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Abstract

Over the recent years, bulk RNA-sequencing (RNA-seq) has become the gold stan-
dard for transcriptome analysis, leading to a significant increase in the volume of data
and results being generated. Consequently, this growth has also made the task of in-
terpreting these results increasingly challenging, particularly for functional enrichment
analyses.

Functional enrichment analysis constitutes a fundamental step in the analysis of
various omics datasets, aiming to identify differentially regulated pathways between ex-
perimental conditions and to draw insights into the underlying molecular mechanisms of
diseases and specific phenotypes. Due to this widespread use, there are numerous tools
and implementations available to calculate these results. Despite their utility, existing
methods often yield impractical outputs comprising extensive lists of gene sets, impeding
hypothesis generation and synthesis due to inherent redundancy in the found pathways.
Additionally, prevalent approaches for processing enrichment results lack consideration
of network-based information, which is a key factor that could enhance contextualisation
by incorporating interactions among gene set members.

In order to address these issues and facilitate the analysis and interpretation of bulk
RNA-seq data, we previously published a standardised workflow for bulk RNA-seq data
analysis, promoting interactive and reproducible processes using the R packages devel-
oped in our group [Ludt et al., 2022]. This workflow provides a step-by-step documenta-
tion of a typical bulk RNA-seq data analysis, guiding users through the individual steps,
showcasing best practices and promoting reproducibility. However, during our work, we
recognised a significant gap in the workflow: the need for a tool specifically designed to
enhance, simplify and standardise the interpretation of functional enrichment results.

While our previously developed package, GeneTonic, provides basic functionality for
enrichment result exploration, it is certainly not tailored to this task. Consequently, many
of our collaboration partners still resorted to the classical way of functional enrichment
result interpretation: a manual inspection of the extensive list of results searching for
patterns and interesting gene sets, which they further explored using databases such as
the Gene Ontology (GO) or the Kyoto Encyclopedia of Genes and Genomes (KEGG).
However, this process can be prone to bias, as familiar and expected gene sets may be
easily recognised, while novel or unexpected findings might be overlooked, sometimes
simply due to the sheer amount of available results.

In order to evaluate whether this need was only prevalent to our research group
and collaboration partners or portrayed a larger issue within the scientific community, |
conducted a literature review. The findings confirmed that inadequate documentation
and reporting of functional enrichment methods are widespread across the scientific
community, with over 75% of reviewed studies failing to properly detail their analysis, thus
making it difficult to impossible for peers to verify and reproduce the results. Additionally,
the review revealed that published studies frequently highlight gene sets simply because
they appear at the top of the list of results due to their statistical significance. This could
overall imply that the large lists of functional enrichment results are not fully studied,
which could lead to important results and insights being lost.



Abstract

As part of this thesis, | developed a tool which streamlines and simplifies the in-
terpretation of functional enrichment results. These efforts are composed in GeDi, an
R/Bioconductor package that aggregates gene sets into meaningful clusters based on
various measures of (dis)similarity, thereby reducing redundancy and improving the clar-
ity of the results. GeDi achieves this by implementing a suite of Gene set Distance
metrics and clustering algorithms. Additionally, GeDi integrates protein-protein interac-
tion information into the analysis to provide a more comprehensive view of the biological
processes at play.

GeDi supports interactive exploration and detailed drill-down analyses within its
framework through an integrated Shiny application, while also allowing for seamless
integration into existing workflows via its stand-alone functionality. By offering multiple
entry points and accommodating a wide range of use cases, GeDi caters to a diverse
audience, particularly relevant given the increasing volume of enrichment analyses be-
ing conducted. With interactive visualisations and result aggregations, GeDi not only
reduces the time required for researchers to analyse and interpret results but also helps
minimise bias that would be introduced by manual inspection, which is the current stan-
dard practice in many analyses. In doing so, GeDi facilitates a more efficient and objective
interpretation of the data, as showcased in this thesis on publicly available bulk RNA-seq
data.

With its functionality for interactive data exploration, flexible stand-alone features,
and seamless integration into our standardised bulk RNA-seq workflow, GeDi aims to
improve the reporting standards of functional enrichment analyses in published research.
Additionally, GeDi promotes reproducibility through an automated report generation fea-
ture.

By making data interpretation more efficient, accessible and reproducible, GeDi has
the potential to drive new research efforts and simplify the generation of novel hypothe-
ses, ultimately advancing the field of omics analysis.



1 Introduction

Exploring the underlying mechanisms and deciphering the biological patterns asso-
ciated with phenotypes, complex traits, or diseases remains a primary objective across
a wide range of biological research domains [Gohlke et al., 2009; Cano-Gamez, Trynka,
2020]. Recent advancements in sequencing technologies, particularly high-throughput
sequencing, have transformed our ability to study gene expression, making it possible to
uncover intricate biological processes at an unprecedented level of detail [Trapnell et al.,
2009; Wang et al., 2009; Reimand et al., 2019; Stark et al., 2019; Van Den Berge et al.,
2019; Li, Wang, 2021]. These technological leaps have enabled researchers to generate
extensive datasets that capture the complexity of biological systems.

At the same time, the sheer volume and complexity of omics data, such as ge-
nomics, transcriptomics and proteomics, present significant challenges for interpretation.
Analysing and making sense of these datasets requires sophisticated tools capable of
processing, integrating, and aggregating results while minimising redundancy [Girolami
et al., 2006; Conesa et al., 2016]. This need is particularly pressing in the field of tran-
scriptomics with a specific focus on functional enrichment analysis, where identifying
biologically meaningful patterns within gene sets is key to understanding the molecular
basis of various conditions [Subramanian et al., 2005; Reimand et al., 2019; Geistlinger
et al., 2021].

In order to overcome these challenges, the development of efficient workflows and
analytical tools has become essential. Streamlined workflows can significantly reduce the
time spent manually sorting through large, redundant result sets and enhance the overall
clarity of findings [Berger et al., 2013; Ritchie et al., 2015]. By simplifying the data
interpretation process, these tools enable researchers to focus on extracting biologically
relevant insights and formulating testable hypotheses.

Before exploring the challenges addressed in this thesis, it is important to establish a
shared foundation of the underlying molecular mechanisms and terminology. A common
understanding of these principles is necessary for contextualising both the complexity of
omics data and the significance of the tools and methodologies designed to interpret
them.

This groundwork will serve as a guide, leading to a deeper understanding of the
advancements in the field and the innovative solutions developed to address its inher-
ent challenges. Accordingly, the following sections will offer a broad introduction to the
molecular basis of gene expression, setting the stage for a more detailed discussion on
gene expression analysis and its complexities.

1.1 Molecular Foundations of Gene Expression

The genome represents the complete set of genetic information within an organism
[Alberts, 2002]. The term genome was first introduced by Hans Winkler in 1920 as a
blend of the words gene and chromosome [Winkler, 1920]. Since then, a variety of
research fields emerged, further specifying and defining this term until it has reached its
current definition.
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In nearly all organisms, the genome is composed of deoxyribonucleic acid (DNA),
which consists of two strands of nucleotides (Figure 1). Nucleotides are organic molecules
consisting of a phosphate group, a deoxyribose sugar and one of four canonical nitroge-
nous bases: adenine (A), cytosine (C), guanine (G) or thymine (T). The two nucleotide
strands run in antiparallel directions and are connected through base pairings, where ade-
nine pairs with thymine (A-T) and cytosine pairs with guanine (C-G). This base pairing
enables the DNA to form the well-known double-helix structure [Watson et al., 1953;
Alberts, 2002; Alberts et al., 2014].

/ Cell nucleus Protein
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Translation
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Figure 1 — The Central Dogma of Molecular Biology
The figure shows the information flow from DNA through RNA to the final protein. The figure shows a
simplified depiction of a singular cell with its nucleus and cytoplasm. The processes of transcription and
translation are shown. The figure was created using Biorender.com

The sequence of these base pairs encodes all the genetic information necessary for
an organism'’s growth, development, functioning, and reproduction. Each DNA strand
contains the same genetic information, ensuring the accurate replication of genetic ma-
terial during cell division and other processes [Alberts, 2002; Alberts et al., 2014]. DNA
not only serves as the blueprint for replication but also acts as a template for protein
synthesis, where genes provide the instructions for producing proteins. However, genes
represent only a small fraction of the genome — approximately 1-2% in the human
genome [The ENCODE Project Consortium, 2011]. The remaining 98-99% consists of
non-coding DNA, which can be further divided into regulatory sequences, introns, trans-
posable elements, non-coding ribonucleic acid (RNA) and what was previously called
"junk" DNA; a part of the genome that was assumed to be strictly non-coding, non-
regulatory DNA which has since been revealed to be also of regulatory and structural
importance [The ENCODE Project Consortium, 2011].


https://www.biorender.com/
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Genes play important roles in biological processes such as metabolism, cell division,
and immune response [Alberts, 2002; The ENCODE Project Consortium, 2011; Alberts
et al., 2014; Krebs et al., 2017]. These processes rely on the precise regulation and
expression of genes. This process of gene expression generally involves two main steps:
transcription and translation.

During transcription, DNA is transcribed into RNA by the enzyme RNA polymerase
(Figure 1). Structurally, RNA is similar to DNA. However, RNA contains a ribose sugar
instead of a deoxyribose sugar and the nitrogenous base thymine is substituted by uracil
(U) [Alberts, 2002; Alberts et al., 2014; Krebs et al., 2017]. There are several types
of RNA, including messenger RNA (mRNA), transfer RNA (tRNA) and ribosomal RNA
(rRNA). While tRNA and rRNA are non-coding RNAs essential for protein synthesis,
mRNA is responsible for carrying the genetic information from DNA to the ribosome,
where proteins are synthesised. During transcription, the RNA polymerase binds to the
DNA, unwinds the double helix, and synthesises a complementary mRNA strand by
adding RNA nucleotides that pair with the DNA template (Figure 1). Once the mRNA
strand is complete, it detaches from the DNA, allowing the double helix to reform [Al-
berts, 2002; Alberts et al., 2014; Krebs et al., 2017].

After transcription, the mRNA may undergo post-transcriptional modifications that
enhance its stability and facilitate the transport to the ribosome. These modifications
protect the mRNA from degradation (e.g., 5" capping) or aid in the transport of the
mRNA (e.g., 3' polyadenylation) [Alberts, 2002; Alberts et al., 2014; Krebs et al., 2017].
Additionally, in many organisms, splicing occurs where non-coding regions (introns) are
removed from the mRNA, and coding regions (exons) are joined together. Through alter-
native splicing, different mRNA variants can be generated from the same gene, thereby
increasing the diversity of proteins produced. Once fully processed, the mRNA is trans-
ported to the ribosome for translation [Alberts, 2002; Alberts et al., 2014; Krebs et al.,
2017].

In the ribosome, a complex molecular machine composed of rRNA and proteins, the
mRNA sequence is translated into an amino acid sequence. During this translation pro-
cess, the ribosome reads the mRNA in triplets of nucleotides called codons, with each
codon specifying a particular amino acid. The codons are recognised by tRNA molecules
carrying the corresponding amino acid. The ribosome facilitates the binding of tRNA
to mRNA and catalyses the formation of peptide bonds between adjacent amino acids,
thereby extending the growing polypeptide chain. As the ribosome progresses along the
mRNA, the sequence of codons is translated into a sequence of amino acids, which ul-
timately folds into a functional protein (Figure 1) [Alberts, 2002; Alberts et al., 2014;
Krebs et al., 2017].

Like mRNA, proteins may undergo further modifications after translation. These post-
translational modifications include the addition of functional groups such as phosphates
(phosphorylation), carbohydrates (glycosylation), or lipids (lipidation), cleavage of spe-
cific peptide bonds, or the formation of disulfide bonds. These modifications are essential
for ensuring that proteins adopt their functional three-dimensional (3D) structure. The
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correct folding and modification of proteins are critical, as their 3D structure determines
their ability to interact with other molecules and perform their specific biological roles
[Alberts, 2002; Alberts et al., 2014; Krebs et al., 2017].

Once fully formed, proteins are the essential molecular machinery of the cell, perform-
ing a wide array of functions such as transport, signalling and structural support as well
as catalysing chemical reactions in the form of enzymes [Alberts, 2002; Alberts et al.,
2014; Krebs et al., 2017]. The sequence of a protein is determined by its corresponding
gene, and its ultimate function is dictated by its 3D structure. This diversity of protein
functions is essential to nearly every biological process that sustains life, making proteins
central to the study of biology [Alberts, 2002; Alberts et al., 2014; Krebs et al., 2017].

Together, DNA, RNA, and proteins form a complex system that underlies nearly ev-
ery cellular function. Even minor disruptions in this finely tuned machinery can cause
significant shifts in an organism's overall functioning, potentially leading to severe out-
comes such as disease or, in extreme cases, death [Gohlke et al., 2009; Dayalu, Albin,
2015; Zeng et al., 2021; Britto-Borges et al., 2022; He et al., 2023].

Therefore, understanding gene expression is essential across numerous research fields,
as it provides key insights into the mechanisms that regulate both health and disease.

1.2 Gene Expression Analysis using RNA-Sequencing

In modern molecular biology, gene expression analysis is widely used to investigate
the expression profiles of genes in cells, tissues, or entire organisms [Alberts et al., 2014;
Raghavachari, Garcia-Reyero, 2018]. These analyses are used to examine the molecu-
lar mechanisms underlying various diseases or phenotypes, providing valuable insights
into their origins. While proteins are central to biological processes and disease mecha-
nisms, gene expression analysis is typically conducted at the RNA level. By examining
the complete set of RNA transcripts produced by a genome, researchers can quantify
gene expression in a given cell, tissue, or organism [Alberts et al., 2014; Raghavachari,
Garcia-Reyero, 2018].

This collection of RNA transcripts, known as the transcriptome, represents the genes
actively expressed at a particular time within a cell [Alberts et al., 2014; Van Den Berge
et al., 2019]. As such, the transcriptome offers a snapshot of cellular functions at a
given state, revealing how cells behave and respond to different environmental or exper-
imental conditions. Through the analysis of the transcriptome, researchers can gain a
comprehensive understanding of gene expression patterns, identify novel transcripts, and
uncover regulatory mechanisms controlling gene expression [Alberts et al., 2014; Van
Den Berge et al., 2019; Marini et al., 2021].

Transcriptome analysis began to gain prominence in the 1990s with the development
of microarrays, one of the earliest high-throughput methods for studying gene expression
[Schena et al., 1995; Graves, 1999; Blohm, Guiseppi-Elie, 2001; Raghavachari, Garcia-
Reyero, 2018]. Although RNA had been studied since the 1970s using Northern blotting,
this technique was extremely limited in terms of scale, as it could only analyse a few
specific RNA molecules at a time [Alwine et al., 1977; Trayhurn, 1996]. In contrast,
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microarrays allowed for the simultaneous measurement of thousands of genes, trans-
forming transcriptomics by enabling large-scale gene expression analysis [Schena et al.,
1995; Graves, 1999; Blohm, Guiseppi-Elie, 2001]. Thanks to this, microarrays quickly
became the standard method for analysing gene expression, helping to uncover genes
related to various biological processes and diseases. However, despite their advantages,
microarrays required prior knowledge of gene sequences, limiting their ability to detect
novel transcripts [Raghavachari, Garcia-Reyero, 2018].

By the early 2000s, RNA-sequencing (RNA-seq) revolutionised transcriptomics, pro-
viding a more precise, comprehensive, and high-throughput method for measuring gene
expression. Unlike microarrays, RNA-seq did not require prior knowledge of gene se-
quences, making it ideal for discovering novel transcripts and identify alternative splic-
ing. The technique also enabled the detection of non-coding RNAs, positioning RNA-seq
as the current gold standard for transcriptome analysis, due to its versatility and depth
of information [Wang et al., 2009; Raghavachari, Garcia-Reyero, 2018; Hong et al., 2020].

1.2.1 The Basics of RNA-Sequencing

RNA-sequencing is a powerful and widely-used technique for analysing the transcrip-
tome, which is the complete set of RNA transcripts produced by the genome in a specific
cell, tissue or organism at any given time. As such, RNA-seq is able to provide quanti-
tative data across the entire transcriptome, offering a high-resolution view of the gene
expression [Adiconis et al., 2013; Van Den Berge et al., 2019; Amezquita et al., 2020;
Heumos et al., 2023]. It surpasses previous methods like microarrays by offering greater
sensitivity, a broader dynamic range and the ability to detect novel transcripts without
prior knowledge of the genome [Mortazavi et al., 2008; Wang et al., 2009].

There are two main approaches to RNA-seq: bulk RNA-sequencing and single-cell
RNA-sequencing (scRNA-seq). In bulk RNA-seq, RNA from a large population of cells is
pooled together before sequencing, producing an average gene expression profile across
the entire cell population. In contrast, scRNA-seq isolates individual cells for sequencing,
allowing for the analysis of gene expression at the single-cell level and capturing the
heterogeneity among individual cells. With this increased granularity of the technique,
scRNA-seq has advanced the study of complex tissues and rare cell types, expanding
the versatility of RNA-based methods across a broader range of research fields [Stuart,
Satija, 2019; Amezquita et al., 2020; Heumos et al., 2023]. Despite the increasing use of
single-cell sequencing technologies, bulk RNA-seq remains a widely adopted method due
to its cost-effectiveness, simplicity, and robustness [Stark et al., 2019; Li, Wang, 2021].

A typical bulk RNA-seq analysis involves four main steps: wet-lab preparation of
the RNA, sequencing, data processing, and lastly, modelling and downstream analysis
(Figure 2). The process typically begins with a research objective and the planning of
the experiment. Once this foundation is set, the wet-lab preparation begins with RNA
extraction from tissue or cell samples, ensuring that the RNA is carefully isolated to
prevent degradation. Afterwards, the RNA is enriched, followed by fragmentation into
suitable lengths used for sequencing. These fragmented RNA molecules are then reverse-
transcribed into complementary DNA (cDNA) to which sequencing adapters are ligated.
In a last step, the resulting, double-stranded cDNA is amplified using techniques such
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as polymerase chain reaction (PCR) to generate a library for sequencing [Raghavachari,
Garcia-Reyero, 2018]. A comprehensive overview of the wet-lab library preparation pro-
cess can be found in the work by Kukurba, Montgomery [2015].
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Figure 2 — A Typical Bulk RNA-Sequencing Analysis Workflow
This figure provides an overview of the bulk RNA-sequencing workflow, starting with the wet-lab preparation
of RNA (1), which includes experimental planning, cell collection, RNA isolation and enrichment, conversion
into cDNA and adapter ligation. This is followed by RNA sequencing (2), where the double-stranded cDNA is
sequenced to generate raw reads. The reads are then aligned to a reference genome or transcriptome, followed
by a quantification of the reads (3). Finally, during the modelling and downstream analysis (4), multiple
analytical steps are applied, including exploratory data analysis, differential gene expression analysis and
functional enrichment analysis, followed by interpretation of the data. The figure was created using
Biorender.com

In the second step of the analysis, the cDNA library is sequenced, converting it into
a FASTQ file containing raw reads and a quality score for each read. The quality score
indicates the likelihood that a read has been correctly identified, helping to assess the
overall accuracy of the sequencing (Figure 2) [Raghavachari, Garcia-Reyero, 2018|.

In the third step of the workflow, the reads are aligned to a reference genome or
transcriptome to determine their origin (Figure 2). This is done using tools like STAR
[Dobin et al., 2013], HISAT2 [Kim et al., 2019], Salmon [Patro et al., 2017] or Kallisto
[Bray et al., 2016]. Each tool has a specific approach to the alignment of the data, hence
the choice should be based on the data at hand and the planned analysis [Dobin et al.,
2013; Bray et al., 2016; Patro et al., 2017; Kim et al., 2019]. For example, tools such
as STAR and HISAT2 implement accurate alignment algorithms, which determine the
precise base-level position of each read on the genome or transcriptome [Dobin et al.,
2013; Kim et al., 2019]. In contrast, Salmon and Kallisto use quasi-mapping and pseudo-
alignment approaches, omitting the step of fully aligning each read. However, this does
not reduce the accuracy of the resulting alignment, but is rather a step taken to prioritize
the speed of the alignment [Bray et al., 2016; Patro et al., 2017].

After alignment, transcript expression levels (i.e., the amount of RNA produced by
a specific gene) are quantified by counting the number of reads that align to each tran-
script. For accurate alignment methods (i.e., STAR and HISAT?2), this involves counting
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reads mapped to specific genes or transcripts, while in quasi-mapping approaches, tran-
script abundances are estimated probabilistically during the mapping step itself.

Once the read counts have been quantified, the modelling and downstream analysis
of the data begins (Figure 2). This fourth step usually begins with read normalization
to account for differences in sequencing depth or technical variations in the data [Yang,
Kim, 2015; Conesa et al., 2016; Van Den Berge et al., 2019; Jiang et al., 2024]. This
normalization is part of the exploratory data analysis (EDA), during which the quality
of the samples is assessed and potential outlier samples are identified. Following the
EDA, a differential gene expression (DE) analysis is performed. This step identifies genes
which are significantly up- or downregulated between different experimental conditions
[Yang, Kim, 2015; Conesa et al., 2016; Van Den Berge et al., 2019; Jiang et al., 2024].
Afterwards, the biological significance of these differentially expressed genes (DEGs) is
assessed through functional enrichment analysis which identifies biological processes or
pathways enriched in DEGs and reveals the functions altered between experimental con-
ditions [Yang, Kim, 2015; Conesa et al., 2016; Van Den Berge et al., 2019; Jiang et al.,
2024]. In a last and iterative step, the results of the analysis are subject to interpretation
and contextualisation in order to draw conclusions from the experiment and generate
hypotheses for new research questions.

1.2.2 RNA-Sequencing Data Analysis using R and Bioconductor

While numerous tools are available for the data processing step (Figure 2), the mod-
elling and downstream analysis steps are typically conducted using the R programming
language [R Core Team, 2024]. Initially developed in the early 1990s as a programming
language for statistical computing and data analysis, R has grown into a versatile and
robust framework widely used by researchers in the fields of statistics, data science and
bioinformatics. R is open-source and available on all major operating systems, supporting
a vast array of analyses.

A key strength of R is the extensive collection of packages which serve as exten-
sions that enhance the base functionality of the language. Many of these packages are
available via an official repository archive called CRAN (The Comprehensive R Archive
Network, https://cran.r-project.org) [R Core Team, 2024]. At the time of writing,
over 20,000 packages are available on the platform, providing implementations for sta-
tistical and machine learning methods, various visualisation options and specialised data
analysis packages [R Core Team, 2024].

Besides CRAN, Bioconductor has emerged as one of the largest repositories of freely
available R packages. The Bioconductor project (https://bioconductor.org) is an
open-source project focusing on packages tailored to the analysis of biological data [Gen-
tleman et al., 2004; Huber et al., 2015; Amezquita et al., 2020]. In addition to software
packages, Bioconductor also includes packages offering annotation and experimental
data, complete step-by-step data analysis workflows as well as extensive documentation
and tutorials. Lastly, GitHub (https://github.com) is a widely used platform for host-
ing R packages, offering convenient storage alongside features for version control and
enhanced collaboration. However, it is important to note that this is by no means an
exhaustive list of R package sources.
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These resources provide an extensive number of R packages for the individual steps
of data processing and modelling, making R the preferred programming language for
bulk RNA-sequencing analysis (Figure 2). Thanks to the efforts of the R and Biocon-
ductor communities, researchers have access to a vast collection of packages that enable
them to construct workflows tailored to their specific analyses. In the following, | will
introduce some of the most commonly used package options to demonstrate how an
RNA-seq analysis workflow can be effectively assembled using R and Bioconductor.

For the quantification of the sequencing reads into count data, the Rsubread pack-
age is commonly used [Liao et al., 2019], though other approaches and implementations
exist [Li, Dewey, 2011; Trapnell et al., 2012; Anders et al., 2015; Pertea et al., 2016].
The result of the quantification is a matrix of counts, representing the expression of each
feature (usually a gene) in the data [Liao et al., 2019]. The simple approach implemented
in the Rsubread package is to record the number of reads which are overlapping the
exons of a gene. Despite its simplicity, the approach has proven robust and produces
reliable results for downstream analysis steps [Liao et al., 2019]. In contrast, as stated
above, quasi-mapping methods like those implemented in Salmon and Kallisto provide an
alternative approach to quantification by estimating the number of reads mapping to a
specific exon directly without a full alignment step. These tools generate transcript-level
quantifications quickly, which can then be imported and summarised to the gene level in
R using packages like tximport [Soneson et al., 2015; Patro et al., 2017]. This offers a
more flexible and computationally efficient pipeline for handling large RNA-seq datasets.

The count data should afterwards be normalised to ensure that the expression mea-
surements are comparable across samples and conditions. This should include adjust-
ments for varying sequence depth and library composition across samples. For this step,
a number of tools and approaches are available, which have been discussed and evaluated
in the work of Dillies et al. [2013] and Evans et al. [2018]. In the R user community, the
normalization approaches implemented in the DESeq2 [Love et al., 2014], edgeR [Robin-
son et al., 2010; Chen et al., 2024] or 1imma [Ritchie et al., 2015] package are widely used.

Before proceeding with the differential gene expression analysis, it is important to
perform exploratory data analysis to assess the data quality and identify potential issues
such as outliers, batch effects, or technical variability (Figure 2). This step ensures that
the subsequent analyses are based on high-quality, well-prepared data. Techniques like
Principal Component Analysis (PCA) are commonly employed to visualise how samples
are distributed and whether they cluster according to the biological conditions of the
data [Mead, 1992; Jolliffe, 2002; Jollife, Cadima, 2016]. PCA can help reveal whether
technical factors, such as batch effects, are influencing the data, while visualisations such
as heatmaps and sample correlation plots further clarify relationships between samples,
helping to detect potential outliers [Anders et al., 2015; Conesa et al., 2016; Marini,
Binder, 2019]. In R, a comprehensive tool for exploratory data analysis is pcaExplorer,
an interactive package to perform PCA and further quality control analyses on the data
[Marini, Binder, 2019].

In the next step of the downstream analysis, differentially expressed genes are identi-

fied in order to understand the differences in gene expression between samples (Figure 2).
As this is one of the most common steps in an RNA-seq data analysis, numerous tools
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have been implemented and refined over the years. These tools are designed to handle
different experimental designs, sample sizes, and dataset-specific challenges, allowing
researchers to select the method best suited to their analysis. Soneson and Delorenzi
[Soneson, Delorenzi, 2013] have published an extensive comparison of DE analysis tools,
highlighting that for most cases — especially when the sample size is small — the im-
plementations in the packages DESeq2 [Love et al., 2014] and edgeR [Robinson et al.,
2010; Chen et al., 2024] show a favorable balance between true positive and false positive
rates in their results [Soneson, Delorenzi, 2013; Schurch et al., 2016]. Additionally, the
approach implemented in the 1imma package [Ritchie et al., 2015] has shown good per-
formance in identifying DEGs despite being originally designed for microarray analysis,
provided that the counts have been preprocessed using the voom transformation of the
package [Ritchie et al., 2015].

As the foundation of many diseases and pathways is usually a complex interplay of a
variety of genes, the set of differentially expressed genes is typically not the final result
of a bulk RNA-seq analysis (Figure 2). Once DE genes have been determined, their bio-
logical function and role in the sample at hand is analysed using functional enrichment
analysis. This analysis can identify the pathways and biological functions in which the
DEGs are involved, reducing the sometimes extensive amount of genes and providing
biological context. This can greatly enhance and facilitate interpretation of the results
and provide a foundation for future studies and experiments.

1.3 Functional Enrichment Analysis

Functional enrichment analysis aims to identify biological functions or pathways that
are over-represented or significantly enriched within a set of genes or proteins which
share common features, such as differential expression [Geistlinger et al., 2021; Garcia-
Moreno et al., 2022; Wijesooriya et al., 2022]. There are several approaches to functional
enrichment analysis, which are generally grouped into three main categories [Khatri
et al., 2012]: Over-Representation Analysis (ORA), Functional Class Scoring (FCS) and
Pathway Topology (PT)-based methods. In ORA methods, the functional categories or
pathways are assessed for an over-representation of the differentially expressed genes
compared to a set of background genes [Khatri et al., 2012; Geistlinger et al., 2021;
Wijesooriya et al., 2022]. FCS methods, in contrast, analyse the distribution of DEGs
within a (p-value or fold change) ranked list of the entire transcriptome, while PT-based
methods incorporate additional pathway structure information to evaluate the impact of
expression changes in genes and proteins [Ma et al., 2019].

In the broader scientific landscape, Over-Representation Analysis methods have been
widely adopted due to them being generally considered as fast and reliable [Geistlinger
et al., 2021; Wijesooriya et al., 2022]. Even though PT-based methods may offer a more
nuanced analysis, the prevalence of ORA approaches highlights their practical utility and
effectiveness in various research endeavours. Thus, given the extensive range of work-
flows based on these methods, this thesis will focus on the general characteristics and
results of ORA methods.

A typical ORA approach involves three steps. First, a reference set of genes or proteins
is selected which represents the background or universe of all genes or proteins which are
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potentially relevant to the biological question at hand. This could, for instance, include
all genes or proteins expressed in the dataset under study. Second, the set of differentially
expressed genes or proteins is identified based on a significance measure (e.g., adjusted
p-values from differential expression analysis). Finally, statistical tests, such as hyperge-
ometric or chi-square tests, compare the functional annotations of the selected genes or
proteins with the background set. This comparison identifies functional categories that
are significantly over-represented compared to what would be expected by chance [Khatri
et al., 2012; Wijesooriya et al., 2022].

Among the variety of R packages available for functional enrichment analysis, topGO
[Alexa et al., 2006] and clusterProfiler [Wu et al., 2021] are two of the most com-
monly used tools. topGO offers an ORA implementation focused on the Gene Ontology
(GO), a bioinformatics database that stores information on gene functions and interac-
tions in a hierarchical structure, from broad categories like "cellular process" to specific
terms like "negative regulation of neuroinflammatory response" [Ashburner et al., 2000;
Aleksander et al., 2023]. clusterProfiler, on the other hand, supports analyses of
a more extensive range of databases [Wu et al., 2021]. These databases include, but
are not limited to, the Kyoto Encyclopedia of Genes and Genomes (KEGG) [Kanehisa
et al., 2017, 2019], the Reactome database [Fabregat et al., 2018] and the Molecular
Signatures Database (MSigDB) [Liberzon et al., 2011, 2015].

Thanks to advancements in technology and analysis methods, transcriptome as well
as functional enrichment analysis have become more and more accessible to bioinfor-
maticians and computational biologists. However, with the increasing amount of bulk
RNA-seq datasets generated, molecular biologists and other researchers often face the
challenge of analysing these datasets computationally, despite having limited or no prior
experience in programming and data analysis, with both skill sets being a prerequisite
to these tasks. While external experts can solve this bottleneck, not all research groups
have the necessary resources to hire fully trained bioinformaticians, leaving existing team
members with the need to acquire these essential skills themselves on top of their exist-
ing expertise.

