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“After sleeping through a hundred million centuries

We have finally opened our eyes on a sumptuous planet
Sparkling with color, bountiful with life

Within decades we must close our eyes again

Isn’t it a noble, an enlightened way of spending our brief
Time in the sun, to work at understanding the universe

And how we have come to wake up in it?”

The Greatest Show on Earth, Nightwish & Richard Dawkins
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Zusammenfassung

Das Interesse an dem Protein PURA hat in letzter Zeit durch die Entdeckung des PURA-
Syndroms zugenommen. Diese seltene Krankheit wird durch De-novo-Mutationen im
PURA-Gen ausgelost und verursacht eine neurologische Entwicklungsstorung. Zuséatz-
lich tauchte PURA in Studien zu der Amyotrophen Lateralsklerose und dem Fragilen-X-
assoziierten-Tremor-Ataxie-Syndrom als neuroprotektiver Faktor auf. Das Protein PURA
wurde in vivo zumeist als DNA-bindendes Protein beschrieben. Bindestudien in witro
haben jedoch gezeigt, dass PURA RNAs mit derselben Affinitat bindet. In dieser Disser-
tation habe ich deshalb die zellulire RNA-Bindungsaktivitat von PURA in vivo unter-
sucht. Weiterhin habe ich die Verbinding der PURA RNA-Bindung zu molekularen und
zelluldren Veranderungen in Zellen mit beeintrachtigter PURA Funktion betrachtet, wie

sie auch in Patienten mit PURA-Syndrom auftritt.

Um die Bindung von PURA und die Auswirkungen des PURA-Mangels auf die zellulare
RNA- und Proteinexpression zu untersuchen, habe ich eine bioinformatische Analyse von
Hochdurchsatz-Experimenten durchgefiithrt. Ein wesentlicher Bestandteil war die Unter-
suchung von UV-Crosslinking-und-Immunoprézipitations-Experimenten (CLIP), mit de-
nen das globale RNA-Bindungsverhalten eines bestimmten Proteins im zelluldren Kontext
untersucht werden kann. Da die Verarbeitung und Analyse von CLIP-Daten recht kom-
plex sind, habe ich im Rahmen dieser Dissertation eine automatisierte Kommandozeilen-

Anwendung fiir die Verarbeitung von CLIP-Daten namens racoon_clip entwickelt.

Daher besteht diese Dissertation aus zwei Abschnitten. Erstens beschreibe ich den Aufbau
und die Verwendung von racoon_clip fiir die CLIP-Datenanalyse. Zweitens zeige ich meine
Forschungen tiber das Protein PURA, wobei ich seine globalen RNA-Bindungseigenschaften,
die Auswirkungen eines PURA-Mangels auf die zellulare RNA und Protein Expression und

seine Assoziation mit neuronalen Kontexten und P-Bodies aufzeige.
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Automatisierte Prozessierung von Daten aus UV-Crosslinking-

und-Immunoprazipitations-Experimenten mit racoon_clip

racoon_clip ist eine Kommandozeilen-Anwendung, die ich mit dem Ziel entwickelt habe,
die Daten von iCLIP (individual-nucleotide resolution CLIP) und eCLIP (enhanced CLIP)
Experimenten - zwei der am haufigsten verwendeten Arten von CLIP-Experimenten - auf
vergleichbare und benutzerfreundliche Weise zu prozessieren. Obwohl der Informations-
gehalt von Daten dieser Experimente vergleichbar ist, werden fiir sie oft verschiedene
Ansétze zur Prozessierung verwendet. Aus diesen Grund habe ich racoon_clip als auto-
matisierten Arbeitsablauf entwickelt, der alle CLIP-Verarbeitungsschritte von den Roh-
daten bis hin zu hochauflosenden Einzelnukleotid-Bindeereignissen umfasst. Diese bein-
halten eine Qualitatskontrolle der Rohdaten, das Auftrennen gemeinsam sequenzierter
Datensétze (Demultiplexen), das Entfernen von Barcode- und Adapter-Sequenzen, das
Alinieren der Sequenzen an ein gegebenes Genom, das Deduplizieren der Sequenzen und

schliefSlich das Bestimmen der Crosslink-Positionen.

racoon_clip kann vom Benutzer mit einem einzigen Befehl tiber ein Kommandozeilen-
Interface ausgefithrt werden. Unter dem Kommandozeilen-Interface sind die einzelnen
Schritte mit Snakemake-Workflow-Management implementiert, was rechnerische Vorteile
wie Parallelisierung, Skalierbarkeit und Transferierbarkeit des Arbeitsablaufs bietet. ra-
coon _clip ist offentlich zuganglich und kann von GitHub heruntergeladen werden. Au-
Berdem gibt es eine ausfiihrliche Dokumentation der Anwendung auf der Open-Source-

Hosting-Plattform Read the Docs (https://racoon-clip.readthedocs.io/en/latest/).

Die Hauptaufgabe von racoon_clip besteht darin, RNA-Bindeereignisse mit Einzelnukleotid-
Auflésung aus iCLIP-, iCLIP2-, eCLIP-Daten und &ahnlichen Datentypen zu ermitteln.
Um sicherzustellen, dass racoon_clip sowohl in hohem Mafle anpassbar als auch einfach
zu bedienen ist, bietet die Software voreingestellte Optionen fiir die gangigsten Experi-

menttypen. Zusatzlich haben die Benutzer die Moglichkeit, ein benutzerdefiniertes Se-
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tup von Barcode- und Adapterzusammensetzungen zu erstellen, um die Software fiir an-
dere Arten von CLIP-Daten zu verwenden. Wéhrend die unterschiedlichen Architekturen
in den Sequenzen beriicksichtigt werden, bleiben die durchgefiihrten zentralen Verarbei-
tungsschritte die Gleichen. Dies fithrt zu einem hohen Mafl an Vergleichbarkeit zwischen
den verschiedenen Experimenttypen, was ich am Beispiel der Prozessierung von U2AF2
iCLIP- und eCLIP-Daten demonstriere. Insgesamt bin ich tiberzeugt, dass racoon_clip
fiir zahlreiche Forscher, die sich fiir RNA-Protein-Interaktionen interessieren, von Nutzen
sein wird, da es eine leicht zugangliche Prozessierung von CLIP-Daten erlaubt und die
Vergleichbarkeit mehrerer CLIP-Datensétze tiber verschiedene Experimenttypen hinweg

verbessert.

Die zellulare Funktion von PURA und deren Bedeutung fiir PURA

assoziierte Krankheiten

Im zweiten Teil dieser Dissertation zeige ich meine Ergebnisse zur zellularen Funktion
des RNA-bindenden Proteins PURA. Durch eingehende bioinformatische Analysen von
iCLIP Daten fiir endogenes und iiberexprimiertes PURA in HeLa Zellen habe ich eine glo-
bale Funktion von PURA als RNA-Bindeproteinfunktion bestatigen kénnen. Es bindet
die Transkripte von 4,391 Genen an iiber 50,000 Bindestellen. Diese liegen zumeist ent-
weder in der kodierenden Region (coding sequence, CDS) oder in der 3’ untranslatierten
Region (3’'UTR) protein-kodierender Transkripte. Dabei erkennt PURA ein Purin-reiches
degeneriertes Sequenzmotiv in einem einzelstrangigen Bereich der Transkripte. Obwohl
die Uberexpression von PURA zu einem weniger spezifischen Bindungsverhalten fiihrt,
bleiben die gleichen allgemeinen Bindemuster wie bei endogenem PURA erhalten. Die
allgemeinen Merkmale der PURA-Bindung sind daher in drei verschiedenen PURA-iCLIP-

Datensétzen mit und ohne PURA-Uberexpression ahnlich.

Um mehr iiber die molekularen Effekte eines partiellen Verlusts von funktionalem PURA
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herauszufinden, habe ich eine 50-prozentige Reduktion von PURA in HeLa-Zellen als Mo-
dell fiir den heterozygoten Verlust von PURA beim PURA-Syndrom verwendet und des-
sen Auswirkungen auf die globale RNA- und Proteinexpression bewertet. Die Ergebnisse
zeigen, dass die PURA-Reduktion die RNA- und Proteinexpression global beeinflusst.
Weiterhin habe ich die PURA-RNA-Bindung mit den Expressionsniveaus von RNAs und
Proteinen im Kontext der PURA-Reduktion integriert. Dabei ergaben sich keine eindeu-
tigen Hinweise fiir eine Funktion von PURA in der Regulierung der RNA-Stabilitdt oder
-Translation. Obwohl sich die Bindemuster in 3’'UTR und CDS deutlich unterscheiden,
konnte ich keinen Trend feststellen, dass die Transkriptregion, in der die Bindung statt-
findet, einen Einfluss auf die Expressionverdnderung von RNAs oder Proteinen hétte.
Allerdings konnte ich 234 Transkripte herausarbeiten, die mit hoher Wahrscheinlichkeit
in direkter Abhangigkeit von PURA stehen, da sie von PURA gebunden werden und so-
wohl auf RNA- als auch auf Proteinebene durch Reduktion der PURA Levels beeinflusst
werden. Die in diesen Ziel-Transkripten kodierten Proteine bringen PURA unter anderem
mit neuronaler Entwicklung, der Regulation von RNAs und mitochondrialen Funktionen

in Verbindung.

Im Einklang mit einer moglichen Rolle von PURA beim neuronalen Transport gibt es
erhebliche Uberschneidungen zwischen PURA gebundenen Transkripten und Transkrip-
ten, die im Neuron in die Enden der Dendriten transportiert werden. Zusatzlich habe
ich ein PURA-iCLIP-Experiment in neuronalen Vorlauferzellen untersucht, um die RNA-
Bindung von PURA in physiologischen Bedingungen zu betrachten, die im Kontext einer
neuronalen Entwicklungstorung relevant sind. Obwohl das iCLIP-Experiment in diesen
Zellen eine limitierte Signalstarke hat und nicht zur eigenstandigen Definition von Bin-
destellen verwendet werden konnte, konnte ich zeigen, dass die globale Verteilung der
RNA-Bindeereignisse dhnlich der in HeLa Zellen ist. Daher kann ndherungsweise ein

ahnliches Bindeverhalten von PURA in beiden Zelltypen angenommen werden.
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Desweiteren trat eine bisher unbekannte Verbindung von PURA zu Prozessierungskorper-
chen (Processing Bodies, P-Bodies) zu Tage. P-Bodies sind zytoplasmatische, mem-
branlose, zellulare Kompartimente, die durch Fliflig-Flilig-Phasentrennung entstehen.
Hier zeige ich, dass PURA-gebundene RNAs im Transkriptom von P-Bodies sowie von
Stresskorperchen (Stress Granules) - einer weiteren Sorte von zytoplasmatischen, membr-
anlosen, zellularen Kompartimenten - angereichert sind. Dariiber hinaus konnten meine
Kollaborationspartner zeigen, dass PURA in P-Bodies lokalisiert. Interessanterweise sind
in Zellen, in denen die Menge an PURA Protein reduziert wird, deutlich weniger P-
Bodies vorhanden. Diese Reduktion von P-Bodies konnte auf die Herunterregulierung
der Proteine LSM14A (LSM14A mRNA processing body assembly factor) und DDX6
(DEAD-Box Helicase 6) zuriickgefithrt werden, beides Faktoren, die zuvor als wesent-
lich fiir die Bildung von P-Bodies identifiziert wurden. Weiterhin konnte ich feststellen,
dass P-Body-assoziierte Transkripte bei einer Reduktion von PURA, und der damit ein-
hergehenden Verminderung der P-Body Anzahl, vermehrt exprimiert werden. Insgesamt
konnen die verminderte Anzahl der P-Bodies bei PURA-Reduktion, die neuronale Funk-
tion von PURA und seine Verbindung zu Mitochondrien und der Regulation des RNA-
Lebenszyklus fiir die zelluldren Grundlagen sowohl des PURA-Syndroms als auch anderer

von PURA beeinflusster, neuronaler Erkrankungen eine Rolle spielen.

Zusammenfassend konnte meine umfangreiche bioinformatische Analyse von iCLIP- und
anderen Hochdurchsatzdaten wertvolle Beitrage zur Klarung der zellularen Funktion von
PURA leisten. Diese Erkenntnisse tragen zum Verstandnis der Auswirkungen des PURA-

Verlusts beim PURA-Syndrom und anderen Krankheiten bei.

Insgesamt bietet diese Dissertation ein Beispiel fiir die erfolgreiche Verkniipfung von iCLIP
und anderen Hochdurchsatz-Daten, um die zellulare Funktion eines RNA-Bindeproteins
zu verstehen. Um das Prozessieren von iCLIP-Daten zu erleichtern, stelle ich ein be-

nutzerfreundliches Softwareprogram vor. Weiterhin konnte meine Arbeit wesentlich zum



Verstandins der Funktion des Proteins PURA beitragen und liefert dadurch eine Grund-

lage fiir folgende Forschungsarbeiten an PURAs Role in diversen neuronalen Krankheiten.
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Abstract

The attention on the protein PURA has increased recently following the discovery of the
rare PURA Syndrome. This neurodevelopmental disorder is caused by de novo mutations
in the PURA gene. Notably, our collaborators could show that the protein PURA can bind
DNA and RNA in vitro. As a result, I was motivated to explore PURA’s cellular RNA-
binding activity. Furthermore, I inquired on the connection of PURA-RNA binding to the
cellular effect of a reduction of functional PURA as present in PURA Syndrome patients.
To investigate the binding of PURA and the impact of PURA deficiency on cellular RNA
and protein expression, I performed an integrative computational analysis of multimodal
data from complementary high-throughput experiments. An essential component was the
examination of UV Crosslinking and immunoprecipitation (CLIP) experiments, which
can query the global RNA-binding behaviour of a given protein in a cellular context. As
the processing and analysis of CLIP data are rather complex, I introduce an automated
command line tool for the processing of CLIP data named racoon_clip as part of this
dissertation. Therefore, this dissertation comprises two major segments. Firstly, I describe
the implementation and usage of racoon_clip for CLIP data analysis. Secondly, I discuss
my research on the protein PURA, demonstrating its global RNA-binding properties,
the effects of PURA depletion and its association with neuronal functions and P-bodies,

among others.

racoon_clip is a command line application that I have developed for processing of individual-
nucleotide resolution CLIP (iCLIP) and enhanced CLIP (eCLIP) experiments - two of the
most commonly used types of CLIP experiments - in a comparable and user-friendly way.
For this, I built racoon_clip as an automated workflow that encompasses all CLIP pro-
cessing steps from raw data to single-nucleotide resolution crosslink events. racoon_clip is
available as a command line tool that users can run with a single command. The workflow

is implemented with Snakemake workflow management providing computational advan-
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tages including parallelisation, scalability and portability of the workflow. The main task
of racoon _clip is to extract single-nucleotide crosslink events from iCLIP, iCLIP2, eCLIP
and similar data types. To strike a balance between being highly customisable and easy
to use, racoon_clip supplies pre-set options for the most common types of experiments.
Additionally, it is possible for users to create a custom setup of barcode and adapter
architectures, which allows them to use the software for other types of CLIP data. While
accounting for the different architectures in the reads, the performed central processing
steps remain the same. This leads to a high degree of comparability between the differ-
ent experiment types, which I demonstrate in the exemplary processing of U2AF2 iCLIP
and eCLIP data. Taken together, I am confident that racoon_clip will be beneficial to
numerous researchers interested in RNA-Protein interactions as it offers easily accessi-
ble processing for CLIP data and enhances the comparability of multiple CLIP datasets

across different experiment types.

