Staphylococcus kloosii Staphylococcus kloosii
GCF_003019275.1 Staphylococcus muscae Staphylococcus muscae
GCF_003697915.1 Staphylococcus pseudoxylosus Staphylococcus pseudoxylo-

sus
GCF_003718735.1 Staphylococcus debuckii Staphylococcus debuckii
GCF_003970495.1 Staphylococcus pasteuri Staphylococcus pasteuri
GCF_004785665.1 Staphylococcus pragensis Staphylococcus pragensis
GCF_006094395.1 Staphylococcus haemolyticus Staphylococcus haemolyti-

cus
GCF_006742205.1 Staphylococcus epidermidis Staphylococcus epidermidis
GCF_010365305.1 Staphylococcus sp. MI 10-1553 Staphylococcus

sp010365305
GCF_013391405.1 Staphylococcus sp. GSSP0090 Staphylococcus

sp013391405
GCF_013463155.1 Staphylococcus sp. 17KM0847 Staphylococcus

sp013463155
GCF_014635045.1 Staphylococcus nepalensis Staphylococcus nepalensis
GCF_015594545.1 Staphylococcus durrellii Staphylococcus durrellii
GCF_015775975.1 Staphylococcus lloydii Staphylococcus lloydii
GCF_016238445.1 Staphylococcus canis Staphylococcus canis
GCF_016238465.1 Staphylococcus caledonicus Staphylococcus caledonicus
GCF_017583065.1 Staphylococcus shinii Staphylococcus shinii
GCF_020883535.1 Staphylococcus ratti Staphylococcus ratti
GCF_022346615.1 Staphylococcus sp. ACRSN Staphylococcus

sp022346615
GCF_022493055.1 Staphylococcus roterodami Staphylococcus singaporen-

sis
GCF_022815905.2 Staphylococcus sp. NRL 16/872 Staphylococcus

sp022815905
GCF_024814435.1 Staphylococcus americanisciur i Staphylococcus americanis-

ciuri
GCF_025519785.1 Staphylococcus marylandisciur i Staphylococcus marylandis-

ciuri
GCF_025558425.1 Staphylococcus sp. IVB6240 Staphylococcus

sp025558425

151



IV. A landscape of metallophore synthesis and uptake potential of the genus
Staphylococcus

GCF_025558585.1 Staphylococcus sp. IVB6214 Staphylococcus
sp025558585

GCF_026659735.1 Staphylococcus pettenkoferi Staphylococcus
sp943908435

GCF_029024625.1 Staphylococcus chromogenes Staphylococcus chromo-
genes

GCF_029024945.1 Staphylococcus succinus Staphylococcus succinus
GCF_029024965.1 Staphylococcus equorum Staphylococcus equorum
GCF_900097965.1 Staphylococcus caeli Staphylococcus caeli
GCF_900183575.1 Staphylococcus cornubiensis Staphylococcus cornubien-

sis
GCF_900186985.1 Staphylococcus piscifermentan s Staphylococcus piscifer-

mentans
GCF_900458435.1 Staphylococcus carnosus Staphylococcus carnosus
GCF_900458815.1 Staphylococcus saccharolyticu s Staphylococcus saccha-

rolyticus
GCF_900458895.1 Staphylococcus schleiferi Staphylococcus schleiferi
GCF_900636325.1 Staphylococcus delphini Staphylococcus delphini
GCF_900636385.1 Staphylococcus warneri Staphylococcus warneri
GCF_943737015.1 Staphylococcus sp. Marseille- Q5304 Staphylococcus

sp943737015

Table IV.S2: Overview of additional strains used to assess the variability of the antiSMASH results
within selected species.

Analysed for metabolite Species Accession Code
Similarity to

annotated BGC in % Number of uncharacterized BGC
SF-A SF-B STP

SF-A

S. argensis

GCF_007671915.1 75 0 0 1
GCF_007682325.1 75 0 0 1
GCF_007682285.1 75 0 0 1
GCF_002902305.1 75 0 0 1
GCF_026740095.1 75 0 0 1

S. equorum

GCF_029531845.1 75 100 0 0
GCF_030249045.1 75 100 0 0
GCF_033447145.1 50 100 0 0
GCF_001747785.1 75 100 0 0
GCF_001747895.1 75 100 0 0

S. pettenkoferi

GCF_002884615.1 75 0 0 1
GCF_026660515.1 75 0 0 1
GCF_007678805.1 75 0 0 1
GCF_026659915.1 75 0 0 1
GCF_030218345.1 75 0 0 1
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Table IV.S3: Analysis of binding site conservation of htsA, sirA and cntA.

Position Amino Acid Identical Total Sequences Identical %
htsA

86 R 46 67 68.66
104 R 67 67 100.00
126 R 67 67 100.00
203 K 46 67 68.66
209 H 67 67 100.00
239 Y 67 67 100.00
299 R 67 67 100.00
304 R 46 67 68.66
306 R 67 67 100.00

sirA
81 W 19 19 100.00
125 R 19 19 100.00
144 T 18 19 94.74
201 R 19 19 100.00
206 R 18 19 94.74
208 Y 19 19 100.00
304 N 19 19 100.00

cntA
52 Y 29 29 100.00
128 W 29 29 100.00
165 R 29 29 100.00
250 R 29 29 100.00
418 R 29 29 100.00
431 W 29 29 100.00
435 Y 29 29 100.00
448 N 13 29 44.83
522 Y 29 29 100.00

153



IV. A landscape of metallophore synthesis and uptake potential of the genus
Staphylococcus

Figure IV.S1: Multiple sequence alignment of identified homologs of HtsA. Visualized using
Jalview (Waterhouse et al. 2009)
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Figure IV.S2: Multiple sequence alignment of identified homologs of SirA. Visualized using
Jalview (Waterhouse et al. 2009)

Figure IV.S3: Multiple sequence alignment of identified homologs of CntA. Visualized using
Jalview (Waterhouse et al. 2009)
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Figure IV.S4: Distribution of sequence identify of HtsA homologs in S. epidermidis when compared
to the reference of S. aureus.
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Abstract

Iron acquisition is critical for bacterial proliferation in nutrient-limited environments
such as the human nasal environment. To overcome this, Staphylococcus aureus
produces siderophores like staphyloferrin A and B for iron uptake. Other bacterial
species typically present in the nasal microbiome are, for example, Corynebacteria.
Some species of this genera have been shown to exploit these siderophores without
synthesizing them, an observed mechanism of siderophore cheating. To investigate
the molecular mechanisms behind this phenotype, the pipeline PRESERVE has been
commonly developed and applied to multiple Corynebacteria and S. aureus samples. By
integrating a lipoprotein prediction method, sequence- and structure-based approaches,
and motif enrichment analysis, we were able to characterize a set of 52 strains from 7
Corynebacterium species, as well as 8 S. aureus strains. We were able to identify a
set of 444 structural homologs of S. aureus siderophore-binding lipoproteins, revealing
extensive conservation across Corynebacteria despite low sequence similarity. The
integration of transcriptomic experiments under iron-deprived conditions showed a
significant up-regulation of the homologs, as well as enriched siderophore-related gene
ontology terms. The identified homologs were analyzed further by an orthology analysis
across Corynebacteria, confirming the conservation across the species, but highlighted
limitations in linking structural similarity to specific siderophore phenotypes. Lastly,
promoter motif analyses showed a di!erence in that Corynebacteria are regulated
by the Iron-dependent Regulator (IdeR) and not the S. aureus associated ferric
uptake regulator (Fur). Overall, our findings provide a multi-layered framework for
understanding iron uptake strategies in Corynebacteria, with implications for microbial
competition and niche colonization in host-associated microbiomes.

Keywords: Structure-based Homology, Iron-uptake Mechanisms, Transcriptomic Regulation,
Transcriptome Profiling

157



V. Characterizing Siderophore Uptake and their Regulation Mechanisms in
Corynebacteria based on Structural Homology and Transcriptome Profiling

Introduction

Bacteria require a diverse palette of nutrients for their proliferation, including
iron (Wooldridge and Williams 1993). However, iron molecules are hardly soluble in
many environments, such as the nasal mucosa (Adolf and Heilbronner 2022) To overcome
such challenging environments, bacteria require mechanisms with high iron a"nities to
proliferate. One of these mechanisms are siderophores (SIDs), secondary metabolites that
are excreted from the cell to form an iron-SID complex, before being transported back to the
cell (Saha et al. 2013). SIDs are synthesized by multiple genes located within biosynthetic
gene clusters (BGC). In general, BGCs are sets of genes in a proximal location mainly
responsible for the synthesis of metabolites. In the case of siderophores, four di!erent types
are defined depending on the structure of the metabolite: hydroxamates, catecholates,
carboxylates, and mixed-type siderophores (Saha et al. 2013).

Besides synthesis genes, BGCs can also include other genes related to the general
function of siderophores, such as the uptake of the SID-iron complex. Regardless of the
type, the general mode of action for the uptake of the SID-iron complex within gram-
positive bacteria is similar. Outer membrane lipoproteins interact with the SID-iron
complex to signal ATP-binding cassette (ABC) transporter units to channel the substrate
into the cell (Saha et al. 2013; Schalk 2025). However, lipoproteins typically exhibit
specificity towards particular classes of structurally related siderophores, or even individual,
specific siderophores (Caza and Kronstad 2013). For example, the gram-positive pathogen
Staphylococcus aureus, the most prominent pathogen in adults for the nasal environment,
is able to synthesize two di!erent carboxylate-type siderophores. While staphyloferrin
A and B (SF-A and SF-B) belong to the same siderophore type, they di!er in their
synthesis, but more importantly in their uptake mechanisms. SF-A uptake is induced by
the htsABC operon, with HtsA as the respective lipoprotein in this operon, but the uptake
of SF-B requires the operon sirABC and SirA being the lipoprotein (Beasley et al. 2011).
Moreover, S. aureus is able to uptake a larger repertoire of siderophores, although it is
not capable of synthesizing them, hence termed as xenosiderophore usage (Conroy et al.
2019). This has been observed with the transporter system sstABCD for the usage of
catechol-type siderophores (Morrissey et al. 2000), and the operon fhuBGC2-D2/D1 to
uptake hydroxamate siderophores (Sebulsky and Heinrichs 2001).