While excellent standardised protocols and various interactive, user-friendly tools ex-
ist for bulk RNA-seq data analysis, as demonstrated in our manuscript "Interactive and
Reproducible Workflows for Exploring and Modeling RNA-seq Data with pcaExplorer,
|deal, and GeneTonic" [Ludt et al., 2022], the interpretation of the results remains a
significant challenge in individual analyses. During the preparation of our manuscript, we
identified a significant gap in the availability of interactive tools specifically designed for
interpreting functional enrichment results. Despite enrichment analysis being a common
step in bulk RNA-seq analysis, most of the available tools present results as long, tabular
lists that can often include redundant gene sets, making it difficult to efficiently analyse
and interpret the data (Figure 3) [Huang et al., 2009; Merico et al., 2010; Supek et al.,
2011; Supek, Skunca, 2017; Yoon et al., 2019].
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m-__mm--

GO:0051301 | cell division Aatf Actr2 Actr3,Ahctf1,Akna,Alkbhd,Anapc10,Anapc1] 1.1e-09 8.9e-16 288 194.92
GO:0043065 | positive regulation of apoptotic process Acin1,Acvric,Adam10,Adam17,Adam8 Adora2a Adrb2 1.7e-09 9.2e-12 610 276 197.19
GO:0043066 | negative regulation of apoptotic process Aatf Acvr1 Ada,Adam17,Adam8, Adar,Adnp, Adora2a Ag 1.1e-06 3.1e-09 926 382 299.33
GO:0002726 | positive regulation of T cell cytokine production Arid5a,B2m,Cd55,Cd55b,Cd81,Fzd5,Gata3,H2-D1,H2- 5.3¢-06 5.4e-06 34 24 10.99
GO:0006364 | rRNA processing Bms1,Bud23,Bysl,C1d,Cdkn2a,Ddx10,0dx27,Ddx54,0 1.1e-05 2.5e-08 214 108 69.18
GO:0006886 | intracellular protein transport Adar,Agk,Ahcyl1,Akt1,Anp32b,Ap1b1,Apim1,Apim2,A 1.4e-05 1.1e-10 648 286 209.47
GO:0048661 | positive regulation of smoath muscle cell proliferation Ager,Aif1 Akt1,Bmpr1a,Calerl,Camk2d,Ccl5,Cend, Cybz 2E-05 2.1e-05 113 58 36.53
‘GO:0000079 of cyclin-dependent protein serir kinase activity Adam17,Akt1,Apc,Casp3,Cena2,Cenb1,Cenb2,Cendd, 2.5e-05 2.6e-05 62 s 20.04
GO:0007265 | Ras protein signal transduction Arl6,Cnksr1,Csf1,Dab2ip,Dher24,Dok1,Dok2, Dok4, Erbl 2.5e-05 2.6e-05 104 54 33.62
GO:1904951 | positive regulation of establishment of protein localization Aacs,Acsl3,Acsld, Actr3,Adam9, Adora2a, Akt2, Ang, Ank: 3.3e-05 5E-10 332 161 107.32
GO:0006915 | apoptotic process 1600014C10Rik Aatf, Acin1,Acsl5,Actnd Acvr1 Acvrib, 4.6e-05 5.4e-24 1909 816 617.1
GO:0033365 | protein localization to organelle 4933427D14Rik.Abhd17a,Abhd17b,Abhd17¢,Adam10, 5.1e-05 5.3e-13 945 408 305.48
GO:0050821 | protein stabilization Apbb1,Apbb2,Apoa2 Ati7ip,Atp1b1,Atp1b3,Bag1,Bags 5.58-05 5.8e-05 197 20 63.68
GO:0010628 | positive regulation of gene expression 6030468B19Rik,Actg1,Acvr1b,Adam17 Adam19,Adam 5.8e-05 1.7e-11 1202 495 388.55
G0:0032729 | positive regulation of type Il interferon production Arid5a,Ccr2,Cd160,Cd2,Cd244a,Cd3e, Cd40ig,Criam,F 5.9e-05 6.2e-05 92 48 29.74
GO:0006954 | inflammatory response Abce1,Abed1,Abhd12,Abr,AcpS,Acvr1 Ada,Adam17,Ac 7E-05 1.6e-09 783 3 253.11
GO:0046112 | nucleobase biosynthetic process Ada,Aprt,Cad,Cmpk1,Ctps1,Ctps2 Dhodh,Gart,Hprt1,F 7.8e-05 BE-05 16 13 5.17
GO:0090316 | positive regulation of intracellular protein transport Anp32b,B3gat3,Bag3,Bcap31,Breal,Cdd1,Cdc42,Cdk 8.1e-05 8.4e-05 105 53 33.94
GO:0072659 | protein localization to plasma membrane Abi3,Acsl3,Actn2, Actr3, AdcyB, Afdn,Akt1 Akt2,Ank3,An 9.5e-05 2.4e-08 3n 147 100.53

Figure 3 — A Typical Functional Enrichment Result
The figure shows a section of a typical functional enrichment result table. The figure shows the first 20 of the
originally 500 gene sets in the result.

Typically, researchers manually sift through these lists in search of interesting gene
sets and patterns. This approach is not only cumbersome and time-consuming but also
forces researches to keep track of a vast amount of information by analysing numerous
gene sets simultaneously. Clearly, this can lead to biased results and a lot of information
being buried and lost among the plethora of possible interpretations and hypotheses. In
their 2022 article, authors Wijesooriya et al. found a lacking standard in the documen-
tation of functional enrichment results in published scientific work, with over 95% of
articles inadequately documenting the conducted functional enrichment analysis, mak-
ing it difficult to nearly impossible to reproduce the presented results [Wijesooriya et al.,
2022]. Additionally, 43% of the investigated articles did not perform proper correction
for multiple hypotheses testing, increasing the probability of false positive hits among
the results, thus further reducing their reproducibility.

The article by Wijesooriya et al. [2022] as well as our own experience during the
development of our manuscript [Ludt et al., 2022] highlighted the pressing need for
an interactive tool which streamlines and simplifies the interpretation of enrichment re-
sults. Given this objective, | developed the R/Bioconductor package GeDil. GeDi aims
to achieve a more compelling aggregation of the detailed and sometimes overwhelming
functional enrichment analysis results. This is accomplished by first calculating Gene set
Distance scores for the individual gene sets in the enrichment results, before these results
are subsequently further aggregated through clustering on the calculated distances.

GeD1i offers a variety of distance scores and clustering methods, allowing researchers to
tailor the analysis to their specific needs. Moreover, GeDi incorporates biological network
data, such as protein-protein interactions (PPI), to enrich the analysis with added bio-
logical context, thereby enhancing the interpretability of functional relationships among
gene sets. All package functionality is available as stand-alone functions or within the
Shiny web application, facilitating interactive exploration and aggregation of functional
enrichment analysis results. The required input is the result of a preceding functional

1GeDi is a portmanteau combining the terms Gene set and Distance.
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enrichment analysis, which can be provided in plain text, spreadsheet formats, or stan-
dardised formats commonly used in the R/Bioconductor community [Gentleman et al.,
2004; Huber et al., 2015; R Core Team, 2024].

GeDi is embedded in the R/Bioconductor package ecosystem [Huber et al., 2015;
R Core Team, 2024], allowing for the use of various different functional enrichment
approaches implemented in different R packages such as topGO or clusterProfiler
[Alexa et al., 2006; Wu et al., 2021]. This integration makes GeDi an ideal tool to
be incorporated into various analysis workflows, including those for bulk and single-
cell RNA-seq [Amezquita et al., 2020]. By summarising and visualising the often over-
whelming amount of information contained in enrichment results, GeDi allows for a
more streamlined interpretation and the generation of new hypotheses. The package
is freely available under the MIT license on Bioconductor (https://bioconductor.
org/packages/GeDi), with the development version accessible on GitHub (https:
//github.com/AnnekathrinSilvia/GeDi).

1.4 Aim of this Thesis

With the continuing advancement of high-throughput sequencing, the amount of
generated bulk RNA-sequencing data has grown substantially, as the method becomes a
standard component of numerous studies across various research fields. As the volume
of generated data has been increasing, so has its complexity, necessitating robust meth-
ods to ensure a proper analysis according to current best practices. In this context, it
is especially important to ensure the reproducibility of the conducted data analysis, in
order to foster transparency and accuracy as well as to drive progress in the scientific
community.

In this thesis, | aim to develop a workflow to enhance the analysis and interpre-
tation of transcriptome data by leveraging the suite of R packages developed within
our group. The goal is to develop a unified and standardised workflow for the analysis
of bulk RNA-seq data. This workflow was previously published in a manuscript, which
provides step-by-step, well-documented guidelines on how to use and integrate these R
packages into a standardised workflow [Ludt et al., 2022]. Throughout this thesis, | will
summarise key aspects of that manuscript, emphasising the importance of reproducible
data analysis. Additionally, | will demonstrate the application of this workflow on a pub-
lished RNA-seq dataset, in order to highlight its ability to improve data analysis and
interpretation.

To further emphasise the need for reproducible analysis and detailed documentation
on the results reported in existing works, | will also conduct a literature review of pub-
lished articles involving functional enrichment results. This review is designed to assess
the reproducibility of the reported methods and explore how functional enrichment re-
sults are generally presented in the literature. As functional enrichment analysis is an
essential step of a typical RNA-seq analysis, which is not yet fully covered by our exist-
ing suite of R packages, the review also aims to identify how urgent the need for proper
tools for the interpretation of these results is.
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Hence, in order to extend our workflow by an additional, and certainly important,
component, a key objective of this thesis is the development of a tool that streamlines
and facilitates the interpretation of functional enrichment results. While numerous tools
and implementations are available to calculate these results, these methods often produce
extensive lists of gene sets, making it difficult to synthesise findings due to redundancy.
Furthermore, most current approaches do not consider network-based information, which
can provide additional biological context by incorporating gene set interactions.

For this purpose, | will present a new R package called GeDi, designed to address
these challenges of functional enrichment analysis interpretation. GeDi aggregates gene
sets into meaningful clusters based on their similarity, reducing redundancy and clarifying
results. This is achieved through the implementation of various Gene set Distance met-
rics and clustering algorithms. Additionally, the package includes a Shiny application,
which allows for the interactive exploration of the data. Using publicly available murine
bulk RNA-seq data, | will demonstrate GeDi's functionality showcasing its potential to
improve the interpretation of functional enrichment analysis results by providing a more
efficient and objective interpretation of the data.

1.5 Structure of this Thesis

Chapter 1 provides the essential biological background necessary to understand the
work presented in this thesis. The chapter opens with an explanation and discussion
of the genome, transcriptome and proteome, focusing on their relationships and key
differences (Section 1.1). Subsequently, Section 1.2 discusses gene expression analysis,
specifically bulk RNA-sequencing, outlining the analysis from the process of data gen-
eration to the data analysis and interpretation. The core principles of the technique are
discussed in Section 1.2.1, while Section 1.2.2 highlights the tools and packages com-
monly employed for data analysis in this field. Finally, Section 1.3 introduces functional
enrichment analysis and discusses the current lack of an exploration package for these
types of analyses.

Chapter 2 covers the motivation, implementation choices and guiding principles be-
hind the development of GeDi. In Section 2.1, the objective is to examine the current
standards for functional enrichment documentation in published research and assess the
need for a comprehensive exploration and interpretation tool. In order to achieve this, |
conduct a thorough literature review. Following this, Section 2.2 discusses the reasoning
behind the choice of gene set distance metrics as a measure to quantify the (dis)similarity
of gene sets. This section introduces the various distance metrics | have chosen to im-
plement in GeDi, highlighting their area of application and providing mathematical def-
initions. Next, Section 2.3 details the clustering algorithms chosen for the analysis. In
Section 2.4, | discuss the functionality of GeDi, with a particular focus on the data
preparation and processing (Section 2.4.1) as well as the implementation of the distance
metrics (Section 2.4.2) and their visualisations (Section 2.4.3) as well as the clustering
algorithms (Section 2.4.4) and their corresponding visualisations (Section 2.4.5). The
chapter concludes with Section 2.5, which introduces the Shiny application included in
my package, emphasising its user interface and interactive features.
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Chapter 3 presents a comprehensive use case of GeDi showcasing the functionality
inherent in the package. In Section 3.1, the chapter opens with the introduction of a
standardised bulk RNA-sequencing data analysis workflow, which | have previously pub-
lished in Ludt et al. [2022]. This is followed by a discussion of the literature review
findings, highlighting the current documentation standard of functional enrichment re-
sults. Afterwards, | demonstrate in Section 3.3 how functional enrichment results can
be processed with GeDi to enhance the interpretability of a publicly available dataset. In
Section 3.3.1, | introduce the dataset incorporated in the use case for the GeDi package,
followed by Section 3.3.2 and Section 3.3.3, which describe a standardised workflow
for preprocessing this dataset for its use with GeDi. Lastly, Section 3.3.4 includes the
functional enrichment results interpretation of the data to showcase the functionality of
GeDi and highlight how the package can streamline and facilitate the interpretation.

Lastly, in Chapter 4, | reflect on the relevance of the findings presented throughout
this thesis. The chapter begins by emphasising the importance of standardised analysis
workflows (Section 4.1). Furthermore, Section 4.2 touches upon the results of the lit-
erature review, highlighting how GeDi could influence the current standard of method
and result reporting in published literature. Afterwards, Section 4.3 recapitulates the
design decisions | made throughout the development of GeDi and compares my package
to existing tools, while Section 4.4 highlights the most important findings of the data
analysis included in this thesis. In the latter parts of this chapter, | touch upon the lim-
itations of the work presented in this thesis and provide an outlook on potential future
developments and extensions for GeDi.
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2 Methods and Implementation

The primary goal of this thesis is to develop a tool that facilitates the exploration and
interpretation of functional enrichment analysis results in order to improve hypothesis
generation from the data. Functional enrichment analysis is an essential step in a variety
of data analysis workflows, including bulk and single-cell RNA-sequencing, as well as
other omics analyses [Huang et al., 2009; Wijesooriya et al., 2022]. Given the growing
number of such datasets, there is a pressing need for an effective way to summarise and
visualise the large number of gene sets included in these results [Huang et al., 2009;
Yoon et al., 2019; Wijesooriya et al., 2022].

In order to bridge this gap, | developed the R/Bioconductor package GeDi. GeDi is an
interactive tool, designed to streamline and facilitate the exploration and interpretation
of functional enrichment results through compelling aggregations and visualisations of
the data. This is accomplished by first calculating Gene set Distance (GeDi) scores for
the individual gene sets in the enrichment results, followed by clustering these results
based on the calculated distances. Instead of requiring users to analyse numerous gene
sets simultaneously and keeping track of a vast amount of information, GeDi reduces the
complexity by grouping similar gene sets into a smaller number of clusters. This aggrega-
tion allows for easier pattern recognition within the data, thus facilitating interpretation
and supporting hypothesis generation.

Many of the package's functionality is available as stand-alone functions, allowing
seamless integration into existing workflows. Additionally, GeDi offers a Shiny web appli-
cation that allows for interactive exploration and interpretation of enrichment results. A
demo version of the application is also available at http://shiny.imbei.uni-mainz.
de:3838/GeDi, giving users the opportunity to explore its functionality firsthand and
familiarise themselves with its features in a hands-on environment.

The following sections of this chapter will begin with a description of the litera-
ture review (Section 2.1) which | conducted to assess the current reporting standards
in functional enrichment analysis. This research formed the foundation for identifying
gaps in existing tools and motivating the development of GeDi. Subsequently, the chap-
ter will explain the rationale behind the use of gene set distances as a core approach,
followed by an introduction to the specific distance metrics implemented (Section 2.2)
and the clustering algorithms implemented in GeDi (Section 2.3). In Section 2.4, | will
describe the functionality available within GeDi, including the implementation of data
preparation (Section 2.4.1), the distance metrics (Section 2.4.2) and their visualisations
(Section 2.4.3), and the implementation of the clustering methods (Section 2.4.4) and
the corresponding visualisations (Section 2.4.5). Finally, in Section 2.5, | will provide
an overview of the Shiny application included in my package, which offers users an
interactive platform for exploring and interpreting functional enrichment analysis results
alongside tools which ensure the reproducibility of the conducted exploration.
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2 Methods and Implementation

2.1 Literature Review of Functional Enrichment Analysis in
Scientific Publications

In their work, Wijesooriya et al. [2022] reviewed over 180 published articles presenting
functional enrichment analysis results, aiming to assess how thoroughly these analyses
were documented. Their findings were concerning, showing that 95% of the articles failed
to properly document their methods, while over 40% did not include details on p-value
corrections, suggesting the possibility that many of these results could contain false pos-
itives. The authors called for the development of open-access standards to improve both
the research quality and reproducibility of functional enrichment analysis [Wijesooriya
et al., 2022].

Although not the primary focus of their original work, the findings of Wijesooriya
et al. have important implications for the quality of result reporting and interpretation
in functional enrichment analysis. In order to investigate these aspects in published
research, | conducted an independent literature search and review. The primary goal was
to evaluate the current state of functional enrichment reporting, with a particular focus
on transparency and reproducibility in recently published literature. In contrast to the
work of Wijesooriya et al., which focused specifically on the methodologies and how
they were executed, this review focused more on the interpretation and presentation of
enrichment results in order to determine whether a tool like GeDi, which offers interactive
exploration and clustering of results, could significantly enhance the interpretation and
presentation of these analyses. By providing these features, GeDi may address critical
gaps in current reporting standards. In order to support this evaluation, a total of 97
articles were selected and reviewed using a random sampling method (Figure 4).

Keyword Search:

“Enrichment Analysis”
]
| ]
Manual Search of PubMed pubmedR package
|
| ]
22,053 results 21,270 results et s
« published in 2023 « published in 2023 ) publishe S Nature or
* freely available  written in English pub '
Science
| | |
20 articles randomly sampled 33 articles randomly sampled All 44 articles considered
— - —

X: 97 reviewed articles

Figure 4 — Flowchart of the Literature Review
The figure shows the flowchart of the literature selection process, in which the keyword phrase "Enrichment
Analysis" was used for three different rounds of literature search. Each round of literature review had slightly
distinct criteria. In the end, 97 articles were used for the review.
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The first round of literature review was performed using PubMed (https://pubmed.
ncbi.nlm.nih.gov/, latest access: September 11th, 2024) using the keyword phrase
"Enrichment Analysis". Additionally, the search was restricted to freely available articles
published in 2023. This search returned 22,053 results, of which the first 10,000 were
downloaded. With the use of R, the list of search results was processed and 20 articles
were randomly selected for review.

Several parameters were evaluated during the review process. First, it was noted
whether the article reported a functional enrichment analysis as described in Section 1.3,
and if so, whether the methods were well documented. "Well documented" in this case
was defined as providing the necessary amount of details in order for the reader to be
able to accurately reproduce the results presented in the article. Additionally, | docu-
mented which gene set libraries and statistical methods or software were used, and the
formats chosen to present the results, for example, tables, heatmaps or other visuali-
sations. Other parameters evaluated included highlighting of specific subsets of results,
the reasoning behind subset selections, whether results were aggregated (e.g., grouped
or clustered), and any mentions of follow-up experiments, code availability, or limitations.

In the second round of literature review, the R package pubmedR [Aria, 2020] was used
to ensure a reproducible selection of articles. As search scope, the same keyword phrase
and restrictions of the first search were used, but it was additionally limited to articles
published in English. Of the 21,270 articles returned, the first 9,999 were downloaded
(limited by the download capacity of the pubmedR package [Aria, 2020]). Afterwards,
articles were randomly selected and screened until a total of 20 articles presenting func-
tional enrichment results were accumulated. As not all of the found articles presented
enrichment results following the lines of Section 1.3, 33 articles were reviewed overall
(Figure 4).

Finally, | performed a third literature search using the pubmedR package, this time fo-
cusing on articles published in the prestigious journals Cell, Nature, and Science. These
journals are commonly known for their rigorous peer reviews and high standards of
methodological transparency, making them ideal for reflecting the overall state of func-
tional enrichment reporting in high-impact scientific publications. This search returned
44 articles, all of which were screened for the previous parameters (Figure 4).

In order to ensure reproducibility, | created a GitHub repository (https://github.
com/imbeimainz/HIPSTER), which includes the initial PubMed search results, the code
for selecting a reproducible subset of articles to investigate and the structured literature
search using the pubmedR package [Aria, 2020]. In order to account for the factor of
randomness, the seed of the random number generator which was used for the sampling,
is also provided transparently in the repository, ensuring full reproducibility.

2.2 Definition of the Gene Set Distance Scores

As functional enrichment analyses constitute a central step in the analysis of various
omics datasets, numerous tools and implementations are available in the R and Bio-
conductor community [Alexa et al., 2006; Huber et al., 2015; Wu et al., 2021; R Core
Team, 2024]. However, despite their utility, existing methods often yield outputs com-
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prising extensive lists of gene sets, impeding hypothesis generation and synthesis due to
inherent redundancy. In a typical workflow, users manually inspect individual gene sets,
often requiring additional research in corresponding databases. This process is not only
time-consuming and cumbersome, but also requires users to manage large amounts of
information simultaneously. Consequently, valuable insights may get lost, and interpre-
tation may become biased, as users tend to recognise and remember gene sets they are
already familiar with more easily.

One approach to improve data interpretation and reduce redundancy of the data is
an appropriate aggregation of the gene sets into groups of similar characteristics. This
method can significantly simplify data interpretation by shifting the focus from analysing
individual gene sets and their interrelationships to examining clusters of related gene sets.
This reduction in complexity allows for a more streamlined and coherent analysis of the
data.

The aggregation of gene sets into groups is achieved by using gene set distance
scores. These scores quantify the (dis)similarity between individual sets allowing them to
be aggregated into groups. In this context, a variety of different distance scores can be
applied with varying focus and definitions of similarity between gene sets. For GeD1i, six
different distance scores were selected and incorporated into the final tool:

Meet-Min Distance Score

Jaccard Distance Score

Kappa Distance Score

Protein-Protein Interaction-Weighted Meet-Min Distance Score

Sgrensen-Dice Distance Score

GO Semantic Distance Score

2.2.1 Meet-Min Distance Score

The Meet-Min (MM) distance score is used in biological research to evaluate the
functional similarity between two sets such as gene sets or pathways [Yoon et al., 2019].
This metric provides a quantitative measure of similarity between two sets by considering
both the overlap and the relative sizes of the sets. It is based on the overlap coefficient
[Vijaymeena, Kavitha, 2016], which compares the overlap between two sets while taking
the size of the sets into account. The Meet-Min distance score is then defined as

|AN B
MM(A4,B)=1—- —— 21
min(|Al,|B|)
where A and B are two distinct gene sets, respectively, and | - | represents their

cardinality (i.e., the number of elements in the gene set).?

2This notation will be used throughout Section 2.2
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The MM score is symmetric (i.e., MM(A, B) = MM(B, A)), and the range of the
resulting distances is [0, 1]. A distance of 0 indicates that the sets are completely iden-
tical, while a distance of 1 reflects completely disjoint sets.

The Meet-Min distance score can be applied in scenarios where understanding the
uniqueness and overlap between two sets is essential. As the MM score effectively nor-
malises the intersection by the size of the smaller set, it can provide a more balanced view
of similarity especially when comparing sets of different sizes. With this characteristic,
it is frequently used when studying genomic intervals and their overlap; a field where
accounting for the size of the two compared sets is of great importance [Ma et al., 2023].

2.2.2 Jaccard Distance Score

The Jaccard distance score is a measure of dissimilarity between two sets based on
the commonly applied Jaccard index [Jaccard, 1912; Levandowsky, Winter, 1971]. The
Jaccard index measures the similarity between two sets by dividing the size of their
intersection by the size of their union. The distance measure of dissimilarity is then
defined as

|AN B

Jaccard(A,B) =1 — AUD|

The Jaccard distance score is symmetric (i.e., Jaccard(A, B) = Jaccard(B, A)),
and the range of the resulting distances is [0, 1]. A distance of 0 indicates that the sets
are completely identical, while a distance of 1 reflects completely disjoint sets.

The Jaccard similarity and distance score are commonly used measures in various
fields which is likely based on their straightforward interpretation as they directly reflect
the ratio between shared and unique elements in both sets. As such, the Jaccard score
can, for example, be used to analyse the presence and absence of species across different
regions [Chung et al., 2019].

2.2.3 Kappa Distance Score

The Cohen's Kappa distance score, hereafter referred to as Kappa distance score, is
derived from the equally named Cohen's Kappa coefficient. Initially, the coefficient was
introduced to measure inter-rater reliability for categorical items [Cohen, 1960]. Since
its first introduction, the Kappa distance score has been widely used as a measure of
(dis)similarity between gene sets, e.g., in the work by Yoon et al. [2019] or the Database
for Annotation, Visualisation, and Integrated Discovery (DAVID) [Huang et al., 2007,
2009].
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As a distance measure, the Kappa distance quantifies the level of agreement between
two sets and is defined as
O-F
1-F

Kappa(A,B) =1 —

|[ANB|+ [(AU B)|

with O =
U]
|A||B| + |A°|| B°|
and F = WiE

In this score, U is the union set of all genes [Yoon et al., 2019].

The Kappa distance score is symmetric (i.e., Kappa(A, B) = Kappa(B, A)) and
the range of the resulting distances is [0,2]. A value of 0 indicates that the sets are
completely identical, while a score of 2 reflects completely disjoint sets.

Since other distance metrics used in this work result in distances in the interval [0, 1],
the Kappa distance score is transformed to match this range, ensuring comparability
across all metrics. To normalise the Kappa distance score to the [0, 1] range, the following
formula was applied:

Kappa(A, B) — min

Normalised Kappa(A4, B) = ,
max — min

where min and max represent the smallest and largest possible Kappa distances,
respectively. Given that these values are defined as 0 and 2, the normalization simplifies
to

K A B
Normalised Kappa(A, B) = %

This ensures all Kappa distances are scaled to the [0, 1] interval.

Due to its definition, the Kappa distance score adjusts for agreements which could
occur by chance; a valuable advantage in its original scope of application. While this
characteristic initially might not seem like an advantage in the field of gene set com-
parison, it can nevertheless be a valuable characteristic compared to the other scores
presented in this thesis.

2.2.4 Protein-Protein Interaction-Weighted Meet-Min Distance Score

The Protein-Protein Interaction-Weighted Meet-Min (pMM) distance score is de-
rived from the previously discussed Meet-Min distance score. Introduced in the work by
authors Yoon et al. [2019], the pMM score incorporates protein-protein interaction data
to enhance the MM score by weighting it with functional information at the protein level.
While the MM score measures the overlap between gene sets, the pMM score adds a
PPI-based factor, recognising that gene overlap alone may not fully capture functional
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relationships between biological processes. Since functional interactions often occur at
the protein level, the additional PPl component provides a more nuanced measure of
similarity between gene sets.

The pMM distance score is defined as

pMM(A, B) = min(pMMlocal(A — B), pMMlocal(B — A))
With

|AN B|

min(|Al,|B|)

_ o Z w2 penns Pla,0) + 354 Pla,b)
min(|Al, |B|) mazx(P)(w|AU B| + |B — AJ)

pMMlocal(A — B) =1 —

a€A—B

P is a PPl matrix, a numerical matrix indicating a possible interaction of two proteins
through confidence scores in the range of [0,1]. P(a,b) is the interaction score of two
proteins, represented by their coding genes a and b. « is a scaling factor to control the
influence of the protein interactions on the resulting distances, with the range [0, 1]. If
set to 0, the pMM score is identical to the MM score of Section 2.2.1, while a value of
1 balances the influence of the two components of the score. Lastly

Al :
e A=
%, otherwise

and pMMlocal(B — A) is symmetrically defined.

The resulting pMM distance score of two gene sets A and B is symmetric (i.e.,
pMM(A, B) = pMM(B, A)) with a range of [0, 1]. A value of 0 indicates that the sets
are either completely identical or have a high degree of functional similarity based on the
provided interaction information, while a distance of 1 indicates completely disjoint sets.

The additional PPl component leverages the information inherent in interaction net-
works, making the score particularly suitable for analysing complex biological networks.
It can reflect a more accurate representation of the functional relationships between gene
sets.

2.2.5 Sdrensen-Dice Distance Score

The Sgrensen-Dice distance score is based on the equally named Sgrensen-Dice co-
efficient, which was independently developed by both Sgrensen and Dice in the 1940s.
Therefore, it is also referenced as Sgrensen-Dice index, Sgrensen index and Dice's coef-
ficient [Dice, 1945; Sgrensen, 1948].
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The distance score is defined as

2|AN B|
Sgrensen-Dice(A,B) =1 — ————
Al + B
The score is symmetric (i.e., Sgrensen-Dice(A, B) = Sgrensen-Dice(B, A)) and the
range of the resulting distances is [0, 1]. A value of 0 indicates that the sets are com-
pletely identical, while a distance of 1 reflects completely disjoint sets.

The distance score measures the overlap between two sets with double the weight,
making it particularly useful in scenarios where the overlap between sets is of higher
importance than the overall number of elements in the sets. The Sgrensen-Dice distance
score can be applied in a variety of different scenarios such as ecology, computer lexicog-
raphy and natural language processing [Connell, 1978; Zijdenbos et al., 1994; Rychly,
2008|.

2.2.6 GO Semantic Distance Score

The Gene Ontology is a bioinformatics database, which stores information on gene
functions and interactions [Ashburner et al., 2000; Aleksander et al., 2023]. GO terms are
frequently used in functional enrichment analyses to represent the individual gene sets
and pathways in the results [Ashburner et al., 2000; Alexa et al., 2006; Yu et al., 2010;
Wu et al., 2021; Aleksander et al., 2023]. As such, there are several different approaches
and implementations to quantify the relationship and similarity between individual GO
terms. Such GO semantic similarity scores can be used to assess the relationship between
individual GO terms. One implementation can be found in the R package GOSemSim [Yu
et al., 2010]. The package implements several semantic similarity measurements, divided
into two method types: information content (IC) and graph-based methods.

The IC-based methods available in the package include the similarities by Resnik
[Resnik, 1999], Lin [Lin, 1998], Schlicker [Schlicker et al., 2006] and Jiang [Jiang, Con-
rath, 1997]. These methods determine the similarity of two GO terms based on the
information content of their closest common ancestor in the GO database, with some
methods normalising by the information content of the two terms being compared. The
individual 1C of a GO term ¢ is defined as the negative logarithmic probability of the
term occurring in the GO database [Yu et al., 2010]:

1C(t) = —log(p(t))

The individual 1C-based methods use different formulas to determine the semantic
similarity between two GO terms. Resnik [Resnik, 1999] defines the similarity of two
terms X and Y as

simResnik(X, Y) = ]C(M]CA)

where the MICA is the most informative common ancestor of the two terms, i.e., the
ancestor with the highest information content.
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Lin [Lin, 1998] defines the similarity as

| _ 2IC(MICA)
simpin(X,Y) = IC(X)+1IC(Y)

The relevance method of Schlicker et al. [2006] combines both approaches of Resnik
and Lin:

2IC(MICA)(1 —p(MICA))
IC(X)+IC(Y)

simpa(X,Y) =

Lastly, Jiang's [Jiang, Conrath, 1997] method is defined as

M Jiang(X, V) = 1 — min(1, IC(X) + IC(Y) — 2IC(MIC A))

The second type of GO similarity measures in the GOSemSim package are graph-based
methods [Yu et al., 2010]. These methods leverage the topology of the underlying graph
of the GO database, which is a directed acyclic graph (DAG) where nodes represent
GO terms and edges represent hierarchical relationships such as "is-a" or "part-of"
[Ashburner et al., 2000; Yu et al., 2010; Aleksander et al., 2023]. The graph-based
method implemented in the package is the one proposed by Wang et al. [2007]. For the
graph-based method of Wang, a GO term X is formally represented as

DAGx = (X, Tx, Ex)

where T'x is the set containing the term X and all of its ancestors and Ex is the set
of edges connecting the GO terms in DAG . Then, the method of Wang et al. [2007]
for two terms X and Y is defined as

| S veren, Sx () + Sy (1)
simwang (X, V) = = S SV )

with  SV(X) = Sx(t)

teTx
o R (t) = max(w.Sx (t')|t" € children of t), ift # X

where w, is the semantic contribution factor, i.e., weight for edge ¢ € Ex, which
links term ¢ with its child term ¢'.