In the second part of this dissertation, I focus on the cellular function of the RNA-
binding protein PURA. Through in-depth computational analysis of one iCLIP data set
of endogenous PURA and two iCLIP data sets of overexpressed PURA in HeLa cells,
I establish that PURA is a global RNA-binding protein. It preferentially binds RNAs
in either the coding sequence (CDS) or the 3’ untranslated region (3’UTR) of mature
protein-coding transcripts by recognising a Purine-rich degenerated sequence motif. Even
though overexpression of PURA results in less specific binding behaviour, the same overall
binding patterns as from endogenous PURA persist. Overall characteristics of PURA
binding remain similar in three distinct PURA iCLIP data sets with and without PURA

overexpression.

To learn about the molecular consequences of a depletion of functional PURA in a cellular
context, I used a 50% reduction of PURA in HeLa cells as a model for the heterozygous

loss of PURA in PURA Syndrome and evaluated its impact on global RNA and protein
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expression. The results demonstrate that PURA depletion globally affects RNA and
protein expression. Additionally, I integrate PURA RNA binding with the changes in
expression of RNAs and proteins in the context of PURA depletion. This reveals 234
targets of PURA that are bound by PURA and are impacted at both RNA and protein
levels by the PURA protein. RNAs that are bound by PURA or change in abundance upon
PURA depletion are enriched in neuronal development factors, RNA lifecycle regulators,
and mitochondrial factors, among others. Consistent with a possible role of PURA in
neuronal transport, there is considerable overlap between PURA bound transcripts and

transcripts, that are transported to the dendritic end of neurons.

Notably, there is a link between PURA and P-bodies, as documented by the enrichment
of PURA-bound RNAs in both the P-body and stress granule transcriptome. Further,
PURA was found by our collaborators to be localised within P-bodies and P-body num-
bers were strongly reduced in cells that are depleted of PURA. This absence might be
attributed to the downregulation of the proteins encoded by the PURA targets LSM1/A
and DDX6 as both of them were previously identified as essential for P-body formation.
Overall, the reduction of P-body numbers in PURA depletion, the neuronal function of
PURA, and its association with mitochondria and RNA lifecycle regulation may indicate

the cellular foundation of both PURA Syndrome and related neuronal diseases.

In summary, I present a versatile and user-friendly computational tool for the analysis
of CLIP data. Subsequently, I conduct a thorough computational analysis of CLIP and
other high-throughput data in the context of the RNA-binding protein PURA, which
offers valuable insights into the cellular functions of PURA. These insights advance our

understanding of the impact of PURA loss in PURA Syndrome and other disease contexts.
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Preface

The work on PURA function (Chapter 4) was done in close collaboration with the
Niessing groups at the Helmholtz Center Munich and Ulm university, the Gene Centre
Munich at the Ludwigs-Maximilians-Universitdat in Munich, the Core Facility Bioinfor-
matics at the Institute of Molecular Biology (IMB) in Mainz and the Metabolomics and
Proteomics Core at Helmholtz Center Munich. All analysed high-throughput experiments
were performed by Lena Molitor in the Niessing group at Helmholtz Zentrum Miinchen.
The immunofluorescence stainings shown in Figure 4.25 A & B were done by Sabrina
Bacher in the same group. The iCLIP and RNAseq libraries were sequenced by Stephan
Krebs at the Gene Centre Munich. The iCLIP data was preprocessed from raw reads to
single nucleotide crosslinks by Anke Busch in the Bioinformatics Core Facility at IMB
in Mainz. Shotgun proteomics and preprocessing of proteomic data was done by Juliane
Merl-Pham in the Metabolomics and Proteomics Core at Helmholtz Center Munich. All
further analyses of Chapter 4 was done by me, aided by regular discussions with Kathi

Zarnack, Lena Molitor and Dierk Niessing.

The results of this thesis are included in the following publications:

Depletion of the RNA-binding protein PURA triggers changes in posttran-
scriptional gene regulation and loss of P-bodies.

Molitor L*, Klostermann M*, Bacher S, Merl-Pham J, Spranger N, Burczyk S, Ketteler
C, Rusha E, Tews D, Pertek A, Proske M, Busch A, Reschke S, Feederle R, Hauck SM,
Blum H, Drukker M, Fischer-Posovszky P, Konig J, Zarnack K*, Niessing D¥ (2023); Nu-
cleic Acids Research, 51(3):12971316. DOI http://dx.doi.org/10.1093 /nar/gkac1237. (*
both authors contributed equally; ® shared correspondence)

racoon_clip — a complete pipeline for single-nucleotide analyses of iCLIP and
eCLIP data.
Klostermann M and Zarnack K; Manuscript is currently under review at Bioinformatics.
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ecdf empirical cumulative distribution function
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F

FDR false discovery rate

FL-AB anti-FLAG antibody
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J
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K
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M
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N

NPC neuronal precursor cells
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P

PABP PolyA-Binding Protein

PABPC1 PolyA-Binding Protein Cytoplasmic 1
P-body processing body

PCR polymerase chain reaction

PUM2 Pumilio Homolog 2

PURA Purine-rich Binding Element Alpha, also known as PUR-alpha or PUR-«
PURB Purine-rich Binding Element Beta
PURG Purine-rich Binding Element Gamma
PUR-protein Purine-rich binding protein
PWM position weight matrix

PyPi python package index

R
RAM Random access memory
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RNA Ribonucleic acid
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miRNA micro RNA
mRINA messenger RNA
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RSS residual sum of squares

S

SEC61A1 SEC61 Translocon Subunit Alpha 1
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STAR spliced transcripts alignment to a reference algorithm
STARD7 StAR-Related Lipid Transfer Domain Protein 7
STAU1 Staufen Double-Stranded RNA Binding Protein 1
SOD1 Superoxid Dismutase-1

SOX2 SRY-Box Transcription Factor 2

T

TIA T-Cell-Restricted Intracellular Antigen
TIAL T-Cell-Restricted Intracellular Antigen Like
TPM transcripts per million

U

U2AF2 U2 Small Nuclear RNA Auxiliary Factor 2
UMI Unique molecular identifier

UPF1 Up-Frameshift Suppressor 1 Homolog
UTR Untranslated region

Y
YBX1 Y-Box Binding Protein 1

YWHAE Tyrosine 3-Monooxygenase/Tryptophan 5-Monooxygenase Activation Protein Ep-
silon

xx1



Contents

1 Introduction

2

1.1 Outline of this dissertation . . . . . . . . .. .. ... .. ... ...
Background
2.1 RNAs and their regulation by RNA-binding proteins . . . . . . ... ...
2.1.1 The lifecycle of mRNAs . . . . . . ... ... ... ... .. ... .
2.1.2 RNA-binding proteins . . . . . . .. ...
2.1.3  Subcellular compartments formed by liquid-liquid phase-separation
2.2 The protein PURA and its connection to neuronal diseases . . . . . . . ..
2.2.1 The protein PURA . . . . . . ... ... . ... ... ...
2.2.2 PURA Syndrome . . . . .. ... ... ...
2.2.3 RNA transport along neurons . . . . . . ... ... L.
2.2.4 Neurodegenerative diseases connected to PURA . . . . ... .. ..
2.3 High-throughput experiments as a lens on RNAs and their interaction with
RNA-binding proteins . . . . . . . .. ...
2.3.1 An overview of high-throughput experiments used to query the
RNA lifecycle . . . . . . . . .
2.3.2 UV crosslinking and immunoprecipitation (CLIP) experiments . . .
2.4 Computational methods for high-throughput experiments . . . . . . . ..

2.4.1 Preprocessing and alignment of next-generation sequencing data

xxil



Contents

2.4.2 Differential analysis of read count data and of protein abundance . 24
2.4.3 Processing and analysis of CLIP data . . . . . ... ... ... ... 26
2.4.4 Workflow management . . . . . ... ... ... L. 27

3 racoon_clip: an automated pipeline for iCLIP and eCLIP data process-

ing
3.1
3.2
3.3
3.4

3.5

3.6

3.7

30
Motivation . . . . . . . . . 30
Aims of this chapter . . . . . . .. ... 31
Publication . . . . . . .. 32
racoon_clip - Implementation and availability . . . . . . .. ... ... ... 32
3.4.1 Tool availability and documentation . . . . . . ... ... ... ... 32
3.4.2 Usedexampledata . . . . ... ... ... ... .. ......... 32
3.4.3 Implementation . . . . . . ... .. ... 33
Workflow . . . . . o 35
3.5.1 Allsteps . . . . . . 36
3.5.2  Dealing with different types of input through pre-set options or
customisation . . . . .. ..o 38
Casestudy . . . . . . . . 41
3.6.1 Execution . . . . . ... 41
3.6.2 Reported processing steps . . . . . . ... 42
3.6.3 Comparison of the resulting crosslink profiles . . . . . . . .. .. .. 42
Discussion . . . . . . . . 45
3.7.1 The usage of workflow managers . . . . . . ... .. ... ... ... 45
3.7.2  Distributing software . . . . . .. ... oo 46
3.7.3 Managing RAM requirements in workflows . . . . . . . ... .. .. 49
3.7.4 Peak calling as the next step downstream of racoon clip. . . . . . . 51
3.75 Conclusion . . . . . ... 54

xxiii



Contents

4 The cellular role of the RN A-binding protein PURA and its connection

to cytoplasmic granules 56
4.1 Research objectives . . . . . . . .. Lo 58
4.2 Data and Methodology . . . . . . . . . . ... 59
4.2.1 Binding site definition, characterisation and comparison . . . . . . . 59
4.2.2 RNAseq and proteomics differential analyses . . . . . . . . .. ... 69
4.2.3 Comparison to published transcriptomes . . . . . . ... ... ... 71
4.2.4 Data and code availability . . . . ... ... ... 00000 73
4.3 Results . . . . . . . 75
4.3.1 PURA as global RNA-binding protein . . . ... ... ... .... 75

4.3.2 The impact of reduced PURA levels on RNA and protein expression 95

4.3.3 The connection of PURA to neuronal contexts and cytoplasmic

granules . . . ... 103
4.4 Discussion . . . . . ... 114
4.4.1 PURA as an RNA-binding protein . . . . . ... ... ... .... 114
4.4.2 PURA in cytoplasmic granules. . . . . . . .. ... ... ... ... 119
4.4.3 PURA’s role in neurodevelopment and protection from neurodegen-
eration . . . . ... 121
444  Summary ... 124
5 Conclusion and Outlook 126

XX1V



Chapter 1

Introduction

In the last two decades, RNAs have become a major field of interest in biology. They are
the central piece connecting genetic information in the DNA and cellular functionalities.
RNAs undergo a complex lifecycle. The maturation of RNA includes multiple processes
like splicing, editing and modification. Mature RNAs will be further regulated in their
stability, their localisation and - in case of messenger RNAs - their translation. The regu-
lation of these processes is performed by RNA-binding proteins (RBPs). Therefore, RBPs
can be major regulators of the RNA lifecycle and cellular functions and, consequently,
understanding of them becomes an essential compartment of understanding of RNA dy-
namics and their effects in cellular contexts [Dreyfuss et al., 2002, Gerstberger et al.,
2014, Singh et al., 2015]. Unsurprisingly, the dysfunction of RNA-RBP interactions has
been shown to play a role in a vast number of disease contexts [Cooper et al., 2009, Zipeto

et al., 2015].

Together with the interest in RNA, the usage of high-throughput sequencing experiments
has risen and there is now a multitude of experimental protocols available that can be used

to address different questions about RNA on a global scale [Reuter et al., 2015]. The most



common of these is RNA sequencing, which can be used to query RNA expression changes
between different conditions. Furthermore, RBP binding to the complete transcriptome of
a cell can be elucidated by UV crosslinking and immunoprecipitation (CLIP) experiments,
where an RBP of interest is crosslinked to its bound RNAs in a cell and sequence libraries
of these bound RNAs are obtained [Ule et al., 2003, Lee and Ule, 2018, Hafner et al., 2021].
These high-throughput sequencing experiments produce large amounts of sequencing data
that need specially tailored bioinformatics analysis. The development and execution of
bioinformatic approaches, has therefore become an important part in the research of
RNAs and RBPs. Moreover, the growing complexity of the computational analysis of
high-throughput sequencing data asks for standardised analysis methods that reduce the
time and expertise needed for the analysis, while rendering experiments from different

research groups more comparable.

High-throughput sequencing also advanced the diagnostics and discovery of genetic dis-
eases via for example whole genome sequencing, which allows to query for alterations
of genes in the complete genome of patients. The Deciphering Developmental Disorders
(DDD) study (http://www.ddduk.org) [Wright et al., 2014] was one large-scale approach
to find previously unknown genetic implications in developmental disorders that could
not previously be diagnosed via whole genome sequencing and complementary methods.
This aided the description of various rare genetic diseases. A rare disease is defined as a
disease with less than 2,000 patients world-wide. Although the small number may seem
neglectable, the existence of over 7,000 rare diseases underlines the importance of study-
ing them [Boycott et al., 2017]. Among others, the DDD study found de novo mutations
in the PURA gene. These cause the newly described neurodevelopmental disorder PURA
Syndrome [Reijnders et al., 2018], with until now more then 150 clinically described
patients. Phenotypes of PURA Syndrome include intellectual disability, movement prob-
lems, hypotonia, epilepsy and gastrointestinal abnormalities. As little was known about

the cellular function of the PURA protein, which seems to be heterozygously lost in
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1.1. Outline of this dissertation

PURA Syndrome patients, I set out to delineate PURAs global cellular function from
high-throughput experiments and could establish, that PURA has a global function as an
RBP.