Other organisms are also present in the nasal environment, with members of the
Corynebacterium genera being the most abundant species (Liu et al. 2015). Of the 170
species that are known for Corynebacteria, only a few of them have been identified as
pathogenic, such as C. diphtheriae (Cunningham et al. 2025). More interestingly, it has
been shown that a high abundance of members of this species correlates with the absence
of opportunistic pathogens, such as S. aureus (Bomar et al. 2016; Kelly et al. 2022). Due
to the previously described usage of xenosiderophore in S. aureus, siderophores could be
expected to play an important role in this reciprocal competition and support between
organisms in the nasal environment, as has been shown for other microbiomes (Cordero
et al. 2012; Kramer et al. 2020).

Recently, Zhao et al. (2024) studied the interaction via siderophores between S.
aureus and other species, mainly from the genus Corynebacterium. They identified an
important role of siderophores for the establishment of specific communities within the nasal
environment, even though only one of the studied corynebacterial species (C. propinquum)
was able to synthesize siderophores by itself. Due to the special phenotype of Corynebacteria
regarding siderophore acquisition, the hypothesis was formulated that their genomes show
di!erent states of the siderophore receptor genes SF-A and SF-B. Zhao et al. (2024)
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were able to characterize two lipoproteins for the species C. hesseae. However, further
high-throughput computational analyses are required to identify the molecular mechanisms
that explain the iron-uptake mechanisms observed for multiple Corynebacteria samples.
Hence, the goal of this work is to investigate the iron-regulon of Corynebacteria to
identify iron-regulated lipoproteins that might serve as staphyloferrin receptors. For this, a
homology-based computational pipeline was established to identify SID-related genes. This
was complemented by a comparison of the transcriptome of four di!erent Corynebacteria
species grown in two media (one iron-rich and one iron-depleted).

Multiple tools have been developed to identify genes related to siderophore production
and uptake. One commonly used tool is antiSMASH (Blin et al. 2023), a hidden Markov
model (HMM) based approach to identify and annotate BGCs. Although antiSMASH is
also able to annotate proteins related to metabolite transport, it requires the identification
of core synthesis genes for annotation. Since these genes are missing in cheating organisms
such as Corynebacteria, antiSMASH cannot be used to identify the uptake mechanisms.
Other studies have exploited the sequence similarity of lipoproteins using machine learning
algorithms, such as HMMs, to decipher the key-lock principles within SID-producing and
exploiting species (Gu et al. 2025). The focus of their study was the diversity of SID
exploitation within Pseudomonas . While sequence similarity can provide insight into
similar functions of proteins, it can be limiting, especially when comparing species from
distinct genera, as in the case of S. aureus and Corynebacteria species.

In addition to identifying the necessary mechanisms for xenosiderophore usage, we aim
to explore how they are regulated in Corynebacteria and compared that to the regulation
mechanisms of S. aureus In the latter organism, genes related to iron homeostasis are
regulated by ferric uptake regulator (Fur) (Xiong et al. 2000). Identifying whether this
regulating mechanism is also conserved in siderophore-cheating Corynebacteria might help
gain more insight on these mechanisms and also identify undiscovered iron-related genes in
the species.

To address these goals, we proceed as follows. For a set of multiple Corynebacteria
species, we identified putative homologs to known lipoproteins of S. aureus, thus predicting
putative staphyloferrin receptors. Since diverse protein sequences can be folded into
the same protein structure, the sequence-based homology analysis is complemented by
a structure-based conservation analysis (Koehl 2001; Shatsky et al. 2008), providing
more reliable bases for comparison between genera. To take advantage of advances in
computational methods for the prediction of protein structure, we developed pipeline
PRESERVE1 (Protein conservation survey) for this analysis. PRESERVE is a computational
approach focused on the structural prediction process of sequence proteomes originating
from multiple species. In this study, the pipeline has been applied to go beyond protein
structure prediction and compare the structures to a reference set of structures. This
enhancement makes PRESERVE a generalizable approach that combines homology search
methods based on the primary and tertiary structure of the protein. Moreover, the
transcriptomic profile of four selected Corynebacteria species was assessed in an iron-
deprived condition via RNA-seq, to understand how Corynebacteria react in such conditions
and to contextualize the findings of PRESERVE. Lastly, PRESERVE was further developed
to gain insight into the regulation mechanisms of the identified genes by including a
downstream analysis on the promoter regions. By this thorough characterization of the SID
uptake systems in a cohort of nasal Corynebacteria, we aim to understand the mechanisms
for the use of such xenosiderophores.

1Commonly developed with Simon Hackl, https://github.com/Integrative-Transcriptomics/preserve-
nextflow
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Figure V.1: Overview of the dataset used for the computational characterization of the mechanistic
siderophore uptake potential in Corynebacteria and Staphylococcus aureus’ samples. It shows the
distribution of samples per species (upper bar chart). The other heatmaps show the results of the
experimental characterization presented by Zhao et al. (2024), where the uptake potential of specific
siderophores was analyzed via co-cultures with S. aureus’ mutants (middle binary heatmap) as well
as their potential of synthesizing any siderophore (lower binary heatmap). Full rectangles of the
two lower heatmap represent the potential of the species to uptake the corresponding siderophore
(uptake potential) or to produce any siderophore (CAS potential), while rectangles without a color
fill represent that the species is not able to uptake them or produce them. Empty spaces represent
species that were not characterized in the study.

Material & Methods

Materials

To characterize iron uptake mechanisms in Corynebacteria a set of 52 strains covering
di!erent species of nasal Corynebacteria has been collected. Moreover, eight samples for
the nasal pathogen Staphylococcus aureus have been included in the dataset for pipeline
validation purposes.

Most samples originate from two collections sampled by the group led by Simon
Heilbronner: the LaCa (Camus et al. 2025) and the Münster collection (Zhao et al.
2024) (see Table V.S1 for a detailed overview). For all strains, a sequenced genome
and an annotation computed with BAKTA have been provided. In addition, a further
commercial strain of Corynebacterium accolens was added to our dataset (NCBI accession
ID: GCF_000478135.1). The strains have been experimentally tested for their potential
to uptake staphyloferrin A and B (co-culture experiments), as well as the potential to
synthesize any siderophore (chrome azurol S, short CAS, assay), as described by Zhao
et al. (2024). A short overview of the covered species and their expected SID uptake and
synthesis potential can be found in Fig. V.1.

To investigate the potential of siderophore uptake in Corynebacteria, five lipoproteins
responsible for uptake in Staphylococcus aureus were identified from the literature:
HtsA (Grigg, Cooper, et al. 2010), SirA (Grigg, Cheung, et al. 2010), FhuD1,
FhuD2 (Sebulsky and Heinrichs 2001) and SstD (Beasley et al. 2011). Their protein
structures were acquired from the PDB (Burley et al. 2017) or from the AlphaFold
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Table V.1: Origin of reference protein structures used for structural comparison. Reference
structures of five Staphylococcus aureus siderophore-binding lipoproteins (HtsA, SirA, FhuD1,
FhuD2, SstD) were retrieved from the PDB or the AlphaFold database, depending on availability.

Reference Protein Origin ID

HtsA PDB 3EIW
SirA PDB 3MWG
FhuD1 AlphaFold DB A0A0H2WWK9
FhuD2 AlphaFold DB A0A0H2WZDT
SstD AlphaFold DB A0A0H2WYC5

database (Varadi et al. 2022), depending on the availability of the data (Table V.1).
For the transcriptomics analysis, representative strains of four Corynebacterium species

(C. hesseae: CH, C. simulans: CS, C. propinquum: CP and C. accolens: CA) were selected
for an RNA-seq experiment based on their diverse phenotypic profile of utilizing S. aureus’
siderophores, as well as some interactions observed in the study by Zhao et al. (2024),
such as their ability to inhibit or support S. aureus. It should be noted that CP is the
only corynebacterial species in the data set with the potential to produce siderophores,
as shown by the CAS assay (Fig. V.1). Three strains were selected from the previously
described collections (Münster: CH and CS, LaCa: CP), while the sample for CA was a
commercial strain. The RNA-seq experiment consisted of measuring gene expression under
two conditions: an iron-deprived environment with the EDDHA chelator vs. a control
environment. Three biological replicates per condition were collected.

Prior analysis of validation samples

The eight samples of S. aureus were analyzed independently of the PRESERVE pipeline to
confirm the presence of all five reference lipoproteins in their annotated coding sequences.
Due to assembly and/or annotation problems, it is possible that the corresponding coding
sequences have been annotated incorrectly, and hence introduce a bias in our validation
set. For this, the amino acid sequence of all five reference lipoproteins was searched against
all annotated coding sequences of the samples using MMseqs2 (Hauser et al. 2016). If the
coding sequence returned a hit with sequence similarity more than 0.9 and covers the
reference lipoprotein by more than 0.99, the corresponding lipoprotein is considered present
in the sample.