All of the discussed IC and graph-based scores increase with similarity rather than
distance, i.e., a score of 1 represents identical gene sets. Hence, in order for the semantic
similarity scores to be comparable to the other distance metrics, the similarity score is
inverted into a distance score by subtracting the calculated similarity score from 1. The
resulting distance measure is symmetric across all the methods presented. While this
is fairly evident for the 1C-based approaches, it may not be as intuitive from Wang's
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method’s description and formula. Despite the GO database being structured as a DAG,
Wang's method ensures symmetric similarity scores by equally considering both GO
terms’ hierarchical relationships and shared ancestors, ensuring the direction of compar-
ison does not affect the outcome [Wang et al., 2007; Yu et al., 2010].

All scores besides Resnik and Jiang range from [0, 1] with similar interpretations
compared to the other available metrics. Therefore, a normalization is applied to the
score of Resnik and Jiang before transforming the similarity score to a distance score,
following the same approach already discussed for the Kappa distance score. The applied
normalization is defined as

GOSimilarity(X,Y) — min

maxr — min

Normalised GOSimilarity(X,Y) =

where min and max are the smallest and largest similarity scores, respectively, and
GOSimilarity (X, Y) is the similarity score of two terms X and Y calculated with either
Resnik's or Jiang's method.

Compared to the other distance scores, the GO semantic distance score is only ap-
plicable to data where gene sets and pathways are represented by GO terms. While this
might limit the overall applicability of the distance score, the score leverages the specific
characteristics of the GO database making it especially suitable in cases where these
specific terms are of interest, e.g., when the focus is more on gene functions rather than
direct gene overlap.

2.3 Definition of the Clustering Algorithms

The introduced distance scores and their implemented visualisations can be used to
observe some initial, prominent patterns in the data, offering rudimentary aggregation
information as visual patterns without further composition or structural information.
Therefore, in order to amplify this additional pattern information, a subsequent process-
ing step is applied in the form of clustering. Clustering algorithms are used to organise
gene sets into coherent groups, which can be either distinct (non-overlapping) or shared
(overlapping), allowing researchers to focus on functionally related clusters rather than
individual gene sets.

As individual research situations require specific properties of clustering algorithms,
and each clustering algorithm offers different points of view about the data in question,
four distinct methods have been selected and incorporated into the presented version of
GeDi. These clustering algorithms are:

Louvain Clustering Algorithm

Markov Clustering Algorithm

Fuzzy Clustering Algorithm

Partitioning around Medoids Clustering Algorithm
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2.3.1 Louvain Clustering Algorithm

The Louvain clustering algorithm is a widely used method for detecting communities
in large data networks [Blondel et al., 2008]. The algorithm optimises a modularity score
which quantifies the strength of division of a network into clusters®. The score measures
how strongly nodes within a cluster are interconnected compared to the connections
between nodes in different clusters [Blondel et al., 2008]. The modularity @ of a graph
can be defined as

1 kik;

where A;; is the weight of the edge between nodes i and j. k; and k; are the sums
of the weights of the edges connected to nodes i and j respectively. ¢; and ¢; are the
clusters to which nodes i and j belong. Lastly, m is the total weight of all edges in the

graph and

5 ) 1, if ¢; and ¢; are the same cluster
i, Cj) = _
v 0, otherwise

The Louvain algorithm starts with an initial setup in which each node in the network
is treated as an individual cluster [Blondel et al., 2008]. In the context of GeDi, each node
represents a gene set in the initial layout and edges connect gene sets with a pairwise
distance below a user-defined threshold. The edge weights are based on the distances
between gene sets. Since the Louvain algorithm optimises the modularity score, the dis-
tances are converted to similarity values to ensure that the algorithm forms clusters of
closely related gene sets. This is achieved by subtracting the distances from 1.

In the first phase, the algorithm iteratively reassigns nodes to different clusters to
achieve a new configuration which maximises the modularity score (). This process is con-
tinued until no further improvement in the modularity score of the graph can be achieved.

Once the modularity score of the current configuration is maximised, the Louvain
algorithm proceeds to the second phase, the aggregation phase. During the aggregation
phase, each cluster is collapsed into a single, representative node and the edges between
the clusters are summed based on the connections between member nodes. Afterwards,
the process of iterative reassignment and aggregation is repeated until no further im-
provement of the modularity score can be achieved [Blondel et al., 2008].

The Louvain clustering algorithm is especially useful for the detection of clusters in
large and complex networks. Particularly, it is well-suited for networks in which clusters
are densely interconnected with sparse connections in between clusters, such as in scRNA
data [Seth et al., 2022]. However, this makes the algorithm also prone to favour large
clusters over smaller ones within the network, as it seeks to maximise the modularity
score. Additionally, the Louvain algorithm is non-deterministic, meaning the output can
vary between individual executions, making it harder to reproduce results consistently.

3The terms cluster and community both refer to groups of nodes that are more densely connected to each
other than to those outside the group. These terms will be used interchangeably throughout Section 2.3
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Lastly, it should be mentioned that the Louvain algorithm results in non-overlapping clus-
ters. While non-overlapping clusters might not accurately represent biological networks
in which genes and gene groups can be part of multiple functional groups or pathways,
there are certain research situations where the generation of non-overlapping clusters
is favourable. Examples of such could be the investigation of developmental stages, in
which a clear separation of early and late stages could be intended.

2.3.2 Markov Clustering Algorithm

The Markov clustering algorithm is a graph-based clustering method which identifies
clusters by simulating random walks within the network. The algorithm leverages the idea
that random walks tend to stay longer within densely connected regions of the graph (i.e.,
clusters), and transition less frequently to sparsely connected regions [van Dongen, 2000].

The algorithm starts with an initial graph in which each node represents an individ-
ual cluster and edges represent interactions or similarities between nodes. In the case
of GeDi, nodes represent individual gene sets and weighted edges are formed between
them. The weight of each edge is determined by the calculated distance between gene
sets, whereas distances and edges above a user defined threshold are omitted. This is
used as a means to reduce the runtime of the algorithm. In order to ensure the forma-
tion of closely related clusters, the distances are converted to similarity scores as already
described for the Louvain algorithm.

In the first step of the Markov clustering, a stochastic transition matrix is created
where each element of the matrix represents the transition probability from one node
to another node during a random walk. The transition matrix M is derived from the
adjacency matrix A of the graph, where each element M;; represents the probability of

moving from node i to node j in a single step of a random walk defined as [van Dongen,
2000]

Ek Ak
where A;; represents the edge weight between nodes ¢ and j in the adjacency matrix
and k sums over all nodes connected to 7. The transition matrix is a normalised version

of the adjacency matrix, ensuring that the sum of each column equals 1. This transition
matrix forms the basis for simulating the movement of random walks across the network.

Mi':

In the following expansion step, the algorithm proceeds to mimic random walks across
the graph. During the expansion step, the transition matrix M is first raised to a power
p, resulting in the expanded transition matrix M., (i.e., Mc,;, = MP). This power is
typically set to 2 for reasons of balancing local and global structures as well as efficiency
of the computation. By raising the transition matrix to a power, the algorithm distributes
probabilities across extended paths in the graph, taking into account both direct links
and connections that span multiple intermediate nodes. This helps reveal relationships
between nodes that are not immediately adjacent and enhances the detection of clusters
by effectively expanding the influence of each node within its local neighbourhood [van
Dongen, 2000].
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Following the expansion step, the algorithm applies the inflation step. In this step,
each element of the expanded matrix M., is raised to a power greater than 1. This
inflation parameter, typically denoted by r, amplifies higher transition probabilities and
diminishes lower ones. The default value for r is usually also set to 2, enhancing cluster
separation while simultaneously controlling for cluster granularity. The value for two
nodes ¢ and j in the inflation matrix M;,s can be calculated as [van Dongen, 2000]

- Mgy (i, §)"
Minﬂ<l’]> —_ ETP\ ") . =
Zk Memp (Za k)
The inflation step reinforces the cluster boundaries, ensuring that nodes within a
cluster remain more closely associated, while connections between different clusters be-
come weaker.

The expansion and inflation step are iteratively repeated until the matrix converges.
In the Markov clustering algorithm, this means that the matrix no longer significantly
changes and the clusters remain unchanged. At convergence, the network reveals distinct
clusters, where nodes within the same cluster exhibit strong internal connections, while
connections between clusters are sparse [van Dongen, 2000].

The Markov clustering algorithm is suitable for a variety of network data with varying
degrees of complexity. Especially the inflation step gives the algorithm the flexibility to
detect clusters of various sizes. The inflation parameter r negatively correlates with the
cluster size, meaning higher values of r lead to smaller, tighter clusters, while smaller
values lead to larger clusters [van Dongen, 2000]. However, this also means that the re-
sults are highly influenced by the choice of inflation parameter, hence requiring a careful
adjustment to achieve meaningful clusters for a particular dataset.

2.3.3 Fuzzy Clustering Algorithm

The Fuzzy clustering algorithm, as implemented in the DAVID database, is a method
used to cluster gene sets based on their functional similarity [Huang et al., 2007, 2009].
Unlike the previously discussed clustering algorithms, nodes (i.e., gene sets) can belong
to multiple clusters.

The algorithm begins by selecting initial cluster seeds, which are groups of gene sets
that share a strong functional relationship. Gene sets are considered to have a strong
functional relationship, if their distance score is smaller or equal than a specified simi-
larity threshold. The selection of these initial seeds can be further refined by applying
a membership threshold, which specifies the minimum number of genes that must be
strongly functionally related for the group to qualify as a seed [Huang et al., 2007, 2009].
The membership threshold ensures that only groups with a strong functional core are
considered for clustering.

In an iterative second step, the initial seeds are merged into larger groups until the
final clusters are determined. Seeds sharing a significant number of common members
are merged, forming larger, more comprehensive clusters. This merging process is con-
trolled by a clustering threshold, which defines the minimum amount of shared members
required for two clusters to be merged. The iterative nature of this step allows the al-
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gorithm to refine the clusters progressively, ensuring that gene sets with overlapping
functions are grouped together in a meaningful way [Huang et al., 2007, 2009]. A com-
pelling and easy to understand example walk-through of the Fuzzy clustering algorithm
can be found in Supplementary File 13 of the original publication by Huang et al. [2007].

A key feature of the Fuzzy clustering algorithm is the possibility of nodes to be part of
several clusters. Especially in the context of biological data and gene sets, this approach
reflects the characteristic that gene set functions and members can be overlapping as
biological processes are not usually disjoint. Therefore, by enabling gene sets to belong to
multiple clusters, the algorithm provides a more nuanced representation of gene-function
relationships and provides insights which might be missed by more rigid clustering meth-
ods [Huang et al., 2007, 2009]. However, this usually leads to more complex results, as
cluster boundaries might not be well defined. This can lead to redundancy in the results
especially if two clusters share an amount of gene sets, which is not large enough to
allow for merging but still substantial enough to hinder the interpretation.

2.3.4 Partitioning around Medoids Clustering Algorithm

The Partitioning around Medoids (PAM) clustering algorithm is a partitioning method
widely used in the fields of market research and healthcare analysis [Mushtaq et al.,
2018; Alie, Gustriansyah, 2024]. The PAM algorithm is very similar to the more com-
monly known k-Means algorithm, with both methods designed to divide a dataset into
k distinct clusters [Lloyd, 1982; Kaufman, Rousseeuw, 1987]. But unlike the centroids
used in k-Means, the PAM algorithm represents each cluster by a medoid, which is the
most centrally located actual data point within each cluster. The PAM algorithm aims
to minimise the distance between data points and their assigned medoids, leading to
compact and well-separated clusters [Kaufman, Rousseeuw, 1987].

The algorithm starts with £ initial medoids, whereas k is a user-defined number.
These initial medoids are chosen from the available data points (i.e., gene sets) during
the build phase of the algorithm. These initial medoids are chosen to minimise the over-
all dissimilarity to all other gene sets, ensuring that they serve as central, representative
points for each cluster from the onset [Kaufman, Rousseeuw, 1987].

In the next step of the algorithm, gene sets are assigned to the nearest medoid based
on previously calculated distances. After all gene sets have been assigned to clusters, the
algorithm evaluates whether any non-medoid gene set would serve better as medoid. For
this step, each medoid is swapped with a non-medoid and the total dissimilarity of the
graph is calculated. Here, the total dissimilarity is the sum of the dissimilarities between
all gene sets and their closest medoid across all clusters. If the swap improves the overall
clustering by reducing the total dissimilarity, the new medoid is accepted and all gene
sets are again assigned to their nearest medoid. This process of medoid swapping and

cluster reassignment is repeated iteratively [Kaufman, Rousseeuw, 1987; Maechler et al.,
2023).

The algorithm continues until no medoid swap can reduce the total dissimilarity in the
graph [Kaufman, Rousseeuw, 1987; Maechler et al., 2023]. The goal of the algorithm is
to minimise the total dissimilarity between data points and their nearest medoids across
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all clusters, which ensures that the gene sets are assigned to meaningful and functionally
similar clusters.

The PAM algorithm is widely applied across various fields due to its ability to handle
outliers effectively, as it selects medoids from the actual data points. Its versatility is
further enhanced by the ability to work with different distance metrics or precomputed
distances. The parameter k determines the number of clusters, influencing the detail level
of the results: higher values of k yield smaller, more refined clusters, while lower values
produce larger, broader clusters, thus affecting the overall granularity and interpretability
of the results.

Nonetheless, it should be noted, that the algorithm can be computationally expen-
sive, especially for large datasets, as evaluating all possible swaps of medoids requires a
considerable amount of time. This challenge has been addressed through optimised im-
plementations, such as those available in the R package cluster [Maechler et al., 2023],
which offers different, slightly varied implementations of the algorithm to optimise the
runtime. Readers are encouraged to consult the original documentation of the cluster
package [Maechler et al., 2023] for a detailed description of the differences between the
available options.

2.4 Implementation and Features of the GeDi Package

In an effort to facilitate and streamline the interpretation of functional enrichment
analysis results, GeDi was developed as an R/Bioconductor package. The package im-
plements a wide array of functionality, including the described distance metrics and
clustering algorithms, to aggregate functional enrichment results into groups of similar
gene sets, thereby easing interpretation and hypothesis generation. Additionally, GeDi
also incorporates network information into the analysis, e.g., by using protein-protein
interaction information.

GeD1i is also embedded in the R/Bioconductor package ecosystem, allowing for the
use of various different functional enrichment approaches implemented in different R
packages, such as topGO and clusterProfiler [Alexa et al., 2006; Wu et al., 2021].
This integration makes GeDi a well-suited solution for incorporation into various analysis
workflows across various data types, such as bulk and single-cell RNA-seq, proteomics,
and spatial transcriptomics. It summaries the potentially overwhelming amount of infor-
mation contained in the results of an enrichment analysis, allowing for a more streamlined
interpretation and generation of new hypotheses. The GeDi package is available under the
MIT license on Bioconductor (https://bioconductor.org/packages/GeDi), with the
development version available on GitHub (https://github.com/AnnekathrinSilvia/
GeDi).

A key aspect of GeDi's development was to consolidate diverse functionalities within
a unified tool, leveraging existing, well-established methods rather than re-implementing
them. This design choice allowed the integration of various tools and methods into one
package, while ensuring that GeDi serves as an accessible, multifunctional platform for
data exploration and interpretation, without reinventing already established approaches.

31


https://bioconductor.org/packages/GeDi
https://github.com/AnnekathrinSilvia/GeDi
https://github.com/AnnekathrinSilvia/GeDi

2 Methods and Implementation

To ensure compatibility with various implementations of functional enrichment anal-
ysis and to accommodate a diverse user base, GeDi accepts the input in various formats
such as text files, spreadsheets or in the form of standardised containers, which are often
used in the R community. The input data must consist of at least two columns: one
containing gene set identifiers and another containing gene identifiers of the genes in
each gene set. These columns should be labelled as "Genesets" and "Genes", respectively.

There are no strict requirements for the identifier (ID) types used for either the gene
sets or genes. However, GeDi strongly encourages the use of standardised and widely
known identifiers, such as HUGO Gene Nomenclature Committee (HGNC) gene symbols
[Seal et al., 2023], ENSEMBL [Yates et al., 2020], or GENCODE [Frankish et al., 2019]
for genes, and pathway identifiers from known databases such as GO [Ashburner et al.,
2000; Carbon et al., 2019], KEGG [Kanehisa et al., 2017, 2019], the Reactome Pathway
Database [Fabregat et al., 2018], or the MSigDB [Liberzon et al., 2011, 2015] for gene
sets in order to enhance reproducibility.

In the following sections, the methods and functions available for data processing in
GeDi will be discussed. First, Section 2.4.1 will discuss available data preparation and
preprocessing functions. Afterwards, Section 2.4.2 and Section 2.4.3 will discuss the im-
plementation of the individual distance metrics and their corresponding visualisations,
while Section 2.4.4 and Section 2.4.5 will discuss the respective implementation of the
clustering algorithms and the corresponding visualisations. All functionality discussed in
these sections and their implementation can be found in the GitHub repository of the
package (https://github.com/AnnekathrinSilvia/GeDi). Readers of this thesis are
encouraged to refer to this repository for the detailed implementation and documenta-
tion of all downstream discussed functionality.

2.4.1 Data Preparation and Preprocessing

In order to support the various data formats for the input data, a data preparation is
needed in GeDi. This can be followed by two optional data preprocessing steps, which are
gene set filtering and the download of PPI information. Depending on the input data as
well as the research question, these steps can improve the exploration and interpretation
of functional enrichment results.

2.4.1.1 Data Preparation of the Input Data

The necessary data preparation in GeD1i is performed by the prepareGenesetData()
function, which is designed to process and extract the gene information from the given
data. Functional enrichment implementations, such as those provided in the R pack-
ages topGO [Alexa et al., 2006] and clusterProfiler [Wu et al., 2021], store the
gene information in compact formats within a column of the results (e.g., as a single
string separated by delimiters like commas or semicolons). This function splits those gene
strings into individual gene lists, a format which is easier to use in downstream analy-
sis steps. Additionally, the function automatically detects the separator used within the
gene strings to further automate the data preparation and reduce the likelihood of errors.

The prepareGenesetData() function has two arguments: genesets, representing
the input data and gene_name, specifying the column containing the strings of gene
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identifiers. If the latter argument is not provided, the function will assume that this col-
umn is called "Genes". Otherwise, the gene_name argument can be used to specify an
alternative column name. This is a further design choice to ensure compatibility with a
large variety of different implementations of functional enrichment analyses.

2.4.1.2 Optimizing Analysis through Gene Set Filtering

The first optional preprocessing step involves the filtering of gene sets from the
data. Oftentimes, functional enrichment results include large, generic or even redundant
gene sets among the extensive list of results. These broad terms are associated with a
large number of genes, hence increasing their likelihood to include differentially expressed
genes and to appear among the top affected gene sets in a functional enrichment analysis.

This redundancy and overlap between gene sets can mask processes involving smaller
and more specific gene sets, which appear much later in the ranked list of results, hence
hindering the interpretation of overall interactions in the dataset. Examples for such
generic terms include "biological process", "cellular process", "metabolic function" or
"cellular component" in the GO database or "Metabolism", "Cellular Processes" or "Hu-
man Diseases" in the KEGG database [Ashburner et al., 2000; Kanehisa et al., 2017,
Carbon et al., 2019; Kanehisa et al., 2019].

Moreover, these large gene sets can considerably increase the overall runtime of the
analysis without adding substantial information. While these gene sets can still be highly
valuable during data interpretation, removal of these gene sets should be considered
when interpreting and exploring the results. GeDi provides the option to filter these gene
sets from the data using the filterGenesets() function.

To assist users in identifying which gene sets to filter, the gsHistogram() function is
implemented in GeDi. The function plots a histogram of the size (i.e., number of genes)
of each gene set in the input data. A histogram is a graphical representation used to
show the frequency distribution of values in a dataset (Figure 5). It displays data by
grouping numerical values into bins and representing the frequency of data points within
each bin using bars. The height of each bar reflects how many data points fall within
that particular range. In the gsHistogram() function of GeDi, the size distribution of
each gene set is plotted based on the input functional enrichment data. Besides the
input data, the function also has arguments to control the size of each bin as well as
arguments to restrict the shown histogram to a specific range. Per default, the range
will be defined by the smallest and largest available gene set.
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Figure 5 — Histogram of Gene Set Sizes
The figure shows an example of a histogram plotted with GeDi, which visualises the distribution of the
individual gene set sizes of the data. The abscissa indicates the size of each gene set (i.e., number of genes),
while the ordinate shows the frequency of each size. The chosen bin size was 5.

2.4.1.3 Download of Protein-Protein Interaction Data

In order to support the network component of the pMM distance score, species-
specific protein-protein interaction data is needed. GeDi includes the getPPI() function
to download this PPl data. This function requires a gene list, ideally obtained through
the prepareGenesetData() function, as well as a STRINGdb object from the equally
named package [Szklarczyk et al., 2023], and an annotation object that maps STRING
IDs to gene names.

This function will fetch the PPl data from the STRING (Search Tool for Recurring
Instances of Neighbouring Genes) database, a biological database providing informa-
tion on known and predicted protein-protein interactions [Szklarczyk et al., 2023]. The
STRINGdb object can also be generated using getStringDB(), which will download the
PPl information for the species of the input data. Additionally, this function can cache
the downloaded data, enabling faster access in future analyses by reusing the cached in-
formation. Caching is particularly beneficial when repeatedly analysing data of the same
species, as it eliminates the need to download the PPI data multiple times. Moreover,
GeDi includes a getAnnotation() function to create the annotation object, which is
used in the getPPI() function to map gene names to STRING IDs.

2.4.2 Distance Scoring within GeDi

GeDi uses various implemented distance metrics (as described in Section 2.2) to
quantify the (dis)similarity between individual gene sets. These resulting distances are
used to aggregate the initially large and extensive results of a functional enrichment
analysis, thereby facilitating the interpretation of the data.
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The six available distance metrics are implemented in the following functions:

getMeetMinMatrix(genesets, progress = NULL,
BPPARAM = BiocParallel::SerialParam())

getJaccardMatrix(genesets, progress = NULL,
BPPARAM = BiocParallel::SerialParam())

getKappaMatrix(genesets, progress = NULL,
BPPARAM = BiocParallel::SerialParam())

getpMMMatrix(genesets, ppi, alpha = 1, progress = NULL,
BPPARAM = BiocParallel::SerialParam())

getSorensenDiceMatrix(genesets, progress = NULL,
BPPARAM = BiocParallel::SerialParam())

getGODistanceMatrix(genesets, method = "Wang"”, ontology = "BP",
species = "org.Hs.eg.db", progress = NULL,
BPPARAM = BiocParallel::SerialParam())

The functions have similar arguments, with the pMM and GO semantic similarity
calculation having additional, method-specific arguments. All scoring functions take the
genesets as input data, which should be the lists of genes as returned by the previously
discussed prepareGenesetData() function. Additionally, each function returns the out-
put as a Matrix object from the package by Bates et al. [2024], containing the pairwise
calculated distances for each pair of gene sets.

To calculate the pMM distances using the getpMMMatrix() function, two additional
arguments are needed. As discussed in Section 2.2.4, this specific score uses protein-
protein interaction information to quantify the (dis)similarity of gene sets. This PPI
information should be provided to the function in the form of a data.frame object via
the ppi argument. This data. frame object should contain three columns, two columns
called "Genel" and "Gene2" containing gene identifiers and a third column called "com-
bined score" containing a numerical confidence score for the respective interaction. The
PPI information can be downloaded from the STRING database using the previously dis-
cussed getPPI() function. The influence of the provided PPI information on the resulting
distances can be regulated using the alpha argument of the function.

The getGODistanceMatrix() function arguments follow the original implementa-
tion in the GOSemSim package of Yu et al. [2010]. The function argument method spec-
ifies the method of GO semantic similarity to use. Possible options are the methods
of Resnik, Lin, Rel, Jiang and Wang, which were already discussed in Section 2.2.6.
The ontology argument refers to the GO ontology which should be used, with the
options being "BP" (Biological Process), "MF" (Molecular Function) and "CC" (Cel-
lular Component) [Yu et al., 2010]. Lastly, the species argument defines the species
of the input data and should follow the naming conventions of the annotation pack-
ages available in Bioconductor (e.g., "org.Hs.eg.db" for Homo Sapiens) [Huber et al.,
2015]. The available annotation packages can be found under the following link: https:
//www.bioconductor.org/packages/release/data/annotation/.
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All available scoring functions include the progress argument, which must be an
object of the type shiny::Progress() [Chang et al., 2024]. This object is primarily
used in the interactive Shiny application of GeDi, which will be discussed in Section 2.5.
In the application, the progress object controls a small progress bar displayed in the lower
right corner of each panel (Figure 6). The progress bar is a helpful visual indicator of the
internal computation of the application, particularly useful for keeping users informed
during long-running computations. Progress bars are consistently used throughout GeDi
to update users on ongoing tasks. When scoring functions are used independently, where
a progress bar may not be necessary, the progress parameter can be set to NULL.
This is also the default behaviour of the functions, implemented to prevent progress bar
updates in the stand-alone execution of the functions, as shiny: :Progress() objects
are primarily designed to be used within Shiny applications.

— X
Scoring your genesets Scoring geneset

number 26

Figure 6 — Progress Bar of Gene Set Distances Calculation
The figure shows an example of the progress bar, which will be displayed in several steps in the GeDi
application. This progress bar informs users on the current progress of specific, lengthy computations. The
specific example shows the progress bar during the calculation of gene set distances.

The last argument shared by all scoring functions is the BPPARAM argument (stand-
ing for BiocParallelParam). As functional enrichment analysis results can contain a
substantial amount of gene sets, the computation of pairwise gene set distances can be
computationally resource and time-consuming. Therefore, all scoring functions are imple-
mented to support concurrent execution. This is achieved using the bplapply function
from the BiocParallel package [Morgan et al., 2024]. The BiocParallel package pro-
vides infrastructure for parallel computing in R, thus reducing the runtime of calculations
through the use of multiple cores. This allows independent tasks to run concurrently on
separate cores, making analyses more efficient. The bplapply function is a parallelized
version of the commonly used lapply function; an R base function which will apply a
specified function to each element of a list. In each of the distance scoring functions, the
BPPARAM argument specifies which parallel backend will be used during execution. The
default choice in GeDi is the SerialParam(). While this defaults to a serial backend
with sequential execution, this choice ensures compatibility across all operating systems,
including Windows, where some BiocParallel backends are unavailable [Morgan et al.,
2024]. Nevertheless, the design maintains the flexibility to scale up by switching to a
parallel backend when required, offering users an adaptable solution for more intensive
computations.

2.4.3 Visualisations of the Gene Set Distances

While distance metrics can be used to quantify the (dis)similarity between individual
gene sets, they themselves can be challenging to interpret especially since there would be
(%) = @ different combinations for n input gene sets. To address this, GeDi offers
various visualisations for the calculated distances to aid in their interpretation. These
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visualisations include a heatmap, a dendrogram, and a network representation of the
distances, making it easier to understand the relationships between gene sets.

2.4.3.1 Heatmap Visualisation

Heatmaps are graphical representations of data values as colours in a matrix for-
mat [Gu et al., 2016; Gu, 2022]. Heatmaps are commonly used to visualise patterns,
correlations or distributions in large datasets. They are particularly useful for analysing
high-dimensional datasets, as they provide a clear and intuitive visualisation of the rela-
tionships between multiple variables. In the field of bioinformatics, heatmaps are often
employed to display gene expression levels across different conditions or samples, where
the intensity of the colour corresponds to the magnitude of expression [Gu et al., 2016;
Gu, 2022]. In GeDi, heatmaps are used to visualise the distance score results between
individual gene sets, where each cell in the matrix corresponds to the distance between
two gene sets.

Figure 7 shows an example of a heatmap generated with distanceHeatmap() func-
tion of GeDi. This function takes a matrix of distances between gene sets and plots a
heatmap of these scores. Rows and columns are labelled by the gene set identifier, which
can also be omitted to enhance clarity of the visualisation as shown in Figure 7. In the
resulting heatmap, small distances are visualised in blue, while large distances are plotted
in red; a colour palette chosen for its accessibility to people with various types of colour
blindness. The heatmap allows users to quickly assess the relationships between gene
sets and identify initial clusters of similar gene sets or distinct outliers. For the actual
generation of the heatmap, GeD1i uses the functionality provided in the ComplexHeatmap
package [Gu et al., 2016; Gu, 2022], a widely used Bioconductor package to visualise
various types of data in a heatmap.

Figure 7 — Heatmap of Gene Set Distances
The figure shows an example of a heatmap of gene set distances generated with GeDi. On the left side, the
heatmap plotted with the distanceHeatmap() function can be seen, with a zoomed-in section of the upper
left corner shown on the right. The colour represents the distance between pairs of gene sets, with darker blue
indicating a small distance and red indicating a large distance. For sake of simplicity, row and column labels
have been excluded in the shown version.
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2.4.3.2 Dendrogram Visualisation

The second visualisation type is a dendrogram. Dendrograms are tree-like diagrams
which visualise the arrangement of clusters formed through hierarchical clustering [Gallery,
2024a]. Usually applied in evolutionary studies, dendrograms can also be used to demon-
strate the relationships between genes and gene sets [Paradis et al., 2004; Gamermann
et al., 2019]. In the context of GeDi, dendrograms are used to represent the relationships
between gene sets based on their distances. Each branch in the dendrogram corresponds
to a gene set, and the length of the branches reflects the degree of dissimilarity between
them. Gene sets that are more similar are grouped together at lower branch points, while
those that are more distant are connected higher up in the tree [Gallery, 2024a; de Vries,
Ripley, 2024].

Figure 8 shows an example of a dendrogram generated with the distanceDendro()
function of GeDi. The function takes a matrix of gene set distances and creates a dendro-
gram to visually represent the hierarchical clustering of the gene sets. The plot is based
on the functionality implemented in the ggdendro package [de Vries, Ripley, 2024], while
the hierarchical clustering is implemented using the hclust function of the stats pack-
age [R Core Team, 2024]. The agglomeration method, i.e., the hierarchical clustering
approach used to decide at which point gene set branches should be connected, can also
be specified in the distanceDendro() function. The available options are identical to
the ones presented by the hclust functions in the stats package [R Core Team, 2024].
Readers are referred to the original documentation of the stats package for a more
detailed description of the available options and their differences.
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Figure 8 — Dendrogram of Gene Set Distances
The figure shows an example of a dendrogram of gene sets based on their calculated distances. Each branch
represents a gene set, and the height at which branches merge indicates the degree of similarity between the
sets. Gene sets with shorter branch lengths are more closely related, while those merging at higher points show
greater dissimilarity.
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2.4.3.3 Network Visualisation

The last available visualisation of the distances is a network-like representation. Com-
pared to the matrix-based visualisations of the heatmap and the dendrogram, the network
represents the calculated distances as a graph, in which each gene set is a node and the
relationships between gene sets are represented as edges. Edges are drawn between gene
sets which are similar (i.e., with a distance below a certain cutoff threshold), forming
clusters of related gene sets within the network. This visualisation allows for a more
dynamic exploration of the distances and can highlight connections which might not
immediately be visible in the previously discussed visualisations.

An example for a network visualisation of the distances can be seen in Figure 9. In
GeDi, the buildGraph() function constructs an undirected graph from an adjacency
matrix. The adjacency matrix is derived from the gene set distances and indicates which
gene sets (nodes) are connected by edges based on a cutoff value. This is done by the
getAdjacencyMatrix() function, which takes a matrix of distances and a numeric cut-
off value as arguments. Based on this information, the buildGraph() function builds
the network-like representation of the gene set distances. The function additionally has
arguments for the input gene set data and the gene set identifiers; information which is
used to generate titles and additional information for the individual nodes in the graph.
These titles as well as the additional information, which is available upon hovering over a
node, are especially useful in the interactive version of this graph provided in the Shiny
web application of GeDi, discussed in Section 2.5. The graph visualisation of GeDi is
strongly based on the functions available in the igraph R package [Csardi et al., 2024],
a commonly used package to create and analyse graphs and network structures.
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Figure 9 — Network of Gene Set Distances
The figure shows an example of a network visualisation of the gene set distances. Each node represents a gene
set and edges connect gene sets whose distance is below a specified threshold.
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2.4.4 Clustering within GeDi

In order to further streamline and facilitate the interpretation of functional enrich-
ment results, GeDi implements various clustering algorithms to group gene sets based
on their calculated distances. These clustering methods help refine the functional enrich-
ment results by organising (functionally) related gene sets into coherent clusters, further
simplifying data interpretation.