1.1 Outline of this dissertation

In this thesis, I present an advanced processing method for CLIP experiments. This
method has potential applications in various biological contexts for the investigation of
RBPs. Furthermore, I show the work of me and my collaborators on comprehending the
cellular RNA-binding function of the Protein PURA, which provides the groundwork for

understanding PURA-related diseases.

In the Chapter 2 - Background a comprehensive background on the subject matter is
provided, which covers the biological concepts and disease contexts, along with the basics

on the used statistical analyses, algorithms and computational methods.

Chapter 3 - racoon _clip: an automated pipeline for iCLIP and eCLIP data
processing details the implementation of racoon_clip - a command-line application for
the automated processing of CLIP data - including the exemplary processing of U2AF2
iCLIP and eCLIP data.

Chapter 4 - The cellular role of the RNA-binding protein PURA and its con-
nection to cytoplasmic granules presents our findings on the RNA-binding protein
PURA. Firstly, this study establishes the universal RNA-binding function of PURA and
its binding characteristics. Secondly, PURA reduction was used to simulate the heterozy-
gous loss of functional PURA in PURA Syndrome patients. Thirdly, these findings are

connected to neuronal contexts and cytoplasmic granules.

Chapter 5 - Conclusion and Outlook provides a conclusion to the research presented.



Chapter 2

Background

2.1 RNAs and their regulation by RN A-binding pro-
teins

Ribonucleic acid (RNA) is transcribed from genes stored in the deoxyribonucleic acid
(DNA) of a cell. In the case of messenger RNAs (mRNA), they are then translated into
proteins [Crick, 1958]. These proteins, often described as cellular machines or building
blocks, execute cellular processes [Alberts, 1998|. In this chain of action, RNAs are the
essential link between stored information and executed functions. Their lifecycle is heavily
regulated by various RNA-binding proteins (RBPs) [Dreyfuss et al., 2002, Gerstberger
et al., 2014, Singh et al., 2015] and misregulation of RNAs is frequently linked to disease

[Cooper et al., 2009, Zipeto et al., 2015].

In addition to mRNAs, so-called non-coding RNAs are not translated into proteins them-
self but can interact with mRNAs and RBPs. Of these, ribosomal RNAs (rRNA) and
transfer RNAs (tRNA) are major components of the translation machinery [Rodnina,

2023]. Other non-coding RNAs often exhibit regulatory functions by recognising certain
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sequence elements in mRNAs or DNA by sequence homology and sequestering specific
RBPs to these locations. They include small nuclear RNAs (snRNA) that are for ex-
ample part of the spliceosome, small nucleolar RNAs (snoRNAs) that play a role in the
positioning of post-transcriptional modifications, micro RNAs (miRNAs) and small inter-
fering RNAs (siRNAs) which both take part in post transcriptional gene silencing via RNA

decay or translational repression and long non-coding RNAs (IncRNA) [Costa, 2005].

2.1.1 The lifecycle of mRNAs

In animal cells, RNA is transcribed from DNA in the nucleus of the cell. This process
is initiated by a group of DNA-binding proteins known as transcription factors. During
and after transcription, nascent mRNAs (pre-mRNAs) undergo processing and editing
to produce mature mRNAs (Figure 2.1). These processing steps encompass 5" mRNA
capping, post-transcriptional editing and modifications like pseudouridylation and m6A
modification, splicing, 3’-end processing, and polyadenylation [Proudfoot et al., 2002,

Arzumanian et al., 2022, Delaunay et al., 2023].

The processed mature mRNA is then exported to the cytoplasm via dedicated export
mechanisms [Kéhler and Hurt, 2007, Bjork and Wieslander, 2017] where mRNA trans-
lation takes place. To ensure accurate RNA production, several RNA quality control
mechanisms are employed that initiate RNA degradation when errors in transcription
or processing are detected [Doma and Parker, 2007, Lykke-Andersen and Jensen, 2015].
Even correctly processed RNA is degraded after a certain number of rounds of transla-
tions, and this regular turnover of mRNAs is thought to play a crucial role in regulating

RNA expression [Houseley and Tollervey, 2009].

All these processes of the RNA lifecycle are executed by a vast number of RBPs that
assemble with the processed RNAs into ribonucleoprotein complexes (RNP complexes).

Therefore, RBPs play a crucial role in regulating gene expression by shaping and control-
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Figure 2.1: Overview of the lifecycle of RNAs. Pre-mRNAs are transcribed from
DNA in the nucleus of the cell. Processing of pre-mRNA into mature RNA already starts
during transcription and includes 5’ capping, RNA editing, RNA modifications, splicing
and polyadenylation. Mature mRNAs are then exported to the cytoplasm where they
are translated and/or degraded. RNA degradation can be postponed by RNA-stabilising
factors or promoted by RNA-destabilising factors. RNAs can also be transported through
the cytoplasm to specific locations. This graphic is simplified from [Gerstberger et al.,
2014].

ling the number of mature mRNAs in the cell, based on the current cellular requirements

[Dreyfuss et al., 2002, Gerstberger et al., 2014, Singh et al., 2015].

In recent years, there has been increased attention towards an additional aspect of mRNA
regulation, specifically the localisation of mRNA within the cell. An mRNA’s cellular
localisation will strongly impact which RBPs the RNA will interact with, thus introducing
an extra layer of information to the mRNA lifecycle regulation [Das et al., 2021] (see also

Chapter 2.1.3 & 2.2.3).

In summary, the route from an immature mRNA to a protein is an intricate process with
multiple stages. The entire process heavily relies on RBPs and their interactions in RNPs.

This makes RBPs an intriguing subject to study.
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2.1.2 RNA-binding proteins

Human cells contain numerous RBPs as exemplified by 1,542 human RBPs reported
by a previous survey |[Gerstberger et al., 2014]. Often, they exhibit higher expression
levels compared to average cellular proteins and they are evolutionarily highly conserved,

particularly in their RNA-binding domains.

Classical RNA-binding domains include RNA recognition motif (RRM) domains which
are found in 225 human RBPs, DEAD domains which are found in around 80 RBPs and
KH domains which are found in around 40 RBPs [Gerstberger et al., 2013, Gerstberger
et al., 2014]. These domains mainly recognise their RNA targets by sequence-specific
binding to short sequence motifs (5-9 nt) in the RNA [Ray et al., 2013], but domains
recognising RNA secondary structures like the double-stranded RNA binding domain

also exist [Masliah et al., 2013].

As highlighted by [Lunde et al., 2007], the low diversity of RNA-binding domains contrasts
with the precise targeting necessary for RBP functionality. Therefore, RBPs employ
multiple other strategies to achieve specificity, such as possessing more than one RNA-
binding domain of the same or different types. For instance, U2AF2 (U2 Small Nuclear
RNA Auxiliary Factor 2) contains an R/S domain followed by three RRM domains.
In addition, RBPs can attain specificity through their partner proteins within an RNP

complex, and the cellular localisation of the RBP will determine which RNAs it can bind.

Interestingly, an experimental approach called RNA Interactome Capture (RIC) uses
UV crosslinking and enrichment of polyadenylated RNAs followed by mass spectrometry
analysis developed to identify novel RBPs. RIC has been used by multiple research groups
[Castello et al., 2012, Baltz et al., 2012], discovering that about half of the RN A-interacting
proteins did not contain any known RBDs, and hundreds had not been described in the

context RNA biology before [Hentze et al., 2018]. These findings significantly expanded
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the range of RBPs and their functions and highlight the importance of studying RBPs

without classical RNA-binding domains.

2.1.3 Subcellular compartments formed by liquid-liquid phase-

separation

Membrane-less organelles (MLOs) are biomolecular condensates that form in the absence
of a lipid membrane. They arise via a process known as liquid-liquid phase separation
(LLPS), where the interactions of key proteins and RNAs lead to the formation of droplets
that possess liquid or gel-like features. The creation of MLOs is facilitated by specific
proteins, which typically use intrinsically disordered regions for LLPS. Other mechanisms
for the formation of a particular MLO include the dimerisation of proteins or interactions
with other proteins or nucleic acids, both of which can induce phase separation. LLPS-
prone proteins are crucial to the formation of MLOs, but additional proteins that cannot
undergo LLPS themselves are also incorporated into the scaffold, contributing to the final
architecture or function of the MLO [Langdon and Gladfelter, 2018, Antifeeva et al.,

2022, Hirose et al., 2023].

MLOs play an essential role in regulating several stages of gene expression, both within the
nucleus, involving transcription, RNA processing, and export, and within the cytoplasm,
influencing RNA stability and translation among others [Spector, 2006]. They achieve
this by recruiting enzymes and their substrates to establish a biochemical reaction space
with high concentrations of required components [Shin and Brangwynne, 2017, Ninomiya
et al., 2020]. In alternative settings, they operate as ‘sponges‘, constraining the function

of specific processes [Hirose et al., 2014, Imamura et al., 2014].

I became specifically interested in two types of cytoplasmic MLOs, namely stress granules
and processing bodies (P-bodies). Stress granules, measuring 0.1-2 pm, form in response

to cellular stressors such as chemicals, UV light, heat and oxygen radicals, viral infection
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and nutrient deprivation [Riggs et al., 2020, Kedersha et al., 1999, Spector, 2006] and are
of significant interest due to their role in the cellular response to these stressors. Stress
granules can rapidly assemble and disassemble, which is suggested to be triggered by a
global halt in protein translation. This leads to an accumulation of stalled pre-initiation
complexes, which ultimately combine with untranslated mRNAs and various proteins to
create stress granules. This process is believed to help maintain RNA integrity during
stressful conditions [Panas et al., 2016]. Stress granules contain stalled 48S preinitiation
complexes consisting of translationally arrested mRNAs, small ribosomal subunits, trans-
lation initiation factors, and RNA-binding proteins like PABP (PolyA-binding protein),
G3BP (Ras GTPase-Activating Protein-Binding Protein) and TIA1 (T-Cell-Restricted
Intracellular Antigen 1) [Guzikowski et al., 2019]. Recent studies have linked the dysreg-
ulation of stress granule formation and the consolidation of stress granules to numerous
disease contexts, including cancer, ageing, viral infection, and neuronal disorders such as
amyotrophic lateral sclerosis (ALS)/frontotemporal dementia (FTD), Huntington’s, and

Alzheimer’s [Panas et al., 2012, Alberti and Hyman, 2021, Liu-Yesucevitz et al., 2010].

P-bodies are 0.1-1.0 gm granules that are constitutive in most cells and can increase in
size under stress conditions [Kedersha et al., 2005, Spector, 2006, Kedersha and Anderson,
2007]. Although they contain RNA decay factors, including DCP1A (mRNA-decapping
enzyme 1A) and DCP2A (mRNA-decapping enzyme 2A), P-bodies are not required for
mRNA decay [Eulalio et al., 2007, Horvathova et al., 2017]. At the same time, they
are enriched in factors associated with RNA stabilisation or mRNA silencing [Hubsten-
berger et al., 2017]. Therefore, it remains controversial whether RNA decay takes place
inside P-bodies or whether they act as RNA storages [Decker and Parker, 2012, Hub-
stenberger et al., 2017]. Of note, only very few proteins like DDX6 (DEAD-Box Helicase
6), LSM14A (LSM14A mRNA Processing Body Assembly Factor) and EIFAENIF1 (Eu-
karyotic Translation Initiation Factor 4E Transporter; also known as 4E-T) appear to be

essential for P-body assembly [Ohn et al., 2008, Ayache et al., 2015]. Similar to stress
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granules, P-bodies have been linked to viral infection and cancer [Alberti and Hyman,

2021, Kanakamani et al., 2021].

P-bodies and stress granules share a considerable amount of proteins and RNAs [Ked-
ersha and Anderson, 2007, Youn et al., 2019], while at the same time some proteins are
exclusively found in P-bodies or stress granules. Interestingly, it was proposed that both
granule types are dynamically linked and that a docking mechanism of those granules
might facilitate the exchange of RNAs [Kedersha et al., 2005, Kedersha and Anderson,
2007]. Indeed, the stress granules and P-bodies physically associate with one another
in vivo, for example in arsenite treated human U20S cells [Sanders et al., 2020]. The
authors of this study performed complex network analyses on the formation of stress
granules and their interaction with P-bodies and actually suggest to consider P-bodies
and stress granules rather as a dynamic spectrum of condensates instead of using the bi-
nary classification of stress granules versus P-bodies. However, there will be more studies
needed to confirm direct interactions of both granule types. In conclusion, two closely
related MLOs formed by LLPS in the cytoplasm are P-bodies and stress granules. They
organise the processing of mature mRNAs,; including translation, degradation and RNA
silencing in the cytoplasm, although their role in these processes is not fully understood

mechanistically.

2.2 The protein PURA and its connection to neu-

ronal diseases

2.2.1 The protein PURA

The protein PURA (Purine-rich binding element alpha, also known as PUR-alpha or
PUR-a) is a multifaceted DNA- and RNA-binding protein [Molitor et al., 2021]. In

human tissues, the expression of PURA RNA is ubiquitous but relatively low (TPM <
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C terminus

Figure 2.2: Structure of the PURA protein as predicted by AlphaFold [Jumper
et al., 2021]. PUR repeat I and II form a DNA or RNA-binding domain. PUR repeat
III and the C-terminal alpha helix are proposed to mediate dimerisation with a second

PURA protein [Weber et al., 2016

15, TPM - transcript per million) across all adult tissues, as evident from data provided

by the Genotype-Tissue Expression (GTEx) project [Lonsdale et al., 2013].

PURA orthologs are prevalent in various domains of life, including human [Bergemann
et al., 1992], mouse (Mus musculus) [Ma et al., 1994], fruit fly (Drosophila melanogaster)
[Graebsch et al., 2009], zebrafish (Danio rerio) [Penberthy et al., 2004], and silkworm
(Caenorhabditis elegans) [Witze et al., 2009]. Notably, the sequence of the PURA gene
exhibits remarkable conservation among mammals, with the mouse PURA ortholog shar-

ing a sequence identity of over 99% with human PURA [Ma et al., 1994].