The PRESERVE pipeline

PRESERVE combines di!erent computational methods to e"ciently identify homologous
lipoproteins between multiple proteomes and a set of reference structures (for an overview,
see Fig. V.2). The first step of the pipeline is to determine the proteins of interest; in
this case, lipoproteins. Here, SignalP6 (Teufel et al. 2022) is applied to each proteome to
identify lipoproteins transported by the Sec (labeled as LIPO) or by the Tat translocon
(TATLIPO) and cleaved by the Signal Peptidase II. To address a possible redundancy across
all samples, the sequences of the identified lipoproteins are clustered using MMseqs2 (Hauser
et al. 2016), prior to structure prediction. MMseqs2 is used with a sequence similarity
threshold of at least 0.45 and a coverage of at least 0.8. Moreover, MMseqs2 identifies a
sequence as the representative of each cluster.

The structures of the resulting MMseqs2 cluster representatives are then predicted using
ColabFold (Mirdita et al. 2022) and compared to the reference set of lipoprotein structures
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Figure V.2: Overview of the pipeline PRESERVE. The protein input files (red) are processed (blue)
with tools (gray) to produce interim (purple) results, such as the identification of lipoproteins, the
clustering of them and their structure prediction. The predicted structures are then compared to
the input reference structures to produce a set of putative structural homologs.

using FoldSeek (van Kempen et al. 2024). To identify putative structural homologs, a
minimum local distance di!erence test (LDDT ) score of 0.5 and a coverage of 0.7 have
been set as threshold, close to the threshold defined by van Kempen et al. (2024) for true
positives in a structural comparison study. Since the results of structural comparison
are based on the representative sequence, the respective clusters are reinflated, i.e. the
information of the representative is extrapolated to all other proteins of the cluster to
obtain a per-sample resolution.

RNA-seq analysis and GO-enrichment analysis

The four strains selected for transcriptomic analysis were exposed to two conditions: an
iron-deprived environment via the chelator EDDH and a control environment. With three
replicates per condition, a total of 24 samples were subject to single-end strand-specific RNA-
sequencing using Illumina technology. The resulting 24 FASTQ sequences were processes
using an in-house developed Nextflow-based pipeline (Harbig 2023) for read pre-processing,
mapping, and gene expression quantification. For quality assessment, FastQC (Andrews
2010) was used to compute common quality metrics, such as the GC content per sequence,
the quality scores of the sequences, as well as the analysis of overrepresented sequences. The
reads were then mapped to the reference genomes using HISAT2 (Kim et al. 2015). Spliced
alignments were disabled and the reads were mapped according to the strand-specific
protocol (-no-spliced-alignment and -rna-strandness “R”). The resulting mapping
files in SAM format were converted to BAM format using SAMtools (Li et al. 2009). For
the assessment of the mapping results, QualiMap2 (García-Alcalde et al. 2012) was used
to provide a general overview. Furthermore, all results of the quality assessment were
summarized using MultiQC (Ewels et al. 2016) for a better overview of the data. The
calculation of the gene count table was performed using featureCounts (Liao et al. 2014),
allowing for multi-mapping (-M) of the reads as well as overlapping (-O, -fracOverlap
0.7, -minOverlap 10). The gene expression quantification was based on the entries
labeled as transcripts, and with overlapping and multi-mapping reads counted as fractions
(-fraction).

Di!erentially expressed genes between the two conditions (control vs. EDDH treated)
were identified using DESeq2 (Love et al. 2014). Since multi-mapping and overlapping reads
were counted as fractions, the count tables produced by featureCounts were rounded to
the next integer for their use in DESeq2. Genes with an adjusted p-value below 0.01 and
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an absolute fold change larger than 1 were considered as di!erentially expressed.
In addition, a gene ontology (GO) enrichment analysis was performed to identify terms

that might be shared by di!erentially expressed genes between the tested species. For
this, the GO background of each species was predicted using the module FaCoP from the
web-server FUNAGE-Pro (de Jong et al. 2022). Afterwards, the GO background, the list
of di!erentially expressed genes as well as their fold change value were uploaded to the
tool GO-Compass (Harbig et al. 2023). GO-Compass not only conducts a GO-enrichment
analysis but also clusters the resulting GO terms with respect to their dispensability. This
means that terms that are less relevant receive a higher dispensability value, providing a
better overview of the enriched GO terms.

Genes annotated with GO terms related to siderophore uptake were compared to the
final set of structural homologous lipoproteins to evaluate the consistency between both
analyses.

Downstream analysis of homologous genes with transcriptomic data

To contextualize the results of the PRESERVE pipeline, we integrated the set of structural
homologous lipoproteins with the transcriptomic analysis results for each species. This
allowed us to explore the expression of the genes across both analyzed environments and
evaluate the correctness of our identified homologs based on the expression, as we expect true
homologous genes to be up-regulated in the treated condition. Moreover, we integrated all
identified lipoproteins with SignalP6 to identify any putative missing lipoprotein involved
in iron-acquisition, as they should also be up-regulated in the transcriptomic analysis.

In addition, we compared the identified homologs and their expression across the four
species by computing orthologous groups with OrthoFinder. Although protein sequences
have previously been clustered with MMseqs2 within the PRESERVE framework, the focus
was to reduce the redundancy of the sequence space of the proteins. As OrthoFinder is
specialized in the identification of orthologous genes, it was more suited for this downstream
analysis. From all identified groups, we focused on those with at least one structural homolog
identified via the PRESERVE pipeline.

Analyzing promoter regions of structural homologs

Following the identification of homologous lipoproteins with PRESERVE, we analyzed all
structural homologs to identify the primary transcription factors involved in their regulation
via the identification of putative binding sites. For this, the upstream region of the homologs
identified by PRESERVE was extracted and analyzed for enriched motifs using a downstream
analysis pipeline (Fig. V.3).

As mentioned above, genes related to the uptake of SID-iron complexes, such as
lipoproteins and ABC transporters, are found in operons. Due to the co-regulation of
operons, we expect the transcription factor binding site to be found upstream of the first
gene of the operon (Osbourn and Field 2009). Hence, we identified all putative operons
within the input bacterial genomes by grouping genes found within a distance of 50 nt. This
threshold was selected to capture the wide range of intergenic distances observed between
co-transcribed coding sequences in bacteria (Yada et al. 1999). After operon detection,
only those groups (either operons or single genes) with at least one identified structural
homolog are used further. Based on these sets of genes, the first gene of each group is
selected and its upstream region is extracted (400 nt). Such a long upstream sequence is
required as annotation files focus on the coding sequence rather than the 5↑ ↑ UTR, which
might hinder the identification of the promoter region and any transcription factor binding
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Figure V.3: Overview of the downstream analysis used to identify possible transcription factor
binding sites related to the regulation of the identified structural homologs. The input files (red)
are processed (blue) with tools or parameters (gray) to produce interim (purple) or final results
(green). First, genes are grouped into operons and the upstream region of the first gene is extracted,
as long as the operon contains a gene identified as structural homolog. For structural homologs not
found found in any operon, the direct upstream region of the gene is extracted. To avoid sample
bias, identical sequences are de-duplicated and passed to XSTREME (Grant and Bailey 2021) for
de novo motif identification and labeling via database comparison. The results of XSTREME were
investigated manually to get an overview of those motifs related to iron homeostasis.

site. Due to the high sequence similarity between the genomes of closely related strains, it
can occur that identical upstream regions are extracted, producing a bias towards specific
corynebacterial strains. Hence, the set of extracted upstream sequences was de-duplicated
to create a non-redundant set for motif analysis with XSTREME (Grant and Bailey 2021).
XSTREME identifies statistically enriched sequence motifs and compares them to a database
of known transcription factor binding sites (such as PRODORIC (Dudek and Jahn 2022)
or RegTransBase (Cipriano et al. 2013)) to identify the corresponding regulator. Based on
the XSTREME output, motifs known in the literature to be related to iron regulation were
manually selected. For each motif, we computed their occurrence distribution across all
analyzed species.

Results

Analysis of validation samples

To verify that the eight S. aureus samples used for validation correctly annotate the
five lipoproteins used as a reference, a search using MMseqs2 was run against all coding
sequences of the samples, expecting high sequence similarity (> 0.9) and high coverage
of the reference lipoprotein (> 0.99). For each coding sequence, its best hit with respect
to the mentioned parameters was identified (Table V.2 and Suppl. Table V.S2). This
search identified that four of the eight samples contain exactly one copy of each reference
lipoprotein. The other samples di!er from the expected number of lipoproteins. Sample
199 contained two identical copies of the HtsA protein. However, this result should be
taken with caution, as the respective genome sequence for this strain had a large number
of contigs (n = 181), suggesting a bias from a low-quality assembly. Samples 19 and 36
miss a locus for FhuD1 transcription, and sample 36 misses a transcript for SstD.