The four available clustering algorithms, as outlined in Section 2.3, are implemented
in the following functions:

e louvainClustering(scores, threshold)
e markovClustering(scores, threshold)
e fuzzyClustering(seeds, threshold)

e pamClustering(scores, k)

During the development of GeDi, it became evident that both the Louvain and
Markov clustering algorithm rely on the identical input data as well as pre- and post-
processing steps, such as the generation of the initial graph for the clustering or the
postprocessing of the results for further use in GeDi. Hence, in order to optimise effi-
ciency and avoid redundancy, | decided to implement both clustering algorithms within
a single function, which is called clustering(). This function uses an argument called
cluster_method to decide which algorithm to apply to the data. This design reduces
the amount of duplicated code in the code base of GeDi, minimising the risk of error
propagation through copying and pasting nearly identical code chunks. In the same man-
ner, future maintenance is simplified as updates and bug fixes need to be applied only
once. While this design has clear advantages, | recognised that some users might expect
separate, intuitively named functions for each clustering algorithm, which could lead to
confusion when incorporating the package into their workflows. To address this issue,
| also implemented the louvainClustering() and markovClustering() functions to
serve as wrapper functions around the main clustering() function. In the end, this
implementation approach ensures intuitive function names for package users as well as
simplified maintenance of the code base.

In terms of execution, the clustering() function starts by constructing an initial
graph layout based on the calculated distances provided through the scores argument.
In this initial layout, each gene set is a node and edges are drawn between gene sets with
a distance smaller than the set threshold argument. As edge weights, the distances
between the individual gene set pairs are used. The function then applies either the Lou-
vain or Markov clustering algorithm, depending on the value set in the cluster_method
argument.

For the Louvain clustering, GeDi uses the implementation provided in the R package
igraph [Csardi et al., 2024], which follows the algorithm description in Section 2.3.1.
The igraph package is a versatile R package, designed for the creation and analysis of
network data. As such, it is widely used across the R and Bioconductor communities,
providing efficient and reliable implementations of clustering algorithms such as Louvain.
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The output from the igraph implementation is then further postprocessed to create a
network where each node represents a gene set, with edges connecting gene sets within
the same cluster.

For the Markov clustering, GeDi integrates the implementation of the algorithm pro-
vided in the GeneTonic package [Marini et al., 2021]. This implementation was chosen
to provide consistency of results across the different R packages developed in our group
and to ensure that GeDi seamlessly integrates in the standardised workflow described in
our manuscript Ludt et al. [2022]. The algorithm’s parameters are set to balance local
and global structures in the resulting graph, with both the expansion power p and infla-
tion parameter r fixed at 2. Similar to the Louvain output, the Markov results are used
to construct a network of clustered gene sets.

The Fuzzy Clustering is implemented in the fuzzyClustering() function, which
will take the initial seeds as well as the clustering threshold to determine the resulting
clusters. For the identification of the initial seeds, GeDi provides the seedFinding()
function. Based on the distances of the gene sets as well as set similarity and member-
ship thresholds, the function will determine a list of seeds used for the Fuzzy clustering.

Lastly, the pamClustering() function implements the PAM clustering algorithm.
The function leverages the implementation of the PAM algorithm in the R package
cluster [Maechler et al., 2023]. This will use the calculated distances (provided with
the scores argument) and the value of & for the number of clusters to determine the
final PAM clustering result.

In conclusion, the clustering algorithms available in GeDi provide a powerful toolbox
for simplifying and organising functional enrichment results. By grouping gene sets based
on similarity, researchers can quickly identify relevant biological patterns, reducing the
complexity of large datasets and improving the clarity and coherence of the analysis.

2.4.5 \Visualisations of the Clustering Results

In GeD1i, clustering algorithms are applied to group gene sets based on their distances.
Rather than analysing numerous gene sets simultaneously and needing to keep track of
a vast amount of information, clustering reduces this complexity by grouping similar
gene sets into a smaller number of clusters. This consolidation allows for easier pattern
recognition within the complex data, facilitating the overall interpretation of the results.

To assist the understanding of the clustering results from multiple points of view,
GeDi provides various visualisations of the information inherent in the cluster informa-
tion. The visual representations - a cluster graph, a bipartite graph and a word cloud -
offer intuitive ways to explore and interpret the connections between gene sets, assisting
the analysis process.

2.4.5.1 Cluster Graph Visualisation

The graph representation uses the unprocessed clustering results, in which each node
corresponds to an individual gene set, with edges connecting nodes that belong to the
same cluster. This graph provides a visual representation of the connections and rela-
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tionships of the gene sets in the input data, as it can easily be observed which gene sets
are (functionally) similar.

Figure 10 shows two examples of a graph generated with the buildClusterGraph()
function of GeDi. This function takes clustering results and generates a graph represen-
tation of the results. The function also has arguments for the input gene set data, gene
set identifiers and gene set description to annotate the resulting graph with node titles
and additional information. This is especially useful in interactive version of the graph
in the Shiny application of GeDi, where users can hover over nodes to get additional
information (see Figure 14 in Section 2.5.3). Depending on the research question, users
can choose which characteristic of the data to visualise in the node colour. This could,
for example, be the cluster membership of each node as shown in Figure 10 or other
information available in the input data, such as the p-value of the gene set or the num-
ber of genes that are associated with the respective gene set the node is representing. It
should be noted here that the buildClusterGraph() removes singleton clusters from
the data before plotting in order to enhance pattern recognition in the data and remove
clutter introduced to the graph by a large amount of unconnected nodes. This cluster
graph visualisation of GeDi is based on and partially makes use of the functions and
framework available in the igraph R package [Csardi et al., 2024].

In Figure 10, it can be observed that in the Fuzzy clustering algorithm clusters can be
overlapping and share nodes, while the Louvain algorithm exclusively generates cliques
(i.e., clusters of nodes in which each node is connected to every other node in the clus-
ter). Although the graphs in Figure 10 are based on the same input distance score, the
resulting cluster number and sizes are fundamentally different due to the different char-
acteristics of the used clustering algorithms. The visualisation of these clustering results
as a graph facilitates these observation and hence the interpretation of the data.
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Figure 10 — Graph Representations of Clustering Results
The figure shows two examples of graph representations of clustering results. The gene sets were scored using
the Jaccard distance score. On the left side, the clustering result of the Louvain algorithm can be seen, while
the right side shows the Fuzzy clustering. In both examples, colours were chosen to indicate the cluster
membership.
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2.4.5.2 Bipartite Graph Visualisation

The second visualisation available in GeDi for clustering results is a bipartite graph
representation. In a bipartite graph, nodes are divided into two distinct groups and edges
connect nodes from one group to nodes of the other group. There are no edges between
nodes of the same group [Csardi et al., 2024]. In GeD1i, the two node groups are clusters
and gene sets and edges are directed from cluster nodes to their respective gene set
member nodes.

Figure 11 shows a section of a bipartite graph of clustering results generated with
the GeDi function getBipartiteGraph(). The function uses the clustering results to
generate a bipartite graph. The example bipartite graph in Figure 11 shows only a small
representative section of a larger bipartite graph to enhance clarity of the example. The
example clearly shows how gene sets (the blue, oval shaped nodes in the graph) can be
part of several clusters (the yellow, rectangular shaped nodes), indicated by the direc-
tional edges of the bipartite graph, which are leading only from cluster nodes to gene
set nodes. The bipartite graph can be especially useful to study the relationship between
overlapping clusters.
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Figure 11 — Bipartite Graph of Clustering Results
The figure shows an example of a bipartite graph representation of clustering results. The nodes in this graph
represent both gene sets and clusters. Cluster nodes are coloured in yellow and have a rectangular shape, while
gene set nodes are coloured in blue and have an oval shape. Nodes are additionally annotated with either the
cluster number for cluster nodes or the gene set ID for gene set nodes. Edges are directed from cluster nodes
to their respective gene set member nodes. The figure only shows a rearranged subsection of the original graph
to enhance clarity of the figure.
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2.4.5.3 Word Cloud Visualisation

The final visualisation option available in GeDi for clustering results is the word cloud.
Word clouds are usually used as a visual representation of text data, commonly used to
quickly identify prominent themes or terms in datasets. The size of each word in the
cloud typically corresponds to its frequency within the text, making word clouds a simple
and intuitive way to highlight key concepts in a dataset [Gallery, 2024b].

Figure 12 shows an example of a word cloud for a specific cluster generated with the
GeDi function enrichmentWordcloud(). The input data for this function can either be
the complete functional enrichment result data, or, as used in the GeDi Shiny applica-
tion, the input data subsetted to only the gene sets belonging to a specific cluster. The
word cloud is generated based on the description of each gene set.

Functional enrichment analysis results, such as those provided by topGO [Alexa et al.,
2006] and clusterProfiler [Wu et al., 2021], offer brief descriptions or terms for each
gene set, typically corresponding to the pathway names in the database. Examples of
these descriptions include general terms like "biological process", "immune response",
and "cell death", as well as more specific pathway names like "regulatory T cell differ-
entiation" and "negative regulation of inflammatory response". These descriptions are
used to generate the word cloud in GeDi. If these descriptions are not available - they
are not a necessary input information for GeDi - the function will use the provided gene
set identifiers.

From these terms/identifiers, the function will first generate a corpus of the occur-
ring words and filter common stop words of the English language ("the", "or", "and",
etc.) before generating a document-term matrix which includes the frequency of each
term. For these steps, GeDi leverages the implementation of the R package tm [Feinerer
et al., 2008; Feinerer, Hornik, 2024], a package specifically developed for text mining
purposes. The resulting document-term matrix is then used to plot a word cloud using
the functionality of the wordcloud package [Fellows, 2018].
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Figure 12 — Word Cloud of an Individual Cluster
The figure shows an example of a word cloud for a specific cluster result. The size of each word reflects its
frequency, with larger words such as "mitotic", "regulation" and "spindle" indicating higher frequency and a
likely common biological theme in the gene sets of the cluster.
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The example word cloud shown in Figure 12 shows the word cloud corresponding to
cluster 34 shown in Figure 11. The example indicates that the gene sets belonging to
cluster 34 seem to be involved in the process of cell division, potentially related to stages
of mitosis. The word cloud vividly summaries the overarching biological themes of the
cluster, showing insights into the biological pathways involved.

2.5 The GeDi Shiny Application

Functional enrichment analysis results are generated at a high and ever increasing
speed as they have become an integral part of analyses like bulk-RNA-seq [Subramanian
et al., 2005; Wijesooriya et al., 2022]. As discussed in Chapter 1, specifically Section 1.3,
these results are usually presented as large, complex lists, with important information
scattered over hundreds to thousands of enriched gene sets impeding interpretation and
hypothesis generation. Additionally, there is often more than one set of functional enrich-
ment results generated during a single data analysis. This can be due to the complexity
of experimental designs or the application of multiple functional enrichment methods to
identify the optimal results.

Section 2.4 discussed the individual approaches and functions implemented in GeDi,
designed to simplify data interpretation and uncover underlying regulatory and interaction
patterns. In order to achieve this, GeDi is implemented in the R programming language
leveraging the rich ecosystem of existing packages and tools available in the Bioconduc-
tor community, as well as the CRAN project (https://cran.r-project.org/) [Huber
et al., 2015; R Core Team, 2024].

In order to further enhance GeDi's functionality as well as increase the accessibility
to a broader audience, the package includes a Shiny application. The Shiny framework
is a web application (app) framework, which can be used to create interactive web ap-
plications from R code [Chang et al., 2024; R Core Team, 2024]. By utilising Shiny, the
GeDi app offers a dynamic user interface (Ul) that allows users to interact with the data
and visualisations via various input controls. Thanks to Shiny's reactive programming,
the app responds to user input in real time, dynamically updating outputs as changes
occur in the underlying data [Chang et al., 2024].

GeDi's Shiny application can operate in two modes: It can run locally, which is
beneficial for users who prefer offline access (with the prerequisite that PPI data must
be downloaded upfront and cached) and who want to leverage local computational re-
sources. Alternatively, it can be deployed on a server, as demonstrated by the demo
instance available at http://shiny.imbei.uni-mainz.de:3838/GeDi, enabling col-
laborative use and secure handling of sensitive data. For larger datasets, where com-
puting distance scores can be resource-intensive, switching to server-based execution is
recommended, particularly when local hardware capabilities are limited or unavailable.

The following sections will explore GeDi's Shiny application. First, Section 2.5.1
will discuss the implementation framework Shiny. Next, Section 2.5.2 will provide an
overview of the application’s user interface. Finally, Section 2.5.3 and Section 2.5.4
will detail the steps taken to ensure that GeDi promotes reproducibility of functional
enrichment results through interactive data exploration.
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2.5.1 The Implementation Framework

Shiny is a versatile R package designed to enable the creation of interactive web
applications with ease, making data analysis and visualisations more accessible and en-
gaging [Chang et al., 2024; R Core Team, 2024]. While Shiny allows users to develop
web applications directly in and exclusively with R code, developers can also choose to
use HTML (Hyper Text Markup Language), CSS (Cascading Style Sheets) or JavaScript,
which provides developers with even more flexibility in terms of app design and imple-
mentation [Wickham, 2021].

The core principle of Shiny is based on reactive programming. Reactive programming
describes a programming paradigm which is centered around the automatic propagation
of changes, updating output objects whenever their corresponding input objects change.
This enables seamless, real-time data and visualisation updates without the need for
manual re-execution, allowing users to interactively explore data and instantly see the
results of their inputs reflected in visualisations, tables and dashboards [Wickham, 2021].

A typical Shiny application is structured around two main components, the user
interface and the server, typically implemented in two separated files called ui.R and
server.R [Wickham, 2021; Chang et al., 2024]. The user interface is defined in the
ui.R file, specifying the layout, input and output elements of the app. Input objects are
elements such as sliders, drop-down menus or text fields, which allow the user control
over the app’s behaviour, while output objects can be visual elements like tables and
plots. The content of the ui.R file also determines the placement and format of the
output objects [Wickham, 2021; Chang et al., 2024].

The server.R file, on the other hand, contains the server-side logic, responsible for
processing changes to the data objects, handling user input, and generating the corre-
sponding output displayed in the Ul [Wickham, 2021; Chang et al., 2024]. This output is
automatically updated upon changes to the input, without any need of user intervention.
Both components, server and Ul, can also be combined in one single app.R file, as done
in GeDi. This approach, however, puts additional requirements on the structure and or-
ganisation of the code, because otherwise clarity can be lost among the large amount of
code needed for an app [Wickham, 2021].

One of the key advantages of Shiny is the tight integration with the R framework
[Wickham, 2021; Chang et al., 2024; R Core Team, 2024]. This allows Shiny to use
the full capabilities of R's data objects and analysis packages within a web-based in-
terface. This enables interactive implementations which use real-time data processing,
statistical modelling or machine learning on top of the available data visualisation and
exploration options. Thanks to these features, Shiny is widely used for creating interac-
tive dashboards, allowing users to analyse, explore and interpret data. This makes Shiny
particularly useful for various types of exploratory data analysis, where dynamic visuali-
sations of results provide a more intuitive understanding of the dataset.
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Furthermore, Shiny applications can be easily deployed online through Shiny Server
(https://posit.co/products/open-source/shiny-server/) or shinyapps.io
(https://www.shinyapps.io/), enabling the sharing of data exploration tools with
broader audiences. This makes Shiny an ideal choice for building data-driven web applica-
tions for both private research and public use, promoting open science and collaboration.

Excellent examples of Shiny applications for data exploration, analysis and interpre-
tation include the applications discussed in this thesis - pcaExplorer [Marini, Binder,
2019], ideal [Marini et al., 2020] and GeneTonic [Marini et al., 2021] - as well as the
iSEE framework [Rue-Albrecht et al., 2018] and the Magnetique app [Britto-Borges
et al., 2022], that | also contributed developing.

2.5.2 Design Principles of the User Interface

The user interface is the point of interaction between a user and a system. In GeD1i,
the design and structure of the Ul are built using the bs4Dash package [Granjon, 2024],
which integrates Bootstrap 4 functionality into Shiny applications. This integration en-
hances both the visual appeal and usability of the dashboard by enabling responsive
design and interactive components, such as modals and tooltips. Modals are pop-up
elements that appear on top of the main content to display additional information or
prompt user actions without navigating away from the current page, while tooltips are
small hover-activated text boxes, providing brief explanations or context.

The Bootstrap 4 framework also ensures the interface adapts seamlessly across de-
vices, providing a consistent user experience. The shinydashboard package [Chang,
Borges Ribeiro, 2021] complements the Ul by offering functionality to build a clean,
organised layout. Key Ul elements of this layout include the dashboard body for content
display and a sidebar menu enabling smooth navigation between panels (Figure 13).

Nearly all features and functionality of GeDi are accessible through the main function,
GeDi(), which launches the app and directs users to the Welcome panel (Figure 13).
This panel serves as the main entry point for the application, offering users guidance on
how to navigate GeDi, along with detailed explanations and a standardised workflow for
preparing data for its use in GeDi. This data preparation mainly refers to the analysis
steps necessary to generate functional enrichment results and is tailored specifically to
bulk RNA-seq data, following the standardised workflows described by Ludt et al. [2022]
and Van Den Berge et al. [2019].
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Figure 13 — An Overview of the Available Panels in GeDi

This figure showcases the main panels of the GeDi Shiny application, designed for analysing and visualising
functional enrichment analysis results. The figure highlights specific features of the app by providing a zoomed
view, such as the sidebar panel (A) used to navigate the individual panels of the app or the 'Help’ button (B),

used to activate the interactive tour. Additionally, GeDi features sequentially emerging elements, such as the

'Step 1’ box (C) and various input selectors throughout the app (D). In order to ensure reproducibility, an
HTML report can be generated from within the app (E), which also highlights interesting findings saved using

the 'Bookmark’ button (F).

From the Welcome panel, users can easily navigate to the other panels of GeDi via the
sidebar panel (Figure 13A). Designed for intuitive use, the sidebar guides users through
the application in a logical, step-by-step sequence that mirrors the workflow described in
Section 2.4. The panels are arranged sequentially from top to bottom, beginning with the
Welcome panel and ending with the Report panel, which generally marks the final step
of a GeDi analysis session. Aside from the Welcome and Report panels, users can use
the Data Input panel for preprocessing steps as outlined in Section 2.4.1, the Distance
Scores panel for calculating distances and visualisations as described in Section 2.4.2
and Section 2.4.3, and the Clustering Graph panel for clustering functionalities detailed
in Section 2.4.4 and Section 2.4.5. These panels will be further detailed in Section 3.3,
where an example dataset is used to demonstrate a typical use case.

To further enhance usability and provide a dynamic, user-centric learning experience,
GeD1i includes guided tours that assist users in navigating the app and understanding its
features in greater detail. These tours, implemented with the rintrojs package [Ganz,
2016], offer an interactive onboarding approach with a step-by-step walkthrough provid-
ing detailed descriptions and usage instructions for each panel’'s component. The tour
is accessible in each of GeDi's panels using the question mark (i.e., 'Help') button in
the upper right corner of the panel (see Figure 13B). This interactive form of documen-
tation highlights the app’s functionality, providing a more engaging learning experience
compared to traditional resources, such as package vignettes.
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One of the primary targets of this thesis, and a key motivation behind GeDi's de-
velopment, was to simplify the interpretation of functional enrichment analysis results.
These results are commonly used and evaluated by computational and wet-lab biologists
to generate hypotheses for future experiments and research questions. Consequently,
early interactions, meetings and discussions with collaboration partners were an impor-
tant pillar in the design process of GeDi to ensure a clean and well-structured Ul with a
strong focus on user-friendliness. To achieve this, the application employs task-specific
panels that guide users through a sequential workflow, making it easy to navigate. Addi-
tionally, GeDi features collapsible and progressively revealed elements within the panels,
which not only prevent the interface from becoming overwhelming but also enhance the
workflow by leading users through data exploration, ensuring they can extract relevant
information in a context-sensitive manner (Figure 13C).

Consistency within the app is also achieved through the uniform use of colours and
element placement. Clickable buttons are not only distinguished by a consistent colour
scheme, but also feature clear, descriptive labels. Reoccurring buttons, such as the 'Help’
button (Figure 13B), are strategically placed throughout the individual panels, ensuring
a more efficient and intuitive navigation experience.

Shiny's reactive programming allows GeDi to provide immediate feedback to users.
During longer computations, progress bars in the lower-right corner (see Figure 6 in
Section 2.4.2) keep users informed about the current state of the app. Additionally,
loading spinners signal when visualisations are being processed. In rare cases, in which
errors are encountered, the underlying implementation is designed not to crash but to
alert users with concise error messages. These messages are displayed in the lower-right
corner, indicated by red font in order for them to be more easily distinguished from other
notifications. The messages include a crisp error description, allowing users to continue
their data exploration and avoid future errors of a similar manner.

2.5.3 Interactive Data Exploration

A key component of a variety of research questions and endeavours is the extrac-
tion of information from and the subsequent sharing of scientific findings. This usually
requires an in-depth analysis of the initial input data or observations, a process that
is increasingly supported by advanced computational techniques across a wide range of
research fields. Consequently, analysis tools and frameworks have become more accessi-
ble to a broader audience, as users can apply the computational methods to their data
without the need of understanding and implementing these themselves.

Users are further empowered through the rising number of interactive frameworks
implemented for a variety of computational methods. With the increasing amount and
complexity of the generated datasets, interactive data analysis processes become more
common, helping extract insights from various types of data [Hellerstein et al., 1999;
Keim et al., 2006; Battle, Heer, 2019]. Such interactive software and methods should
mainly be designed to deliver an intuitive user interaction to increase the accessibility of
data analysis to a broader audience.
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However, this increasing accessibility could paradoxically become a weakness and
potential limitation of these frameworks as the knowledge and understanding of the
underlying mathematical and computational methods might become less extensive for
the majority of users. In turn, this not only requires a comprehensive and well described
documentation of the tools but also strengthened communication between the users and
the developing bioinformaticians.

A key element of GeDi's functionality and Ul is the interactive environment pro-
vided by Shiny's reactive programming in the form of selection inputs, sliders or buttons
(Figure 13D). This responsiveness allows users to dynamically adjust parameters and im-
mediately see the effects on visualisations and tables, facilitating a deeper understanding
of functional enrichment analysis results.

Additionally, the application incorporates interactive visualisations to further enhance
data exploration and interpretation. R packages such as plotly [Sievert, 2020] and
visNetwork [Almende B.V. and Contributors, Thieurmel, 2022] are used to create in-
teractive visualisations, such as the dendrogram and network discussed in Section 2.4.3
and the cluster and bipartite graph discussed in Section 2.4.5. Upon hovering over data
points in these visualisations, GeDi displays additional details. These details include any
additional information that is be available for the gene sets in the input data.

As these details are not a necessary input to GeDi, they are not displayed in the visu-
alisations directly, but rather shown upon hovering. This approach maintains a clean and
uniform appearance of the visualisations, independent of the availability of additional de-
tails, and prevents them from becoming cluttered. Moreover, many visualisations in GeDi
support zooming and further interactivity, such as reordering the network visualisation
by moving and positioning nodes and clusters. An example of the additional information
provided by hovering over the visualisation elements can be seen in Figure 14, while Fig-
ure 11 from Section 2.4.4 highlights the zooming and reordering feature of the networks.
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Figure 14 — The Hovering Feature of GeDi
The figure shows an example of the hovering feature in GeDi. The graph displayed is the cluster graph
representation of clustering results. Upon hovering over a specific node, additional information available on the
input data is displayed. While this feature can be seen in the GeDi application as demonstrated in this figure,
the displayed node and edge colours were intensified to enhance the clarity of the figure.

2.5.4 Reproducible Research Practices

In addition to focusing on interactivity and an intuitive user-experience, another key
development goal for GeDi was the ability to conveniently reproduce results. With the
development of progressively advanced technologies such as bulk and single-cell RNA-
sequencing and the corresponding data analysis, the amount of reported scientific findings
increases unsurprisingly. However, the pace of these developments has posed challenges,
particularly in maintaining comprehensive and transparent documentation of methodolo-
gies in published studies. This has also been addressed in various publications, critiquing
the current status of reported results across a wide array of studies and publications
[Miyakawa, 2020; Munafo et al., 2017, 2022; Wijesooriya et al., 2022].

Although various definitions of the term "reproducibility" or "reproducible research"
exist, they share a common foundation: reproducibility refers to the ability of the reader
to repeat the presented analysis using the provided data, documentation, and software,
in order to replicate the original results [Claerbout, Karrenbach, 1992; Baggerly, Berry,
2011; Stodden et al., 2013a]. Adopting these principles in research would not only lead
to a more open science community, but also facilitate collaboration, ensure long-term
usability of one’s own work as well as support innovation, as clearly documented research
is much more likely to be (favourably) reproduced by others [Stodden et al., 2013a,b;
Markowetz, 2015; Munafo et al., 2017].

One of the major design principles behind GeDi was to ensure that the exploration

of the functional enrichment data is reproducible. Most research endeavours are not the
work of a single person, but usually a collaboration between several people, often even
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several different research groups of varying expertise. Hence, a straightforward way to
share results and findings is often desired by collaborating researchers.

In order to meet this need, GeDi supports the automatic generation of detailed HTML
reports of the exploration session (Figure 13E). These reports include dedicated sections
corresponding to the individual panels of GeDi, capturing all explorations conducted
within the application. The report will start with the information available in the Data
Input panel, such as a data. table of the input data and, if applicable, a data.table of
the filtered gene sets, information on the species of the input data and the downloaded
PPl information. This is followed by a section of the Distance Scores panel content,
highlighting the selected distance metric as well as providing the three available visual-
isations of the calculated distances. Afterwards, a section about the Clustering Graph
panel is included, highlighting the selected clustering algorithm as well as the different
visualisations of the clustering results. Thanks to the implementation available in the
visNetwork package [Almende B.V. and Contributors, Thieurmel, 2022], the network
visualisations of the distances as well as the clustering results are also interactive in the
HTML report, meaning that hovering over nodes will display the same additional infor-
mation available in the GeDi Shiny app [Chang et al., 2024] (see Figure 14).

The report feature of GeDi was implemented to not only ensure that users could
easily share their findings with collaboration partners and group members, but also re-
produce the results of their GeDi session, as the report is a compact summary of the
conducted exploration and analysis. As the R and Bioconductor communities are ever
improving and developing communities, new versions of R and the packages themselves
are released regularly, adding new functionality, but also removing or changing existing
functionality. In order to guarantee that the findings achieved using a GeDi session are
truly reproducible, the report includes session details at the end, listing all packages
used, their installed version numbers, and the local R version of the machine on which
the analysis was conducted. With this feature, the report is not only an excellent tool to
share findings and results, but also an additional step to ensure reproducibility.

In order to further capture the exploration of the data and support a thorough in-
terpretation of the data, GeDi implements a bookmarking feature. This feature enables
users to mark interesting gene sets and clusters for further exploration outside of the ap-
plication. The bookmarked entities are summarised in the Report panel, which provides
a list of the bookmarked gene sets and clusters, respectively. To mark individual gene
sets and clusters, a bookmarking button is available in the header of the user interface
of each panel (Figure 13F). The bookmarked gene sets and clusters are also included in
the HTML report that can be generated in GeDi to allow for an in-depth exploration of
these interesting findings outside of the Shiny application.

As an additional feature for a further in-depth exploration of the data and results,
GeDi supports the download of processed data at various stages within the application.
For instance, users can export their input data after removing gene sets, which facilitates
future exploration by eliminating the need to repeat the filtering process. Moreover, the
downloaded PPI data and the calculated distances can be downloaded and saved to the
local machine of the user. This not only provides the possibility to analyse the PPI in-
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formation and gene set distances outside of the GeDi framework, but also enables users
to share the data and results with collaboration partners and group members.

Furthermore, GeDi implements the principle of reproducible research by not only be-
ing available as freely downloadable Bioconductor package, but also by providing the
complete implementation code in a public GitHub repository (https://github.com/
AnnekathrinSilvia/GeDi). All of GeDi's functionality is available through the GitHub
repository, ensuring that the concept behind the individual functions and methods is not
applied in a blind, black-box style, but rather fostering an experience in which the user
is encouraged to learn about the methods applied to their data. This also promotes and
encourages collaboration with fellow R and Bioconductor users and package developers.

Finally, to ensure full reproducibility and transparency of all analyses and results
presented in this thesis, several dedicated GitHub repositories were created, each fo-
cusing on a specific aspect of this work. A comprehensive overview of all mentioned
resources and links to repositories can be found in Appendix A. In particular, an ac-
companying repository for this thesis was created on GitHub (https://github.com/
AnnekathrinSilvia/GSE130842_Showcase), containing a script detailing each analysis
step discussed in Chapter 3. This repository also provides the code used to generate
several of the figures of this thesis, along with the input data for each presented analysis
step and figure, ensuring thorough transparency and reproducibility of the research.
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The goal of this thesis was to enhance the analysis and interpretation of transcriptome
data by developing a standardised workflow using interactive R/Bioconductor packages.
For this purpose, | established a standardised analysis workflow using the R packages
developed in our research group. This workflow was published in our manuscript Ludt
et al. [2022], which provides a step-by-step, well-documented user guide showing how
to use the packages to analyse transcriptome data in a robust and reproducible manner.

While developing this workflow, | identified the need for a specialised package focused
on the exploration and interpretation of functional enrichment results. As discussed in
Section 1.3 and shown in Figure 3, these results are usually presented as large and
sometimes redundant lists, in need of an effective approach to be aggregated and visu-
alised. Through an independent literature research, | assessed the need for such a tool by
analysing the current reporting and documentation standards of functional enrichment
results in published studies.

Consequently, the primary objective of this thesis became the development an intu-
itive and widely accessible tool to tackle the challenge of functional enrichment interpre-
tation. The result of this effort is the R/Bioconductor package GeDi, whose functionality
and key design principles | discussed in Chapter 2. In this chapter, | will demonstrate how
GeDi can facilitate the interpretation of functional enrichment results and identify new
and interesting patterns in the data through a showcase of a publicly available dataset.

In Section 3.1, the chapter will begin with a detailed look at standardised workflows
for bulk RNA-seq analysis, recapitulating our article "Interactive and Reproducible Work-
flows for Exploring and Modeling RNA-seq Data with pcaExplorer, Ideal, and GeneTonic"
[Ludt et al., 2022]. Subsequently, Section 3.2 will present the results of the literature
review, providing insights into current standards and gaps in functional enrichment re-
porting. Finally, a hands-on demonstration of GeDi is presented in Section 3.3, using a
publicly available dataset to showcase the tool’s capabilities in exploring and interpreting
enrichment analysis results interactively.

3.1 Development of Standardised Analysis Workflows

In the scope of this thesis, standardised analysis workflows are defined as a systematic,
reproducible approach that ensures consistency throughout the entire data processing
pipeline, from raw data processing to the final interpretation of results. Such workflows
are essential in research, especially in fields like genomics and transcriptomics, where
data complexity requires clear protocols to promote reproducibility, transparency, and ef-
ficiency [Girolami et al., 2006; Akhmedov et al., 2020]. By adhering to well-defined steps
and using consistent methodologies, researchers can better ensure that their results are
reliable and comparable across different studies, allowing for greater scientific precision.