PURA is a member of the PUR-protein family, alongside the equally highly conserved
paralogs PURB (Purine-rich binding element beta) and PURG (Purine-rich binding ele-
ment gamma) [Johnson et al., 2013, Janowski and Niessing, 2020]. A distinctive feature
of the PUR-proteins is the presence of three PUR repeats, which are sequence-conserved
across all PUR-proteins [Graebsch et al., 2009]. The PURA protein additionally possesses
a distinctive N-terminus and an intrinsically disordered C-terminus, which can be visu-
alized using protein structure models like AlphaFold (Figure 2.2). The PUR repeats I
and II together form one PUR domain, which has been shown to bind DNA and RNA

11
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with equal affinity in vitro [Weber et al., 2016], while the third PUR repeat mediates
dimerisation with a second PUR-protein. When interacting with double-stranded DNA,

PURA exhibits the capacity to unwind it [Weber et al., 2016].

In terms of cellular functionality, PURA was initially identified as a transcription factor
binding to the purine-rich region upstream of the MYC (V-Myc Avian Myelocytomato-
sis Viral Oncogene Homolog) gene [Bergemann et al., 1992]. More recent studies have
expanded its role by describing its involvement in neuronal transport complexes [Ohashi
et al., 2002, Kanai et al., 2004] and stress granules [Daigle et al., 2016, Markmiller et al.,
2018]. Additionally, PURA has been implicated in various disease contexts, as will be ex-
plored in detail below. In summary, PURA is a conserved DNA- and RNA-binding protein
with three PUR repeats. There have been reports of PURA binding RNA in very specific
contexts but a comprehensive understanding of PURA’s global RNA-binding capabilities

is missing and remains a compelling area of investigation.

2.2.2 PURA Syndrome

PURA Syndrome was discovered as part of the Deciphering Developmental Disorders
(DDD) study (http://www.ddduk.org) [Wright et al., 2014]. This study included
genome-wide approaches such as whole-exome sequencing and extensive phenotyping of
12,000 family trios of children with undiagnosed developmental disorders. In total, the
DDD study found more than 215 likely diagnostic, non-inherited (de novo) mutations.
These included de novo mutations in the PURA gene [Hunt et al., 2014] that were subse-
quently associated with PURA Syndrome (Figure 2.3 A) [Reijnders et al., 2018]. PURA
Syndrome is a rare disease. Its phenotypes include abnormal neuronal development, de-
velopmental delay in movement and language, with many patients remaining nonverbal,
muscle atrophy, regular epileptic, neonatal hypotonia, respiratory and feeding difficul-

ties, and mild facial dysplasia (Figure 2.3 B). To date, more than 150 cases of PURA

12
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Figure 2.3: Overview of PURA Syndrome.

(A) Types and locations of de novo PURA patient mutations are depicted on the PURA
protein. Numbers give the first and last amino acid positions. Orange - Frameshift
mutations, red - nonsense mutations, blue - point mutations, green - insertion-deletions.
(B) PURA Syndrome is a neurodevelopmental disorder, but also includes respiratory,
skeletal and gastrointestinal abnormalities.

This figure was inspired by [Molitor et al., 2021].

Syndrome have been described clinically [Reijnders et al., 2018, Dai et al., 2023].

In PURA Syndrome, each PURA mutation occurs de novo, resulting in a wide variety
of PURA mutations distributed along the entire PURA protein (Figure 2.3 A). These
include frameshift, nonsense and missense mutations that are predicted to disrupt the
PURA folding structure or DNA/RNA interaction sites. The different mutations are un-
related to the severity of the phenotype, with no strong genotype-phenotype correlation
[Reijnders et al., 2018]. For example, five patients with the same mutation had a high
variance in phenotypic symptoms, with one in five being able to walk and two in five with-
out epilepsy. It was therefore proposed that all PURA mutations lead to a dysfunctional
PURA protein and that PURA Syndrome is caused by a heterozygous loss of functional

PURA protein (haploinsufficiency).

A related condition is the 5q31.3 Microdeletion Syndrome, which is caused by a microdele-
tion involving the PURA gene. The shortest region (101 kb) of the 5q31.3 microdeletion
has been reported to involve only three genes: PURA, IGIP and CYSTM1 [Brown et al.,

13
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2013]. In a comparison of 157 PURA Syndrome patients with 11 5q31.3 Microdeletion
patients, no phenotypic differences were found except for slightly more brain abnormal-
ities in the 5q31.3 Microdeletion patients [Dai et al., 2023|, strengthening the idea that
both syndromes are caused by PURA haploinsufficiency. Therefore, PURA Syndrome
and 5q31.3 microdeletion syndrome are summarised under the term PURA-related neu-

rodevelopmental disorders (https://purasyndrome.org/research/).

There have been several approaches to create mice with heterozygous [Khalili et al., 2003,
Johnson et al., 2006, Barbe et al., 2016] and homozygous [Khalili et al., 2003, Hokkanen
et al., 2011] PURA deficiency that are reviewed in [Molitor et al., 2021]. In short, mice
with a homozygous loss of PURA were normal at birth, but developed severe tremor and
mobility problems as well as spontaneous seizures and died before half a year after birth.
Mice with a heterozygous loss of PURA showed only mild phenotypes but displayed a
reduced number of neurons and dendrites. In conclusion, the impact of PURA loss on

mouse and human development suggests an important cellular role for PURA.

2.2.3 RNA transport along neurons

As described above, PURA has a strong connection to neuronal functionalities. Here, I
briefly want to introduce the concept of RNA transport in neurons and the role of PURA

in it.

Neurons are the central building blocks of the nervous system, transmitting and processing
electrical and chemical signals to integrate, store, and transmit information, enabling
sensory perception, motor control, and complex cognitive functions. To serve this purpose,
a neuron has a very specific shape, consisting of a cell body from which a single axon and
multiple dendrites emerge [Craig and Banker, 1994]. The contacts between neurons are
established by synapses, specific junctions that connect dendrites of one neuron to the

axons of other neurons, allowing for a chemical transmission of the information signals

14
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[Maynard et al., 2023]. The amount and strength of synapses undergo constant change

due to experiences through a process called synaptic plasticity.

With axons of up to hundreds of centimetres in length and dendrites that can measure
more than 10 millimetres [Ishizuka et al., 1995], neurons are very large in comparison
to other eukaryotic cells. However, this size also leads to a special problem for neurons
which is the maintenance and modification of the proteins needed in close proximity to
the synapses in both axons and dendrites. Neurons solve this with local translation of
proteins, requiring ribosomes and mRNAs to be transported to axon and dendrite ends

[Nirschl et al., 2017]. Here, I will focus on RNA transport in dendrites.

Multiple studies described the dendritic transcriptome by dissecting neurons into den-
drites and cell bodies and performing RNA sequencing (RNAseq) on both parts sepa-
rately [Wright et al., 2014]. These approaches identified thousands of dendritic mRNAs
including mRNAs of translation factors, cytoskeleton components, different receptor types
and ion channels [Holt et al., 2019]. Dendritic transport of mRNAs has been shown to
depend on motor proteins, especially kinesins, transporting cargo along the microtubular
cytoskeleton [Bassell et al., 1998, Nirschl et al., 2017]. Interestingly, PURA and its paralog
PURB have been found to link Bel RNA (Brain cytoplasmatic RNA 1) to mictrotubules
by binding to its 5’UTR in mouse neurons and PURA controls iBc1 distribution within
dendrites [Ohashi et al., 2000]. Furthermore, PURA and PURB were found in mouse
dentritic RNA transport granules containing the RNAs Camk2 (Calcium/calmodulin de-
pendent protein kinase II, also known as CaMKII) and Arc (Acrosin) that were moved
along microtubuli by KIF5 (Kinesin Family Member 5) together with DDX3 (DEAD-Box
Helicase 3), STAU1 (Staufen double-stranded RNA binding protein 1), FMR1 (Fragile X
Messenger Ribonucleoprotein 1) and FXR1 (FMR1 Autosomal Homolog 1) among others.
The distribution of the Camk2 RNA was suppressed by the loss of PURA and STAUT,
but not DDX3 and SYNCRIP [Kanai et al., 2004]. Taken together, these studies suggest
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a role of PURA in the microtubuli depended dendritic RNA transport.

2.2.4 Neurodegenerative diseases connected to PURA

In addition to the described PURA-related neurodevelopmental disorders, PURA has been
linked to the repeat expansion disorders Amyotrophic Lateral Sclerosis (ALS), Frontotem-
poral Dementia (FTD), and Fragile X-Associated Tremor/Ataxia Syndrome (FXTAS),
all of which lead to the development of late-onset neurological disorders [Molitor et al.,
2021]. Both ALS and FTD are phenotypically distinct diseases that arise from a common
genotype of mutations in one of several genes including CYORF72 (Chromosome 9 Open
Reading Frame 72), SOD1 (Superoxid Dismutase-1), FUS (FUS RNA Binding Protein)
and TARDBP (TAR DNA-Binding Protein). [DeJesus-Hernandez et al., 2011, Renton
et al., 2011, Goutman et al., 2022]. FTD is the second most common cause of presenile
dementia, characterised by degeneration of the frontal and temporal lobes of the brain
[Graff-Radford and Woodruff, 2007]. ALS, the third most common neurodegenerative
disease in the Western world [Hirtz et al., 2007], leads to progressive paralysis and fatal
respiratory failure [Mead et al., 2023]. FXTAS is a late-onset disease caused by 55-200
CGG-repeats in the 5’'UTR of the FMR1 gene [Hagerman and Hagerman, 2016, Salcedo-

Arellano et al., 2020], that causes tremor, ataxia and dementia.

A hallmark of COORF72 ALS/FTD are RNA foci containing G4C2-repeat RNAs together
with several proteins. It was shown that PURA is recruited into these foci [Donnelly et al.,
2013, Mizielinska et al., 2013]. Similarly, in FXTAS CGG-repeat expansion RNAs form
neuronal foci that also contain PURA among other proteins [Sofola et al., 2007]. In
both cases it remains to be shown, whether PURA localisation to these foci is caused
by PURA binding to the repeat-expansion RNAs. Interestingly, in model organisms,
neurotoxicity induced by overexpression of G4C2-repeat RNAs or CGG-repeat RNAs can

be overcome by simultaneous ectopic overexpression of PURA [Jin et al., 2007, Xu et al.,
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2013, Boivin et al., 2018, Swinnen et al., 2020], stressing the importance of PURA for

neuronal functioning.

2.3 High-throughput experiments as a lens on RNAs
and their interaction with RN A-binding proteins

The development of high-throughput experiments like high-throughput sequencing and
proteomics has added a new dimension to how biological questions can be asked. Instead
of studying a few specific factors in a given context, high-throughput methods allow the
observation of a specific effect on thousands of RNAs or proteins in parallel (Figure 2.4).
This also gave rise to the need for in-depth computational analyses for the high amounts
of data being produced. Here, I will shortly introduce several high-throughput methods
that are used or mentioned throughout this thesis and then focus on UV crosslinking and

immunoprecipitation (CLIP) experiments.

Ribosome Shotgun
RNAseq footprinting proteomics
DNA Transcription > RNA Translation » Protein
Transcription factors RNA-binding proteins
ChIP-seq CLIP

Figure 2.4: High-throughput experiments allow to globally elucidate different
stages in the interactions between DNA, RNA and proteins. RNAseq queries
the RNA expression level and shotgun proteomics the protein expression levels. Ribo-
some footprinting reveals RNAs that are actively translated. CLIP is used to study the
binding of proteins to RNA (RNA-binding proteins) and chromatin immunoprecipitation
sequencing (ChIP-seq) is the binding of proteins to DNA (transcription factors).
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2.3.1 An overview of high-throughput experiments used to query

the RNA lifecycle

Sequencing of DNA was first developed by Frederick Sanger [Sanger et al., 1977]. In
brief, the sequence of a single-stranded DNA can be detected by subsequent pairing of
the complementary nucleotide. This complementary nucleotide is marked radioactively or
fluorescently for detection. Next-generation sequencing is a further development of this
method that allows the sequencing of millions of DNA fragments in parallel [Bentley et al.,
2008]. For this, the sequence fragments are immobilized on a flow cell, and the pairing of
complementary nucleotides is performed on all fragments simultaneously. High-resolution
imaging methods then allow the detection of all sequences by the spatial distinctness of

fluorescent signals.

Next-generation sequencing can be used for various types of sequencing experiments, like
RNA sequencing (RNAseq) [Wang et al., 2009], ribosome footprinting [Ingolia, 2016],
chromatin immunoprecipitation sequencing (ChIP-seq) [Mikkelsen et al., 2007] and UV
crosslinking and immunoprecipitation (CLIP) [Ule et al., 2003]. RNAseq can be utilized
to quantify the abundance of all present RNAs under a specific condition and to query
differences in RNA abundance between two or more conditions. Moreover, it can be
used to analyse for example alternative splicing behaviour or alternative polyadenylation
between conditions. In ribosome footprinting, only RNA fragments that were shielded
from RNA digestion by the ribosome are sequenced, which allows the mapping of ribosome
positions on mRNAs to decipher active translation sites. ChIP-seq is a method used
to analyse interactions between specific proteins and DNA. In short, the proteins are
crosslinked to their DNA-binding positions and then immunoprecipitated, which allows
the sequencing of bound DNA fragments providing information on the protein’s binding

sites across the genome.

In contrast, shotgun proteomics is based on high-throughput mass spectrometry and in-
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volves the digestion of complex protein mixtures into peptides that are then identified
by mass spectrometry. The global protein abundances can then be inferred from the
abundances of peptides belonging to the proteins [Zhang et al., 2013]. Taken together,
these techniques collectively contribute to our understanding of gene expression, transla-
tion, and chromatin interactions, offering critical tools for unravelling the complexities of

different stages in the lifecycle of RNAs.

2.3.2 UV crosslinking and immunoprecipitation (CLIP) exper-

iments

UV crosslinking and immunoprecipitation (CLIP) is the method of choice when query-
ing global RNA-binding of an RBP of interest. In this method, RBPs are covalently
crosslinked to their bound RNAs by UV irradiation in vivo. Afterwards, RNAs are frag-
mented and the RBP of interest is immunoprecipitated with a specific antibody. This
will extract both the RBP and the fragment of the bound RNA. The crosslinked proteins
are then digested and the fragmented RNAs are subjected to reverse transcription and
polymerase chain reaction (PCR) amplification. The so-obtained complementary DNA
(cDNA) library is sequenced by Sanger sequencing in the original CLIP protocol [Ule
et al., 2003, Ule et al., 2005]. Then, the pileup of the RNA sequence fragments is used to

extract the region that is bound and crosslinked to the RBP of interest.