For the validation purposes of this study, these results reflect that instead of expecting
a total of 40 structural homologs for the S. aureus samples (eight samples ↓ five reference
proteins), the structural homolog identified can at most identify 38 homologs.
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Table V.2: Overview of the number of reference lipoproteins present in S. aureus samples used for
pipeline validation purposes. These results are based on a MMseqs2 search, considering the best hit
for every target protein of the S. aureus samples (Supl. Table V.S2).

sample FhuD1 FhuD2 HtsA SirA SstD

sample_1 1 1 1 1 1
sample_2 1 1 1 1 1
sample_3 1 1 1 1 1
sample_19 0 1 1 1 1
sample_36 1 1 1 1 0
sample_145 0 1 1 1 1
sample_186 1 1 1 1 1
sample_199 1 1 2 1 1

Identification and clustering of lipoproteins

For the 60 analyzed annotated protein sequences (52 from the Corynebacterium genus, 8
S. aureus strains), SignalP6 predicted between 69 and 107 lipoproteins per strain (Suppl.
Fig. V.S1), resulting in a total of 4, 520 predicted lipoproteins across all strains. Using
MMseqs2 for sequence clustering, PRESERVE reduced this amount to a total of 322 clusters.
The clusters contain either sequences from only one species, or from two or more species.
190 of 322 (59%) of the clusters contained sequences from just one species (Fig. V.4a), with
S. aureus having here the most clusters of this class. The remaining clusters contained
sequences from two or more of the corynebacterial species (Fig. V.4b and Suppl. Fig. V.S2).
23 clusters cover all Corynebacteria species, showing a high lipoprotein conservation across
the species. Specific species pairs, such as C. propinquum and C. pseudodiphtheriticum,
or C. accolens and C. tuberculostearicum, also harbor unique lipoproteins not shared
with other species and could indicate species-specific mechanisms. Here, is important
to note that no cluster showed conserved lipoproteins between S. aureus and any of the
corynebacterial species (Fig. V.S2). This is due to the low sequence similarity between S.
aureus and the Corynebacteria species.

Structural homolog identification via PRESERVE

After sequence clustering with MMseqs2, a structural homology analysis was performed using
ColabFold for structure prediction and Foldseek for the comparison to known S. aureus’
proteins. This returned 28 cluster representatives (21 with sequences of corynebacterial
species and 7 for sequences retrieved from S. aureus strains) surpassing the defined coverage
and LDDT thresholds. After clustering reinflation, a total of 444 lipoproteins across all
60 samples (63 for S. aureus and 381 for corynebacterial samples) showing homologous
structures to the known S. aureus lipoproteins involved in SID-uptake (Fig. V.5).

Interestingly, for most species, the number of lipoproteins structurally homologous to
either of the five S. aureus lipoproteins is constant across strains, with C. tuberculoastericum
having the least (n = 3) and C. propinquum having the most (n = 13) structural homologs.
Only C. accolens showed a higher lipoprotein diversity across strains (between 4 and 10
homologs), suggesting a possible greater intra-species variability in the interaction with
iron-binding molecules.
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(a) Number of clusters with protein sequences origi-
nating from samples labeled as the same species.
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Figure V.4: Overview of the composition for the protein sequence clusters returned by
MMseqs2 (Hauser et al. 2016). For a species to be accounted for a cluster, at least one protein
sequence originating from the species should be found in the cluster. It has to be noted that more
sequences from the same sample, or from a di!erent sample but labeled with the same species can
be part of the cluster. Two separate views are provided: (a) for clusters with sequences originating
from one species and (b) for clusters with protein sequences from multiple species.
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Figure V.5: Number of structural homologs identified via PRESERVE, using Colabfold and
Foldseek, after clustering reinflation. Each bar is colored with respect to the analzed species.

Validation of structural homolog identification with S. aureus samples

Although for S. aureus samples 38 homologous lipoproteins were expected to be identified,
a total of 63 structural homologs were found (between 7 and 9, depending on the strain).
The identified homologs were further characterized in an independent BLAST search against
the UniProt database (Zaru et al. 2023), and AureoWiki was used to further characterize
the results (Fuchs et al. 2018) (Suppl. Table V.S3). For each identified structural homolog,
the best hit was chosen with respect to sequence identity and summarized in a sample-wise
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Table V.3: Overview of the identified structural homologs by gene and sample for S. aureus strains,
based on the UniProt search results. The left side of the table shows the expected lipoproteins
used as a reference, while the right side shows false positive homologs.

Sample ID FhuD1 FhuD2 HtsA SirA SstD BtuF IsdE SAOUHSC_00976

sample_1 1 1 1 1 1 1 1 1
sample_2 1 1 1 1 1 1 1 1
sample_3 1 1 1 1 1 1 1 1
sample_19 0 1 1 1 1 1 1 1
sample_36 1 1 1 1 0 1 1 2
sample_145 0 1 1 1 1 1 1 1
sample_186 1 1 1 1 1 1 1 1
sample_199 1 1 2 1 1 1 1 1

Table V.4: Overview of the cluster representatives of S. aureus identified as structural homologs.
The second column shows the gene names identified with the UniProt search to be found within
the cluster of the representative. Lastly, the last columns show the reference structure that aligned
best with the representative and the respective LDDT score.

Locus tag of representative Gene names in cluster Struc. aligned to LDDT

OEHLIH_00205 fhuD1 FhuD1 98.67
OKMLLP_05960 sstD SstD 97.56
OKMLLP_11655 fhuD2 FhuD2 95.90
JNHCPM_11275 sirA SirA 94.61
KJDHGP_03365 SAOUHSC_00976 & htsA HtsA 81.45
CGIHNC_05605 btuF HtsA 59.56
OKMLLP_04230 isdE FhuD2 58.26

view (Table V.3).
The UniProt search confirmed that PRESERVE was able to correctly identify the expected

reference proteins in S. aureus samples, as it mirrors the results of the sequence search
with MMseqs2 (see previous Table V.2). In addition, three di!erent proteins were also
found by PRESERVE: the vitamin B12 binding protein BtuF, the heme receptor IsdE,
and an uncharacterized protein with iron binding potential (locus tag of the target hit:
SAOUHSC_00976 ). To further analyze the results of false positives, the clusters and their
respective representatives used for structural structural were evaluated with respect to the
annotated gene names from the UniProt search, as well as with the LDDT values of the
structural alignment (Table V.4). The analysis showed that almost all clusters consisted of
the same gene, with the exception of one cluster which contained htsA sequences as well as
the uncharacterized protein.

Moreover, it can be seen that the LDDT value of the true homologs is higher than
the rest. An overview of the complete distribution of LDDT values across all structural
alignments that exceed the defined thresholds (Fig. V.6) shows that the lowest LDDT of
the true homologs are generally higher than the LDDT values of all corynebacterial hits,
with some corynebacterial hits found between the true homologs and false positives of S.
aureus.

Analysis of RNA-seq data

The RNA-seq experiment showed large changes in gene expression for the four chosen
Corynebacterium species when exposed to iron-deprived conditions. Each of the four
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Figure V.6: Histogram on the distribution of LDDT scores for all structural homologs, divided by
representative with only S. aureus sequences or only corynebacterial samples.

species exhibited over 310 di!erentially expressed genes, using a corrected p-value threshold
of 0.01 and an absolute log2 fold change of 1 (Table V.5 and Fig. V.7). Interestingly,
the species seem to di!er with respect to the ratio of up- and down-regulated genes
(| log2(FC)| > 1). While in C. hesseae and C. propinquum more di!erentially expressed
genes are up-regulated (56.17% and 55.03%, respectively), the contrary can be seen for
C. accolens and C. simulans, as only 46.95% and 41.04% are up-regulated. The gene
ontology enrichment analysis using GO-Compass returned a total of 130 enriched GO terms,
across all three main ontologies: 80 for biological processes, 29 for cellular component and 21
for molecular function. Here, 23 of the terms were found to be enriched in all four species,
such as the terms associated with siderophore-mediated iron transport and iron homeostasis
(Suppl. Fig. V.S4), as well as the term ferric-enterobactin import into the cell. Although
enterobactin is a siderophore originally identified in Salmonella Typhimurium (Raymond
et al. 2003), this GO term underscores the functional necessity for siderophore import
systems in the four analyzed Corynebacterium species. Species-specific tree maps (Suppl.
Figs. V.S5a–V.S5d) further show that iron-related terms were mainly associated with
up-regulated genes, while down-regulated genes were not linked to specific processes in the
four species.

To evaluate the structural lipoprotein homologs predicted by PRESERVE based on the
enriched GO terms, we compared the 37 structural homologs identified across the four
species with proteins that have been linked to the enriched GO terms (Suppl. Fig. V.S3).
As PRESERVE only accounts for lipoproteins, proteins linked to GO terms were filtered to
only include genes that have been labeled by SignalP6 as lipoproteins during the PRESERVE
analysis. Interestingly, only 9 structural homologs overlapped with genes associated with
GO annotations. PRESERVE identified 28 unique lipoproteins, suggesting that sequenced-
based GO annotations alone may miss key components of the siderophore uptake machinery.
However, seven genes were not identified by PRESERVE. The relevance of these genes in the
siderophore-uptake process was further analyzed in a further step.

To further evaluate the structural homologs, we assessed their expression level in
the context of the transcriptomic setting. For those lipoproteins identified as structural
homologs, most of them are strongly up-regulated under EDDHA treatment (Fig. V.7, red
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Table V.5: Summary of di!erentially expressed genes, distributed by the magnitude of their log2
fold change (log2(FC)). Genes with an adj. p-value lower than 0.01 were called di!erentially
expressed.

CA CH CP CS

Di!. expr. genes (adj. p < 0.01) 1, 296 1, 671 983 1, 435
Di!. expr. genes (adj. p < 0.01) and
filtered for fold change (| log2(FC)| > 1)

311 616 338 541

Upregulated
Total 659 798 492 683
log2(FC) > 1 146 346 186 222
log2(FC) > 2 47 119 105 73

Downregulated
Total 637 873 491 752
log2(FC) < ↑1 165 270 152 319
log2(FC) < ↑2 16 96 55 105

triangles), regardless of the overall expression ratio in the species. Only five of the structural
homologs (13.5%, Supp. Table V.S4), two in C. accolens and three in C. propinquum,
showed low fold-changes and non-di!erential expression across conditions. However, their
functional annotations suggest a substrate-binding role with respect to ABC transporters.
The annotations imply a goal similar to that of the known iron-binding lipoproteins in S.
aureus but with a di!erent role, as they are expressed di!erently in these Corynebacteria.