Standardised workflows are particularly valuable in the scope of high-throughput tech-
nologies such as RNA-sequencing, where the large volumes and intricate complexity of
the data necessitate the adoption of best practices and established standards to ensure
accurate and reliable analyses. Implementing a structured and consistent approach helps
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optimise data processing, minimise variability, and reduce the risk of errors, leading to
more robust and reproducible results. A standardised workflow not only serves as a com-
prehensive blueprint but also ensures meticulous documentation at each step, which is
essential for reproducibility and allowing other researchers to replicate and verify find-
ings. Furthermore, standardised workflows save time by reducing the need for ad-hoc
decision making during data processing, while also fostering collaboration by providing
a common, predefined workflow that can be used across multiple research teams.

Our article, "Interactive and Reproducible Workflows for Exploring and Modeling
RNA-seq Data with pcaExplorer, Ideal, and GeneTonic" [Ludt et al., 2022], provides a
comprehensive demonstration of how standardised workflows can be effectively imple-
mented in practice. In this work, we developed an interactive, step-by-step workflow that
spans all stages of a typical bulk RNA-seq data analysis, from initial exploration to model
building and functional enrichment analysis (Figure 15).

The modelling and downstream analysis of RNA-seq data can be typically divided
into four steps, as seen in Figure 2 in Section 1.2.1. These steps are covered by the
packages previously developed in our group, pcaExplorer [Marini, Binder, 2019], ideal
[Marini et al., 2020], and GeneTonic [Marini et al., 2021], which are designed to seam-
lessly integrate with one another, as well as with the broader R/Bioconductor ecosystem
(Figure 15). Each package focuses on distinct, yet complementary steps of the analysis,
ensuring that researchers can easily adopt the packages either individually or as a com-
plete workflow into their own projects, as seen in the works published by others in the
scientific community [Ahmad et al., 2022; Monga et al., 2022; Kim et al., 2023; Pilz
et al., 2023; Olechnowicz et al., 2024].

The workflow presented in our article aimed to make bulk RNA-seq analysis accessible
to a broader audience. To achieve this, we divided the article into three Basic Protocols,
each centered around different steps of the modelling and downstream analysis (Fig-
ure 15). Each Basic Protocol focuses on one of the three packages, providing detailed,
step-by-step instructions to guide users through the analysis process, demonstrating how
to effectively use each package. For this purpose, the protocols leverage the Shiny appli-
cations available in pcaExplorer, ideal and GeneTonic. These interactive applications
allow users to dynamically explore and analyse their data, making the process accessible
even to those with limited coding experience.
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Figure 15 — Overview of the Standardised Analysis Workflow for Transcriptome Data
The figure shows the typical bulk RNA-seq analysis workflow from wet-lab preparation of the RNA to the
modelling and downstream analysis. It highlights how the individual steps of the modelling and downstream
analysis are covered by the R packages developed in our group and the standardised workflow developed and
published in Ludt et al. [2022]. This workflow will be extended in this thesis through the newly developed
package GeDi.

In Basic Protocol 1, we demonstrated how to use the pcaExplorer package [Marini,
Binder, 2019; Ludt et al., 2022] for exploratory data analysis. pcaExplorer is an interac-
tive R package that enables users to explore the Principal Component (PC) latent space
of the data. Through its interactive Principal Component Analysis (PCA), pcaExplorer
helps identify outliers in the samples as well as inspect the relationships between sam-
ples. In this protocol, we demonstrated how to generate various visualisations from the
count data to identify patterns, outliers and sample relationships of the data using the
pcakxplorer Shiny application. This EDA process aids in quality assessment and hy-
pothesis generation, facilitating a deeper understanding of the RNA-seq data at hand.
The protocol also details how to prepare the necessary input for pcaExplorer from the
count matrix to produce a DESeqDataset [Love et al., 2014] object — a standardised
data format widely used in the R and Bioconductor communities [Ludt et al., 2022]

Basic Protocol 2 focuses on conducting differential expression analysis using ideal
[Marini et al., 2020], which is built on the DESeq2 [Love et al., 2014] framework. In
this protocol, we guided users through data preparation, model specification, extraction,
and interpretation of DE results [Ludt et al., 2022]. It covers setting up the necessary
objects from the count data, specifying experimental designs, running the DE analysis and
exploring the results through visualisations like MA plots and volcano plots. These plots
visualise the relationship between the fold change (FC), i.e., how strongly gene expression
changes between samples, and either the mean expression or the statistical significance
of the genes. We also included a demonstration of functional enrichment analysis to
identify over-represented biological pathways among the differentially expressed genes;
a commonly performed step in downstream analyses of bulk RNA-seq data as well as
other omics datasets [Reimand et al., 2019; Geistlinger et al., 2021].
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Finally, Basic Protocol 3 provides a guide for integrating and interpreting RNA-seq
analysis results using the GeneTonic package [Marini et al., 2021; Ludt et al., 2022].
GeneTonic enables users to combine DE analysis results with functional enrichment data,
offering a comprehensive overview of the biological processes and pathways affected in
the study. In this protocol, we included steps for data integration, gene set visualisation,
and contextualisation of RNA-seq results in biological terms, aiding in a more thorough
understanding of the underlying biology.

Additionally, the article includes a Support Protocol and an Alternate Protocol. The
Support Protocol describes in detail how to install the necessary software packages and
download the example data presented in the article. The Alternate Protocol provides
instructions how to integrate the functionality of the packages into custom scripts and
analyses [Ludt et al., 2022].

In summary, our article demonstrated how the presented standardised workflow en-
hanced reproducibility, interactivity, and efficiency of a bulk RNA-seq data analysis. Using
our packages pcaExplorer, ideal and GeneTonic, the workflow ensured that each step
of a typical downstream data analysis was fully documented and reproducible, leading
to consistent and reliable results. Moreover, the included Shiny applications promoted
a more comprehensive and interactive exploration of the data, making the workflows
accessible to users with various expertise levels.

By combining our packages into the presented standardised workflow, the article
supports researchers in implementing best practices in bulk RNA-seq analysis, ultimately
enhancing the quality and reliability of their analyses and decision-making.

3.2 Reporting Standards in Functional Enrichment Analysis:
A Literature Review

During the work on our article "Interactive and Reproducible Workflows for Explor-
ing and Modeling RNA-seq Data with pcaExplorer, Ideal, and GeneTonic" [Ludt et al.,
2022], we identified a substantial gap in the availability of interactive and comprehen-
sive tools for the interpretation of functional enrichment results. In order to determine
whether this need was unique to our group or indicative of a broader issue within the
scientific community, | conducted a literature review.

This review aimed to assess the current state of functional enrichment reporting
in published research and evaluate the significance and urgency of addressing this gap
with proper tools and methods. Overall, a total of 97 articles were selected for re-
view using various search criteria and a random sampling method, as outlined in Sec-
tion 2.1. A list of the selected articles can be found in Appendix B. Additionally,
the code for the selection and random sampling can be found on GitHub (https:
//github.com/imbeimainz/HIPSTER) and a detailed table of the results discussed be-
low can be found on Zenodo (https://doi.org/10.5281/zenodo.13843024).
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The first literature review involved 20 randomly selected articles, of which 16 reported
functional enrichment analyses following the description in Section 1.3 (see Figure 16A)*.
Of the remaining four, two did not include any functional enrichment results, one article
had unavailable supplementary material, leading to missing method documentation, and
one article was written in Chinese, preventing accurate evaluation due to the language
barrier.

Among the 16 articles that included functional enrichment results, the level of detail
in documentation varied significantly: two articles (12.5%) provided no details at all, two
(12.5 %) documented their methods comprehensively and the remaining 12 (75%) gave
only broad descriptions insufficient for reproducing the analysis (Figure 16A). A similar
trend was observed regarding software documentation, where 13 articles (81.25%) re-
ported the software used, but only one specified the exact function applied (Figure 16B

& Q).

The majority of articles (87%) used GO and/or KEGG terms for their functional
enrichment analysis (Figure 16D), and all but one visually presented the results, typ-
ically in the form of enrichment plots (Figure 16E). Half of the articles also provided
tables containing the enrichment results (Figure 16F). Additionally, every article reviewed
highlighted a specific subset of gene sets from their functional enrichment analysis (Fig-
ure 16G), though three failed to justify their selection criteria. Selection was often justi-
fied by presenting the "top" gene sets, which were likely those with the lowest p-values
(Figure 16H). Finally, only two articles mentioned aggregating enrichment results through
clustering (Figure 16l).

*For all figures shown in Section 3.2, the sum of articles displayed in panels B, C, D, E and H can exceed
the overall number of articles reviewed in the specific round of literature review. This is due to the fact that
several articles presented multiple, distinct entries for the displayed parameter. Each occurrence was counted
individually, leading to totals greater than the number of articles screened.
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Figure 16 — Results Overview of the Manual Pubmed Search
The bar plots of the figure illustrate the criteria used to evaluate the reproducibility of the results, such as the
reported degree of detail in the documentation of the enrichment methods (A), the software tools used for the
analysis (B), the statistical tests or functions applied (C) and the gene set identifiers used in the results (D).
Additionally, it shows the types of visualisations presented (E), whether the results were provided in a table
(F), whether a specific subset of gene sets was highlighted (e.g., discussed in the text or presented visually)
(G), the justification for gene set selection (H), and whether the enrichment results were aggregated or
clustered (1).

The second round of literature review was conducted using the R package pubmedR
[Aria, 2020]. As documented in the corresponding GitHub repository (https://github.
com/imbeimainz/HIPSTER), the package was used to search for articles containing the
keywords "Enrichment" and "Analysis", published in any journal in 2023. Additionally,
as a consequence of the first review, the search was further restricted to articles written
in English. This yielded 21,270 articles, from which the first 9,999 were downloaded via
pubmedR. Afterwards, 20 were randomly selected. Since 9 of these 20 articles did not
feature functional enrichment methods, additional articles were sampled until 20 eligible
ones were reached, leading to a total of 33 reviewed articles (Figure 17A).

Once again, the documentation quality varied significantly, with three articles (15%)
providing no method details at all, two (10%) featuring comprehensive documentation,
and the remaining 15 (75%) only providing general descriptions insufficient for replicat-
ing the analysis (Figure 17A). On the other hand, the reporting of the software used
was more thorough, with 17 (85%) articles reporting on the used software (Figure 17B).

60


https://github.com/imbeimainz/HIPSTER
https://github.com/imbeimainz/HIPSTER
https://github.com/imbeimainz/HIPSTER

3 Results

However, this was not reflected in the documentation of the statistical test or function
used, which were only mentioned in two instances. Out of these, one specified the ex-
act function applied, while the other stated a manual curation of the results (Figure 17C).

The most commonly used gene set identifiers were again GO and KEGG terms,
with numerous articles using both (Figure 17D). Enrichment plots were the primary
method of visualising results (Figure 17E), and more than half of the evaluated articles
(60%) also provided their results in the form of a table (Figure 17F). Additionally, every
article reviewed highlighted a specific subset of gene sets from their functional enrichment
results (Figure 17G), though more than half (65%) of these failed to justify their selection
criteria. The selection was often justified by presenting the "top" gene sets or the ones
with the smallest p-value (Figure 17H). In contrast, one article mentioned to specifically
focus on new results, i.e., gene sets which have not yet been covered in relevant literature
of their research field. Finally, six articles mentioned aggregation of enrichment results
through methods like clustering (Figure 171).
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Figure 17 — Results Overview of the Search using pubmedR
The bar plots of the figure illustrate the criteria used to evaluate the reproducibility of the results, such as the
reported degree of detail in the documentation of the enrichment methods (A), the software tools used for the
analysis (B), the statistical tests or functions applied (C) and the gene set identifiers used in the results (D).
Additionally, it shows the types of visualisations presented (E), whether the results were provided in a table
(F), whether a specific subset of gene sets was highlighted (e.g., discussed in the text or presented visually)
(G), the justification for gene set selection (H), and whether the enrichment results were aggregated or
clustered (1).
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Lastly, the pubmedR package was used to perform a final round of literature review,
specifically targeting articles published in the journals Cell, Nature and Science. By focus-
ing on these prestigious, high-impact, and rigorously peer-reviewed journals, the review
aimed to assess methodological standards across various research fields, as publications
in these journals often influence and shape best practices within the broader scientific
community. The focused search resulted in 44 articles, which were all reviewed. 24 of
these could not be evaluated as they did not include functional enrichment results as
described in Section 1.3. The remaining 20 included either broad descriptions (55%)
insufficient for replicating the analysis or very detailed descriptions which ensured repro-
ducibility (Figure 18A). Additionally, all but three (85%) mentioned the software used
for the analysis, with half also specifying the statistical test or function used to calculate
the results (Figure 18B & C).

The most common identifier used in the functional enrichment analyses were GO
terms (Figure 18D). In this review round, all articles visually presented the results, typi-
cally in the form of an enrichment bar plot (Figure 18E). More than half of the articles
(55%) also provided tables containing the enrichment results (Figure 18F). Additionally,
every article reviewed highlighted a specific subset of gene sets from their functional
enrichment results (Figure 18G), though half failed to justify their selection criteria. The
remaining articles usually supported their selection through field relevant literature or
based it on p-values (Figure 18H). Finally, five articles mentioned aggregating enrich-
ment results through clustering (Figure 18l).
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Figure 18 — Results Overview of the Focused Search in High Impact Journals
The bar plots of the figure illustrate the criteria used to evaluate the reproducibility of the results, such as the
reported degree of detail in the documentation of the enrichment methods (A), the software tools used for the
analysis (B), the statistical tests or functions applied (C) and the gene set identifiers used in the results (D).
Additionally, it shows the types of visualisations presented (E), whether the results were provided in a table
(F), whether a specific subset of gene sets was highlighted (e.g., discussed in the text or presented visually)
(G), the justification for gene set selection (H), and whether the enrichment results were aggregated or
clustered (1).

The evaluation of the individual rounds of literature review already showed a gap
and shortcoming in the reporting of functional enrichment analysis results. In order to
further evaluate this, the individual completeness and quality of the selected articles was
evaluated.

For this purpose, | first excluded all non-eligible articles, i.e., the ones which did
not report functional enrichment results. Afterwards, each article was assessed across
the parameters evaluated above and a scoring system was employed, where each article
received a "completeness score" based on whether it provided sufficient information for
each criterion. Certain values, such as "Not applicable" or "Not stated", indicated miss-
ing or insufficient information and resulted in no points being awarded for that criterion.
In contrast, valid entries contributed to the overall score. For the specific criterion of
whether the article included detailed information on enrichment analysis, points were
only awarded if the method was thoroughly described.
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This completeness score provided a quantitative measure of how well each article
adhered to best practices in documentation and reporting. The resulting score ranged
from 0 to 9, with higher scores indicating higher levels of completeness in the information
provided.

In Figure 19, a histogram of the distribution of these completeness scores can be
seen. The histogram shows that the majority of articles received scores between 4 and
7, indicating varying levels of thoroughness in their documentation. Notably, two articles
had a score of 3, while only two articles fully met all criteria, achieving a score of 9.

Count

T T T T T T T T T T
0 1 2 3 4 5 6 7 8 9

Completeness Score

Figure 19 — Distribution of Completeness Scores
The figure illustrates the distribution of scores assigned to the evaluated articles, reflecting their level of
completeness in reporting functional enrichment analysis methods and results. The abscissa represents the
range of the completeness score, while the ordinate indicates the number of articles that achieved each score.

Overall, this review highlighted significant shortcomings in the documentation of
functional enrichment analyses across a wide range of studies. Many articles failed to
provide sufficient information for reproducibility, often omitting crucial details about the
software and statistical tests used. This trend was somewhat less pronounced in articles
published in Cell, Nature, and Science, which exhibited a better standard of reporting.

However, not all of the articles published in these journals ensured the reproducibility
of their results, with 55% failing to provide the necessary information on the statistical
test or functions used in the analysis, as well as the rationale behind the selection of
highlighted results, which were missing in 50% of the articles. Nearly all of the reviewed
and eligible articles (93%) presented their results in some form of visualisation, typically
in the form of enrichment plots or maps. These visualisations were often focused on
a selected subset of gene sets, though justifications for these selections were missing
in nearly half (46%) of the evaluated articles. Only around 23% of articles aggregated
results to simplify interpretation.

These findings highlight the urgent need for more robust tools to streamline the
exploration and interpretation of functional enrichment results. The conclusions of the
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article of Wijesooriya et al. [2022] remain at the time of writing as relevant as at the
time of publication, as the lack of proper reporting and documentation still hampers
reproducibility of the presented analyses. GeDi aims to address this gap, offering a more
intuitive and interactive way to interpret functional enrichment results, which could
ultimately improve reporting standards and the overall quality of research in the field.

3.3 Showcasing GeDi’s Functionality on Publicly Available
Transcriptome Data

In order to demonstrate how GeDi facilitates the exploration and interpretation of
functional enrichment results, the following sections showcase GeDi's functionality on
publicly available murine bulk RNA-sequencing data. Additionally, the section will also
highlight, how GeDi seamlessly integrates in and extends our standardised RNA-seq anal-
ysis workflow to support an in-depth analysis of functional enrichment analysis results
(Figure 20).
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Basic Protocol 1 Basic Protocol 2 Basic Protocol 3 Section 3.3

"Interactive and Reproducible Workflows for Exploring and Modeling RNA-seq Data
with pcaExplorer, Ideal, and GeneTonic" [Ludt et al., 2022]

"Enhancing Analysis and Interpretation Workflows for Transcriptome Data with an Interactive R/Bioconductor
Toolkit" [Nedwed née Ludt, 2024, Doctoral Dissertation]

Figure 20 — Extending the Standardised Analysis Workflow with GeDi
The figure shows the typical bulk RNA-seq analysis workflow from wet-lab preparation of the RNA to the
modelling and downstream analysis. It highlights how the individual steps of the modelling and downstream
analysis are covered by the R packages developed in our group and the standardised workflow developed and
published in Ludt et al. [2022]. The figures also portrays how the work presented in this thesis extends our
published article with GeDi to enhance the interpretation of functional enrichment results.

First, Section 3.3.1 will first introduce the dataset used for this purpose. This dataset
consists of murine bulk RNA-seq data, which was first published in Delacher et al. [2020].
Using the standardised workflow of our manuscript [Ludt et al., 2022], the data is then
analysed and prepared for its use in GeDi in Section 3.3.2 and Section 3.3.3. Finally,
Section 3.3.4 illustrates GeDi in action, covering the data preparation, distance scores
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calculation (Section 3.3.4.1), clustering (Section 3.3.4.2), and the report generation fea-
ture (Section 3.3.4.3). Throughout Section 3.3.4, | will also highlight and explore the
different available distance metrics and clustering algorithms, showcasing their individual
properties and subsequent results.

All of the analyses and processing described in the following sections can also be
found on GitHub (https://github.com/AnnekathrinSilvia/GSE130842_Showcase)
to ensure reproducibility of the described results.

3.3.1 Utilised Dataset: Transcriptome Data of Murine Regulatory T Cells

Regulatory T (Treg) cells are a specialised subset of T cells primarily responsible for
immune-regulatory functions [Sakaguchi et al., 2008]. These cells are essential in sup-
pressing self-reactivity and preventing excessive inflammation by modulating a variety of
immune cells [Sakaguchi et al., 2008; Delacher et al., 2020]. In non-lymphoid tissues,
Tregs can accumulate and perform homeostatic and regenerative functions [Delacher
et al., 2020].

However, it has long been unclear whether common precursors for non-lymphoid Treg
cells exist and how these cells differentiate. In their study, Delacher et al. investigated
non-lymphoid Tregs and identified Batf (Basic leucine zipper transcription factor, ATF-
like) as the driver of the molecular tissue program in their precursor cells [Delacher et al.,
2020]. Among other data types analysed in the study, the authors generated bulk as well
as single-cell RNA-sequencing data of Tregs to compare the gene expression profiles of
different Treg subpopulations [Delacher et al., 2020]. These analyses provided valuable
insights into the differentiation pathway of Treg populations.

The bulk RNA-seq data presented in the manuscript consisted of 56 samples of T
cells isolated from various murine tissues. Cells were isolated ex-vivo from Nfil3 (Nuclear
factor interleukin 3 regulated) GFP (Green Fluoresecent Protein) reporter animals or
C57/BL6 wildtype animals. The cells included in-vitro expanded and differentiated T
cells as well. The analysed tissues included spleen, bone marrow (BM), fat, skin, lung
and liver. From these tissues, the authors isolated Killer cell lectin-like receptor subfamily
G member 1 (Klrgl)-negative Suppression of Tumorigenicity 2 (ST2)-negative or Klrgl-
positive ST2-positive Tregs®. In addition, the authors isolated Klrgl-positive Nfil3(GFP)-
positive Tregs, Klrgl-negative Nfil3(GFP)-positive Tregs and Klrgl-negative Nfil3(GFP)-
negative Tregs from spleens of Nfil3(GFP) reporter animals. The data is available on the
Gene Expression Omnibus (GEO) [Edgar et al., 2002; Barrett et al., 2013] under ac-
cession number GSE130842 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE130842) [Delacher et al., 2020].

Following discussions with the original authors, | decided to focus on the Klrgl-
negative Nfil3(GFP)-negative Treg and Klrgl-positive Nfil3(GFP)-positive Treg samples
to demonstrate the advantages of standardised workflows and showcase the functionality
and benefits of GeDi in this thesis. The samples will be referred to as Klrgl ~Nfil3™ and

*These samples are called tisTregST2 _Spleen, tisTregST2 BM, tisTregST2 Fat, tisTregST2 _Skin,
tisTregST2 _Liver and tisTregST2 Lung in the original Gene Expression Omnibus entry of the dataset under
accession number GSE130842 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE130842).
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Klrgl*Nfil3* Treg samples from now on.

In order to prepare the data for the following showcase, the available count table was
downloaded from GEO (latest access: March 8th, 2022) and processed with R [Edgar
et al., 2002; Barrett et al., 2013; R Core Team, 2024]. The data was imported into
an active R session using the read_excel() function from the readxl package [Wick-
ham, Bryan, 2023]. The data was then filtered to include only the Klrgl "Nfil3™ and
Klrgl*Nfil3* Treg samples, resulting in a dataset of eight samples used for the subse-
quent analysis.

An R data.frame object containing metadata information was created, including
the condition of each sample (either Klrgl Nfil3~ or Kirgl "Nfil3*) and the replicate
number as indicated in the GEO entry of the original data (https://www.ncbi.nlm.
nih.gov/geo/query/acc.cgi?acc=GSE130842) [Delacher et al., 2020]. This metadata,
along with the filtered count data, was used to set up a DESeqDataSet object [Love et al.,
2014], which serves as the initial input for the data analysis described in the following
sections.

The design, i.e., the characteristic across which the gene expression is compared, was
set to the samples’ condition. Additionally, the data was normalised in this preprocess-
ing to adjust for the sequencing depth of the individual samples. Without normaliza-
tion, differences in gene expression levels might reflect unequal sequencing depths rather
than true biological variation. For this, the estimateSizeFactors() function from the
DESeq2 package was used [Love et al., 2014]. After this preprocessing, the data was
ready for the modelling and downstream analysis steps of the bulk RNA-seq analysis
workflow.

3.3.2 Exploratory Data Analysis using pcaExplorer

Exploratory Data Analysis is an important step in various omics data analyses. Be-
fore the data can be analysed in detail, it is essential to obtain a general overview of the
quality of the data and the correlations between the samples. In our original manuscript,
"Interactive and Reproducible Workflows for Exploring and Modeling RNA-seq Data
with pcaExplorer, Ideal, and GeneTonic" [Ludt et al., 2022], we proposed a standardised
workflow for bulk RNA-sequencing data analysis including the use of pcaExplorer for
the exploratory data analysis in Basic Protocol 1. This section will follow the workflow
proposed in Basic Protocol 1 to perform EDA on the Treg bulk RNA-seq data and asses
the quality of this dataset.

Section 3.3.1 discussed how the count data used in this thesis was obtained and
preprocessed. Before loading this data into pcaExplorer, an annotation data object
was created. This data.frame object was used to map gene identifiers (IDs) from the
ENSEMBL database [Yates et al., 2020] to the more commonly used HGNC gene symbols
[Seal et al., 2023]. While this step is optional in the suite of pcaExplorer [Marini, Binder,
2019; Ludt et al., 2022], it can enhance the overall user experience and facilitate data
interpretation. Researchers are generally more familiar with the HGNC gene symbols of
their gene(s) of interest, making data exploration and interpretation more intuitive. The
annotation object was generated using the get_annotation_orgdb() function from

67


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE130842
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE130842
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE130842

3 Results

the pcaExplorer package [Marini, Binder, 2019], following the standardised workflow
proposed in our article [Ludt et al., 2022].

Once both the data and annotation object were prepared, they were provided to the
pcaExplorer() function. This function launched an instance of the pcaExplorer app,
displaying the Data Upload panel (Figure 21). Typically, in this panel, user can provide
the count data as well as the metadata to the application, if not already done so upon
the call of the pcaExplorer() function.

Additionally, this panel enables users to generate the required DESegDataSet object
via buttons, eliminating the need for a scripted generation of the object as discussed
in Section 3.3.1. In the case of this thesis, the scripted generation of the object was
chosen because the obtained count data had to be subsetted for the Klrgl "Nfil3™ and
Klrgl*Nfil3* samples. Hence, the scripted generation of the object was a slightly more
straightforward solution than the creation via the pcaExplorer app. Readers find both
entry points to pcaExplorer thoroughly documented in Ludt et al. [2022].

Using the button 'Compute variance stabilized transformed data from the dds ob-
ject’ (Figure 21A), the variance stabilized transformation of the input count data was
calculated. This transformation is a statistical method used to stabilize the variance of
the data across all levels of expression. This is used to avoid biases which could arise
from the heteroskedasticity of the data.

In bulk RNA-seq data, genes with overall higher expression levels tend to show more
variation in their expression compared to genes with lower mean expression values, lead-
ing to heteroskedasticity. Ultimately, this can lead to biased or misleading results in
downstream analyses such as PCA, as heteroskedasticity can cause the analysis to be
dominated by a few highly variable genes, which might not be representative for the
overall difference across samples and conditions, thus overshadowing true biological sig-
nals. Variance stabilizing methods, such as those implemented in pcaExplorer, lead to
more homoscedastic data. This ensures that downstream analyses become more robust,
therefore, reflecting meaningful, biological patterns [Love et al., 2015].
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Figure 21 — The Data Upload Panel of pcaExplorer
The figure shows the Data Upload panel of the pcaExplorer application, which can be used to provide the
data to the application and calculate variance stabilizing transformations of the data (A).

Based on the workflow outlined in Basic Protocol 1 of our manuscript [Ludt et al.,
2022], the next step involved exploring the Data Overview panel. The panel provided
a table of the available metadata information as well as a sample-to-sample heatmap
(Figure 22A & B). The sample-to-sample heatmap used a colour gradient to visualise
the correlation or similarity between the different dataset samples based on the their
gene expression levels. For the Treg dataset, the heatmap indicates a higher similarity
among samples within the same condition compared to the inter-condition similarity
(Figure 22B). Given the design of the DESeqDataSet object and the data preparation
described by Delacher et al. [2020], | anticipated that the sample condition would be the
primary driver of dissimilarity within the dataset.

Further down in the panel, pcaExplorer provided general information about the
dataset (Figure 22C), such as the total number of genes (52,250) and samples (8) in the
dataset. Below this general information, a bar plot displayed the number of sequencing
reads per sample, expressed in millions (Figure 22D). The bar plot shows that the Treg
dataset has consistent reads counts across all samples, ranging from approximately 35
to 45 million reads per sample. This indicates that the samples are of good quality, as
uniform sampling depths are important for reliable and unbiased comparisons between
samples conditions.

Additionally, to enhance the visualisations across this and all following panels, | used
the sidebar panel to colour and group the visualisations by the condition of the samples
(Figure 22E). This enhanced the interpretation of the visualisations by highlighting the
individual sample groups in the Treg dataset with distinct colours, making them easier
to distinguish.
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Figure 22 — The Data Overview Panel of pcaExplorer
The figure shows the Data Overview panel of the pcaExplorer application, including a metadata table (A), a
sample-to-sample heatmap (B), a summary of general information on the dataset (C) and a bar plot of the
number of million reads of each sample (D). Additionally, the figure highlights the 'Group/color by’ selector
(E) in the sidebar panel, used to colour the visualisations by the condition of the samples.
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After initial quality control, the Samples View panel displayed the Principle Compo-
nent Analysis of the dataset (Figure 23). PCA is a dimensionality reduction technique
that identifies the key patterns of variation in a dataset by transforming the data into
a set of uncorrelated variables called Principal Components. When applied to gene ex-
pression data, PCA highlights the most significant sources of variation, allowing for an
easy visualisation of sample relationships, detection of similar groups of samples, and
identification of outliers. The panel showed a PCA plot of the first and second PCs, with
each dot representing a sample (Figure 23A).

The PCA result of the Treg dataset showed a clear separation between the two con-
dition groups, with the first PC explaining nearly 90% of the variance in the data and
separating the samples based on condition. This indicated that the condition of the sam-
ples was the primary driver of variation, already hinting that this might also be a major
factor influencing differential gene expression. Via the sidebar panel (Figure 23B), | set
the number of most variable genes used for the PCA calculation to 500. This number
balances the influence of biologically relevant variability, while minimising noise from con-
sistently expressed genes; a choice also discussed and recommended in our manuscript
[Ludt et al., 2022].
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Figure 23 — The Samples View Panel of pcaExplorer
The figure shows the Samples View panel of the pcaExplorer application, highlighting the results of the PCA
on the Treg dataset (A). In the PCA plot, the abscissa and ordinate show the first and second Principal
Component, respectively, and the dots represent individual samples coloured by their respective condition. In
the sidebar, the number of genes used for the PCA was set to 500 (B).
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As a last step in this exploratory data analysis, the Gene Finder panel was used to
visualise the expression of individual genes in the dataset. Using the text input field of
this panel (Figure 24A), | selected a small subset of genes from the dataset (in Fig-
ure 25A Nfil3) to generate a box plot of their normalised expression counts on a logl0
(logarithm to base 10) scale (Figure 24B). In order to facilitate the comparison of the
Klrgl~Nfil3~ and Klrgl " Nfil3* samples, the box plot was coloured and divided by the
condition of the samples.
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Figure 24 — The Gene Finder Panel of pcaExplorer
The figure shows the Gene Finder panel of the pcaExplorer application, in which specific genes from the data
can be selected (A) to generate a box plot of the normalised expression counts of the genes (B). The box plot
shows the expression of Nfil3 across the different conditions of the Treg dataset.

Based on discussions with the original authors of Delacher et al. [2020], | used the
Gene Finder panel to examine the gene expression of Areg (Amphiregulin) and 1110
(Interleukin10) alongside Klrgl and Nfil3 across the different sample conditions. The
resulting box plots are presented in Figure 25, showing that all genes exhibit a higher ex-
pression in Klrgl *Nfil3" samples (blue box) compared to the Klrgl Nfil3~ (red box).
This aligns with expectations, as Klrgl and Nfil3 were used to distinguish Treg subpop-
ulations during data preparation in the original publication by Delacher et al. [2020].
Additionally, Areg and 1110 were included due to their known association with different
Treg subpopulations [Delacher et al., 2017, 2020].
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Figure 25 — Gene Expression Profiles
The figure displays box plots of the normalised counts for four genes. From left to right, top to bottom, the
genes Areg, 1110, Klrgl and Nfil3 can be seen. The box plots are split by the condition of the samples, which is
also indicated by the colour. The ordinate visualises the normalised gene expression on a logl0 scale. The
figures were generated and downloaded from the Gene Finder panel of pcaExplorer.