From this original method over 28 CLIP experiment types have been evolved [Lee and Ule,
2018]. As a first important improvement high-throughput sequencing was introduced by
‘High-throughput sequencing of RNA isolated by CLIP* (HITS-CLIP) [Licatalosi et al.,
2008, Chi et al., 2009] and ‘CLIP coupled with high-throughput sequencing‘ (CLIP-seq)
[Yeo et al., 2009]. An interesting characteristic of CLIP protocols is that some residual
amino acids remain covalently attached to the RNA at the crosslink position [Lee and

Ule, 2018]. This will lead on the one hand to a termination of the reverse transcrip-
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Library preparation

Crosslinking and cell lysis Purification and sequencing

v

1. UV-crosslinking 4. Immunoprecipitation

6. Reverse transcription

g‘ Read StOFg R D\ A
Read-through

1 with mutation
Crosslink event ‘ ‘
‘ 5. RNA extraction 7. Amp]ification of
2. Cell lysis cDNA library
3. RNA fragmentation 6. Partial protein degradation 8. Sequencing

Figure 2.5: Schema of CLIP experiments. CLIP experiments consist of three major
steps (Top), namely crosslinking and cell lysis, purification and library preparation and
sequencing. In the first part, proteins are cross-linked to their bound RNAs by UV
irradiation (1.). Then, cells are lysed (2.) and RNAs are fragmented (3.). In the second
part, the RNA-binding protein is immunoprecipitated (4.), then RNAs are extracted (5.)
and the crosslinked proteins are partially degraded (6.). In the third part, RNA fragments
are reverse-transcribed into cDNA. The reverse transcription will stop one nucleotide
before the crosslinked position (red) or might read through the crosslink incorporating a
mutation at the crosslinked position (blue). The ¢cDNA will then be amplified (7.) and
sequenced (8.). Blue - protein or peptide, grey - RNA, light blue crosslinked position, red
- read stop, orange - cDNA. This graphic is inspired by [Hafner et al., 2021].

tase one nucleotide before the UV-crosslink (read stop). On the other hand, when the
reverse transcriptase reads through the crosslinked nucleotide (read-through) mutations
in the cDNA can occur (Figure 2.5). Following HITS-CLIP and CLIP-seq, two exper-
iment types were developed that exploit either the read-through mutation or the read
stops to enhance the resolution of the obtained binding patterns. One is ‘Photoactivable
ribonucleoside-enhanced CLIP¢ (PAR-CLIP), which introduces the treatment of cells with
4-thiouridine before UV crosslinking to enhance the crosslinking efficiency and uses C-
to-T transition analysis on read-through sequences to determine the exact position of
crosslinks [Hafner et al., 2010]. While the mutations can point directly to the crosslinked
nucleotide, they only occur on uridines and might therefore bias the analysis towards

uridine crosslinks.
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The CLIP type ‘individual-nucleotide resolution CLIP* (iCLIP) adds the second adapter
for PCR amplification only after reverse transcription at the 5-end of the cDNA, which
allows the extraction of the read stop position and consequently the crosslink position
one nucleotide upstream of the read stop position [Konig et al., 2010]. An advantage of
iCLIP in contrast to PAR-CLIP is that read stops are by far more prevalent than read-
through [Urlaub et al., 2002]. This leads to a higher signal depth of iCLIP in contrast to
PAR-CLIP at the same read depth. As UV crosslinking in general works best on uridines,
iCLIP like all CLIP methods retains some bias towards uridines [Sugimoto et al., 2012].
However, iCLIP in contrast to PAR-CLIP is not limited to the detection of crosslinks on

uridines, reducing the bias of the method.

In the following years, various CLIP protocols have been evolved that reduce the complex-
ity of the experiment and improve library generation [Lee and Ule, 2018, Hafner et al.,
2021] namely ‘enhanced CLIP‘ (eCLIP) [Van Nostrand et al., 2016] and iCLIP2 [Buch-
bender et al., 2020]. Both experiment types reduce the complexity of the initial iCLIP
experiment as can be seen from the reduction of the experimental time from six days
for iCLIP to four days for eCLIP and iCLIP2. At the same time, they improve library
generation leading to a higher signal depth. The experimental differences behind this are

described in several publications [Hafner et al., 2010, Buchbender et al., 2020].

From the data analysis point of view, a main difference between eCLIP to iCLIP is that
it uses a paired-end library strategy, meaning that the cDNA is sequenced both from
3’-end to 5’-end (read #1) and from 5-end to 3’-end (read #2). In this setup, read #2
contains the read stop information. iCLIP2 keeps the single-read sequencing approach
from the original iCLIP experiment. Furthermore, eCLIP introduced the usage of size-
matched input control (SMInput) samples as a control for unspecific background signal.
SMInput samples are treated exactly like the eCLIP samples but no immunoprecipitation

is performed. Therefore it will contain crosslinks of all RBPs with a similar size as the RBP
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of interest, including also crosslinks of the RBP of interest itself. The idea of the authors
was that the usage of SMInput samples improves the quantification of binding sites from
the eCLIP data [Van Nostrand et al., 2016] and many computational approaches to analyse
CLIP data are based on the usage of an SMInput sample or other background reads as
discussed later in this dissertation (Chapter 3.7.4). However, whether the SMInput
samples improves the analysis of binding sites is under debate in the field [Chakrabarti
et al., 2018, Lee and Ule, 2018]. iCLIP2 like iCLIP is usually performed without SMInput

samples.

In summary, while all CLIP experiments in theory produce both read stops and read-
through mutations, the main difference in CLIP experiments is whether they strive to
capture one or the other. In this thesis, [ analyse iCLIP, iCLIP2 and eCLIP experiments
based on their read stop information. These experiment types differ in their execution
[Hafner et al., 2021], but the main differences lie in the library preparation, while the first
steps are very similar. Therefore the underlying signal in the obtained data should be

very comparable when accounting for the different library architectures.

2.4 Computational methods for high-throughput ex-

periments

2.4.1 Preprocessing and alignment of next-generation sequenc-
ing data

All next-generation sequencing data will have to undergo some basic steps of processing
namely demultiplexing, quality control, trimming of adapter and barcode sequences and
alignment to the respective genome (Figure 2.6 A). After these steps, the data will be
further processed according to the requirements of the given experiment type (Figure

2.6 B, C).
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The preprocessing should start with quality filtering of the reads. Next-generation se-
quencing usually provides the obtained sequences (reads) in FASTQ format [Cock et al.,
2010]. This format contains both the nucleotide sequence of the read and an associated
quality score for each base which can be used for quality filtering. Next, the reads of
different samples that were sequenced together are separated (demultiplexing). To do
this, specific barcode sequences are fused to the cDNA fragments of each sample before
sequencing. The barcodes are later detected in the reads to split up the samples and are
subsequently trimmed off the reads. Reads where no barcode can be detected are usually
discarded. Similarly, certain adapters are fused to the cDNA fragments for the sequencing

process. These will also be trimmed off during adapter trimming.

The steps of quality control, demultiplexing, adapter and barcode trimming can be per-
formed in parallel by for example the software FLEXBAR [Dodt et al., 2012]. After these
steps, reads are aligned to a genome assembly of the respective genome. In this thesis,
gene alignment is done with the ‘spliced transcripts alignment to a reference' (STAR)
algorithm [Dobin et al., 2013]. As the name implies, STAR is a splice-aware aligner,
meaning that it can align discontinuous reads to the genome. The alignment process of
STAR consists of two major steps, a seed search step and a clustering, stitching and scor-
ing step. In the seed search step, STAR searches sequentially for the maximum mappable
prefix. This means it will find the longest mappable fragment of the read starting at the
beginning of the read. Then, it will remove the mappable part from the beginning of
the read and again search for the longest mappable fragment starting from the first base
that was previously unmapped. In the clustering, stitching and scoring step, the aligned
sequences will be clustered around a selected set of anchor seeds and then stitched to-
gether. The stitched read will be scored according to the number of matches, mismatches,
insertions, deletions, and junction gaps. In the end, the stitched sequence alignment with
the highest score is reported as the alignment of the read, which is provided in BAM

format.
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Figure 2.6: Workflows for the processing of high-throughput sequencing data.
(A) Preprocessing steps are generally performed for next-generation sequencing data.
(B) Further processing and analysis for RNAseq data.

(C) Further processing and analysis for CLIP data. Tools used in this thesis are denoted
in brackets below the steps.

For RNAseq data, gene alignment will usually be followed by the quantification of reads
per gene for example with HT'Seq [Anders et al., 2014] and differential analysis between
multiple conditions for example with DESeq2 [Anders and Huber, 2010] (Figure 2.6 B,
see Chapter 2.4.2). For CLIP data, genome alignment is followed by deduplication and,

depending on the analysis method, crosslink extraction, peak calling and binding site

definition (Figure 2.6 C, see Chapter 2.4.3).

2.4.2 Differential analysis of read count data and of protein

abundance

When analysing high-throughput data, one often wants to quantify differences in expres-
sion levels between two or more conditions, like the difference between cell lines, the
response to stimuli or the difference that a loss or increase of a specific factor makes in
comparison to a control. In this thesis, I used DESeq2 [Anders and Huber, 2010] for
differential RNA expression analysis, BindingSiteFinder, which is based on DESeq2, for
differential binding analysis (https://doi.org/doi:10.18129/B9.bioc.BindingSiteFinder)

and DEqMS [Zhu et al., 2020] for differential proteomics analysis. In the following, I will
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briefly explain the steps performed by these tools.

In a nutshell, DESeq2 first performs sample-wise library normalisation to account for
differences in the library depth of the samples. Next, the dispersion of read counts is cal-
culated for genes with a similar number of read counts. This step is performed group-wise
because the dispersion of lowly expressed genes will be much higher than the dispersion of
highly expressed genes. Then, a generalized linear model is fitted for each group of genes
with similar expression assuming a negative binomial distribution. To test for differences
between the conditions, the fold changes between the given conditions are calculated and
a Wald test is performed against the null hypothesis that the fold change belongs to the
modelled background distribution. Finally, P values are corrected to reduce false positive
results. This is done by default using by the Benjamini-Hochberg method, but other

methods can be chosen.

In addition to differential gene expression analysis, the same approach can also be used for
differential binding analysis as implemented in BindingSiteFinder (https://doi.org/doi:
10.18129/B9.bioc.BindingSiteFinder). Instead of read counts per gene, BindingSiteFinder
uses the crosslink number per binding site. Like DESeq2 BindingSiteFinder assumes a
negative binomial distribution of the crosslinks. Furthermore, it uses the crosslink counts
on a gene but outside of all binding sites as a background to account for gene expression.
Both the crosslink number per binding site and the crosslink number in the background
are included in the same generalised linear model, by adjusting the design formula used by
DESeq2. BindingSiteFinder will return both the fold change per binding site and the fold
change per gene-wise background, depicting both binding changes and gene expression

changes between experiments.

In principle, a very similar approach is applied to proteomics data by DEqMS [Zhu et al.,
2020]. From the data analysis perspective, the biggest differences between proteomics and

sequencing data are the following: Firstly, protein abundances are measured as continuous
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numbers in contrast to count data from sequencing. Secondly, proteins are detected by
unique peptides, which are peptides that can be uniquely attributed to a specific protein.
However, different proteins vary in their number of unique peptides, that can be used for
their detection. Therefore, DEqMS assumes a normal distribution of protein abundances
and uses a intensity-based moderated t-statistic which was first developed for microarray
data in the limma package [Sartor et al., 2006]. Moreover, DEqMS implements a method
of scaling P values according to the number of unique peptides for each protein. In
summary, differential analysis tools compute fold changes and test the significance of the

fold changes based on the fit of the appropriate distribution function.

2.4.3 Processing and analysis of CLIP data

Analysis of CLIP data includes - in addition to the before described preprocessing steps
- deduplication, crosslink extraction, peak calling and binding site definition. Deduplica-
tion removes quantitative biases introduced during cDNA amplification (Figure 2.6 C).
To distinguish PCR duplicates from real duplicates, a unique molecular identifier (UMI)
is introduced to the cDNA fragments together with the barcode sequence before PCR
amplification. It marks each ¢cDNA fragment with a unique random sequence of 5 - 11
nucleotides (nt) length depending on the protocol. The UMI sequence can be extracted
from the sequenced reads together with the barcodes and is then used to remove dupli-
cated reads arising from the same cDNA. This process is called deduplication and can be

executed for example with UMI-tools [Smith et al., 2017].

In this thesis, I use PureCLIP [Krakau et al., 2017] to call peaks from the aligned reads
and then use the called peaks and integrate them with the crosslink profiles to define
RBP binding sites as proposed by [Busch et al., 2020]. In brief, PureCLIP uses a non-
homogeneous hidden Markov model (HMM) to define bound nucleotides while incorpo-

rating the non-specific background signal into the model to reduce the number of false
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positives. The HMM has a single-nucleotide resolution categorising each position either
as non-enriched or enriched, indicating whether the position is enriched in read coverage.
In addition, each position is categorised as non-crosslink or crosslink, indicating whether
it is the position of a single-nucleotide crosslink site or not. This results in four hidden
states, where positions with the hidden state ‘enriched and crosslinked‘ are defined as

peaks.

In addition to peak calling, the single-nucleotide crosslink events are extracted. Then,
both the PureCLIP peaks and the crosslink events are used to define equal-sized narrow
RBP binding sites as described in [Busch et al., 2020]. Firstly PureCLIP peaks in close
proximity are merged into regions. These regions are then iteratively split up into binding
sites of a predefined width (e.g. 5 nt) centred at the position with the highest score from
PureCLIP. This is then repeated with the next highest position until the region is smaller
than a defined minimum width (e.g 2 nt). Finally, binding sites lacking sufficient support
by crosslinks are filtered out. This results in equal-sized narrow binding sites, depicting

the binding behaviour of the RBP.