To explore whether PRESERVE may have missed any relevant lipoproteins, we analyzed
the 23 significantly up-regulated genes (p-adj. < 0.01 and log2(FC) > 1) that were not called
structural homologs after PRESERVE, but identified as lipoproteins by SignalP6 (Suppl.
Table V.S5). First, we compared these genes to the seven lipoproteins uniquely identified
via GO annotation. Only one lipoprotein of this set (marked with a + in Suppl. Table V.S5)
intersected with the up-regulated genes; nevertheless, it does not show a high LDDT score
nor a high coverage to the provided reference, suggesting a di!erent kind of lipoprotein
involved in iron-uptake. As of the remaining six lipoproteins intersecting with the GO
annotation, they do not show a significant up-regulation. This indicates that they might
not play a role in siderophore-uptake and hence are not relevant for this study.

The other 22 significantly up-regulated lipoproteins were analyzed with respect to the
results of the Foldseek comparison between them and the reference lipoproteins (Suppl.
Table V.S5). This analysis showed that most lipoproteins do not resemble any of the
reference genes, since structural alignment returns low coverages (< 0.5) or very low LDDT
values (< 0.4). This could indicate that these di!erentially expressed genes represent
other types of lipoproteins also involved in the uptake of siderophores, such as ABC
transporters (Schalk 2025), as seen in the genes’ descriptions (Suppl. Table V.S5). The
only exceptions are four up-regulated proteins (marked with an ≃ in Suppl. Table V.S5)
that returned a high alignment coverage (> 0.9), but LDDT values close to the selected
threshold of 0.5 (→ 0.41). Structural alignments showed that while the protein core shows
a high level of conservation, the di!erences between the Corynebacterium gene and the
S. aureus reference genes are found mainly in unstructured regions, suggesting that these
genes are false negatives (an example can be seen in Fig. V.8).
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Figure V.7: Volcano plots summarizing the complete transcriptomic response for a control vs.
treatment with the chelator EDDHA (Fold change: treated ↑ control). The vertical dashed lines
highlight where the absolute log2 fold-change (| log2(FC)|) is equal to one, while the horizontal
dashed lines show where ↑ log10(p ↑ adj.) equals 0.01. Additionally, the volcano plot di!erentiates
between lipoproteins identified only by SignalP6 (blue triangles), lipoproteins additionally identified
as structural homologs by Foldseek (red triangles) and other genes not identified as lipoproteins
(gray circles).

Figure V.8: Structural alignment of gene RS06480 from C. accolens (orange) and the reference
lipoprotein HtsA from S. aureus (brown) with an LDDT of 0.40. Similar structural regions are
shown with full opacity, while diverging regions are more transparent. The structural alignment and
visualization was computed using the alignment tool from the RCSB PDB (Bittrich et al. 2024).
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Figure V.9: Heatmap showing median regularized log-transformed expression values per condition for
a subset of genes grouped by orthogroups. Only orthogroups containing at least one gene identified
by PRESERVE as a structural homolog to reference proteins are shown. Each row corresponds to a
gene, annotated by its species of origin (color-coded) and whether it was identified by PRESERVE
(red = yes, white = no). Columns of the heatmap represent the di!erent conditions from the
RNA-seq experiment (Control vs. EDDHA).

Cross-species comparison of identified homologs

While the previous section focused on comparing the response of the individual
Corynebacteria to the iron depletion as well as contextualizing the results of the PRESERVE
pipeline, the following analyses will focus on the cross-species comparison of the homologs
across the four Corynebacteria . To investigate the consistency of the results across species,
we used orthogroups computed by OrthoFinder to compare the structural homologs across
the four Corynebacterium species for which RNA-seq data are available. We focused only
on orthogroups that contained at least one predicted structural homolog. Almost for
all orthologous groups all genes were additionally identified as structural homologs after
processing with PRESERVE (Fig. V.9). Only two exceptions (genes DPLBDI_03505 from
C. propinquum and R3O64_03735 from C. accolens) were identified, as they are part of
the filtered orthologous group, but were not called structural homologs.

Detailed analyses of the intermediate steps of PRESERVE detected possible reasons for
this discrepancy. First, the gene DPLBDI_03505 was not identified as a lipoprotein by
SignalP6 and thus was directly excluded from any subsequent analysis. However, its
annotation as Fe/B12 periplasmic-binding domain-containing protein suggests a lipoprotein
function, indicating a putative false negative in the lipoprotein prediction step of PRESERVE.
For the second case, gene R3O64_03735, was found to be shorter (128 aa) than the other
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members of its orthogroup (minimal length of 313 aa), as well as all five reference lipoproteins
(ranging from 302 to 342 aa). This discrepancy suggests that either OrthoFinder allocate
this gene into the incorrect orthogroup, or that the structure of the gene did not manage
to pass the coverage threshold required for structural homology, leading to its exclusion by
PRESERVE.

This comparison also allows to compare the expression of the genes across conditions
For this, the normalized expression values based on the regularized log (RLOG) provided
by DESeq2 per gene were visualized for both conditions. The corresponding expression
heatmap reflects a general increase in the expression of the genes shown when exposed to
an iron-deprived condition. In addition, most of the genes in the same group not only share
the tendency of up-regulation, but also a similar expression value. This could indicate
that the species react also similarly to the exposed conditions. However, it also shows
di!erences in the absolute expression values across conditions. Some genes, for example
DPLBDI_06635 and DPLBDI_04735, have di!erences to the rest of the members of
the orthogroup. This could suggest di!erences in their regulation, despite Orthofinder
grouping them in the same orthogroup via sequence similarity.

Among the genes with unchanged expression across both conditions, two distinct
patterns emerge. The genes RS11775 and RS06090 from C. accolens and DPLBDI_02275
from C. propinquum show low expression under both conditions, suggesting limited relevance
in this environmental context. In contrast, genes DPLBDI_09450 and DPLBDI_03885
(also from C. propinquum) are constantly highly expressed, suggesting a role that is
independent of iron availability. Notably, C. propinquum is the only species in the dataset
known to synthesize siderophores itself (Fig. V.1), which could explain the persistent
expression of certain uptake-related lipoproteins also in the control environment.

Finally, the identified orthogroups also o!er the possibility of comparing the structural
homolog predictions with the experimental phenotypes (see Fig. V.1 for experimental
metadata). As Zhao et al. (2024) were able to show that the gene R3O64_11615 is
responsible for the uptake of both SF-A and SF-B siderophores in C. hessae, it could be
expected that the other members of its orthogroup are involved in a similar mechanism.
This assumption could be extrapolated to the genes of C. accolens, since the experimentally
observed phenotype of C. accolens and C. hesseae in the co-cultures by Zhao et al. (2024) is
the same. Nevertheless, since C. propinquum genes are also found within the orthogroup, it
does not explain why this species is not able to uptake SF-A or why any gene of C. simulans
is missing to fully mirror the experimentally observed SF-B phenotype. Additionally, no
other orthogroup reflects the composition of the SF-A phenotype observed experimentally,
where only C. propinquum lacks the ability to import this siderophore, as the structural
homologs of this species are found in almost all orthogroups. These findings suggest that the
current combination of structural homology and sequence-based orthology comparisons is
insu"cient to link specific lipoproteins to individual siderophore usage with high confidence.

Identification of transcription factor binding sites for structural homologs

Besides investigating the expression of structural homologs for selected species, we analyzed
the putative promoter regions of the operons containing a structural homologs identified
by PRESERVE, for all 60 strains of this study. Using XSTREME, the promoter regions were
analyzed to identify enriched motifs of length between 6 and 15 nts and compared to
databases for further characterization. Via manual selection, we reduced those motifs to
only those known to be involved in iron regulation in the literature and computed an
average number of binding sites found per strain for each species.
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Figure V.10: Overview of the results for motif enrichment across the analyzed species. (left)
Relative abundance of transcription factor binding sites associated with iron homeostasis, identified
per species. The number of identified motifs was normalized by the number of samples per species,
providing an estimate of each transcription factor’s overall relevance within the respective species.
(right) Motifs identified as binding sites for Fur or IdeR, known iron-regulators. The corresponding
consensus binding sequences have been highlighted for each motif (bar on top of the subsequence).

The analysis of the upstream regulatory regions of the operons showed that
Staphylococcus aureus and the Corynebacteria strains have di!erent regulatory mechanisms
for the identified genes (Fig. V.10). One statistically significant motif (E-value = 3.2↓10→35)
was labeled by XSTREME as the binding site for the ferric uptake regulator (Fur) known
to be relevant in S. aureus, and also showed the expected consensus binding sequence
GATAAT (Sheldon and Heinrichs 2012). As expected, S. aureus strains have a high number
of binding sites for Fur upstream of the identified homologs, correlating also with the
amount of identified structural homologs by PRESERVE (7-9 for S. aureus samples).