Overall, the exploratory data analysis using pcaExplorer showed that the data used
in this thesis was of high quality with no substantial outliers observable in the PCA
plot. The conducted PCA also suggested that the sample conditions (Klrgl Nfil3™ vs.
Klrgl1 *Nfil3") might be responsible for differential gene expression. This is in line with
the original findings of the authors, who identified Klrgl “Nfil3~ and Klrgl "Nfil3" Treg
cells as precursors of tisTregST?2 cells, with Klrgl TNfil3* representing a later stage, more
closely resembling tisTregST2 gene expression. This was also further observed in the ex-
pression of individual genes in Figure 25, in which Areg and 1110, which were identified
to be marker genes of tisTregST2 cells [Delacher et al., 2017, 2020], could be observed
to have a higher expression in the Klrgl "Nfil3" Treg samples.

In the next step of the analysis of the data, differentially expressed genes were iden-
tified using ideal [Marini et al., 2020], followed by an interpretation of the data using
GeneTonic [Marini et al., 2021], as proposed in the original Basic Protocol 2 and 3 of
our publication [Ludt et al., 2022].

3.3.3 Differential Gene Expression Analysis using ideal and GeneTonic

Following the initial exploratory data analysis using pcaExplorer, the differentially
expressed genes of the dataset were determined using the ideal [Marini et al., 2020]
and GeneTonic [Marini et al., 2021] packages according to the workflow presented in
out manuscript [Ludt et al., 2022]. In this step, the differentially expressed genes were
first determined using ideal before the results were explored with GeneTonic.
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In order to use ideal, the DESegDataSet object and the annotation data.frame
object from the previous section were used as input. Alternatively, for users with only
little experience in R programming, ideal provides a step-by-step approach to generate
the necessary input objects from the count and metadata. However, this step-by-step
approach will not be discussed in this thesis; readers can find the details in our protocol
manuscript [Ludt et al., 2022], especially Figure 13 and 14 of Basic Protocol 2 document
this data upload and generation process.

For this thesis, an ideal instance was launched using the ideal () function, with the
DESegDataSet object and the annotation data.frame object provided as parameters.
This command opened an ideal session in the system's default web browser, which in
this case was Google Chrome (version 129.0.6668.89), running on an Apple MacBook
Pro with an Apple M1 Pro chip and macOS Ventura (version 13.2.1).

Upon launch, the ideal instance displayed the Welcome panel, which provided basic
information about the package (Figure 26). The panel’s header indicated the input sta-
tus of the necessary workflow elements via coloured boxes: green for successfully loaded
or generated data and red for missing data. From Figure 26A, it can be observed that
the DESeqDataSet, containing the input gene expression data, as well as the annotation
object were already available in the instance, while the differentially expressed genes
were still pending generation. A summary of this information was also displayed in the
sidebar’s 'Quick Viewer' (Figure 26B).
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Figure 26 — The Welcome Panel of ideal
The figure shows the Welcome panel of the ideal application, with the header (A) displaying the status of the
three essential workflow elements: the DESeqDataSet object (green, indicating that it is available), the
annotation object (green, also available), and the differentially expressed genes (red, yet to be created). This
information is also summarised in the 'Quick Viewer' in the sidebar (B).
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Following the proposed workflow of Basic Protocol 2, the Data Setup panel was
explored next (Figure 27). This panel can be used to set up the data from the count
data and metadata similar to pcaExplorer. In the 'Step 1" box (Figure 27A), users can
provide their data to the application, before they can generate the DESegDataSet object
in the 'Step 2" box (Figure 27B). The boxes will indicate if the data is already provided
to the application, as shown in the figure.

In this thesis, the Data Setup panel was used to run the DESeq() function from
the DESeq2 package [Love et al., 2014], which is a usual step applied after providing
the data to ideal. The function determines the differentially expressed genes in a given
DESeqDataSet object, using a generalised linear model (GLM) to model the relationship
between the normalised read counts and the experimental conditions of the data [Love
et al., 2014]. Afterwards, the function applied the Wald test [Wald, 1943] to assess the
significance of the coefficients associated with each condition in the GLM. After correc-
tion for multiple testing using the Benjamini-Hochberg procedure [Benjamini, Hochberg,
1995], the results are presented as a list of differentially expressed genes, each annotated
with a log2 fold change, p-value and adjusted p-value [Love et al., 2014].

In ideal, the DESeq() function was executed using the 'Run DESeq!" button shown
in Figure 27C. Once completed, ideal provided a summary of the results (Figure 27D),
indicated how many of the overall number of genes with non-zero count are up- or down-
regulated. For the Treg dataset used in this thesis, the DESeq() function identified 5273
(14%) of the genes as significantly differentially upregulated, while 3531 (9.5%) of the
genes were identified as downregulated. To minimise false positives, the False Discovery
Rate (FDR) was used. The FDR represents the expected proportion of false positives
among the results and was set via the sidebar (Figure 27E) to 5%. This is a standard
cutoff commonly applied in differential expression analyses between conditions [Robinson
et al., 2010; Love et al., 2014; Ludt et al., 2022; Chen et al., 2024].
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Figure 27 — The Data Setup Panel of ideal
The figure shows the Data Setup panel of the ideal application, which can be used to provide the data to the
application (A) and generate the DESegDataSet object (B). Once the data is provided, differentially expressed
genes can be calculated using the 'Run DESeq!" button in the 'Step 3’ box (C). Once calculated, the results
will be summarised in the grey box below the button (D). Via the sidebar menu, the False Discovery Rate can
be set (E). In this figure, parts of the original panel have been omitted to enhance clarity. This is indicated by
the dotted, blue line.
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After identifying differentially expressed genes, these genes were explored in the Ex-
tract Results panel of ideal (Figure 28). In this panel, | first chose the experimental
factor on which the contrast is build upon. This contrast defined the characteristic by
which the samples were grouped and their gene expression compared. For the Treg
dataset, this was set to the samples’ condition, as seen in Figure 28A.

Once the contrast was set, the numerator and denominator level for the fold change
calculation had to be defined. In the analysis of bulk RNA-seq data, the numerator is typ-
ically set to the treatment group of the experiment, while the denominator is represented
by the control group, establishing this group as the baseline of the gene expression. In
the presented analysis, the Klrgl ™ Nfil3~ samples were chosen as the denominator and
the Klrgl *Nfil3* samples as the numerator (Figure 28A).

The resulting fold change then represented the ratio of gene expression between the
two conditions, i.e., how much the gene expression changed between the Klrgl Nfil3™
and Klrgl "Nfil3" samples. In this analysis, a FC of greater than 1 indicated that a gene
was upregulated (i.e., more highly expressed) in the Klrgl *Nfil3" (the numerator) sam-
ples compared to the Klrgl "Nfil3™ (control group/denominator) samples. Conversely,
a fold change of less than 1 indicated a downregulated gene.

Once the contrast was defined, | used the 'Extract the results!" button (Figure 28B)
to extract the differentially expressed genes and generate a table of these genes. The sum-
mary indicated again, that 14% of the expressed genes were upregulated, while roughly
10% were downregulated. In the generated table of differentially expressed genes (Fig-
ure 28C), it can be observed that Ctla4 (cytotoxic T-lymphocyte-associated protein 4)
and Ccr7 (C-C motif chemokine receptor 7) were the "top" results, with the smallest
p-value. From the table it is also evident, that Ctla4 was upregulated with a positive fold
change, while Ccr7 was downregulated.

In a second step, the table was sorted by the log2 fold change (log2FC), which is
the fold change scaled by the logarithm to base 2 (log2). This sorting revealed Klrgl as
the gene with the highest positive log2FC of nearly 10, indicating that it is 210 = 1024
times more expressed in the Klrgl TNfil3" samples compared to the Klrgl “Nfil3~ sam-
ples. While this difference was already observable with pcaExplorer (see Figure 25), the
analysis with ideal revealed that the gene was also significantly differentially expressed
between the samples of the two conditions; a result which was also found by the original
authors [Delacher et al., 2020]. Other genes with a high, positive log2FC included Ccd?2a
(coiled-coil and C2 domain containing 2A), Ccrl0 (C-C motif chemokine receptor 10)
and Tigit (T cell immunoreceptor with Ig and ITIM domains).
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Figure 28 — The Extract Results Panel of ideal
The figure shows the Extract Results panel of the ideal application, which can be used to first set the
experimental factor for the contrast (A), as well as the numerator and denominator of this contrast. Once the
contrast is set, the 'Extract the results!" button (B) can be used to generate a table of the differentially
expressed genes (C). This table can also be downloaded for further inspection using the 'Download’ button

(D).
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In a last step, a functional enrichment analysis was performed with ideal using the
Functional Analysis panel (Figure 29). In this panel, | first specified the GO category of
interest as "Biological Process" (BP) (Figure 29A). The three available categories or on-
tologies of the GO database are "Biological Process" (BP), "Molecular Function" (MF)
or "Cellular Component" (CC), which all describe different aspects of a gene product'’s
role within a biological system. The BP ontology includes larger biological processes or
programs which are generally accomplished by multiple molecular activities, while the
MF ontology describe activities at the molecular-level. In contrast, the CC ontology in-
dicates where the gene product is active within the cell [Ashburner et al., 2000; Carbon
et al., 2019]. For the Treg dataset used in this thesis, the BP ontology was chosen to
analyse the larger biological processes between the two subpopulations of Treg cells.

After selecting BP as the GO ontology, | defined that the functional enrichment
analysis should be calculated on all DEGs (Figure 29B), before starting the computation
of the analysis using the 'Perform gene set enrichment analysis on the up- and down-
regulated genes - topGO' button (Figure 29C), which used the topGO package [Alexa
et al., 2006] to perform an Over-Representation Analysis on the DEGs. Once calculated,
the results of the analysis were displayed in a table (Figure 29D). This table, sorted
by p-value, indicated that the top differentially regulated pathways for the Treg dataset
were "cell division" (GO:0051301) as well as "positive/negative regulation of apoptotic
process" (GO:0043065, GO:0043066) and "positive regulation of T cell cytokine pro-
duction" (GO:0002726).

79



3 Results

= -]

Annotation

ideal - Interactive Differential Expression AnalLysis 2.0.0

d
By App settings

Group/color by:

dds object DE genes

condition

52550 genes - 8 samples 52550 genes - 2 ID types 8838 DE genes - out of 52550

Select the gene(s) of interest

A Welcome! &, Data Setup ®© Counts Overview BB Extract Results ) Summary Plots © Gene Finder

=) : . . N . -
False Discovery Rate (& Functional Analysis [ Signatures Explorer #° Report Editor 1 About

0,05

Find functions enriched in gene sets

Width of exported figures (cm) Help

&7 Plot export settings

i Click me for a quick tour of the section

Height of exported figures (cm) Select the GO category(ies) of interest

o GO Biological Process

4 Quick viewer —_—
Count matrix e @ UPregu © DOWNregu 1 uPDOWN i Listl List2
Experimental design

DESeqgDataset
Annotation e

Results

topGO table - up&down

Show| 10 v entries Search:

@ First steps help
GO.ID Term
i Click me for a quick tour

1 G0:0051301@AMIGO cell division 615 293 198.58

positive

regulation of

2 G0:0043065@AMIGO 629 287 203.1

apoptotic
process

negative
regulation of
apoptotic
process

3 G0:0043066@AMIGO 940 386 303.52

protein
4 G0:0016567@AMIGO L 705 284 227.64
ubiquitination

positive

regulation of

G0:1902533@AMIGO intracellular 1108 450 357.77
signal

transduction

Ras protein
6 G0:0007265@AMIGO signal 110 58 35.52
transduction

RNA
7 0:0006364@AMIGO  [RANGINN 214 105 69.1
processing

negative
PR G0:0010629@AMIGO 'geegn”ela“"" of un 469 378.43

expression

intracellular
9 GO0:0006886 @AMIGO protein 651 286 210.21
transport

positive

regulation of

10 G0:1904951@AMIGO establishment 341 163 110.11
of protein

localization

@

Showing 1 to 10 of 6,742 entries  Previous 1 2 3 4 5 675 Next

Figure 29 — The Functional Analysis Panel of ideal
The figure shows the Functional Analysis panel of the ideal application, which can be used to perform
functional enrichment analysis on the DEGs by first determining the GO category of interest (A) and the list
of DEGs on which the enrichment should be performed (either only up-, only downregulated, all DEGs, or two
custom lists, B). The functional enrichment results can then be calculated using the available buttons (C) and
will afterwards be displayed in a table (D). This table can also be downloaded for further inspection using the
'Download’ button (E).
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Following the data analysis with ideal, the DE and functional enrichment results
were further interpreted using GeneTonic [Marini et al., 2021], following the standard-
ised workflow of Basic Protocol 3 of our manuscript [Ludt et al., 2022]. In order to
use GeneTonic, the results were downloaded during the exploration of the data with
ideal, specifically in the Extract Results and Functional Analysis panels (Figure 28D
and Figure 29E). Since this provided the results in form of a CSV (comma-separated
values) file, preprocessing was required, as these file formats could not be directly used
GeneTonic. For this, the CSV files were first read into an active R session using the
read.csv() function from the utils package [R Core Team, 2024]. The DEGs were
then transformed to DESeqResults object using the DESeqResults() function from the
DESeq2 package [Love et al., 2014].

The functional enrichment results, on the other hand, were first filtered to the top
500 gene sets with the smallest p-value. This filtering was applied to streamline down-
stream analyses by reducing runtime and enhancing clarity through limiting the gene sets
to a more manageable number. Afterwards, the filtered data was further prepared using
the shake_topGOtableResult() and get_aggrscores() functions of the GeneTonic
package [Marini et al., 2021]. The latter function is especially useful in the interpreta-
tion of the results, as it adds Z-scores to the data, which are a measure to quantify the
general direction of regulation of a gene set [Marini et al., 2021].

Afterwards, the prepared DEGs and functional enrichment results, together with the
original count data DESeqDataSet object and the annotation data.frame, were assem-
bled to a GeneToniclList object following the instructions of our protocols manuscript
[Ludt et al., 2022]. Using this GeneTonicList object, an instance of the app was
launched using the GeneTonic() function. This launched an instance of the app showing
the Welcome panel. The Welcome panel, similar to the panels in the pcaExplorer and
ideal applications, served as entry point to the exploration and analysis by providing
expandable elements, showing tables of the input data (Figure 30A), as well as summary
boxes on the data (Figure 30B). From these boxes, several characteristics of the Treg
dataset could be observed directly, such as the number of genes in the original count
data (52,550) or the number of differentially expressed genes (8,838).
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Figure 30 — The Welcome Panel of GeneTonic
The figures shows the Welcome panel of the GeneTonic application, which provides an overview of the input
data in collapsible boxes (A) and summary boxes (B).

Following Basic Protocol 3 of our manuscript, | explored the Gene-Geneset panel
next. This panel featured an interactive 'Gene-Geneset' graph, displaying the top 15
most significantly regulated pathways (based on smallest p-values) and their associated
genes (Figure 31). In this graph, oval nodes represented genes, rectangular nodes rep-
resented gene sets, and edges connected genes to the gene sets they belong to. The
graph was highly interactive, allowing the selection of individual gene sets or genes by ei-
ther clicking on the respective node or through the selection box in the upper left corner.

In the 'Gene-Geneset' graph, | selected the "positive regulation of T cell cytokine
production" pathway (Figure 31A). Upon selection, additional visualisations appeared in
the 'Geneset Box', including a heatmap and a volcano plot (Figure 31B). The heatmap
showed the expression of the member genes of the selected gene set, revealing two dis-
tinct groups of genes with alternating expression patterns: some were upregulated (red)
in the Klrgl " Nfil3" samples, while others showed higher expression in the Klrgl ~Nfil3~
samples.

In the volcano plot, the log2FoldChange of all genes was plotted against the nega-
tive, logl0-scaled p-value, with the member genes of the "positive regulation of T cell
cytokine production" pathway coloured and annotated. This also showed that there was
no clear pattern observable in the expression of the gene set members, with some genes
having a positive FC (i.e., upregulation in the Klrgl *Nfil3" samples) and some having
a negative FC. Besides the two visualisations, the 'Geneset Box' also provided additional
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information about the gene set, such as the GO ID, a definition and alternative names
of the pathway.

Besides gene sets, also individual genes were be selected in the 'Gene-Geneset’ graph,
which lead to additional visualisations of the selected gene shown in the 'Gene Box' (Fig-
ure 31C). This included a box plot of the gene expression and links to external databases
for deeper exploration. In Figure 31C, Nfil3 was selected, showing its higher expression in
the Klrgl1 " Nfil3" samples compared to the Klrgl " Nfil3™; a pattern previously observed
with pcaExplorer in Figure 25. Additionally, the 'Gene Box' confirmed that Nfil3 was
significantly differentially expressed in the Treg dataset.
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Figure 31 — The Gene-Geneset Panel of GeneTonic
The figure shows the Gene-Geneset panel of the GeneTonic application, which visualises the relationships
between genes and gene sets in the 'Gene-Geneset’ graph (A). In this graph, genes are depicted as oval nodes,
while gene sets are shown as rectangular nodes, and edges are drawn between gene sets and their respective
member genes. Upon selection of individual gene sets or genes, additional visualisations as well as information
are shown in the 'Geneset Box' (B) and 'Gene Box'(C), respectively.

In a last step, | explored the results of the Enrichment Map panel. This panel showed
an enrichment map of the 15 most regulated pathways (i.e., those with the smallest
p-values) based on the functional enrichment results. The individual nodes of the en-
richment map represented gene sets, with the node size reflecting the number of DEGs
associated with each gene set (Figure 32A). Additionally, edges were drawn between
nodes which had a high overlap of DEGs, while the colour of the nodes was chosen to
represent the p-value of the pathways.
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Upon selection of an individual node, such as "positive selection of T cell cytokine
production", a heatmap was displayed in the 'Geneset Box' (Figure 32B). This box
was similar to the 'Geneset Box' of the Gene-Geneset panel (see Figure 31B), with the
heatmap also depicting the gene expression of the member genes of the selected gene
set. Similar to its counterpart in the previous panel, this 'Geneset Box' also provided ad-
ditional information on the selected gene set, such as the GO ID (G0O:0002726), p-value
(5.3¢79%) and a short definition as well as alternative names of the pathway (Figure 32B).

Q© Bookmark

N 1)
Color enrichment map b
DL e Geneset Box
gs_pvalue v
by
ositive regulation of T cell cytokine production - GO:0002726
® positive regulation v
| condition
@ = —— — condition
= KLRGminusNFIL3minusTreg
—— I KLRGpIUSNFIL3plusTreg
—
| o =_= Z-scores
= Expression
values
e 2
i
‘— 1
=

intracellular protein

—
R M
W - o
@ o o
positive regulation g#establishment of protein localizf gl 3‘ g‘
protein localizatjon to organelle

eg_R4
eg R3 III
eg_R4 I
eg_R1
eg_R5

EEEEEEEE
AR AR AR
2222929799
o aoaoagt £ c¢c
RNA processing 9999
p 9 232335 EEE
TTT32233
] R
s a 222299000
222288383
00U £ £ £ &C
” ez el
XXXXIEII
regate re0ugien o S90S P8Pt prcess 8358

Ras protein signal transductiol

[ GO:0002726@AMIGO

Pubmed results:
cell division
Q positive regulation of T cell cytokine

positive regulation of smooth muscle cell proliferation production@Pubmed
regulation of cyclin-dependent protein serine/threonine kinase activity
Term: positive regulation of T cell cytokine production

pusmv\on of type Il interferon production p-value: 5.3¢-06
positive regulation of T cell cytokine production Z-score: 2.45
Aggregated score: 0.51
protein stabilization Ontology: BP
Definition: Any process that activates or increases the
frequency, rate, or extent of T cell cytokine production.
Synonym: positive regulation of T lymphocyte cytokine
production
- Synonym: positive regulation of T-cell cytokine production
Synonym: positive regulation of T-lymphocyte cytokine
production
Synonym: up regulation of T cell cytokine production
Synonym: up-regulation of T cell cytokine production
Synonym: upregulation of T cell cytokine production
Synonym: activation of T cell cytokine production
Synonym: stimulation of T cell cytokine production

Figure 32 — The Enrichment Map Panel of GeneTonic
The figure shows the Enrichment Map panel of the GeneTonic application, displaying an interactive
enrichment map of the top regulated pathways based on functional enrichment results (A). In the shown
enrichment map, nodes represent individual gene sets, edges are drawn between gene sets with a high overlap
and the size of the nodes represents the number of DEGs in each pathway. The nodes were coloured by
p-value using the input selector in the upper left corner. Upon selection of a node, a gene expression heatmap
is shown in the 'Geneset Box' (B).
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The data analysis using GeneTonic provided some initial insights into the functional
enrichment results and the relationships between the individual gene sets in the result
list. In order to further investigate these relationships and explore the results, GeDi was
used in the next step. GeDi can provide deeper insights into the relationships between the
individual gene sets in the functional enrichment results and help uncover larger patterns
and molecular mechanisms in the data, which is not directly possible with GeneTonic.

3.3.4 Functional Enrichment Result Interpretation using GeDi

The literature review results in Section 3.2 showed that the majority of reviewed arti-
cles usually completed their functional enrichment analysis by selecting and highlighting
the top gene sets with the smallest p-value. Only a small subset of articles aggregated
their results to gain an overview of the biological patterns included or focused on unex-
pected findings. Using GeD1i, the exploration and interpretation of functional enrichment
results can be greatly simplified and new hypotheses can be generated from the data, as
will be shown in this section.

In order to start the exploration of the data with GeDi, the GeneTonicList object
generated in Section 3.3.3 was used. While a GeneTonic list object contains additional
information beyond what is needed for a successful exploration with GeDi, the pack-
age was intentionally designed to include the list object among the accepted input file
formats. This choice was made to ensure that the GeDi package could be seamlessly
integrated into the standardised bulk RNA-seq workflow that we presented in our article
[Ludt et al., 2022]. In order to ensure this, GeDi internally extracts the functional enrich-
ment results from the GeneTonicList object without further need for data preparation
by the user.

In this thesis, an instance of GeDi was launched using the GeDi() function, providing
the data upon the call of the function with the gt1 argument (short for GeneTonicList).
This opened a running instance of GeDi, showing the Welcome panel of the Shiny ap-
plication (Figure 33).

Similar to the previously presented applications, the Welcome panel of GeDi also
serves as entry point, providing an overview of the features and functionality of the app.
This design was intended to not only align with the user experience of other packages
developed by our group, but also to lower the entry barrier for users. By providing a
familiar interface, it helps ease the learning curve, especially for those who are new to
our tools or Shiny applications in general.

In a first step in the Welcome panel, | started the interactive tour of the panel
using the "Help’ button in the upper right corner (Figure 33A). This opened a modal
window displaying an interactive tour, which guided through the content of the panel
(Figure 33B). This modal window highlighted and explained individual components of
the application, helping to understand how to use them effectively. Once the tour was
completed, | used the sidebar panel to navigate to the other panels of GeDi (Figure 33C).
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Figure 1: Workflow schematic of an RNA-seq data analysis
The different data formats to provide to each of the applications are represented as tabular or list-like elements, named by the scheme followed in the packages. Dashed arrows indicate that the provided information can be used to generate or annotate

another object. Solid arrows (gray) denote that an object has been derived/computed from the other where the connector originated from. The small boxes close to each element explain in which protocol each object is used as primary (black) or
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Figure 33 — The Welcome Panel of GeDi
The figure shows the Welcome panel of the GeDi application, which provides descriptions about the package’s
functionality and the application’s interactive elements, such as the 'Help’ button (A). Clicking the 'Help’
button will open up a modal window (B), explaining the individual parts of the panel, such as the sidebar
panel (C) and other elements. It should be noted that the tour's modal window is not directly presented in
this manner within the app but was rather rearranged during figure assembly to improve clarity.

In the next step of the data exploration, | navigated to the Data Input panel of
GeDi, which can be used to provide the data to a running instance of the application,
usually via the 'Browse’ button in the 'Step 1" box (Figure 34A). As the data was already
provided upon the call of the GeDi function in the presented showcase, the 'Genesets
preview' box was used to inspect the provided data (Figure 34B). This box presented
the input data in form of a table, enabling an quick overview of the data. From this
table, it is also apparent that the pathways with the smallest p-value were "cell division"
and "positive/negative regulation of apoptotic process" - results, which were already
observable in ideal (see Figure 29).

Afterwards, | used the 'Optional Filtering Step’ box to remove large and possibly
redundant gene sets from the data (Figure 34C). The histogram within the box showed
the distribution of gene set sizes in the functional enrichment results of the Treg dataset,
ranging from small numbers close to 0 to over 6000. Using the zoom feature available in
the panel (Figure 34D), | closely examined the larger sets, revealing "biological process"
as the largest set, associated with 6,140 of the 8,838 DEGs. As previously discussed in
Section 2.4.1, these extensive and generic sets can be detrimental to downstream anal-
ysis steps by prolonging the runtime.
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During the exploration of the Treg dataset, it was also expected that these gene sets
have a second detrimental effect besides their effect on the runtime: With nearly 70%
of the differentially expressed genes involved in the pathway, "biological process", but
also other large gene sets, were expected to become a highly connected nodes (i.e., hub
nodes) in the resulting clustering graph of the data due to the large overlap in genes
with other gene sets. As such, these hub nodes could have overshadowed other, mean-
ingful clusters in the data and lead to cluttered graphs and visualisations. Hence, it was
decided to filter large and generic gene sets with a size of at least 200 genes from the
data (Figure 34E). This removed 79 of the original 500 gene sets from the data.
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Figure 34 — The Upper Half of the Data Input Panel of GeDi
The figure shows the upper half of the Data Input panel of GeDi, used to provide the data to the application in
the 'Step 1" box (A). The data can afterwards be observed in the collapsible 'Genesets preview' box (B). The
'Optional Filtering Step' box (C) visualises the gene set sizes as a histogram, which provides an interactive
zooming feature (D) and the possibility to filter gene sets based on their individual IDs or a size threshold (E).
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Once the data was filtered, the 'Step 2' box was used to select the species of the
data, using the input selector (Figure 35A). This selection triggered the appearance of
the 'Step 3' box (Figure 35B), which was used to download the protein-protein interac-
tion information from the STRING database via the 'Download PPI matrix' button. The
download of the PPI data to the local machine concluded the data preparation steps
available in the Data Input panel (Figure 35C). Using the sidebar, the exploration was
continued in the Distance Scores panel.
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spelling of your organism of interest.
Click here to get to STRING!

e Step 3 (optional) —

Download the PPl matrix from STRING

For more information on the downloaded PPI data, please have a look at this panels tour.

& Download PPI matrix PPI preview 4r

Or you can upload an already saved Protein-Protein interaction matrix from

Mus musculus -

your machine.
Upload a PPI matrix

Browse... ~ Nofile selected

In order to avoid lengthy downloads of the PPI matrix in the future, you can also now download the PPI matrix and save it to your machine.

O ==m

Figure 35 — The Lower Half of the Data Input Panel of GeDi
The figure shows the lower half of the Data Input panel of GeDi, used to specify the species of the data in the
'Step 2’ box (A), before downloading the PPI data in the 'Step 3’ box (B). The downloaded PPI data can also
be saved to the local machine using the 'Save PPl matrix' button (C).

3.3.4.1 Quantification of Gene Set Dissimilarity using Distance Scores

The primary goal of GeDi is to summarise a large number of gene sets into individual,
more specific groupings which highlight different biological patterns and pathways in the
data. This is achieved in two steps: (1) the (dis)similarity of each pair of gene sets is
determined by calculating the distances of each pair; (2) the gene sets are aggregated
into clusters, based on their distance scores.

These distances are calculated in the Distance Scores panel (Figure 36), where the
individual available distance metrics can be selected in the 'Calculate Distance Scores
for your Genesets' box (Figure 36A). During the preparation of this thesis, | evaluated
all of the available distance metrics and compared the resulting distances. In the end,
| decided to highlight the results of the pMM and the GO semantic distance score in
this thesis, as these scores efficiently aggregated the gene sets into medium-sized, com-
pelling clusters. This observation was also supported by our collaboration partners and
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the original authors Delacher et al. [2020] of the Treg datasest used in this thesis (see
Section 3.3.1), as the pMM and GO semantic distance score generated promising results
facilitating the interpretation of the data and highlighting new aspects, which were not
explored in the original manuscript of Delacher et al. [2020] and will be discussed later
in this thesis.

Hence, to calculate the distances, | first selected the pMM score from the available
scores and set the value of o to 1, in order to balance the influence of the set-based
and PPI-based components of the score (Figure 36B). Using the 'Compute the distances
between the gene sets’ button, the distances were calculated (Figure 36C).

Once calculated, the visualisations of the distances could be observed in the 'Geneset
Distances Scores’ box (Figure 36D). The box provides the option to select the distance
metric used for the visualisations from a drop-down menu as well as the possibility to
download the calculated distances (Figure 36E), which was used in this thesis to compare
the results of the different distance metrics and reduce the runtime during the several,
iterative explorations of the Treg dataset.

In Figure 36F and G, heatmap visualisations of the calculated pMM and GO seman-
tic distances are displayed. Overall, the two metrics produced similar results, with most
gene sets showing large distances close to 1, indicated by the predominant red colour.
Only upon closer inspection of both heatmaps, similar gene sets could be observed. For
the pMM distances (Figure 36F), these similar gene sets appeared around the diagonal,
especially in the upper left and lower right corner. Similarly, the GO distance score re-
sults (Figure 36G) also showed gene sets with smaller distances around the diagonal. For
this score, already some larger, potential clusters could be observed by the white and
light-blue coloured entries around the diagonal.
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© GO Distance
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0 Geneset Distance Scores -
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Figure 36 — The Distance Scores Panel of GeDi
The figure shows the Distance Scores panel of GeDi, with the 'Calculate Distance Scores for your Genesets'
box, which can be used to select one of the available distance metrics (A), set the a parameter for the pMM
calculation (B), and compute the distances (C). Results are displayed in the 'Geneset Distance Scores' box
(D), where a specific distance metric can be chosen for visualisation and calculated distances can be
downloaded (E). The box also includes heatmaps of the pMM (F) and GO distances (G), arranged side-by-side
here for enhanced clarity, although GeDi does not support this layout directly in the application.

Besides the comparison of the individual distance metrics, this thesis also evaluated
the influence of the o parameter on the resulting pMM distances. « is a scaling factor in
the pMM score which controls how strongly the PPl information influences the resulting
distances (see Section 2.2.4 for the definition of the score).

In order to evaluate this effect of the protein-protein interactions on the resulting dis-
tances of the Treg dataset, various values of « were tested and compared (Figure 37).
For this comparison, the functional enrichment results were further filtered to include
only gene sets which had a size of less than 10 differentially expressed genes. This choice
and filtering was applied to enhance the influence of the PPl component of the pMM
score.
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Naturally, with increasing size of the gene sets, the likelihood of shared genes in-
creases. However, in this evaluation | wanted to draw specific focus to the o parameter
and its regulation of the PPl component. Hence, | wanted to balance the size of the
gene sets to ensure that the number of shared genes is small, but also not too small,
as this would consequently reduce the likelihood of protein-protein interactions between
the genes of two gene sets. A further reason for this filtering choice was the number
of remaining gene sets. In the Treg dataset used in this thesis, 32 gene sets had a size
smaller than 10, a number which can still be easily observed and interpreted in the re-
sulting heatmaps of the distance scores.

Figure 37 shows the heatmaps of the resulting pMM distances using « values of 0,
0.5 and 1 (hereafter referred to as pMM,,, pMM,, 5 and pMM, ) as well as the Meet-Min
distances. According to the definition of the pMM score, at an « value of 0, the score is
identical to the Meet-Min distance score. This can also be observed in the upper row of
Figure 37, where the MM distances are shown on the left and the pMM,, distances on
the right.