2.4.4 Workflow management

Due to the recent increase in the amount of biological data in need of processing and
analysis, the use of standardised workflows and workflow managers have become more
and more popular. A workflow consists of multiple steps that need to be executed in a
given order (Figure 2.6) [Reiter et al., 2021]. For most of the individual processing steps
of biological data, specialised tools already exist that were optimised to perform their given
tasks and have often been benchmarked by the scientific community. A good workflow
therefore does not reimplement all the needed steps but uses these highly sophisticated

tools.

Still, a typical workflow for biological data consists of five to twenty steps that need to
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Figure 2.7: Characteristics of workflow management. The advantages of a man-
aged workflow are shown. Samples - the workflow can be executed at any number of
samples. Software Management - the needed software for each step can be managed
separately. Branching - the output from one step can be used as input for several new
steps. Parallelisation - the execution of multiple steps or the same step for multiple sam-
ples is automatically parallelised according to the provided resources. Standard Steps -
the steps are performed in a standardised way. Ordering - the executed steps are ordered
according to their dependencies on each other. Rerun as necessary - single steps can
be rerun individually if needed. Reporting - statistics and command line messages for
all executed steps are reported. Portable - the workflow is robust to be used in different
computing environments. Final output - for the final output, the results from multiple
branches can be reintegrated. This figure is inspired by [Reiter et al., 2021].

be performed with different tools. Having all these steps performed by hand for each
data set is an error-prone and time-consuming practice. Furthermore it can reduce the
comparability between different data sets if different data sets are processed by different
people with different computational environments in a slightly different way. A workflow
manager can solve this by implementing an automation of all needed steps. In the field of
bioinformatics, common workflow managers for the development of new research pipelines

are Snakemake, [Molder et al., 2021] and Nextflow [Tommaso et al., 2017].
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A workflow manager performs multiple functions (Figure 2.7) [Reiter et al., 2021, Wrat-
ten et al., 2021]. To start with, it implements standardised steps for the workflow. The
code for every step is specified inside a so-called rule. Each rule can be performed multiple
times for multiple inputs e.g. samples. Each execution of a rule will be performed in a
separate job. Workflow managers will order the execution of the jobs by tracking the input
and output files of each job. Jobs can linearly depend on each other but one job might
also branch into multiple downstream jobs or one job might fuse outputs from multiple
other jobs. In addition, the execution of some jobs might be conditional, depending on

the input or the specifications of the user.

Splitting up the workflow into jobs allows the parallelisation of multiple independent
steps. The number of jobs executed in parallel is automatically scaled to the allocated
resources making the whole process faster and more efficient. Another useful characteristic
of managed workflows is the possibility to rerun only specific jobs of the workflow if

necessary.

Each rule can be executed in a specific computational environment that contains all needed
software. This resolves clashes of different software tools with different dependencies e.g.
if one tool is implemented in Python 2 but others in Python 3. In addition, it makes
the workflows independent of the computational environment and allows them to be used

across different computing systems without changes in the code.

Taken together, the usage of workflow managers for commonly used bioinformatic work-
flows makes the analysis reproducible, comparable to other data sets and scalable, while
reducing the possibilities for errors and the time needed for the analysis. In order to im-
prove the usability of a given workflow, it can be implemented behind a simple command

line interface.
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Chapter 3

racoon_clip: an automated pipeline

for iCLIP and eCLIP data processing

3.1 Motivation

In the last years, the interaction of RBPs with their target RNAs came into focus in the
context of various biological research topics. To understand these interactions, many CLIP
experiments are performed and a streamlined analysis of these experiments is needed.
However, as researchers use different experimental versions of CLIP, they most of the
time also use different computational analyses for the different experiments. Here, I hy-
pothesised that iCLIP and eCLIP data are interchangeable - although the experiments
differ - as long as they are processed the same way. I chose to process both data types to
single-nucleotide crosslinks, which display an extremely high resolution of binding events
in CLIP data. Furthermore, I wanted the processing to be easily usable for other re-
searchers. To achieve these goals, I built racoon clip an automated pipeline that can
process both iCLIP and eCLIP data to single-nucleotide resolution from a single com-

mand.
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3.2 Aims of this chapter

1. Provide the same processing for iCLIP and eCLIP data: Although there are
currently some tools available to process either iCLIP or eCLIP data, most tools
focus on one of the two experiment types. Therefore, I wanted to provide a tool that
processes both iCLIP and eCLIP data in a comparable manner to allow downstream

comparisons of experiments from both types.

2. Provide a method to obtain single-nucleotide resolution crosslinks for eCLIP
data: While the advantages of single-nucleotide resolution of CLIP data have been
clearly shown [Chakrabarti et al., 2018], most eCLIP data are not processed to
single-nucleotide resolution, as can be seen for example in the eCLIP processing of
the ENCODE database [Van Nostrand et al., 2020b)]. I, therefore, wanted to provide
an option to process or reprocess eCLIP data to single-nucleotide resolution. This
should help improve the overall quality of CLIP data processing and the following

analyses.

3. Automate and optimise the workflow: I aimed to provide the workflow in an au-
tomatised way to make its execution easy and reproducible. Furthermore, I wanted
to provide a flexible execution structure that could accommodate variable sample
numbers and compute resources, together with robust management of tool depen-

dencies to make the workflow independent of the computational surroundings.

4. Simplify the usage of complex CLIP processing for a broad user base: Tools
streamlining the processing of high-throughput data for a broader audience exist
for many types of experiments. Easy-to-use solutions are still missing for CLIP
experiments. Therefore, I aimed to build a workflow that could be run by a single

command from a simple command line interface.

In concordance with the aims I described above, I built a command line tool called

31



3.3. Publication

racoon_clip that can process iCLIP and eCLIP data to single-nucleotide resolution. In the
next sections, I will first describe the methods used for the implementation of racoon_clip,
then I will describe the workflow executed by racoon_clip and finally, I will show racoon_clip

processing on the examples of U2AF2 iCLIP and eCLIP data.

3.3 Publication

This project has been submitted for publication as a software release manuscript as
Klostermann & Zarnack - ‘racoon_clip — a complete pipeline for single-nucleotide analyses
of iCLIP and eCLIP data‘. The manuscript is undergoing review at Bioinformatics at the

time of writing this thesis.

3.4 racoon_clip - Implementation and availability

3.4.1 Tool availability and documentation

racoon_clip can be downloaded from GitHub (https://github.com/ZarnackGroup/racoon
_clip) and installed via pip. It requires mamba (version > 1.3.1) and Python (version >
3.9). Detailed documentation of racoon _clip is also provided in the Read the Docs format

at https://racoon-clip.readthedocs.io/en/latest /.

3.4.2 Used example data

I am showcasing the usage of racoon_clip on the example of U2AF2 iCLIP [Sutandy
et al., 2018] (SRA: SRR5646576, SRR5646577, SRR5646578) and U2AF2 eCLIP [Luo
et al., 2019] (ENCODE: ENCSR202BFN) data.
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3.4. racoon_clip - Implementation and availability

3.4.3 Implementation

racoon_clip is implemented as a command line tool. It runs a complete Snakemake work-

flow from raw read data to single-nucleotide crosslinks in one single command.

Command line interface

The command line user interface was built using a template from [Roach et al., 2022].
This template is based on the Python click package to pass command line options to
the Snakemake workflow and provides help messages in the command line for every op-
tion. It also passes down all Snakemake options to Snakemake, handles default options
and writes a configuration file containing all user-specified and default options for later

reproducibility.

Snakemake workflow

The core of racoon_clip is a Snakemake workflow (version 7.22) [Mélder et al., 2021]. Most

rules in the Snakemake workflow execute common command line tools that are listed here:
e FastQC (version 0.12) [Andrews, 2010]
e MultiQC (version 1.14) [Ewels et al., 2016]
e FLEXBAR (version 3.5.0) [Dodt et al., 2012]
e STAR (version 2.7.10) [Dobin et al., 2013]
e UMItools (version 1.1.1) [Smith et al., 2017]
e SAMtools (version 1.11) [Li et al., 2009]
e BEDTools (version 2.30.0) [Quinlan and Hall, 2010]
e kentUtils (version 377) (https://github.com/ucscGenomeBrowser /kent)
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In addition, some steps include awk (mawk version 1.3.3) implementations when no tool

was available for this task.

The tools are included into racoon_clip through multiple mamba environments stored in
YAML files, to prevent version clashes. All racoon_clip environments can be found at

https://github.com/ZarnackGroup /racoon_clip/tree/main /racoon_clip/workflow /envs.

racoon_clip also provides an HTML report summarising the processing statistics, which
is implemented as Rmarkdown (version 1.1). The necessary R packages are also provided

in a mamba environment.

Documentation

The racoon_clip documentation was made with the documentation tool Sphinx and is
hosted at the documentation hosting platform Read the Docs (https://racoon-clip.readth
edocs.io/en/latest/). The documentation is written as reStructuredText and connected
to the GitHub repository of racoon_clip. This provides searchable documentation and a

new version of the documentation whenever a new version of racoon_clip is released on

GitHub.

Used machines and run-time measurement

racoon_clip was implemented on the Koénig group’s high-performance computing (HPC)
cluster at the IMB in Mainz, named koenighpc.imb.uni-mainz.de (x86.64 GNU /Linux,
CPU: Intel(R) Xeon(R) Silver 4215 CPU @ 2.50GHz). The operation system was ‘Debian
GNU/Linux 10° (buster) and the shell used was the Bourne-again shell (bash, version
5.0.3). The cluster was accessed via secure socket shell (SSH). Command line tools were

installed using anaconda (conda version 22.11.1) with mamba drop-in extension (version

1.3.1).

The racoon_clip tool was then tested on the Ebersberger group’s compute cluster at the
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Goethe University Frankfurt, named ebersberger-46-150.biologie.uni-frankfurt.de (Ker-
nelx86-64 Linux 5.4.0-165-generic, CPU: Intel Xeon E5-2609 v4 @ 8x 1.7GHz [40.0°C]).
The operating system was ‘Ubuntu 20.04 focal' and the shell used was bash (version
5.0.17). Access was via SSH and job management was via the simple linux utility for
resource management (SLURM) workload manager. racoon_ clip inherits its SLURM
compatibility from Snakemake. The following additional parameters were passed to
racoon_clip for SLURM execution: ——profile <path/to/slurm/profile> ——wait-for-files

——latency-wait 60.

Reported run times and RAM usage were measured with the /usr/bin/time -v utility.

3.5 Workflow

racoon_clip is a command line tool designed for complete CLIP data processing in an
automated and parallelised manner through a single command. To accommodate dif-
ferent input data arising from diverse experimental protocols and sources, racoon_clip
offers pre-set experiment types ('iCLIP’, 'iCLIP2’, ’eCLIP _5ntUMI’, ’eCLIP_10ntUMT’,
'’eCLIP_ENCODE_5ntUMI’, 'eCLIP_ENCODE_10ntUMT’, or 'noBarcode noUMI’) with
the experiment_type parameter. Alternatively, a custom barcode and UMI setup can be
used for data sets not covered by the pre-set options. racoon_clip requires sequencing
reads in multiplexed or demultiplexed FASTQ files, along with a genome assembly in
FASTA format and gene annotation in GTF format. Its customizable steps can be con-
figured via a configuration (config) file or directly in the command line. Outputs from
racoon_clip include aligned reads in BAM format, single-nucleotide crosslink events in

BED and BIGWIG formats, and a detailed processing report in HTML format.

35



3.5. Workflow

3.5.1 All steps

The racoon_clip pipeline consists of three major steps (Figure 3.1): (1) preprocessing of
sequencing reads, (2) genomic alignment, and (3) extraction of crosslink events. In the
preprocessing step, racoon_clip manages iCLIP or eCLIP experiment barcodes, accommo-
dating various barcode formats. It demultiplexes FASTQ files, trims barcodes, and stores
UMIs in read names. racoon_clip performs barcode and/or adapter trimming and/or de-
multiplexing using FLEXBAR, [Dodt et al., 2012], based on input data requirements. The
UMIs are appended to the read names during barcode trimming for subsequent dedupli-
cation. If provided, barcodes need to be in a FASTA file. To ensure accurate barcode
and UMI assignment, racoon _clip can perform optional quality filtering on barcode regions
(quality_filter_barcodes) using awk. Custom adapters in a FASTA file or standard sequenc-
ing adapters from Illumina and eCLIP are used for adapter trimming. This preprocessing
step produces demultiplexed FASTQ files containing sequencing reads for individual sam-
ples, free of adapters and barcodes but with UMIs in the read names. By default, one
round of adapter trimming is performed but multiple cycles can be chosen. For example,
two cycles are recommended for ENCODE eCLIP data (https://github.com/yeolab/eclip,
accessed 03.12.2023). Later, the HTML report can be used to check that adapters have

been trimmed off correctly.

In the second step, demultiplexed reads undergo genome alignment followed by dedupli-
cation. Reads are aligned by STAR [Dobin et al., 2013] to the genome assembly (pro-
vided as FASTA) using corresponding gene annotation (provided as GTF file). STAR
applies soft-clipping to the 3’ end of reads (——alignEndsType Extend5pOfReadl) to
retain exact crosslink positions upstream of the 5 end. All other STAR parameters
can be customised, e.g., for handling multi-mapping reads. By default, STAR out-
puts only unique alignments (——outFilterMultimapNmax 1) with up to 4% mismatches

(——outFilterMismatchNoverReadLmax 0.04).
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Figure 3.1: Schematic overview of the racoon_clip workflow to process CLIP
data. Used command line tools are given in brackets. opt - optional step.

Aligned reads are then deduplicated based on identical locations and UMIs, using UMI-
tools [Smith et al., 2017]. While there is an option to skip deduplication (deduplicate:
False), it is recommended for data quality. Finally, BAM files are indexed using SAMtools

[Li et al., 2009], producing aligned, deduplicated reads in BAM format.