In contrast, analyses of Corynebacteria genomes present a di!erent picture (Fig. V.10).
Binding sites for Fur were only found sparsely across these species, with C. accolens having
the most binding sites for this transcription factor, with an average of one binding site per
strain. However, the binding site for the Iron-dependent Regulator IdeR was found as the
most significant motif for this analysis (E-value = 6.5 ↓ 10→188). This binding site is found
in the upstream regions across all analyzed corynebacterial species, ranging from one up
to six times per sample, dependent on the species. However, for S. aureus it was only
found sparsely, with an average of less than one time per sample. IdeR is a member of the
diphtheria toxin repressor (DtxR) family and has been previously characterized to regulate
iron in other corynebacterial species, such as Corynebacterium diphteria (Marcos-Torres
et al. 2021). Moreover, the identified motif also resembles the described consensus sequence
of the literature, as it covers partially the sequence TTAGGTTAG, and is followed by its
reverse complement CTAACCTAA (Lee and Holmes 2000; Marcos-Torres et al. 2021). The
distribution analysis suggests that IdeR, not Fur, appears to be the primary transcription
factor regulating the expression of the iron-related structural homologs in the studied
Corynebacterium species.
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Discussion

Understanding siderophore uptake mechanisms in microbial communities is essential for
gaining insight on how bacteria compete for limited resources such as iron (Zhao et al.
2024). However, the molecular mechanisms of siderophore uptake are highly diverse,
since transport strategies and regulatory architectures can di!er substantially between
bacterial species, complicating the overall characterization. In this study, we combined
structural homology detection, transcriptional analysis, and regulatory motif analysis
to characterize the siderophore uptake potential in Corynebacterium species. Although
certain representatives have been experimentally shown to exploit siderophores produced
by Staphylococcus aureus, the molecular mechanisms behind this exploitation remain poorly
characterized (Zhao et al. 2024).

To achieve this goal, we developed the PRESERVE pipeline to go beyond structural
prediction and integrate sequence- and structure-based methods to detect homologous
lipoproteins in distantly related genera and applied it to the strains analyzed in this study,
originating from multiple Corynebacteria species and S. aureus. These predictions were
complemented by RNA-seq analyses to evaluate the transcriptional landscape of candidate
uptake systems under iron-limited environments.

By prioritizing structural over primary sequence conservation, PRESERVE facilitated a
more sensitive identification of potential functional homologs implicated in siderophore
uptake. From the total 4, 520 lipoproteins first identified using primary sequence
conservation, the approach narrowed to a candidate set of 444 lipoproteins with a structural
similarity to known S. aureus siderophore-binding proteins, 63 of which occur in S. aureus
and 381 were found in Corynebacteria strains.

However, validation using S. aureus samples provided more insight into the results. First,
the strains used for the validation already showed a diversity for the present lipoproteins,
as only 38 sequence homologs were identified by sequence homology analysis. Although
this might suggest assembly or annotation problems, it could also indicate diversity in the
use of lipoproteins in S. aureus strains, as it has been studied for other staphylococcal
samples (Witte Paz et al. 2025).

Moreover, the validation of the structural homologs shows that the approach is overly
sensitive. Across these samples, the pipeline detected more homologs than the number of
reference proteins used (63 homologs versus the expected 38). First, it was shown that
the htsA gene was clustered together with an uncharacterized iron-binding protein, hence
increasing the number of false positive hits. This suggests that the thresholds defined for
the MMseqs2 clustering should increase, which in contrary would also require a higher
computational time for the protein structure prediction.

Moreover, other proteins that were not expected to be called homologs were identified via
a a BLAST search. IsdE and BtuF are known to participate in iron uptake (Grigg, Vermeiren,
et al. 2007; Krewulak and Vogel 2008), but are not associated with the siderophore binding
mechanism. In general, this suggests that proteins involved in iron homeostasis may have
structures too similar and require an increase of the LDDT thresholds defined in this study.
Nevertheless, the LDDT values of the corynebacterial hits are also generally lower and
therefore indicate that too strict threshold might increase the chances of missing too many
proteins for the cross-genera comparison. A detailed analysis on the optimal thresholds for
such a comparison remains pending.

In addition, the characterization of corynebacterial strains revealed four proteins that
can represent false negatives. For example, the gene RS06480 from C. accolens was not
identified as a structural homolog, though it only showed a high divergence in non-globular,
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unstructured regions, while its core structure remained conserved, suggesting a putative role
in iron homeostasis. Such unstructured regions are crucial for lipoprotein binding to the
outer membrane (El Rayes et al. 2021), yet they are poorly predicted by structure-prediction
tools like ColabFold (Bertoline et al. 2023). To reduce this limitation, PRESERVE can be
extended with structure processing tools, such as AlphaCutter (Tam and Iwasaki 2023),
which remove unreliable predicted regions and could therefore improve the accuracy of the
structural comparison.

Despite the identified putative false positives and negatives, the integration of RNA-
seq data and the orthology analysis supports the relevance of the identified homologs.
RNA-seq results showed that most of the identified homologous lipoproteins are strongly up-
regulated under iron-deprived conditions, highlighting their potential role in iron acquisition.
Moreover, the orthogroup analysis revealed high conservation of these structural homologs
within the corynebacterial species. However, our results suggest that siderophore uptake
specificity in Corynebacteria might not be determined by structural homology alone, as
computational predictions did not align with experimentally observed uptake phenotypes.
Some further approaches not described in this study tried to provide further analyses
to resolve this linkage by attempting to replicate the results presented by Zhao et al.
(2024) on a computational level. One approach included the training of Hidden Markov
Models based on staphylococcal uptake systems to identify corynebacterial lipoprotein
classes, following a similar idea presented by Gu et al. (2025). Also, molecular docking
experiments were conducted to assess the binding a"nity of a few selected structural
homologs to the metabolites staphyloferrin A and B. Yet, none of these approaches
reproduced the experimentally observed phenotypes and were thus not applied to the full
protein set. The inability to link specific orthogroups to a single siderophore might rely on
di!erences between the uptake methods of Corynebacteria and S. aureus. For example,
in S. aureus, multiple siderophores of a specific class are imported via single lipoproteins,
as seen with catecholates and hydroxamates siderophores and the uptake lipoproteins
SstD and FhuD1/2 (Beasley et al. 2011; Sebulsky and Heinrichs 2001). A comparable
mechanism could be expected in C. hesseae, for example, with the genes R3O64_03755 and
R3O64_11615 being both identified as structural homologs via PRESERVE and members
of the same orthogroup via OrthoFinder. However, experimental data from Zhao et al.
(2024) showed a functional di!erence. While R3O64_11615 is responsible for the uptake of
SF-A and SF-B, R3O64_03755 does not. These results highlight that even small di!erences
can have significant phenotypic consequences, and that structural or sequence homology
alone may be insu"cient to predict substrate specificity.

Despite the challenges in providing a detailed mapping of siderophore uptake to
individual genes, our analysis of promoter regions and regulatory motifs provides insight
into the regulation of the uptake mechanisms in Staphylococcus aureus and Corynebacteria
species. In S. aureus, the identified upstream motifs correspond to binding sites of the
ferric uptake regulator (Fur), consistent with its well-described role in controlling iron
homeostasis and siderophore-related operons in the literature (Friedman et al. 2006).
Hence, this finding validates our methodological approach by identifying the expected
regulation of the reference lipoproteins used in this study. For corynebacterial species,
our approach suggests a di!erent regulatory landscape. Here, binding sites of the iron-
dependent regulator IdeR were enriched upstream of the identified homologous genes,
with the motif identified as the most significant of the dataset (lowest E-value). IdeR
has previously been described as a major regulator of iron metabolism in Actinobacteria,
including Corynebacterium diphtheriae (Marcos-Torres et al. 2021), which strengthens
our interpretation that Fur might play a smaller role for the regulation of these genes
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in these species. This di!erence in the regulation systems highlights the idea that even
if homologous functions occur, they may be embedded in di!erent functional contexts.
Moreover, the detection of IdeR motifs across multiple corynebacterial species suggests
that this signal can be used to uncover additional iron-related genes not captured by
homology searches (Reitz and Medema 2022). An approach to refine species-specific motifs
would be to remove any identified false hits, such as proteins that are not up-regulated in
the transcriptomic analysis, before computing the motifs. Nevertheless, as these proteins
still play a role in iron-acquisition, the e!ect might not be drastiC. With such refined
motifs, motif-searching tools such as FIMO (Bailey et al. 2009) could then be applied to
identify genome-wide instances of IdeR binding sites and the downstream genes they might
regulate, indicating further iron-related genes that have been sofar overlooked.

Nevertheless, it is also important to mention the limitations of our promoter analysis
approach. The identification of enriched regulatory motifs depends strongly on the chosen
parameters, such as the maximum intergenic distance for operon definition and the length
of upstream regions used to approximate untranslated and promoter regions. Although
the 50nt chosen for operon computation and 400nt for upstream sequence extraction are
based on parameters used in previous studies (Yada et al. 1999), these thresholds may not
always accurately capture species-specific variation in operon structure or untranslated
region lengths. Hence, some identified motifs may not correspond to true binding sites,
while others might have been missed. Nevertheless, the identification of the Fur motif in S.
aureus and the evidence of IdeR being found in C. diptheria show that, despite parameter
sensitivity, the approach is robust enough to recover biologically meaningful signals.

Overall, this study provides a high-throughput characterization of siderophore uptake
mechanisms in multiple corynebacterial samples through the integration of structure-
based homology, transcriptional data, and regulatory motif analysis. By providing the
PRESERVE pipeline, we have established a computational basis for future cross-genera
comparisons. While a detailed functional description of individual siderophore uptake
mechanisms remains to be solved, the results identified several putative candidates for
further experimental validation. Moreover, we were able to provide an alternative for the
regulation of siderophore-uptake mechanisms in corynebacterial strains, which could be
further used to identify further iron-related mechanisms in these species. Achieving the
understanding of these uptake mechanisms could then provide insight into their relevance in
the microbial interactions within a microbiome environment, as well as further mechanisms
that allow the control via engineering of microbial communities.
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Table V.S1: Overview of corynebacterial and staphylococcal genome assemblies used for the
identification of structural homologs as well as validation of the computational approaches. The
table provides an overview of the sample ID of the strain, its classified species, the origin from the
sample as well as the status of accessibility of the genomic sequence. Unpublished genomes were
provided via internal communication.