For larger values of the scaling factor, it can be observed that the resulting distances
start to differ from the MM results as the influence of the protein-protein interactions
on the scores increased. However, overall the heatmaps remained similar. It seems that
gene sets which already had an average distance score of around 0.5 (indicated by the
white/light-blue colour) further decreased their distances through the additional PPI in-
formation. This can also be observed in the lower right corner of each heatmap or in the
highlighted zoomed parts of the heatmaps.

Here, it can be observed that for the gene sets in this area, the distance score be-
comes gradually smaller with increasing values of . In the initial MM and pMM,, results,
these gene sets had an average distance indicated by the white colour, which becomes
increasingly more blue in the pMM,, 5 and pMM, results. Additionally, Figure 37 high-
lights a part of the heatmaps as zoomed in and overlaid cutouts. In these cutouts, most
gene sets have a score of or very close to 1 when calculated with the MM distance and
pMM, distance score. However, with increasing values of «, the distances in this area
change, diffusing from a dark, intensive red to a lighter, less saturated red indicating a
decrease in distance.
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Figure 37 — Heatmaps of Different o Values
The figure shows the distance score comparison of different values of «, plotted as heatmaps. From left to
right, top to bottom, the following is shown: the original Meet-Min distances of the gene sets, the pMM
distances using an « of 0, 0.5 and 1. Additionally, the figure includes zoomed and highlighted cutouts of parts
of the heatmaps, a feature than can not be directly achieved with GeDi's functionality, but was rather used
during figure assembly to enhance clarity and improve interpretation.

Overall, Figure 37 shows that the additional factor of protein-protein interaction in
the pMM score can provide a more nuanced view of the biological functions underlying
the data by capturing new and accentuating found similarities in the data. However, in
the shown example, it was also observable that this effect might not be as strongly as
one might expect, which was probably due to the additional filtering and overall reduced
size of the selected gene sets for this comparison.

3.3.4.2 Aggregation of the Gene Sets using Clustering

Following the calculation of the distance scores, the data was clustered in the Clus-
tering Graph panel. In the 'Select the Clustering Method' box (Figure 38A), | selected
the clustering algorithms as well as individual clustering thresholds (Figure 38B) to eval-
uate the different clustering results. From the drop-down menu in the box, the distance
scoring results to be used were chosen (Figure 38C). Once the clustering results were
calculated, the available visualisations could be observed in the 'Geneset Cluster Graphs'
box (Figure 38D).

94



3 Results

GeDi m

L]
@
-]
@ o Select the Clustering Method =
n Choose one of the following Clustering methods Select Distance Scoring Results to use
O Louvain
B GO Distance A
O Markov
@® Fuzzy
OPAM Now you can cluster your data

Attention: If you have many Genesets to cluster, this operation may take some time

Cluster the Genesets

Select the clustering thresholds for the Fuzzy
clustering.

Similarity Threshold

0 ®m 1
UM R

0 o1 02 03 04 05 06 07 08 09

Membership Threshold

0 : 2 '

(RN
0 o1 02 03 04 05 05 07 08 09

Clustering Threshold

o ®m 1
L
0 01 02 03 o4 05 06 07 08 09 1

0 Geneset Cluster Graphs -

Geneset Graph Cluster-Geneset Bipartite Graph Cluster Enrichment Terms Word Cloud

Color the graph by Select by id v
Cluster v Selectby cluster v oo

o °
e . " ogpsl
~ Sk 4
- pmll(cr mon &:g Wsee &°
.‘....8""' e R 5 °© 0 R ooo
'“"""‘ ® alphabeta go o . °
re u thn ° °
DO5-0—0 0
E ° o 0.,® e
g ) 5’5@8 ” LS 0080 06%°
.‘ ~ \\‘“ (%
= POSItiVEes &, .
o® 4o 9
o
%o
B : trans ort
9 o P
b4 0%300 ) o ..... golg 1
O . ) eln"‘%
°
P o ﬁ%’%ogo&'oo mltluﬂ
R e S lo alization
o® S b
°® .o nSnigm} '"b"d e
° °
of o, 20 ™
%0 %%
oQo ° o L e
o %
> 80 oo

Figure 38 — The Clustering Graph Panel of GeDi
The figure shows the Clustering Graph panel of GeDi, with the 'Select the Clustering method’ box (A), in
which the clustering algorithm and thresholds (B) can be chosen and the clustering results be computed,
based on the chosen distance scoring results (C). The computed clustering results are afterwards visualised in
the 'Geneset Cluster Graphs' box (D). In E & F, word clouds of the highlighted clusters can be seen as
zoomed overlays. While word clouds can be generated with GeDi, this combined and overlaid feature is not
directly available within the app in this exact manner, but was rather arranged during figure assembly to
enhance clarity and provide additional information.

After evaluation of the individual clustering results, | decided to highlight the results
of the Louvain and Fuzzy clustering algorithm in this thesis to showcase the different
properties of the individual clustering algorithms and the functionality of GeDi. For the
Louvain algorithm, a similarity threshold of 0.5 was chosen, and for the Fuzzy clustering
algorithm, | chose the value 0.5 for the similarity, membership and clustering threshold,
as these values balanced the overall cluster composition.
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In Figure 39, the clustering result of the pMM score using the Louvain clustering
algorithm can be seen. In order to properly represent and distinguish the individual clus-
ters, the colour was chosen to represent the cluster membership of each gene set. In the
figure, it can be seen that the Louvain algorithm clustered the Treg dataset into several
larger clusters and a variety of smaller clusters of two to three nodes/gene sets. A closer
inspection of the larger clusters using the tooltip feature of the graph showed that the
Louvain clustering algorithm divided the Treg dataset into 41 cluster, with overarching
biological themes such as cell division, T cell differentiation and protein localisation and
transport. However, it should be noted that in all visualisations of the Clustering Graph
panel in GeDi, singletons (i.e., clusters only consisting of one gene set) are omitted to
enhance the clarity of the visualisations.

C: 2 & A
g %Ob%of
@ 2’ @ o

Figure 39 — Louvain Clustering of the pMM Distances
The figure shows the Louvain clustering results of the pMM distances. Each node represents a gene set, and
the edges reflect the similarity between them. The node colour was chosen to represent the cluster
membership of each gene set.

In a second investigation, the pMM distances were clustered using the Fuzzy clus-
tering algorithm. The resulting clusters can be seen in Figure 40. The Fuzzy clustering
algorithm divided the pMM results into 127 clusters, although a lot of these clusters
shared at least some members. Due to this overlapping of clusters, the resulting graph
visualisation gave the impression that the Fuzzy clustering algorithm resulted in several
large, interconnected clusters and some smaller clusters of only a few gene sets. This
impression was further supported by the colour of the nodes, which represented the
cluster membership of each node. As the Fuzzy clustering algorithm allows nodes to
be part of several clusters, a discrete colour palette, like the one used in GeDi, cannot
fully reflect the cluster membership of each node, as multiple memberships cannot be
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properly represented. Hence, the results should be interpreted cautiously when using the
Fuzzy clustering algorithm and colouring the nodes by their cluster membership. In or-
der to support the interpretation of the results, the hovering tooltip (see Figure 14 in
Section 2.5.3) was used to explore the clusters in more details, specifically the largest,
interconnected cluster in the middle of the shown network. This showed that the gene
sets in these interconnected clusters are mainly involved in biological functions of cell
division, especially involving the mitotic spindle, and T cell differentiation and prolif-
eration; two larger biological themes, which had already been observed as clusters in
Figure 39.

w S

Figure 40 — Fuzzy Clustering of the pMM Distances
The figure shows the Fuzzy clustering results of the pMM distances. Each node represents a gene set, and the
edges reflect the similarity between them. The node colour was chosen to represent the cluster membership of
each gene set.

Following the results using the pMM distance score, the GO distances were used for
clustering, in order to evaluate the different characteristics and behaviours of the clus-
tering algorithms as well as distance metrics. In Figure 41, the clustering results of the
Louvain clustering algorithm based on the GO distances can be seen. At first sight, the
clustering results seem to be rather similar compared to the results shown in Figure 39.
This observation was also reflected in the number of resulting clusters, with 49 final clus-
ters for the GO-Louvain combination and 41 clusters in the pMM-Louvain combination.
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In the heatmaps shown in Figure 36, it could already be observed that the pMM and
GO distances were rather similar for the used dataset, which was now further supported
by similar clustering results. Also, in terms of biological functions and pathways, the
results were overall similar, with larger topics being cell division, T cell proliferation and
protein localisation and transport.

@J@v%

Figure 41 — Louvain Clustering of the GO Distances
The figure shows the Louvain clustering results of the GO distances. Each node represents a gene set, and the
edges reflect the similarity between them. The node colour was chosen to represent the cluster membership of
each gene set.

Finally, the GO distances were clustered using the Fuzzy clustering algorithm. The
resulting clusters can be seen in Figure 38D. For these clustering results as well, a high
similarity to the clustering results based on the pMM distances could be observed, with
the GO-Fuzzy combination resulting in the identical number of clusters as the pMM-
Fuzzy combination. Once again, it was observable that the clustering algorithm returned
a few, strongly interconnected clusters and a variety of smaller clusters of only a few
gene sets. Two of these large, interconnected clusters were further analysed using the
other visualisations available in GeDi. In Figure 38E and F, word clouds of the highlighted
clusters are shown.

As GeDi does not (currently) support the generation of a word cloud based on
several clusters directly in the Shiny application, | first extracted the gene sets in-
volved in these clusters using the tooltip feature of the graph representation. After-
wards, | used these lists of gene sets to generate subsets of the original functional
enrichment results outside of GeDi's Shiny application and plot word clouds based
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on these subsets. The code for these word clouds, as well as the other figures shown
in this thesis, can be found in the GitHub repository accompanying this thesis (https:
//github.com/AnnekathrinSilvia/GSE130842_Showcase) to ensure the reproducibil-
ity of the shown results.

The word clouds of Figure 38E and F show that the overarching themes of these
clusters seem to follow the lines of cell differentiation and regulation, especially for
alpha-beta T and immune cells (Figure 38E), as well as pathways of protein localisation
and transport. These patterns were repeatedly found in the four different combinations
of clustering algorithms and distance scores, highlighting their importance in the studied
dataset.

The comparison of clustering algorithms revealed that, despite variations in cluster
numbers and composition, consistent biological themes were be found in the data. In-
terestingly, it seemed like the results were more influenced by the choice of clustering
algorithm than by the underlying distances, suggesting that the pMM and GO distances
were quite similar for the Treg dataset.

3.3.4.3 Reproducibility using the Report Feature

A usual data exploration session using GeDi is intended to end with the generation of
an HTML report, summarising the different exploration steps and results of the dataset.
This report can be further enhanced using the bookmarking feature, with which indi-
vidual gene sets and clusters can be bookmarked in the Distance Scores and Clustering
Graph panel.

During the exploration session on the Treg dataset, | bookmarked various gene sets
and clusters using the 'Bookmark’ button, which can be found in the header of the
application (Figure 42A). The bookmarked entities are summarised in the Report panel.
This panel features intuitive visual summaries of the amount of bookmarked gene sets
and clusters (Figure 42B & C) as well as tables listing the bookmarked entities. The
tables provide additional information for the bookmarked gene sets and clusters, such as
the description of the gene sets (if available in the input data), the member gene sets
and their descriptions for the individual clusters.

In the presented use case, gene sets associated with various T cell pathways, such
as "alpha-beta T cell differentiation involved in immune response", "regulation of T
cell differentiation" and "CD4-positive, alpha-beta T cell activation", were bookmarked.
Additionally, | bookmarked the largest cluster from the previously highlighted, intercon-
nected clusters in Figure 38D, which were clusters 20 and 35. The gene sets in these
clusters were mainly involved in pathways of T cell differentiation and protein localisation.
In a last step during the exploration of the data, the Report panel was used to generate
an HTML report via the 'Start the generation of the report’ button (Figure 42D).
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Figure 42 — The Report Panel of GeDi
The figure shows the Report panel of GeDi, which summaries the entities bookmarked in other panels of the
application using the 'Bookmark’ button (A). Small boxes provide a brief summary on the number of
bookmarked gene sets (B) and clusters (C). This panel also supports the generation of an HTML report via
the 'Start the generation of the report’ button (D).

As most research endeavours are usually not the work of a single person but involve
collaboration within and across various research groups, an easy way to share results and
findings is desired and needed. In GeDi, this was addressed by the report feature. The
generated HTML report features sections for each of GeDi's panels, highlighting the key
results and exploration steps, as well as a dedicated section on the bookmarked gene sets
and clusters. The report concludes with a section documenting the session information,
containing information about the R environment, such as the used R version and all
package versions of the local machine. The GitHub repository accompanying this thesis
(https://github.com/AnnekathrinSilvia/GSE130842_Showcase) includes not only
a script documenting all of the data processing steps, but also the HTML report of the
described GeDi session to ensure full reproducibility of the presented results. Addition-
ally, this is intended as a means to highlight the convenience and importance of the
application's report feature.

With the functionality detailed in this thesis, GeDi aims to enhance the reporting
standards for functional enrichment analyses in published research, while also advancing
the interpretation of these results to drive new research directions and hypotheses. The
exploration of the Treg dataset demonstrated how GeDi efficiently clusters and inter-
prets functional enrichment results, consolidating the initial 500 gene sets into fewer,
meaningful clusters.
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This aggregation revealed overarching biological themes, such as T cell differentia-
tion as well as protein localisation and transport. While these might have already been
implied from top hits of the functional enrichment results list, such as "cell division"
and "intracellular protein transport", these themes have been refined through the aggre-
gation in GeDi. This provided an overall better overview of the data, as even smaller,
more specific pathways were highlighted in the results. These might otherwise have been
overlooked or lost in the extensive list of functional enrichment results. Consequently,
the exploration of the dataset with GeDi provided a more comprehensive understanding
of the underlying biological pathways and patterns.
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4 Discussion

In this thesis, | presented my R package GeDi, demonstrating how it can be used to
streamline the exploration and interpretation of functional enrichment results. Through a
comprehensive literature review, | confirmed a concerning lack of proper documentation
and reporting of functional enrichment analysis procedures across published research,
which highlighted and validated the need for tools like GeDi. Additionally, this thesis ex-
plored the significance of standardised analysis workflows and the benefits such workflows
offer, including enhanced transparency, reproducibility, and efficiency in data analysis.

In this chapter, | will summarise and reflect on the key aspects of the work presented
in this thesis. Section 4.1 will emphasise the importance of standardised workflows and
discuss how we addressed these in our published manuscript [Ludt et al., 2022]. On the
note of standardised procedures, Section 4.2 will revisit the conducted literature review,
broadening its implications and discussing future work planned in this context. After-
wards, Section 4.3 will focus on the design choices of the GeDi package and compare
the work to similar tools, before Section 4.4 will discuss the results found in the show-
case. Lastly, in Section 4.5, | will touch upon the current limitations of the package,
proposing solutions and future enhancements of the work.

4.1 The Importance of Standardised RNA-Sequencing
Analysis Workflows

In recent years, advancements in high-throughput sequencing have made these tech-
nologies increasingly accessible and feasible. As a result, sequencing data has become an
integral part of research across many fields, with numerous published studies incorporat-
ing different types of sequencing data [Van Den Berge et al., 2019; Delacher et al., 2020;
Huang et al., 2023; Kodali et al., 2023]. Consequently, the volume of data generated
has grown rapidly, posing the need for efficient methods for processing, analysing and
interpreting these datasets [Girolami et al., 2006; Akhmedov et al., 2020]. In order to
manage this complexity and the amount of data, it is essential to adopt standardised
workflows, irrespective of the study or research question at hand. Such workflows not
only ensure the reproducibility of analyses but also promote consistency across different
studies and datasets.

In this thesis, | have presented a standardised analysis workflow for bulk RNA-
sequencing data, as detailed in our publication [Ludt et al., 2022]. The workflow simplifies
the complex process of analysing bulk RNA-seq data by offering clear, well-documented,
step-by-step analysis protocols. The article includes three Basic Protocols - exploratory
data analysis, differential gene expression analysis and interpretation of the results - fol-
lowing the usual data analysis steps of bulk RNA-seq data (Figure 2 & Figure 15). By
structuring the article and workflow in this way, we were able to provide detailed docu-
mentation for each step without burdening the reader or sacrificing readability.

This division of the workflow is also reflected in the three R packages discussed in the

article - pcaExplorer [Marini, Binder, 2019], ideal [Marini et al., 2020] and GeneTonic
[Marini et al., 2021]. Each of the Basic Protocols of the manuscript introduces one of
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the packages and its included, interactive Shiny application. These applications enable
users to interact with and explore RNA-seq data without needing to write R code them-
selves.

By offering a user-friendly interface, even those with minimal coding experience can
perform complex analyses effortlessly. This transition from manual coding to interac-
tive applications not only simplifies the workflow but also makes it more accessible to a
broader audience. Additionally, these interactive tools foster collaboration by providing
an easy-to-use platform that multiple researchers can engage with, ensuring that anal-
yses are performed consistently and reproducibly across different teams [Supek et al.,
2011; Akhmedov et al., 2020; The Galaxy Community, 2024].

In order to further support collaboration and reproducibility, each of these Shiny
applications features an option to generate HTML reports. These reports document the
steps taken in the analysis workflows, including code snippets and details on the software
packages used. These reports not only guarantee the reproducibility of the analysis but
also facilitate collaboration by providing a shareable format that can be easily reviewed
by others.

Additionally, to foster and enhance the transparency of the analyses, the reports in-
clude code chunks of the underlying R code, as well as a summary of all used R software
packages and versions at the end of each report, following current best practices for re-
producible research [Stodden et al., 2013b; Markowetz, 2015; Munafo et al., 2017]. This
approach aids users with limited coding experience by allowing them to see the code in
context, fostering a learning experience. For more experienced users, the code snippets
serve as a foundation that can be customised or extended for specific research projects,
thus combining the convenience and ease-of-use of Shiny apps with the flexibility and
adaptability of direct coding.

With GeD1i, | developed an additional package that seamlessly integrates into the ex-
isting workflow presented in Ludt et al. [2022]. In order to achieve this integration, GeDi
also accepts GeneTonicList objects as possible input format, effectively offering a po-
tential "Basic Protocol 4" dedicated to the exploration and interpretation of functional
enrichment analyses (Figure 20). This addition addresses a former gap in our protocols,
where users previously still resorted to manual inspection of the functional enrichment
results.

Besides the extension of our presented standardised workflow, we are continuously
exploring ways to extend the functionality of the existing packages to align with recent
research advancements. While bulk RNA-sequencing still remains a staple across a wide
array of research scenarios, its single-cell counterpart has gained increasing attention
in recent years. Considering the advancements seen in bulk RNA-seq, it is likely that
similar, future improvements will also tackle current scRNA-seq challenges, such as the
problem of generally high costs and data sparsity, potentially making it the new standard
in RNA-sequencing within a few years [Ldhnemann et al., 2020; Boakye Serebour et al.,
2024]. To keep pace with these developments, our research group plans to extend the
functionality of all packages in the workflow to also accommodate scRNA-seq data.
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Furthermore, we continually update our workflows by integrating new methods and
refining the existing code base, for example, through the recent introduction of our
R/Bioconductor package mosdef [Dammer, Marini, 2024] into the code base. mosdef
provides functionality for the most widely used steps in differential gene expression anal-
ysis workflows - such as the calculation of differentially expressed genes and functional
enrichment results or the generation of various visualisations - thus providing a unified
interface for these common steps. As such, the mosdef package consolidated and re-
placed formerly duplicated code across the three packages pcaExplorer, ideal and
GeneTonic. This simplified the overall code structure and lead to easier maintenance of
the whole code base, as changes and updates now only need to be applied once, thereby
promoting consistency and reducing redundancy.

Through these ongoing efforts, we aim to maintain and refine our standardised work-
flow, ensuring not only reproducibility and transparency but also adaptability to recent
research developments.

4.2 Assessing the Reporting Standards of Functional
Enrichment Analyses

The literature review conducted in this thesis confirmed the gap for an easy-to-use,
widely available tool for the exploration and interpretation of functional enrichment anal-
ysis results and validated the need for tools like GeDi.

Out of the 56 articles including functional enrichment analysis, less than 25% suffi-
ciently documented their methods, indicating that most results could not be reproduced
based on the provided information. In this context, there was a slightly higher standard
observed in articles published in the high-impact journals Cell, Nature or Science. But
still, more than half of the reviewed articles from these journals failed to specify critical
details such as the statistical tests or software functions used, hence impeding repro-
ducibility of the results.

All of the articles from these journals, however, included at least broad levels of
documentation, whereas in the earlier literature searches, some articles lacked details
entirely. Additionally, evaluating the introduced completeness score revealed that both
articles fulfilling all nine of the evaluated criteria were published in these journals, as well
as two out of three articles that had a completeness score of 8 points. But this was only
a small fraction of all the reviewed articles, as 91% fulfilled at most 7 of the evaluated
criteria, and 45% had 5 points or less.

Certainly, not every evaluated criteria is equally important for the reproducibility of
the results — for instance, a detailed description of the method used is more critical than
a visual representation of the results. While this might not be properly reflected by the
simple scoring scheme applied, it still showed that the majority of articles missed critical
information in their documentation, when ideally they should fulfill all of the evaluated
criteria.
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Additionally, there was a clear trend in the approach used to select the subset of
gene sets the authors highlighted in their article. Of the articles that provided a rationale
for selection, over 60% used "top" or "p-value" as criteria, suggesting that only the
most significant results were emphasised. This may indicate that researchers were over-
whelmed by the amount of available results, which are usually returned as extensive, long
lists of gene sets, ultimately leading to an incomplete analysis and the loss of valuable
information and insights.

During this literature review, | also evaluated the code availability of the reviewed
articles. Only 25% of the 56 articles provided access to the analysis code used. While a
thorough documentation of the used methods, software and tests enables the replication
of the presented results, having the analysis code available adds another important layer
of reproducibility, potentially compensating for any missing information in the article
itself. Furthermore, providing the analysis code promotes greater transparency and col-
laboration, enabling other researchers to validate findings and use the same methods in
their own studies. It allows for the detection of potential errors, improves efficiency by
eliminating the need to recreate analysis pipelines, and ensures consistency in results,
ultimately supporting scientific integrity and progress [Stodden et al., 2013b; McKiernan
et al., 2016; Goldacre et al., 2019; Page et al., 2022].

Overall, this literature review revealed that a consistent standard for reporting func-
tional enrichment results is still lacking. It is evident that there is a clear need for tools
that streamline the interpretation process. Researchers may be overwhelmed by the sheer
volume of data produced by functional enrichment analyses, leading to an overemphasis
on a narrow selection of results and potentially overlooking key insights.

In the future, our research group plans to extend this literature review to cover a
wider range of publications, hence providing an even more thorough view on the current
standard of functional enrichment reporting in published literature. The literature review
in this thesis mainly focused on the documentation as well as the result presentation of
the conducted analyses to evaluate the benefits that tools like GeDi could bring to the
exploration and interpretation of functional enrichment results. In future work, we also
plan to focus on the parameters evaluated in the work by Wijesooriya et al. [2022]: In
contrast to the literature review presented here, Wijesooriya et al. focused their evalua-
tion more on the correct execution of functional enrichment analyses, assessing factors
such as background gene lists and multiple testing corrections. Combining both sets of
evaluation parameters would allow for a more thorough assessment of both execution
and reporting standards.

We also aim to use machine learning and large language models to improve the search
for relevant literature. Using the search methods employed in this thesis, more than 40%
of the sampled and reviewed articles did not include enrichment analysis results along
the lines of the definition in Section 1.3, despite using queries of the type "Enrichment
AND Analysis". A properly trained large language model could not only improve the
search for articles, but also filter the ones not fitting the search criteria early on, hence
leading to a more efficient selection of articles.
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Furthermore, our group is currently working on an R/Bioconductor package aimed
at facilitating the documentation process for functional enrichment analyses. While GeDi
supports the exploration and interpretation of functional enrichment analysis results, it
does not include functionality to perform the actual analysis nor to facilitate the docu-
mentation of the conducted analysis. In contrast, the new package is designed to ensure
reproducibility by capturing all relevant metadata, such as software versions, background
genes, and genome indices versions, directly within the result object during the func-
tional enrichment analysis. Its core concept involves providing wrapper functions around
currently available functional enrichment implementations in Bioconductor and CRAN
(e.g., topGO or clusterProfiler), which execute these functions while also capturing
the metadata. The package will also include functionality that allows the generation
of "Material and Methods"-like summaries of the conducted analysis. These summaries
could be directly included in publications, hence streamlining the analysis and documen-
tation of functional enrichment analysis. Once finalised, this package will be seamlessly
included in our standardised workflow. It will also be compatible with GeDi, hence en-
suring that we provide users with a streamlined workflow to execute, document, explore
and interpret functional enrichment analyses.

4.3 The Power of GeDi

In many research fields, a recurring question centers around the identification of
pathways or biological functions affected under various conditions. This could involve
the study of diseased versus healthy subjects, knockout versus control samples, or other
multi-group experimental designs. To detect these pathways and biological functions,
functional enrichment analysis is often the method of choice. With the rapid growth and
advancement of high-throughput sequencing technologies, however, the amount of data
needing to be processed, analysed and interpreted has skyrocketed.

An additional factor increasing the number and amount of results to analyse is the
fact that there is usually not a one-to-one relationship between datasets and functional
enrichment results, as the number of comparisons increases when multiple conditions are
analysed. For example, while two conditions result in a single comparison, three condi-
tions lead to three comparisons, and four require six, causing a quadratic increase in the
number of comparisons as the number of conditions grows.

Interpreting these results to draw meaningful conclusions is often the most challeng-
ing step of omics data analysis, as it requires both, expertise and a considerable amount
of invested time. However, while the demand for computational biologists and bioinfor-
maticians rises, not every research group has the resources to hire dedicated specialists.
Consequently, existing group members - who may lack sufficient training in bioinformat-
ics - often find themselves responsible for data analysis. These situations can lead to a
significant bottleneck in the data analysis process as researchers try to balance acquiring
new technical skills with their ongoing work - an issue many collaborators in our network
reported, highlighting the need for tools that facilitate the analysis and interpretation
of complex datasets, particularly for those research group members who only possess
minimal coding experience.
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In order to address this problem and extend our suite of interactive R/Biocon-
ductor packages for bulk RNA-seq analysis, | developed GeDi, a package designed to
streamline and facilitate the interpretation of functional enrichment results. It offers
both stand-alone functionality as well as interactivity via a Shiny application, making
it accessible to a broad range of users, from those with minimal coding experience to
proficient R users. Additionally, a demo version of the Shiny app is available online
(http://shiny.imbei.uni-mainz.de:3838/GeDi), allowing users to explore the tool
without needing to install R or the package itself. Although some features, such as the
download of intermediate results or the generation of reports, are limited in the demo
version, it still offers a robust solution for users who may lack the computational infras-
tructure to install the package locally.

GeDi is implemented as an R package and available on Bioconductor. This design
decision was made early in the tool's development, driven primarily by the widespread
use of R for the analysis of biological data, as reflected in the large number of available
(Bioconductor) packages. Another important factor influencing this choice was the pre-
existing suite of R/Bioconductor packages developed within our research group. GeDi
emerged as part of our ongoing work, including our manuscript "Interactive and Repro-
ducible Workflows for Exploring and Modeling RNA-seq Data with pcaExplorer, Ideal,
and GeneTonic" [Ludt et al., 2022]. From the outset, a key requirement for GeDi was
seamless integration into our workflow, in order to not only streamline and facilitate
the interpretation of functional enrichment results, but also to extend our comprehen-
sive suite of packages for the analysis of bulk RNA-seq data through an additional, and
certainly needed, component. In order to achieve this, one of the available input data
formats of GeDi is the GeneTonicList object; an input format which is already used in
GeneTonic.

Furthermore, GeDi's implementation as a Bioconductor package offers advantages
beyond just seamless integration into our workflow. As part of its implementation as
a robust R package, GeDi includes an extensive set of unit tests designed to verify its
functionality, even in edge cases. At the time of writing, the package achieves 95% code
coverage, meaning that most of the source code is executed and validated during test-
ing. This test suite, which is executed regularly during Bioconductor's daily and weekly
builds, ensures that both the Shiny application and stand-alone features function as
intended and safeguards against unintended alterations of existing functionality during
future updates and extensions.

The package's submission to Bioconductor also means adherence to rigorous package
development guidelines, including structured and well-documented code, unit testing and
a vignette detailing its functionality. Moreover, Bioconductor implements a peer-review
process for new submissions, ensuring that each new package is carefully inspected by
experienced developers, guaranteeing that it meets the community standards before in-
clusion. Once part of the community, packages benefit from the platform’s biannual
release cycle, which ensures the compatibility of the packages with the latest R versions
as well as with each other. During the release cycle, packages are intensively checked
for compatibility issues, and package developers are informed about necessary updates
to their packages, ensuring that a consistent and stable Bioconductor environment is
maintained. Additionally, being part of Bioconductor's ecosystem enhances GeDi's inter-
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operability with existing packages, broadening its potential user base and making it an
accessible tool for a wide range of researchers.

The core concept of GeDi is centered on the calculation of distance scores for the
gene sets of functional enrichment results, followed by clustering the data based on these
scores. This approach was chosen as it is easy to understand and interpret, yet powerful
enough to uncover underlying patterns and themes from the data. Additionally, GeD1i in-
corporates biological network data from protein-protein interaction networks to account
for the fact that biological processes and connections are not only observable at the gene
level, but mostly take place at the protein level.

As distance metrics, six different available distance scores were chosen: the Meet-
Min distance, the Jaccard distance, the Kappa distance, the Protein-Protein weighted
Meet-Min distance, the Sgrensen-Dice distance and the GO semantic distance score. The
first three as well as the fifth score are solely set-based, usually quantifying the overlap
between two gene sets and afterwards scaling this factor (e.g., by the combined size
of both sets or the size of the smaller set). As such, these scores are easily calculated,
interpreted and especially useful in scenarios where focus is on the gene overlap between
gene sets. This could be studies in which the underlying difference between conditions
is based on individual genes such as cystic fibrosis, sickle cell anemia or Huntington's
Disease [Dayalu, Albin, 2015; National Heart, Lung, and Blood Institute, 2024; Xu et al.,
2024]. The pMM score of Yoon et al. [2019] on the other hand, as an extension of the
MM score, is based on a set component as well as a network component that includes
protein-protein interaction information. Hence, this score can be used to capture the
nuances of biological interactions and functions, which might be helpful in research en-
deavours where it is not clear from the start what is to be expected from the data.
Lastly, GeDi implements the GO semantic distance, a distance score specifically based
on and usable only for GO identifiers. This score can be applied to leverage the inherent
interaction information of the GO database and its identifiers. As GO terms were the
most commonly used identifiers found in the literature review (Section 3.2, Figure 16
to 18), it shows that the database is widely used in the community and hence the score
can be valuable for a lot of research endeavours.