The third step of racoon_clip involves extracting crosslink sites, selecting the position 1
nt upstream of the 5’ end of aligned reads using BEDTools [Quinlan and Hall, 2010] and
kentUtils (https://github.com/ucscGenomeBrowser/kent). Extracted crosslink events
are provided in BED and BIGWIG formats. racoon_clip enables merging files of samples
from the same condition by specifying sample groups and provides additional merged
files for each sample group. In the absence of specified groups, all samples are merged
by default. At the end, racoon_clip generates an HTML processing report summarising
data quality using FastQC [Andrews, 2010] and MultiQC [Ewels et al., 2016], along with
relevant statistics for each step, facilitating user assessment of processed data set quality

and the success of each workflow step.
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3.5.2 Dealing with different types of input through pre-set op-

tions or customisation

To perform analyses on data from different protocols, racoon _clip offers pre-designed set-
tings for iCLIP, iCLIP2, eCLIP with either a 5 nt or 10 nt UMI, eCLIP downloaded from
the encyclopedia of DNA elements (ENCODE) and data without UMI or barcode as is
the case when downloaded from the sequence read archive (SRA). The main difference
for the data processing of the experiments (Figure 3.2) is that iCLIP uses single-end
reads and, therefore, an interspaced experimental barcode that consists of the first half
of the UMI, then the sample barcode and then the second half of the UMI. In contrast,
eCLIP uses paired-end reads where the UMI can be found in read #2 and the barcode
in read #1. Of the paired-end reads, racoon_clip only uses the read #2, which contains
the read stop position. The newer versions of iCLIP (iCLIP2) and eCLIP use longer
UMIs (iCLIP2 11 nt, eCLIP 10 nt) than the older protocols (iCLIP and eCLIP 5 nt).
The type of the experiment can be chosen via the racoon_clip parameter experiment_type
which includes the options ‘iICLIP‘, ‘iCLIP2‘, ‘eCLIP_5ntUMI‘ ‘eCLIP_10ntUMI‘, and
‘eCLIP_ENCODE_5ntUMI,* ‘eCLIP_ENCODE_10ntUMI*, or ‘noBarcode noUMI".

iCLIP  ==NNN NN e R - - —
iCLIP2 ==NNNNN NNN | — R NN... Unique molecular identifier (U|I\?/|1I)_ oad #1

ECLIP  ==NNNNNNNNNN N e R2 | UV-crosslink == Adapter  R2 - read #2
—R1

Figure 3.2: Barcode and UMI architecture used by the different CLIP exper-
iments. Top - iCLIP; middle - iCLIP2; bottom - eCLIP; N, blue - UMI; X, orange -
experimental barcode; red bar - read stop position; grey bar - adapter; black bar - read;

R1 - read #1; R2 - read #2.

These pre-set options are based on a flexible architecture of experimental barcodes that

can also be fully customised instead of using the pre-settings. The basic structure of
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experimental barcodes that racoon_clip assumes is

Numil,len + Xbarcode,len + Numillen (3 1)

where N are bases from the UMI, X are bases from the barcode and umil len, umi2_len
and barcode_len are the racoon_clip parameters that specify the number of bases in each

part. Table 3.1 shows the racoon_clip parameters behind the different pre-settings.

iCLIP iCLIP2 eCLIP eCLIP Removed
from barcode
ENCODE | and UMI
umil_len 3 5 10 (5) 0 0
umi2_len 3 5 0 0 0
barcode_len| 4 6 0 0 0
encode False False False True False

Table 3.1: racoon_clip parameters behind the different pre-set options.

Of note, there are specialised options for publicly available data which are usually prepro-
cessed. ENCODE provides preprocessed sequencing reads of eCLIP experiments without
barcodes and with UMIs already stored in the read name. This specific setting is taken
care of in racoon_clip with the ‘eCLIP_ENCODE_10ntUMI* and ‘eCLIP_ENCODE _5ntUMI
settings for the experiment_type parameter or by setting the parameter encode to ‘True'.
Moreover, in the SRA database iCLIP or eCLIP data are stored already demultiplexed
and often with the barcode and UMI already trimmed off. In this case, the ‘noBar-
code_noUMI"‘ option can be used. This will also turn off deduplication, which depends on

the UMI sequence.

In addition to the different setups for the experimental barcode, racoon_clip will include

different processing steps in its default behaviour for each of the pre-settings (Figure
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3.3).

Demultiplexing is by default always turned off. For iCLIP and iCLIP2 data all

other steps will be executed, while for eCLIP data the barcode trimming step is skipped,

as the barcodes are located on read #1. For already preprocessed data as from ENCODE

or SRA, racoon_clip directly starts with the genome alignment. The steps performed by

racoon_clip can also be customised by the user.
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Figure 3.3: Default executed steps of racoon_clip for the different experiment
pre-settings. Top - barcode and UMI architecture; bottom - racoon_clip workflow.
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3.6 Case study

To demonstrate the comparability of iCLIP and eCLIP data after racoon_clip processing
I reprocessed two publicly available U2AF2 eCLIP and iCLIP data sets. The U2AF2
eCLIP has been performed in two replicates in HepG2 cells [Van Nostrand et al., 2020b],
contains 18,760,220 reads in total and is available on the ENCODE database [Luo et al.,
2019]. The U2AF2 iCLIP has been performed in three replicates in Hela cells [Sutandy

et al., 2018], contains 66,041,912 reads in total and is available in the SRA database.

3.6.1 Execution

For the U2AF2 iCLIP, the data stored at SRA is already demultiplexed, deduplicated and
adapters and barcodes are trimmed off. Therefore, I used the following settings for the
processing: experiment_type: iCLIP, demultiplex: False, quality_filter barcodes: False,
adapter_trimming: False, deduplicate: False. As the barcodes including the UMIs were
not present in the data anymore, no deduplication could be performed. As data stored at
SRA often already has barcodes trimmed off, I implemented the additional experiment
type experiment_type ‘noBarcode noUMI* (Figure 3.3), that contains these settings.
However, it should be noted that skipping deduplication might introduce PCR biases
into the crosslink numbers. For the eCLIP data set, the following settings were used:
experiment_type: eCLIP_ENCODE, demuliplex: False, quality_filter_barcodes: False,

adapter_trimming: True, adapter_cycles: 2, deduplicate: True.

In terms of computational resources, racoon_clip needed 1 hour and 54 minutes for the
iCLIP data set at a peak RAM usage of 40.5 GB on 6 cores. For the eCLIP data set, 2
hours and 13 minutes at a peak RAM usage of 35.4 GB were needed on 6 cores. In the
following, I will describe the resulting processing report and then compare the obtained

crosslinks of both experiments.
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3.6.2 Reported processing steps

racoon_clip provides a detailed HTML report about the performed steps (Figure 3.4 A).
The full reports of the U2AF2 data sets are stored at https://github.com/MelinaKloster
mann/phD_thesis_additional_code/tree/main/racoon_clip_U2AF2. The report includes a
list of all chosen or default parameters used. Then, graphical representations of the read
quality before and after quality filtering and the adapter content before and after adapter
trimming as generated by MultiQC are shown. Furthermore, the mapping statistics of all
samples as provided by STAR and the number of crosslinks and crosslinked positions per

sample are given. Here, I will give some examples from the processed U2AF2 data.

The mean read quality is above a Phred score of 28 for all positions in the eCLIP and
iCLIP data, except for a drop in read quality at the last position in the iCLIP reads. In the
eCLIP data, an effective adapter trimming can be confirmed by the report, which shows
that adapter content was detected before but not after adapter trimming (Figure 3.4

B). The iCLIP data does not contain adapters and no adapter trimming was performed.

Over all samples, 67.2% and 95.8% of the sequencing reads are uniquely aligned for the
eCLIP or iCLIP data, respectively (Figure 3.4 C, D). For the eCLIP data, 81.2%
of the uniquely mapped reads pass the deduplication step (Figure 3.4 E), while no

deduplication is performed for the iCLIP data.

As a result, racoon_clip processing of the U2AF2 eCLIP data set yields in sum of 10,282,489
crosslink events from both samples. Processing of the U2AF2 iCLIP data set resulted in

a total of 63,266,600 crosslink events for the three iCLIP replicates.

3.6.3 Comparison of the resulting crosslink profiles

To test the comparability of iCLIP and eCLIP data subjected to the same processing,

I first manually inspected the crosslink patterns of both data sets in a genome browser.
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4.1 Adapter Content before trimming
HTML Position of adapters found in the reads. If adapters are found early in the reads, this points to overdigestion of the samples.
racoon Cllp report FastQC: Adapter Content
- Parameters
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Trimming no left.
C Mapping
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Number of input reads 10315676 8444544
Uniquely mapped reads number 7237664 5423221
Uniquely mapped reads % 70.16% 64.22%
D Mapping
U2AF2_Hela_s1 U2AF2_Hela_s2 U2AF2_Hela_s3
Number of input reads 35351663 15189366 15500883
Uniquely mapped reads number 33888094 14537482 14841024
Uniquely mapped reads % 95.86% 95.71% 95.74%

E Deduplication and crosslink selection
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Figure 3.4: Overview of racoon clips processing reports.

(A) Topics covered in the report.

(B, C, D, E) Screen shots from the reports.

(B) Adapter content in U2AF2 eCLIP data before and after adapter trimming.

(C, D) First rows of mapping statistics for U2AF2 eCLIP (C) and iCLIP (D) data.

(E) Numbers of reads before and numbers of crosslinks after deduplication of U2AF2
eCLIP data (top) and graphical representation (bottom).
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Overall, the crosslink patterns of both data sets are similar as exemplified by the crosslink
profile in the AOPEP (Aminopeptidase O) gene (Figure 3.5). Furthermore, I made
metaprofiles of the iCLIP and eCLIP crosslinks in proximity to the 3’ splice site. It has
been shown that U2AF2, which is part of the splicing machinery, binds its target RNAs
upstream of the 3’ splice site [Zarnack et al., 2013]. The metaprofiles of the iCLIP and
eCLIP crosslinks demonstrate that this behaviour of U2AF2 can indeed be monitored in

both data sets when using single-nucleotide resolution crosslinks from racoon_clip.
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Figure 3.5: Comparison of U2AF2 crosslink profiles from eCLIP and iCLIP
data.

(A) Exemplary genome browser view of the eCLIP (top) and iCLIP (bottom) U2AF2
crosslinks in the AOPEP gene. Crosslinks of all replicates are added. A model of the
AOPEP transcript and the genomic coordinates are displayed below.

(B) Metaprofiles of U2AF2 crosslinks around the 3’ splice site. Used are all annotated
splice sites in the genome annotation. Dark blue - iCLIP, light blue - eCLIP.

In summary, racoon_clip can efficiently process both iCLIP and eCLIP data to single nu-
cleotide resolution. The example of the U2AF2 data sets demonstrates the comparability

of both experiment types when processed in the same way.
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3.7 Discussion

The interest in RNA biology has increased immensely during the last two decades and
with it the interest in RBPs which orchestrate the lifecycle of RNAs. CLIP experiments
are an intriguing approach to query the interactions of RNAs and RBPs in vivo. There-
fore, more and more CLIP experiments are performed both in the contexts of large-scale
databases and of individual research questions. With racoon_clip I provide an automated
and reproducible way to process iCLIP and eCLIP data, which I believe will be useful for
a large user community. I facilitated the usage of racoon_clip by providing a command

line interface, pre-set experiment types and a detailed documentation.

3.7.1 The usage of workflow managers

I aimed to optimise racoon_clip for two different use cases. On the one hand, I wanted to
facilitate the processing of CLIP data for individual researchers analysing their own data.
On the other hand, I wanted to provide an option to process large numbers of both iCLIP
and eCLIP data sets in exactly the same way as a basis for large-scale computational CLIP
analyses. I chose to implement racoon_clip based on workflow management because both
use cases can gain from this approach. Workflow management will make the execution
of a workflow easy to use because it allows a whole pipeline to be run in one command.
Furthermore, it facilitates tool installation by providing the option to manage software
dependencies in specific environments. For projects working with larger numbers of CLIP
data sets, a workflow manager ensures that all data are processed in exactly the same way
and that the workflows can easily be upscaled to process multiple samples and multiple

data sets in parallel.

The most commonly used workflow managers for biological data analysis are Snakemake
and Nextflow (Chapter 2.4.4). I chose to use Snakemake for the racoon_clip imple-

mentation because it is relatively flexible for development. Firstly, Snakemake allows the
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integration of Python code around its workflow syntax. This especially facilitated the
implementation of optional steps by integrating conditional Python statements into the
general steps of the workflow. Moreover, Snakemake organises the pipeline’s structure
based on the output files, in contrast to Nextflow which organises the pipeline’s structure
based on the input files. The output-based structure simplifies the development of new
options or pipeline steps because Snakemake will check that all rules generating the nec-
essary intermediate output files will be generated by some rule before starting. This has
the main advantage that errors in new code will be found prior to the execution of all
upstream steps. As a result, the Snakemake workflow that racoon_clip is based on can in
the future easily be modified to include new options, different data types or additional

processing steps.

While analyses implemented with workflow management certainly have many advantages,
the usability for other users, who are unfamiliar with the syntax of the given workflow
manager, might be very limited. Therefore, providing software as a native workflow script
might be problematic. To resolve this problem [Roach et al., 2022] proposed to hide the
workflow back-end behind a simple command line interface to make it accessible to a
larger group of users. This can reduce the execution of the workflow to two steps: install
and run. I adopted their approach and added a command line interface to racoon_clip.
Overall, I am confident that the combination of a Snakemake workflow management and a
command line interface provides a sophisticated backbone to CLIP analyses that supplies
high usability and reproducibility while processing iCLIP and eCLIP data in the same

way.

3.7.2 Distributing software

An important question in the development of scientific tools is how to make the tool ac-

cessible to the scientific community. A guideline approach for scientific data management
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set up the so-called FAIR Data Principle, requesting scientific data to be findable, acces-
sible, interoperable and reproducible [Wilkinson et al., 2016]. While these rules primarily
were made for scientific data, the same principles should be considered for scientific tools.
Other scientists should be able to find, access and adjust software tools. A common
practice that provides basics of FAIR principles for software is to store tools on GitHub
together with an installation manual and documentation. The advantages of GitHub are
the integration with git version control, which allows to make new releases of newer ver-
sions of the tool, while still keeping the older versions accessible. Moreover, it allows the
possibility to share non-commercial code publicly and other developers can branch the

original software to adjust it to their own needs.