Sample Name Species Origin of sample BioSample ID

sample_129 C. accolens LaCa Collection unpublished
sample_142 C. accolens LaCa Collection unpublished
sample_143 C. accolens LaCa Collection unpublished
sample_144 C. accolens LaCa Collection unpublished
sample_156 C. accolens LaCa Collection SAMN47812989
sample_173 C. accolens LaCa Collection unpublished
sample_174 C. accolens LaCa Collection unpublished
sample_175 C. accolens LaCa Collection unpublished
sample_191 C. accolens LaCa Collection unpublished
sample_193 C. accolens LaCa Collection SAMN47813004
sample_220 C. accolens LaCa Collection SAMN47813025
sample_221 C. accolens LaCa Collection SAMN47813026
sample_24 C. accolens LaCa Collection SAMN47812908
sample_248 C. accolens LaCa Collection SAMN47813049
sample_249 C. accolens LaCa Collection SAMN47813050
sample_25 C. accolens LaCa Collection SAMN47812909
sample_267 C. accolens LaCa Collection SAMN47813065
sample_268 C. accolens LaCa Collection SAMN47813066
sample_282 C. accolens LaCa Collection SAMN47813076
sample_42 C. accolens LaCa Collection SAMN47812921
sample_43 C. accolens LaCa Collection SAMN47812922
sample_77 C. accolens LaCa Collection unpublished
sample_78 C. accolens LaCa Collection SAMN45893581
sample_97 C. accolens LaCa Collection SAMN45893582
sample_99 C. accolens LaCa Collection unpublished
sample_CA C. accolens Commercial strain GCF_000478135.1
sample_CH C. hesseae Münster collection SAMN37848894
sample_15 C. propinquum LaCa Collection SAMN47812899
sample_152 C. propinquum LaCa Collection SAMN47812985
sample_17 C. propinquum LaCa Collection SAMN47812901
sample_170 C. propinquum LaCa Collection unpublished
sample_171 C. propinquum LaCa Collection unpublished
sample_172 C. propinquum LaCa Collection unpublished
sample_264 C. propinquum LaCa Collection SAMN47813062
sample_265 C. propinquum LaCa Collection SAMN47813063
sample_69 C. propinquum LaCa Collection SAMN47812943
sample_243 C. pseudodiphtheriticum LaCa Collection SAMN47813045
sample_244 C. pseudodiphtheriticum LaCa Collection SAMN47813046
sample_CS C. simulans Münster collection SAMN37848892
sample_101 C. tuberculostearicum LaCa Collection SAMN45893583
sample_102 C. tuberculostearicum LaCa Collection SAMN47812967
sample_117 C. tuberculostearicum LaCa Collection SAMN45893585
sample_204 C. tuberculostearicum LaCa Collection SAMN47813011
sample_205 C. tuberculostearicum LaCa Collection SAMN47813012
sample_222 C. tuberculostearicum LaCa Collection unpublished
sample_224 C. tuberculostearicum LaCa Collection SAMN47813028
sample_54 C. tuberculostearicum LaCa Collection SAMN45893580
sample_62 C. tuberculostearicum LaCa Collection SAMN47812938
sample_7 C. tuberculostearicum LaCa Collection SAMN45893579
sample_8 C. tuberculostearicum LaCa Collection unpublished
sample_9 C. tuberculostearicum LaCa Collection unpublished
sample_116 Corynebacterium sp. LaCa Collection SAMN45893584
sample_1 S. aureus LaCa Collection unpublished
sample_145 S. aureus LaCa Collection unpublished
sample_186 S. aureus LaCa Collection SAMN47812998
sample_19 S. aureus LaCa Collection SAMN47812903
sample_199 S. aureus LaCa Collection unpublished
sample_2 S. aureus LaCa Collection unpublished
sample_3 S. aureus LaCa Collection unpublished
sample_36 S. aureus LaCa Collection unpublished
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Table V.S2: Result of MMseqs2 search of reference lipoproteins within the S. aureus samples used
for computational validation purposes. Only hits with a reference coverage of over 0.99 and a
sequence similarity of 0.9 were allowed. For each protein sequence, its best hit (maximum coverage
and similarity) was chosen.

S. aureus sample ID Target protein Ref. lipoprotein locus Seq. identity Ref. coverage

sample_1 OEHLIH_00205 fhuD1 1.000 1.000
sample_1 OEHLIH_12305 fhuD2 0.996 1.000
sample_1 OEHLIH_12815 htsA 1.000 1.000
sample_1 OEHLIH_09825 sirA 1.000 1.000
sample_1 OEHLIH_06605 sstD 0.997 1.000
sample_2 GOALGM_13575 fhuD1 1.000 1.000
sample_2 GOALGM_01135 fhuD2 0.996 1.000
sample_2 GOALGM_00625 htsA 1.000 1.000
sample_2 GOALGM_03610 sirA 1.000 1.000
sample_2 GOALGM_06825 sstD 0.997 1.000
sample_3 OKMLLP_12975 fhuD1 1.000 1.000
sample_3 OKMLLP_11655 fhuD2 0.996 1.000
sample_3 OKMLLP_12165 htsA 1.000 1.000
sample_3 OKMLLP_09180 sirA 1.000 1.000
sample_3 OKMLLP_05960 sstD 0.997 1.000
sample_19 CGIHNC_10565 fhuD2 1.000 1.000
sample_19 CGIHNC_11090 htsA 0.984 1.000
sample_19 CGIHNC_08085 sirA 0.993 1.000
sample_19 CGIHNC_04960 sstD 0.973 1.000
sample_36 PJGDJP_14580 fhuD1 0.970 0.997
sample_36 PJGDJP_17745 fhuD2 0.996 1.000
sample_36 PJGDJP_17060 htsA 1.000 1.000
sample_36 PJGDJP_02850 sirA 1.000 1.000
sample_145 BGIKGC_12995 fhuD2 1.000 1.000
sample_145 BGIKGC_09835 htsA 1.000 1.000
sample_145 BGIKGC_07025 sirA 0.996 1.000
sample_145 BGIKGC_05325 sstD 1.000 1.000
sample_186 KJDHGP_11450 fhuD1 1.000 1.000
sample_186 KJDHGP_10115 fhuD2 1.000 1.000
sample_186 KJDHGP_10635 htsA 1.000 1.000
sample_186 KJDHGP_07645 sirA 0.996 1.000
sample_186 KJDHGP_04450 sstD 0.997 1.000
sample_199 JNHCPM_00920 fhuD1 1.000 1.000
sample_199 JNHCPM_09720 fhuD2 0.996 1.000
sample_199 JNHCPM_10230 htsA 1.000 1.000
sample_199 JNHCPM_10260 htsA 1.000 1.000
sample_199 JNHCPM_11275 sirA 1.000 1.000
sample_199 JNHCPM_06095 sstD 0.997 1.000
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Table V.S3: Results of BLAST search against the UniProt database for all identified structural
homologs of the S. aureus samples. The individual query hits have been grouped by the representative
sequence used for structural alignment within Foldseek.

Sample Locus tag of Query Target ID in UniProt Gene Name Similarity Structure represented by