Additionally, GeDi integrates several clustering algorithms that can be broadly cate-
gorised by their clustering characteristics: those that partition data into distinct clusters
(Louvain and Markov), those that allow for overlapping clusters (Fuzzy), and those that
require a predetermined number of clusters (PAM). With these properties, the GeDi
package can be applied to various kinds of biological data. The Louvain algorithm is
particularly well-suited for large-scale networks, offering scalability and hierarchical clus-
tering. Due to this, it is ideal for detecting large, cohesive gene or protein modules, such
as those involved in immune responses or regulatory networks related to diseases like
Alzheimer's [Lee et al., 2024; Yi et al., 2024]. The Markov clustering algorithm on the
other hand is optimised for complex, interconnected biological networks. It efficiently
identifies clusters by simulating random walks through a network, allowing densely con-
nected areas to form clusters while sparse regions disappear. This makes it well-suited
for data where clusters overlap or are noisy, as it can naturally separate them through
its iterative process of expansion and inflation. Examples of applicable scenarios are the
analysis of developmental stages, where gene or protein expression changes gradually
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over time, but distinct stages (early vs. late) must be identified [Jones et al., 2020].
Another great use case is the analysis of protein-protein interaction network data from
which larger protein complexes or pathways should be identified [Huttlin et al., 2017].
Fuzzy clustering on the other hand excels in cases where genes or proteins belong to mul-
tiple processes or functions, such as cancer biology [Zeng et al., 2021; He et al., 2023].
Lastly, PAM clustering is robust to outliers, works well for small to medium datasets, and
is flexible in handling non-Euclidean distances, offering interpretability by using actual
data points as medoids. It is especially valuable when clear, non-overlapping clusters are
expected.

Given the increasing need for effective tools to interpret functional enrichment results,
GeDi contributes to a broader array of tools and implementations designed to address
this challenge. Many of these existing tools emphasise the visualisation of enrichment
data, enhancing interpretability and facilitating deeper insights.

One well-known example is Enrichr, a widely used web-based platform that retrieves
biologically enriched pathways based on input gene lists. It integrates databases such
as GO and KEGG to provide a quick, user-friendly solution for functional enrichment
analysis [Chen et al., 2013; Kuleshov et al., 2016]. Enrichr offers wide accessibility and
user-friendliness, allowing real-time computations and result visualisation through an in-
tuitive web interface. However, it differs from GeDi in several key aspects. For instance,
Enrichr computes the functional enrichment itself, whereas GeDi primarily focuses on
exploring and interpreting precomputed enrichment results.

Additionally, Enrichr requires users to input Entrez gene identifiers, limiting flexibility
for other types of gene annotations, while GeDi allows a broader range of identifiers.
While there is also the enrichR R package, which offers an interface to and the integra-
tion of Enrichr into scripted workflows, the tool focuses on the calculation of functional
enrichment results. In contrast, GeDi is focuses on the interpretation and exploration of
the results. Therefore, both tools should be seen as complementary, with each bringing
its own unique strengths, and their combined use providing a more thorough and com-
prehensive way of analysis.

Another great example for an excellent tool is GScluster, which was developed
alongside the pMM distance score by Yoon et al. [2019]. Like GeDi, GScluster is highly
focused on the interpretation and reduction of redundancy in functional enrichment re-
sults. Both tools aim to group gene sets into clusters that represent distinct biological
processes, facilitating easier exploration and interpretation of large datasets.

The work by Yoon et al. [2019] also features a Shiny application for interactive ex-
ploration of the results. However, their work has some limitations and drawbacks. While
GScluster also offers the integration of PPI information into the analysis, their tool is
limited in the number of species that can be used for the analysis. In fact, GScluster only
supports the analysis of ten species, namely, human, mouse, rat, arabidopsis thaliana,
C.elegans, E.coli, fly, rice, yeast and zebrafish, and does not provide the user with the
possibility to download the respective PPI data, which limits its applicability to non-
model organisms.
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Additionally, GScluster only implements a limited set of distance metrics (MM,
Kappa and pMM) and a single clustering algorithm (Fuzzy clustering from the DAVID
database). This restricts its applicability, as these options may not be suitable for all data
types and analyses. GeDi on the other hand, implements six different distance metrics
and four different clustering algorithms to broaden its area of applicability.

With its functionality, GeDi aims to address a key bottleneck in the exploration
and interpretation of functional enrichment analyses by offering tools that facilitate a
more streamlined and efficient analysis process. Unlike existing solutions, GeDi provides
a broader range of features that allow users to aggregate extensive lists of functional
enrichment results into clusters of functionally related gene sets.

This aggregation simplifies the interpretation by highlighting overarching biological
themes, reducing redundancy, and making it easier for researchers to identify key pat-
terns and insights within complex datasets. By doing so, GeDi not only enhances the
clarity of results but also accelerates hypothesis generation and further exploration.

4.4 Exploring GeDi's Impact on Transcriptome Data
Interpretation

This thesis demonstrated the functionality of GeDi through the analysis of a pub-
licly available murine bulk RNA-sequencing dataset. The data, originally published by
Delacher et al. [2020], consisted of 56 bulk RNA-seq samples of various tissues and
conditions. After thorough discussions with the original authors, | focused on compar-
ing the Klrgl-negative Nfil3(GFP)-negative Tregs (Klrgl Nfil37) and Klrgl-positive
Nfil3(GFP)-positive Tregs (Klrgl *Nfil3*) samples to demonstrate the advantages of
standardised workflows and showcase the benefits and functionality of GeDi.

Initial exploratory data analysis using pcaExplorer confirmed the high quality of
the data, showing consistent read counts across samples (Figure 22D). The PCA plot
(Figure 23A) further indicated that the samples’ condition was the primary source of
variation, aligning with the original experimental design described by Delacher et al.
[2020]. During this analysis, the expression levels of Areg, 1110, Klrgl, and Nfil3 were ex-
amined across the two conditions, showing higher expression in Klrgl "Nfil3" compared
to Klrgl "Nfil3™. These findings align with previous work by Delacher et al. [Delacher
et al., 2017, 2020], which identified Areg and 1110 as key marker genes of the tisTregST?2
subpopulation. Both Klrgl "Nfil3" and Klrgl ~Nfil3~ are precursor cells of this subpop-
ulation, with Klrgl*Nfil3" representing a later precursor stage, thus displaying gene
expression patterns more similar to the tisTregST2 cells.

Subsequently, the differentially expressed genes as well as enriched pathways were
determined using ideal. The analysis identified roughly a quarter of all expressed genes
as differentially expressed, with the top hits being Ctla4 and Ccr7, which are genes
involved in negative regulation of T cell response and positive regulation of immune
response, respectively. Klrgl was identified as the gene with the highest positive log2FC,
again showing consistency with the experimental design of the data, where its expression
was used to distinguish Treg cell subpopulations [Delacher et al., 2020]. Other genes
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with high, positive log2FC included Cc2d2a, Ccrl0 and Tigit. These genes are involved
in processes of protein localisation to ciliary transition zone, chemotaxis and negative
regulation of T cell activation. They also highlight the differences in gene expression
between the two subpopulations of Treg cells in the samples, showcasing the different
expression profiles which arise due to the differentiation of the cells into the tisTregST?2
subpopulation.

Furthermore, a functional enrichment analysis was conducted on the data using the
topGO package from within ideal (see Figure 29). This analysis revealed "cell division"
(GO:0051301) as the affected pathway with the smallest p-value. However, among the
top hits were also "positive/negative regulation of apoptotic processes" (GO:0043065,
GO:0043066), "positive regulation of T cell cytokine production" (G0O:0002726) and
"intracellular protein transport" (GO:0006886). These pathways suggest that the differ-
ent subpopulation of Treg cells in the samples are undergoing differentiation towards the
more specialised tisTregST?2 subpopulation. Afterwards, the results were explored using
GeneTonic, which provided first insights into the connection and relationships between
the individual gene sets of the functional enrichment results.

In the next phase, the functional enrichment analysis results were analysed in-depth
using GeDi. Initially, in the Data Input panel of GeDi, gene sets with a size of more than
200 genes were filtered to prevent hub gene sets from distorting the clustering analysis
and to remove very broad and general terms, such as "biological process", "cellular
biosynthetic process" or "organelle organization". In order to highlight different distance
metrics, | chose the pMM as well as the GO distance score to present in this thesis. The
calculated distances showed an overall high similarity, with most gene set pairs having
a distance close to or of 1 (see Figure 36F & G). Around the diagonal, there were dif-
ferences observable between the two chosen distance scores with the GO distance score
having larger areas of white and light-blue colour (i.e., distances around a value of 0.5).
This indicated that these gene sets had smaller distances when scored with the GO dis-
tance score compared to the pMM score.

Clustering was performed using the Louvain and Fuzzy clustering algorithms. Once
applied to the Treg dataset, their individual characteristics could be nicely explored,
with the Louvain algorithm partitioning the data into a few larger, distinct groups, while
the Fuzzy algorithm generated numerous highly interconnected clusters (see Figure 38
to 41). However, the differences in distances noted in the heatmaps were less apparent
in the clustering results. In the shown results, the number and overall composition of
clusters seemed to be more influenced by the choice of clustering algorithm compared to
the underlying distance score used. This suggested that the chosen clustering thresholds
of 0.5 were too small to capture the differences between the calculated distances. Hence,
it could be interesting in the future to evaluate various different clustering thresholds to
assess the influence of the chosen distance metric on the resulting aggregation of the
data.

Across all presented combinations of distance metrics and clustering algorithms, com-
mon biological themes and patterns were be observed, with the most prominent related
to differentiation and proliferation of T cells as well as protein localisation and transport.
This aligned with the biology of the Treg dataset, as Delacher et al. [2020] identified both
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Klrgl ~Nfil3~ and Klrgl "Nfil3* Treg cells as precursors of tissue-resident Tregs (also
called tisTregsST2), a subpopulation involved in tissue regeneration [Delacher et al.,
2020]. In this lineage, increasing expression of Klrgl and Nfil3 initiated Treg cell differ-
entiation from the earlier Klrgl “Nfil3~ state to the later Klrgl "Nfil3" stage, hence
explaining the large variety of pathways associated with the differentiation and prolif-
eration of T cells. With ongoing differentiation, these subpopulations of T cells also
change the type and amount of surface proteins and antigens they present, explaining
the prominent topics of protein transport and localisation in the results of the analysis
[Delacher et al., 2020].

Additionally, | evaluated the effect of different o values on the pMM score in this
thesis. For this analysis, the data was filtered to include only gene sets smaller than
10. This filtering aimed to shift the emphasis away from the set-based component of
the pMM score, which tends to be higher for larger gene sets with numerous associated
genes, and instead highlight the PPIl-based component. By focusing on smaller gene sets,
the PPI interactions were expected to have a stronger influence on the score, given the
limited potential overlap among genes.

The evaluation revealed only minimal differences across the various « levels (see
Figure 37). However, an overall trend could be observed, where gene sets with initially
smaller MM distances showed further reductions in distance when PPl information was
incorporated (see the zoomed section of Figure 37). However, there were no gene set
pairs observable in the heatmaps, whose initial distance score of 1 was reduced based on
PPI information alone. This indicates that for the data used in this thesis, the protein-
protein interactions observed are highly connected to the shared and overlapping genes
in the gene sets.

Overall, the showcase of this thesis demonstrated how our published standardised
analysis workflow can be used to streamline the analysis of published bulk RNA-sequencing
data. Additionally, the thesis showed how GeDi can be seamlessly integrated into this
workflow, improving the interpretation and exploration of functional enrichment anal-
ysis results. During the exploration, GeDiidentified similar biological patterns of T cell
differentiation and proliferation as the original authors, but also highlighted previously
unexplored topics of protein localisation and apoptotic pathways. These findings show-
case how GeDi can facilitate the exploration of functional enrichment results and provide
new directions for future research endeavours.

4.5 Limitations and Outlook of GeDi

During the development of my package GeD1i, several design choices were made, par-
ticularly the use of R and Shiny, and the integration into the Bioconductor ecosystem.
This choice was not only influenced by the existing R/Bioconductor infrastructure in
our group, aiming for GeDi to be seamlessly integrated into our standardised workflow,
but also by the high prevalence and use of R for the analysis of biological data across a
wide variety of research areas, provided by R's extensive framework and diverse package
support. However, while R is commonly used for the analysis of biological data, certainly
not all research groups use this framework, hence restricting the accessibility of GeDi.
To improve accessibility, one consideration is hosting the package on Galaxy, which is
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a widely used open-source platform for bioinformatic analyses [The Galaxy Community,
2024]. Galaxy's architecture supports the integration of R packages by converting the R
scripts into Galaxy tools; a set of files informing Galaxy how to run a particular analysis.
Developing and hosting a GeDi Galaxy tool could broaden the overall reach of GeDi,
while still leveraging R/Bioconductor’s benefits.

GeDi offers a variety of distance metrics and clustering algorithms. While this was an
implementation choice | specifically took to reduce bias in the analysis and interpretation
of the results, it should not be overlooked that this variety might inadvertently encour-
age selective interpretation or "cherry-picking" of results, thus leading to false-positive
results. As demonstrated in Section 3.3.4, the different distance scores and clustering
results can lead to different results, either in the calculated distances or the number
and composition of the resulting clusters. In this thesis, | compared the pMM and GO
distance score, as well as the results of the Louvain and Fuzzy clustering algorithms with
a murine bulk RNA-seq dataset. When observing the heatmaps shown in Figure 36, it
is apparent that both scores result in varying but overall similar heatmaps, which is also
reflected by the clustering results (Figure 38 to 41), in which similar biological themes
and patterns could be found. However, it is important to acknowledge that this consis-
tency may not apply to all datasets, and significant variations can occur. While exploring
different settings and parameters in GeDi (e.g., adjusting the value of « or the distance
thresholds) is encouraged, it is essential to approach the data without preconceived ex-
pectations to avoid biased interpretations.

Users should also exercise caution when comparing results, especially the distance
heatmaps available in GeDi. In the Shiny application of GeDi, the rows and columns of
the heatmaps are by default clustered by their calculated distances, which can result in
varying order and arrangements of the gene sets, making direct comparisons challenging.
Although the stand-alone version of the distanceHeatmap() function allows users to
disable clustering, this option is not yet available in the Shiny interface. To address this,
future versions of the app will include a feature to disable clustering of rows and columns
in the heatmaps. As an intermediate solution to ensure that the heatmaps shown in this
thesis, specifically in Figure 36 and Figure 37, are comparable, the rows and columns
of the resulting heatmaps were sorted to maintain a consistent gene set order, hence
ensuring that the heatmaps were directly comparable.

In GeD1i, reproducibility is ensured through the report generation feature. However, in
the current implementation of the package, the report will only capture the latest state
of the application, i.e., the selected distance metric and clustering algorithm from the
Distance Scores and Clustering Graph panel. Hence, the report currently does not record
all calculated distance scores or clustering results. While this may suffice in cases where
users are content with their final choices, comprehensive reporting of all analyses would
enhance reproducibility and reduce the risk of cherry-picking. Additionally, improvements
could include dynamic tables in the report, like linking bookmarked gene sets and clus-
ters to relevant databases for further exploration. Nonetheless, the current version of the
report has received positive feedback in the user community and from our collaboration
partners.
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While GeDi benefits from its integration into the R and Bioconductor communities,
leveraging widely adopted data structures and packages for easy incorporation into ex-
isting workflows, it also faces challenges related to package dependencies. As dynamic
and evolving communities, package features and functions may be updated or depre-
cated over time, potentially affecting GeDi's functionality. There are several ways to
address this challenge. One approach would be to reimplement certain features directly
within GeDi, although this is impractical for larger, essential packages such as Shiny,
igraph or the plotting framework of ggplot2. A more practical solution is the creation
of isolated environments where package versions remain consistent, ensuring reliable re-
analysis and stable functionality. This can be achieved using the renv package [Ushey,
Wickham, 2024], which manages dependencies and locks specific package versions. The
environment details are stored in a lockfile, which can be easily shared between collab-
orators, enabling the recreation of the same environment across different systems.

Additionally, future versions of GeDi aim to minimise package dependencies to reduce
the risk of disruptions in functionality. In order to achieve this, core functionality might
be directly implemented within the package to avoid reliance on external packages. Fur-
thermore, existing dependencies will be reviewed for overlapping functionality, and efforts
will be made to replace large dependencies with more lightweight, stable alternatives.
Where feasible, functionality provided by external packages could be substituted with
equivalent implementations using functions available in the base implementation of R to
further streamline the package.

GeD1i is specifically designed to handle large lists of functional enrichment results.
However, these large lists of gene sets present their own challenges, particularly regard-
ing memory usage and runtime. This is especially true for large datasets where calculating
distances, especially with the pMM score, demands substantial computational resources.
To address this, the BPPARAM argument was introduced in each distance scoring function
enabling the parallel execution of calculations, thus significantly improving performance.
However, parallel computing is currently not supported outside of the stand-alone ver-
sion of the distance scoring functions and currently under rework, because certain com-
binations of operating system and parallel backend lead to instabilities in the Shiny
application. The feature will be reintroduced to the Shiny app, as soon as stability is
ensured for all commonly used operating systems. Additionally, further improvements
in computational efficiency are planned for future versions of GeDi. These may include
optimising the way the PPI data is handled, such as replacing the current data.frame
object with a more efficient data structure that allows faster lookup times for its entries.
By doing so, GeDi could handle larger datasets more efficiently, further enhancing its
utility for analysing complex biological data.

An additional extension planned for GeD1i involves expanding the available databases
for the download of protein-protein interaction data. Currently, GeDi only supports the
STRING database, which is commonly used and offers PPI data for a wide range of organ-
isms. However, some users may prefer or require data from alternative PPI sources, such
as BioGRID and IntAct [Oughtred et al., 2021; del Toro et al., 2022]. To address this, our
group is developing a new R/Bioconductor package called NetworkHub, which will pro-
vide functionality for retrieving, caching, processing, and preparing PPI networks and their
associated information from multiple databases. Once NetworkHub is fully developed and
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available on Bioconductor, GeDi will integrate its functionality, offering users greater
flexibility in accessing PPI data from various sources. Readers can find the current devel-
opment of NetworkHub on GitHub (https://github.com/lottawagner/NetworkHub).

In conclusion, this thesis demonstrates the power of GeDi in streamlining the analysis
of functional enrichment results, highlighting its utility in interpreting complex biolog-
ical data. While showcasing the tool, interesting clusters of functionally related gene
sets could be identified, which illustrated how GeDi can be used to uncover interesting
patterns and connections in the data, which are not as easily recognisable in a manual
interpretation of the functional enrichment results.

With the features explored in this thesis, GeDi will hopefully contribute to an overall
improvement of the reporting standards of functional enrichment analyses in published
research, as well as advance the interpretation of such data, leading to new research
endeavours and hypotheses.
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Zusammenfassung

In den letzten Jahren hat sich die Bulk-RNA-Sequenzierung (RNA-seq) als Goldstan-
dard fiir die Transkriptomanalyse etabliert. Dadurch ist die Menge an generierten Daten
und Ergebnissen erheblich gestiegen. Diese Entwicklung erschwert jedoch zunehmend die
Interpretation, insbesondere bei der funktionellen Anreicherungsanalyse (hiernach Func-
tional Enrichment Analyse genannt). Functional Enrichment Analysen sind ein grundle-
gender Schritt in der Analyse verschiedener Omics-Datensatze. |hr Ziel ist es, differ-
entiell regulierte Signalwege zwischen experimentellen Bedingungen aufzudecken und
Einblicke in die zugrunde liegenden molekularen Mechanismen von Krankheiten und
bestimmten Phanotypen zu gewinnen. Aufgrund der vielfdltigen Anwendungsgebiete ex-
istieren zahlreiche Tools und Methoden zur Berechnung dieser Ergebnisse. Trotz ihres
Nutzens fiihren bestehende Methoden jedoch oft zu umfangreichen Listen von Gensets,
deren inhadrente Redundanz die Hypothesenbildung erschwert. Zudem beriicksichtigen
viele gangige Ansatze zur Auswertung von Functional Enrichment Analysen keine net-
zwerkbasierten Informationen. Durch Einbeziehung dieser Information kdnnten Interak-
tionen zwischen Genset-Mitgliedern besser in Kontext gesetzt und interpretiert werden.

Um diese Herausforderungen anzugehen und die Analyse und Interpretation von
Bulk-RNA-seg-Daten zu vereinfachen, haben wir einen standardisierten Workflow verf-
fentlicht, der reproduzierbare und interaktive Analyseprozesse mit den in unserer Gruppe
entwickelten R-Paketen unterstiitzt [Ludt et al., 2022]. Dieser Workflow fiihrt die Nutzer
Schritt fiir Schritt durch die einzelnen Phasen einer typischen RNA-seqg-Analyse, zeigt
bewahrte Verfahren und fordert die Reproduzierbarkeit. Wahrend der Entwicklung dieses
Workflows wurde jedoch ein bedeutendes Defizit offensichtlich: Es fehlte ein speziell en-
twickeltes Paket zur Vereinfachung der Interpretation von Functional Enrichment Analy-
sen. Unser zuvor entwickeltes Paket GeneTonic bietet zwar grundlegende Funktionen zur
Untersuchung solcher Ergebnisse, ist aber keineswegs auf diese Aufgabe zugeschnitten.
Folglich griffen viele unserer Kooperationspartner weiterhin auf die manuelle Durchsicht
der umfangreichen Ergebnislisten zuriick, um Muster und interessante Gensets zu identi-
fizieren und diese daraufhin mithilfe von Datenbanken wie der Gene Ontology (GO) oder
der Kyoto Encyclopedia of Genes and Genomes (KEGG) weiter zu erforschen. Dieser
Prozess birgt jedoch das Risiko einer verzerrten Interpretation, da vertraute und er-
wartete Gensets leicht erkannt werden, wahrend neue oder unerwartete Informationen
moglicherweise iibersehen werden — insbesondere aufgrund der groBen Anzahl verfiig-
barer Ergebnisse.

Um zu iiberpriifen, ob dieses Problem nur in unserer Forschungsgruppe und bei un-
seren Kooperationspartnern besteht oder ob es sich um ein groReres Problem innerhalb
der wissenschaftlichen Gemeinschaft handelt, habe ich eine Literaturrecherche durchge-
fihrt. Diese ergab, dass eine unzureichende Dokumentation und Berichterstattung iiber
die Methoden der Functional Enrichment Analyse weit verbreitet ist. Uber 75% der un-
tersuchten Studien gaben nur wenige Details zu ihren Analysen an, was es Fachkollegen
schwer bis unmdglich macht, die Ergebnisse zu verifizieren und zu reproduzieren. AuRer-
dem zeigte die Recherche, dass in verdffentlichten Studien hiufig Gensets hervorgehoben
werden, die aufgrund ihrer statistischen Signifikanz am Anfang der Ergebnisliste stehen.
Dies deutet darauf hin, dass die umfangreichen Ergebnislisten nicht immer vollstandig
untersucht werden, was dazu fiihren kann, dass wichtige Erkenntnisse verloren gehen.

117



Zusammenfassung

Im Rahmen dieser Dissertation habe ich daher ein R-Paket entwickelt, das die In-
terpretation der Ergebnisse der Functional Enrichment Analyse vereinfacht und effizien-
ter gestaltet. Das Ergebnis ist GeDi, ein R/Bioconductor-Paket, das Gensets basierend
auf verschiedenen AhnlichkeitsmaRen zu sinnvollen Gruppen (Clustern) zusammenfasst,
wodurch Redundanz reduziert und die Ubersichtlichkeit der Ergebnisse verbessert wird.
GeDi erreicht dies durch die Implementierung verschiedener Genset-Distanzmetriken
und Clustering-Algorithmen. Dariiber hinaus bezieht GeDi Informationen iiber Protein-
Protein-Interaktionen in die Analyse ein, um einen umfassenderen Einblick in die zu-
grunde liegenden biologischen Prozesse zu geben.

GeDi unterstiitzt eine interaktive Erkundung und detaillierte Analysen der Daten
durch eine integrierte Shiny-Anwendung. Zusatzlich ldsst es sich aber auch nahtlos in
bestehende Analyseworkflows integrieren. Dank der flexiblen Anwendungsmdoglichkeiten
richtet sich GeDi an eine breite Nutzergruppe — ein relevanter Aspekt angesichts der
zunehmenden Anzahl durchgefiihrter Functional Enrichment Analysen. Mithilfe von in-
teraktiven Visualisierungen und aggregierter Ergebnisse reduziert GeDi nicht nur den
Zeitaufwand, der fiir die Interpretation der Ergebnisse bendtigt wird, sondern minimiert
auch Verzerrungen, die durch manuelle Auswertung entstehen kdénnen. So ermdglicht
GeD1i eine effizientere und objektivere Dateninterpretation, wie in dieser Dissertation an
offentlich zuganglichen Bulk-RNA-seg-Daten gezeigt wurde.

Mit seiner Funktionalitdt fiir interaktive Datenerkundung, flexiblen eigenstandigen
Funktionen und der nahtlosen Integration in unseren standardisierten Bulk-RNA-seqg-
Workflow hat GeDi das Potenzial, die Berichtsstandards fiir Functional Enrichment Anal-
ysen in der wissenschaftlichen Forschung zu verbessern. Dariiber hinaus férdert GeDi
die Reproduzierbarkeit der Analysen durch die automatische Generierung von HTML-
Reports.

Durch die Verbesserung der Effizienz, Verfiigbarkeit und Reproduzierbarkeit der Daten-
interpretation hat GeDi das Potenzial, neue Forschungsansitze zu férdern und die En-
twicklung neuer Hypothesen zu erleichtern, was letzendlich den Bereich der Omics-
Analysen insgesamt voranbringen kann.
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Appendix

Appendix A: List of Data and Code Availability

The following table provides a comprehensive list of all external links referenced
throughout this thesis, along with a brief description of the content each link provides.
These links include repositories, datasets, software packages, and other relevant resources
that support the methodologies and findings discussed in the thesis. The links are ordered
according to their appearance in the thesis to maintain a logical flow and easy reference.

Number

Link

Description

https://annekathrinsilvia.
github.io/GeDi/reference/
index.html

https://www.biorender.com/

https://cran.r-project.org

https://www.bioconductor.org/

A link to the comprehensive doc-
umentation of GeDi's functionality,
which includes detailed documenta-
tion of the available functions and
function arguments of the package.

Biorender is a web-based design tool
which is frequently used to create
scientific illustrations and diagrams.
Biorender possesses a vast library of
pre-made icons and templates tai-
lored to life science and biological
processes.

The Comprehensive R Archive Net-
work (CRAN) is the official reposi-
tory for R packages, offering a vast
collection of software tools for data
analysis, visualisation, and statisti-
cal computing. It also provides doc-
umentation, manuals, and resources
for R users.

Bioconductor is a repository of R
packages focused on bioinformatics
and computational biology. It in-
cludes packages for genomic data
analysis, integration, and visualisa-
tion, supporting high-throughput se-
quencing, microarrays, and other
data types.
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List of Data and Code Availability

10

11

https://github.com/

https://bioconductor.org/
packages/GeDi

https://github.com/
AnnekathrinSilvia/GeDi

https://pubmed.ncbi.nlm.nih.
gov/

https://github.com/
imbeimainz/HIPSTER

https://www.bioconductor.
org/packages/release/data/
annotation/

http://shiny.imbei.uni-mainz.

de:3838/GeDi/

GitHub is a platform for hosting and
sharing code repositories, support-
ing collaboration on software devel-
opment projects. It provides tools
for version control, issue tracking,
and project management, making it
a key resource for open-source soft-
ware development.

The Bioconductor page for the GeDi
package, providing a summary of the
package as well as installation com-
mands.

The GitHub repository for the GeDi
package, containing source code, is-
sue tracking, and installation in-
structions for developers and users.

PubMed is a comprehensive
database of biomedical literature,
providing access to millions of
research articles, abstracts, and
references. In this thesis, Pubmed
was used for a manual literature
search.

The GitHub repository correspond-
ing to the literature review of
this thesis. The repository contains
the results of the manual Pubmed
search, as well as the R code of
the literature searches using the
pubmedR package. Moreover, the
repository includes the seed as well
as the code for the random sampling
of articles.

A link to the annotation packages
available in Bioconductor. These
packages provide information to an-
notate the raw experimental data
at hand with additional biological,
functional, structural or genomic
context.

The Shiny demo server of GeDi,
which allows users to explore and use
the application.
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List of Data and Code Availability

12

13

14

15

16

17

https://posit.co/products/
open-source/shiny-server/

https://www.shinyapps.io/

https://github.com/
AnnekathrinSilvia/GSE130842_
Showcase

https://doi.org/10.5281/
zenodo. 13843024

https://www.ncbi.nlm.nih.
gov/geo/query/acc.cgi?acc=
GSE130842

https://github.com/
lottawagner/NetworkHub

An information page on Shiny
Server, which is an open-source soft-
ware for hosting and deploying inter-
active web applications built with R.

A platform for deploying and sharing
Shiny web applications, which en-
ables users to host interactive data
visualisations and tools online.

The GitHub repository containing
the analysis and preparation code
used to analyse the Treg dataset in
this thesis. The repository also con-
tains the used input data, as well as
the code for some of the figures in-
cluded in this thesis.

The link to the Zenodo repository
containing the full evaluation of the
reviewed articles used in the litera-
ture review of this thesis.

The GEO entry GSE130842 of the
Treg dataset, which was used for the
showcase in this thesis. Under this
link, the transcriptome data, sam-
ple information, as well as the down-
loadable data files can be found.

The  GitHub  repository  of
NetworkHub, an R/Bioconductor
package currently under develop-
ment. Once completed, NetworkHub
will provide functionality for retriev-
ing, caching, processing, and
preparing PPl networks and their
associated information from multiple
databases.

Overview of the External Links
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Robbins, J. M., & Gerszten, R. E. (2023). Plasma Proteomic Kinetics in Response
to Acute Exercise. Molecular & Cellular Proteomics, 22(8), 100601.
https://doi.org/https://doi.org/10.1016/j.mcpro.2023.100601

Kodali, M., Madhu, L. N., Reger, R. L., Milutinovic, B., Upadhya, R., Gonzalez,
J. J., Attaluri, S., Shuai, B., Gitai, D. L. G., Rao, S., Choi, J. M., Jung, S. Y., &
Shetty, A. K. (2023). Intranasally administered human MSC-derived extracellular
vesicles inhibit NLRP3-p38/MAPK signaling after TBI and prevent chronic brain
dysfunction. Brain, Behavior, and Immunity, 108, 118-134. https://doi.org/
https://doi.org/10.1016/7.bbi.2022.11.014

. Jong Huat, T., Onraet, T., Camats-Perna, J., Newcombe, E. A., Ngo, K. C,,

Sue, A. N., Mirzaei, M., LaFerla, F. M., & Medeiros, R. (2023). Deletion of
MyD88 in astrocytes prevents (-amyloid-induced neuropathology in mice. Glia,
71(2), 431-449. https://doi.org/10.1002/glia.24285

Lian, X., Liu, B., Wang, C., Wang, S., Zhuang, Y., & Li, X. (2023). Assessing of
programmed cell death gene signature for predicting ovarian cancer prognosis and
treatment response. Frontiers in Endocrinology, 14(June), 1-17. https://doi.
org/10.3389/fendo.2023.1182776

. Xing, H., Jiang, X., Yang, C., Tan, B, Hu, J., & Zhang, M. (2023). High expres-

sion of RPL27A predicts poor prognosis in patients with hepatocellular carcinoma.
World Journal of Surgical Oncology, 21(1), 1-14.
https://doi.org/10.1186/s12957-023-03102-w

Le, H., Dimitrakopoulou, K., Patel, H., Curtis, C., Cordero-Grande, L., Edwards,
A. D., Hajnal, J., Tournier, J.-D., Deprez, M., & Cullen, H. (2023). Effect of
schizophrenia common variants on infant brain volumes: cross-sectional study in
207 term neonates in developing Human Connectome Project. Translational Psy-
chiatry, 13(1), 121. https://doi.org/10.1038/s41398-023-02413-6

Ma, Q., Ma, J., Cui, J., Zhang, C., Li, Y., Liu, J., Xie, K., Luo, E., Tang, C., &
Zhai, M. (2023). Oxygen enrichment protects against intestinal damage and gut
microbiota disturbance in rats exposed to acute high-altitude hypoxia. Frontiers in
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