sample_145 BGIKGC_11210 A0A0D1I7H8 btuF 99.6 CGIHNC_05605
sample_19 CGIHNC_05605 A0A0D1I7H8 btuF 99.6 CGIHNC_05605
sample_2 GOALGM_06180 A0A0D1I7H8 btuF 99.6 CGIHNC_05605
sample_199 JNHCPM_14150 A0A0D1I7H8 btuF 99.6 CGIHNC_05605
sample_1 OEHLIH_07250 A0A0D1I7H8 btuF 99.6 CGIHNC_05605
sample_3 OKMLLP_06605 A0A0D1I7H8 btuF 99.6 CGIHNC_05605
sample_36 PJGDJP_12180 A0A0D1I7H8 btuF 99.2 CGIHNC_05605
sample_186 KJDHGP_05090 A0A0D1I7H8 btuF 98.9 CGIHNC_05605
sample_2 GOALGM_03610 A0A0H2XHK0 sirA 100 JNHCPM_11275
sample_199 JNHCPM_11275 A0A0H2XHK0 sirA 100 JNHCPM_11275
sample_1 OEHLIH_09825 A0A0H2XHK0 sirA 100 JNHCPM_11275
sample_3 OKMLLP_09180 A0A0H2XHK0 sirA 100 JNHCPM_11275
sample_36 PJGDJP_02850 A0A0H2XHK0 sirA 100 JNHCPM_11275
sample_19 CGIHNC_08085 A0A0H2XHK0 sirA 99.4 JNHCPM_11275
sample_145 BGIKGC_07025 A0A0H2XHK0 sirA 99.7 JNHCPM_11275
sample_186 KJDHGP_07645 A0A0H2XHK0 sirA 99.7 JNHCPM_11275
sample_145 BGIKGC_09835 A0A0H2XEB0 htsA 100 KJDHGP_03365
sample_2 GOALGM_00625 A0A0H2XEB0 htsA 100 KJDHGP_03365
sample_199 JNHCPM_10230 A0A0H2XEB0 htsA 100 KJDHGP_03365
sample_199 JNHCPM_10260 A0A0H2XEB0 htsA 100 KJDHGP_03365
sample_186 KJDHGP_10635 A0A0H2XEB0 htsA 100 KJDHGP_03365
sample_1 OEHLIH_12815 A0A0H2XEB0 htsA 100 KJDHGP_03365
sample_3 OKMLLP_12165 A0A0H2XEB0 htsA 100 KJDHGP_03365
sample_36 PJGDJP_17060 A0A0H2XEB0 htsA 100 KJDHGP_03365
sample_19 CGIHNC_11090 A0A7U7EVX6 htsA 99.7 KJDHGP_03365
sample_36 PJGDJP_11915 Q2FZM4 SAOUHSC_00976 100 KJDHGP_03365
sample_36 PJGDJP_12435 Q2FZM4 SAOUHSC_00976 100 KJDHGP_03365
sample_145 BGIKGC_09525 Q2FZM4 SAOUHSC_00976 99.7 KJDHGP_03365
sample_2 GOALGM_07915 Q2FZM4 SAOUHSC_00976 99.3 KJDHGP_03365
sample_199 JNHCPM_15125 Q2FZM4 SAOUHSC_00976 99.3 KJDHGP_03365
sample_186 KJDHGP_03365 Q2FZM4 SAOUHSC_00976 99.3 KJDHGP_03365
sample_1 OEHLIH_05515 Q2FZM4 SAOUHSC_00976 99.3 KJDHGP_03365
sample_3 OKMLLP_04865 Q2FZM4 SAOUHSC_00976 99.3 KJDHGP_03365
sample_19 CGIHNC_03875 Q2FZM4 SAOUHSC_00976 98.6 KJDHGP_03365
sample_2 GOALGM_13575 Q93PN3 fhuD1 100 OEHLIH_00205
sample_199 JNHCPM_00920 Q93PN3 fhuD1 100 OEHLIH_00205
sample_186 KJDHGP_11450 Q93PN3 fhuD1 100 OEHLIH_00205
sample_1 OEHLIH_00205 Q93PN3 fhuD1 100 OEHLIH_00205
sample_3 OKMLLP_12975 Q93PN3 fhuD1 100 OEHLIH_00205
sample_36 PJGDJP_14580 Q93PN3 fhuD1 97.2 OEHLIH_00205
sample_145 BGIKGC_01985 A0AAN2D5R8 isdE 100 OKMLLP_04230
sample_19 CGIHNC_03390 A0AAN2D5R8 isdE 99.6 OKMLLP_04230
sample_2 GOALGM_08555 A0AAN2D5R8 isdE 99.6 OKMLLP_04230
sample_199 JNHCPM_04095 A0AAN2D5R8 isdE 99.6 OKMLLP_04230
sample_186 KJDHGP_02890 A0AAN2D5R8 isdE 99.6 OKMLLP_04230
sample_1 OEHLIH_04875 A0AAN2D5R8 isdE 99.6 OKMLLP_04230
sample_3 OKMLLP_04230 A0AAN2D5R8 isdE 99.6 OKMLLP_04230
sample_36 PJGDJP_05395 A0AAN2D5R8 isdE 99.6 OKMLLP_04230
sample_145 BGIKGC_05325 O87828 sstD 99.1 OKMLLP_05960
sample_2 GOALGM_06825 O87828 sstD 98.8 OKMLLP_05960
sample_199 JNHCPM_06095 O87828 sstD 98.8 OKMLLP_05960
sample_186 KJDHGP_04450 O87828 sstD 98.8 OKMLLP_05960
sample_1 OEHLIH_06605 O87828 sstD 98.8 OKMLLP_05960
sample_3 OKMLLP_05960 O87828 sstD 98.8 OKMLLP_05960
sample_19 CGIHNC_04960 O87828 sstD 97.2 OKMLLP_05960
sample_145 BGIKGC_12995 A0A6H4EJ24 fhuD2 100 OKMLLP_11655
sample_19 CGIHNC_10565 A0A6H4EJ24 fhuD2 100 OKMLLP_11655
sample_186 KJDHGP_10115 A0A6H4EJ24 fhuD2 100 OKMLLP_11655
sample_2 GOALGM_01135 A0A6H4EJ24 fhuD2 99.6 OKMLLP_11655
sample_199 JNHCPM_09720 A0A6H4EJ24 fhuD2 99.6 OKMLLP_11655
sample_1 OEHLIH_12305 A0A6H4EJ24 fhuD2 99.6 OKMLLP_11655
sample_3 OKMLLP_11655 A0A6H4EJ24 fhuD2 99.6 OKMLLP_11655
sample_36 PJGDJP_17745 A0A6H4EJ24 fhuD2 99.6 OKMLLP_11655
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Table V.S4: Genes identified by PRESERVE as structural homologs of the given references, but
showing no significant expression changes under the conditions of the RNA-seq experiment.

Gene ID Species Description log2(FC) p-adj
RS06090 CA ABC transporter subst.-bind. prot. 0.33 0.063
RS11775 CA iron-siderophore ABC transporter subst.-bind.

prot.
0.68 0.571

DPLBDI_02275 CP ABC transporter subst.-bind. prot. -0.27 0.283
DPLBDI_03885 CP Fe/B12 periplasmic-bind. domain-containing

prot.
0.25 0.025

DPLBDI_09450 CP iron ABC transporter subst.-bind. prot. 0.33 0.175

Table V.S5: Genes identified as di!erentially up-regulated genes (p-adj. < 0.01 and log2(FC) > 1)
and labeled by SignalP6 as lipoproteins, but not identified by PRESERVE as homologs of the
reference proteins. Genes marked with an asterisk (≃) represent those with a LDDT value slightly
below the selected threshold, when compared with the reference proteins. Genes marked with a plus
(+) represent those identified to be related to SID-uptake mechanisms via GO term annotation.
The table has been divided into three sections: genes with a low coverage (< 0.5), genes with a low
LDDT (< 0.4) and genes with a potential to be homologs (coverage > 0.9 and LDDT > 0.4)

Gene ID Species Description log2(FC) p-adj LDDT Coverage
R3O64_00810 CH sortase 1.21 9.2 ↓ 10→25 0.87 0.095
R3O68_02720 CS hypothetical protein 1.28 1.6 ↓ 10→21 0.674 0.099
R3O64_08445 CH hypothetical protein 1.98 4.6 ↓ 10→52 0.708 0.106
R3O64_01595 CH hypothetical protein 1.79 3.8 ↓ 10→05 0.813 0.107
R3O64_07885 CH AMIN domain-containing protein 1.49 3.2 ↓ 10→03 0.323 0.115
R3O68_04005 CS glutaminyl-peptide cyclotransferase 1.07 4.2 ↓ 10→10 0.223 0.158
RS13105 CA hypothetical protein 4.8 2.7 ↓ 10→19 0.489 0.158
DPLBDI_01130 CP Copper chaperone PCu(A)C 1.12 4.4 ↓ 10→23 0.463 0.175
R3O64_03745 CH DUF4232 domain-containing protein 1.45 2.8 ↓ 10→15 0.47 0.184
R3O64_03770 CH hypothetical protein 2.85 2.2 ↓ 10→06 0.245 0.209
R3O64_03735 CH hypothetical protein 4.69 2.6 ↓ 10→173 0.372 0.211
+R3O64_01325 CH iron uptake transporter deferrochelatase/

eroxidase subunit
5.91 0 0.424 0.218

R3O64_08495 CH choice-of-anchor I family protein 1.28 3.7 ↓ 10→06 0.18 0.242
DPLBDI_09965 CP hypothetical protein 2.47 8.2 ↓ 10→118 0.358 0.482
R3O64_05235 CH hypothetical protein 1.24 3.8 ↓ 10→17 0.222 0.49
R3O64_04910 CH phosphate/phosphite/phosphonate ABC

transporter subst.-bind. protein
1.49 5.3 ↓ 10→14 0.347 0.547

DPLBDI_00310 CP Esterase PHB depolymerase 1.53 2.2 ↓ 10→26 0.226 0.623
R3O64_01330 CH iron uptake system protein EfeO 6.71 0 0.266 0.826
R3O68_05250 CS SGNH/GDSL hydrolase family protein 1.74 3.6 ↓ 10→36 0.343 0.985
≃RS06480 CA metal ABC transporter subst.-bind. prot. 1.98 1 ↓ 10→214 0.402 0.942
≃R3O68_02005 CS metal ABC transporter subst.-bind. prot. 5.58 0 0.402 0.942
≃DPLBDI_04120 CP zinc ABC transporter subst.-bind. prot. 1.56 7.4 ↓ 10→34 0.408 0.987
≃R3O64_01665 CH zinc ABC transporter subst.-bind. prot. 7.47 0 0.408 0.987
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Figure V.S4: Overview of enriched GO terms of Biological Process ontology as computed using
GO-Compass. The right heatmap shows the negative log of the significance value of the enrichment
analysis and those below the significant threshold (p ↑ value < 0.05) are marked with a dot (·).
The shown terms are clustered into three distinct groups, rooted by the three least dispensable GO
terms.
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(a) Tree map visualization for GO terms of C. au-
rimucosum.

(b) Tree map visualization for GO terms of C. hesseae.

(c) Tree map visualization for GO terms of C. propin-
quum.

(d) Tree map visualization for GO terms of C. simu-
lans.

Figure V.S5: Tree maps summarizing the individual results of the gene ontology (GO) enrichment
analysis with GO-Compass per species. For simplicity, the figure shows only results from the
Biological Process ontology. The size of each tree map represents the ↑ log(p ↑ value) of the term
for the respective species. Rectangles with a pattern show those terms that are not significant
for the species. The small glyph summarizes information of the genes related to the term. Most
importantly, the color of the bar encodes the median log fold change of the set of genes related to
the term. Additionally, the brightness represents how many genes are annotated with the GO term
in the provided background, and the length of the bars represents the relative number of genes in
the di!erentially expressed set.
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