However, a problem that can arise from providing a tool purely on GitHub is that the users
have to install all tool dependencies by themself. Especially for tools with a high number
of dependencies, this will easily lead to clashes of dependencies in different computing
environments. This in turn will drastically increase the time needed by users to make a
tool usable on their own system. A possibility to avoid complex installations is to provide
tools via a package manager. Commonly used package managers for Python-based tools
are Anaconda or the Python Package Index (PyPI). Both allow installing a tool by a single
command line (conda install tool or pip install tool) while managing dependencies for the
user. This improves the accessibility of a given tool. Uploading a tool to both PyPI or
Anaconda requires an underlying GitHub repository of the given tool and a certain folder
structure of the tool’s code, also called skeleton. At the time of writing this thesis, I did
not upload racoon_clip to PyPI or Anaconda but made it solely installable from GitHub.
As racoon_clip uses Snakemake environments to manage most of its dependencies, its
installation from GitHub is relatively easy. An advantage of providing racoon_clip only
on GitHub at the moment is that changes to the code can be implemented faster. Still,
I built racoon_clip already using the required Anaconda skeleton to make a later upload

easier and plan to upload racoon_clip to both Anaconda and PyPI later after integrating
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the first feedback from the first users.

As most tool developers in academic groups will not stay in the group long-term to
maintain their tools, the computational tools will actually ‘age‘’. Over time, dependencies
of tools will become outdated, as for example a tool might depend on old versions of
programming languages, and a user might not want to downgrade his computational
system to an older state just to be able to use a certain tool. This problem is not fully
solved by using package managers like Anaconda and PyPI, because they expect software
developers to maintain their tools in a way that is up-to-date with their surrounding
computing systems. A solution to avoid both complicated installations and ageing of
tool dependencies is the usage of containers [Reiter et al., 2021, Wratten et al., 2021].
The idea of a container is to completely separate a given process from the surrounding
computational system. Therefore, the container will only contain the computational tool
and its dependencies, with the advantage that old dependencies can be used inside the
container forever without leading to clashes with newer computational systems. At the
time of writing this thesis, the most popular container engine is Docker. To make it easier
for users to run a given software tool in a container, one can provide a container image for
the tool. This contains the full installation commands for the tool and all dependencies.
Users can directly clone this image and start a container from it. A high-level example
of this is the Bioconductor package manager, which provides R packages for biological
use cases [Gentleman et al., 2004]. Bioconductor uploads a docker image of each of its
new versions (https://bioconductor.org/help/docker/, accessed 03.12.2023). Therefore,
packages that are no longer maintained will still be easily usable in their docker container.

Following this example, I plan to provide a racoon_clip docker image in the future.
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3.7.3 Managing RAM requirements in workflows

A Snakemake workflow like racoon_clip inherits a major part of its RAM and run-time
requirements from the command line tools used in the workflow. Moreover, it amplifies
the needed RAM by executing multiple jobs in parallel. To optimise the RAM usage
of Snakemake workflows, one can locate the steps with the highest requirements and
possibly optimise the step or exchange the underlying tool used in the step by a tool with
fewer requirements. For racoon_clip, the major part of the RAM usage can be traced
back to the STAR aligner. The STAR developers already list its high RAM usage as a
limitation of STAR, stating that ‘mammalian genomes require at least 16 GB of RAM,
ideally 32 GB* (https://github.com/alexdobin/STAR, accessed 02.12.2023). As a result,
the STAR usage in racoon_clip has the same high RAM requirement, which is exemplified
by the peak RAM usage for the U2AF2 data sets (iCLIP - 40.5 GB, eCLIP - 35.4 GB).
While RAM requirements between 20 GB and 100 GB should not be problematic for a
compute cluster, it rules out the usage on a local machine. This might reduce the usability
of racoon_clip for researchers with little computational resources. I, therefore, want to

discuss different approaches that could resolve this issue.

Firstly, to keep the RAM usage from multiplying too much on multiple data sets, Snake-
make allows users to pre-set the maximum usable RAM. It then organises the parallelisa-
tion of the steps in a way not exceeding the RAM maximum. This temporary solution can
be important to limit RAM during racoon _clip cluster execution to the available resources,

especially when providing a high number of cores and many samples.

Secondly, a solution might be to exchange the STAR aligner in the racoon_clip workflow
with another tool that has less RAM requirements. However, exchanging the aligner
should not be done at the expense of the alignment quality. An important feature of
an aligner for CLIP analysis splice-awareness, as RBPs can bind both to pre-mRNA and

mature mRNA. Furthermore, in contrast to the alignment of RNAseq data, CLIP reads
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will not be distributed evenly over the whole transcript but accumulate at the crosslink
sites. Therefore, splice-aware aligners that model splicing depending on the distribution
of the alignments of other reads like TopHat2 [Kim et al., 2013] are not suitable for CLIP
data. The STAR approach of a maximum mappable prefix in combination with stitching
and scoring of the aligned fragments is independent of the alignment of other reads and,
therefore, more appropriate for CLIP data. In general, STAR was shown to perform best
of all non-commercial tools in a benchmark of RNAseq aligners [Baruzzo et al., 2017].
The commercially available RNA aligners Novoalign (Novocraft Technologies Sdn Bhd.)
and CLC (QIAGEN) perform alignment similarly well [Baruzzo et al., 2017], but need
also similar amounts of RAM [Donato et al., 2021]. Moreover, STAR has a lower run-time
than tools with less RAM requirements. This can be exemplified by TopHat2, which has
a 10-fold higher run-time and in addition, was also shown to perform alignment less well
than the STAR [Baruzzo et al., 2017, Donato et al., 2021]. All in all, it would, therefore, at
present not be recommendable to exchange the usage of STAR in the racoon_clip workflow

with another aligner.

Thirdly, a possibility to remove the dependency on compute clusters would be to include
the racoon_clip workflow into the Galaxy platform. Galaxy is a non-commercial browser-
accessible workbench for bioinformatic analyses [Afgan et al., 2022]. It allows users to
run tools like STAR via a publicly available server. The tools are pre-installed and are
provided with a clickable browser interface. Galaxy also provides a collection of publicly
available workflows. These can be built with the Python library BioBlend which provides
an interface for interacting with Galaxy [Sloggett et al., 2013]. As not all tools used by
racoon_clip are available on Galaxy it would be necessary to either create a Galaxy plug-in
of these tools or to search for alternatives. The advantages of providing racoon_clip on
Galaxy would be the large user base, its free compute resources and the easy usability.
The main disadvantage of the publicly available Galaxy servers is that the memory per

user is limited to 250 GB. This would roughly be enough for a CLIP data set with up to
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10 samples, which is sufficient for most basic use cases. A Galaxy workflow will probably
not be used by researchers performing CLIP analyses regularly with sufficient computing
resources and expertise. These researchers will gain much more from the scalability of
the command line tool racoon _clip, which makes it relatively easy to process several CLIP
data sets for comparisons. Still, providing a Galaxy version of racoon_clip in addition to
the command line tool in the future might make the workflow accessible to a different type
of user, who just wants to analyse one specific CLIP data set with minimal computational

difficulties.

In summary, a bottleneck of racoon clip is its relatively high RAM requirement, which
it obtains by using the RAM-intensive STAR for read alignment. There are no equally
well-performing aligners with lower RAM usage that are suitable for CLIP data, and this
step should, therefore, remain unchanged. Instead, providing racoon_clip additionally on

Galaxy for users with limited compute resources might be a good solution.

3.7.4 Peak calling as the next step downstream of racoon_clip

After running racoon_clip, at the moment the user still has to perform peak calling and
subsequent binding site definition separately (Chapter 2.4.3). In consequence, these
steps could also be included in racoon_clip in the future, opening the question of which

peak caller to use.

There are around ten peak callers available for iCLIP and/or eCLIP data [Hafner et al.,
2021] including CLIPer [Van Nostrand et al., 2020a], Skipper [Boyle et al., 2023], Pure-
CLIP [Krakau et al., 2017], CLIP Tool kit [Shah et al., 2016], iCount [Wang et al., 2010],
omniCLIP [Drewe-Boss et al., 2018], Piranha [Uren et al., 2012] and PIPE-CLIP [Chen
et al., 2014]. In general, a comprehensive benchmark of the performance of these CLIP
peak calling tools is missing, although some publications introducing a new tool provide

some comparison to other tools [Krakau et al., 2017, Boyle et al., 2023]. Therefore, at the
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moment a decision for a certain peak calling algorithm can not be based on the overall

performance.

The biggest differences between peak callers are whether they provide single-nucleotide
peaks as output and whether they need a control experiment for their peak statistic. Ac-
cording to my survey, all peak callers except PureCLIP and iCount depend on control
data to infer the gene expression. However, it has been controversial in the CLIP com-
munity whether input controls improve or rather bias the analysis [Chakrabarti et al.,
2018, Hafner et al., 2021]. It has been argued that CLIP experiments in contrast to
ChIP-seq and RNA immunoprecipitation experiments are so optimised for the removal of
noise during the experiment that it is unnecessary to include background into the analysis
[Chakrabarti et al., 2018]. Following this argument, iCLIP protocols are performed with-
out a control [Buchbender et al., 2020]. In contrast, eCLIP protocols include so-called
SMInput samples as control, which contain all crosslinked RNAs without selecting those

bound by the RBP of interest by immunoprecipitation [Van Nostrand et al., 2016].

In my example, racoon_clip processing of U2AF2 analysis with the iCLIP data set did not
have SMInput samples while the eCLIP data did. I did not include the SMInput of the
eCLIP data, but they can be included in racoon_clip processing if this is chosen by the
user. For this, SMInput samples would be processed by racoon_clip as separate samples
and then they can be provided as background to the peak caller. In a different project,
I tested racoon_clip processing of an AGO2 (Argonaute RISC Catalytic Component 2)
eCLIP data set, followed by peak calling and binding site definition with and without
SMInput samples, to further analyse how the usage of an input control influences binding
site definition. In this case, the usage of the SMInput showed very little influence on the
resulting binding sites (data not shown), strengthening the approach without an SMInput

control.

A second criterion that should be considered is the resolution of the peak caller. To obtain
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the high resolution of narrow binding sites, racoon_clip selects the nucleotide before the
reads 5’-end as crosslink position. Therefore, in the following step, a peak caller providing
single-nucleotide peaks should be chosen. Single-nucleotide resolution of peaks is provided
for example by PureCLIP, omniCLIP and iCount. Many other commonly used tools like
PIPE-CLIP, Piranha, CLIPer, which are used by the ENCODE database, and its follow-
up tool Skipper do not provide single-nucleotide resolution of called peaks. Interestingly,
the publication introducing Skipper even mentions that ‘PureCLIP exhibited the most
focal signal® in a comparison to Skipper and four other peak callers including omniCLIP
[Boyle et al., 2023]. Therefore, again, the best peak calling options considering the peak

resolution would be PureCLIP or iCount.

PureCLIP peak calling uses a hidden Markov model, that is built on the complete genome
as described in Chapter 2.4.3. I used PureCLIP in the binding site definition of PURA
binding sites which is described in detail in the next chapter. However, I decided to
not include PureCLIP into racoon_clip because it needs run-times of one to three days
at a RAM usage of usually above 90 GB when provided with 8 or 10 cores. This is
likely because PureCLIP first trains its Hidden Markov Model nucleotide-wise on all
chromosomes and then tests the state of every nucleotide. A solution without increasing
the run-time of the preprocessing could be to include PureCLIP as a second module to
racoon_clip that can be executed after the processing to single-nucleotide resolution if
chosen by the user. This second module could then also contain the subsequent binding
site definition step. Overall, the user could then run two commands called for example
‘racoon_clip process‘ and ‘racoon_clip bindingSites* where the first part would maintain
the relatively fast run-time that racoon_clip has now and the second part would inherit

the long run-time of PureCLIP, but would only be executed if specifically needed.

Another solution might be to use iCount instead of PureCLIP for peak calling. In contrast,

iCount performs peak calling by permutation analysis [Wang et al., 2010]. For this, the
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counts per gene are randomly distributed within gene regions to generate a background.
Then, the observed distribution is compared to the random distribution to calculate a
false discovery rate. This approach might be faster because it considers only annotated
and expressed genes. At the same time, this is also the drawback of this method as it

depends on a complete annotation for the studied organism.

In summary, racoon_clip could be expanded by a peak calling step and the subsequent
binding site definition step. A suitable peak caller should function without provided back-
ground samples to make it usable with all iCLIP data and should provide the called peaks
as single nucleotides to maintain the narrow signal of the single-nucleotide crosslinks.
From the CLIP peak callers available at the moment, PureCLIP and iCount meet these

expectations and could be tested against each other to decide on the best option.

3.7.5 Conclusion

Taken together, with racoon_clip I can provide a processing workflow for iCLIP and eCLIP
data, enhancing the comparability of the two data types. As the read data from both
experiments has the read start position next to the UV crosslink, both data types can
be processed similarly when accounting for the different read architectures as done with
racoon_clip. Indeed, in the example of U2AF2 iCLIP and eCLIP data, crosslink patterns
from both experiment types are very similar. This highlights the interchangeability of the
data from both experiment types when using the same downstream analysis. Therefore,
racoon_clip processing will allow the combination of iCLIP and eCLIP data for analyses
like training machine learning approaches or modelling RBP networks [Horlacher et al.,

2023).

Furthermore, with racoon_clip single-nucleotide crosslinks can be obtained for both iCLIP
and eCLIP data. This increases the resolution of the binding patterns in comparison to

the usage of full reads. To keep the high resolution of the crosslink profiles in the following
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peak calling and binding site definition, a peak caller that can provide single-nucleotide

peaks should be used.

I automatised racoon_clip by implementing it as a Snakemake workflow. This provides
racoon_clip with all the advantages of workflow management including organisation and
parallelisation of steps, separate software environments for the steps and portability to
other computational systems. To allow the user to keep track of the automatically per-
formed steps, I included a detailed HTML report that contains statistics and visualisations

of all steps.

To simplify the usage of racoon _clip, the Snakemake workflow is hidden behind a command
line interface. All parameters can be passed to racoon_clip via command line options or
in a configuration file. Furthermore, as all needed software is provided in racoon_clip‘s
mamba environments, racoon_clip‘s only dependencies are Python and mamba, facilitating
its installation. I, therefore, believe that racoon_clip will be very useful both for a broad
community of people performing CLIP experiments in need of robust processing of their

data and for comparisons of multiple new and publicly available CLIP data sets.
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Chapter 4

The cellular role of the RN A-binding
protein PURA and its connection to

cytoplasmic granules

A major part of the analyses shown in this chapter have been published in

Depletion of the RNA-binding protein PURA triggers changes in posttran-
scriptional gene regulation and loss of P-bodies.

Molitor L*, Klostermann M*, Bacher S, Merl-Pham J, Spranger N, Burczyk S, Ketteler
C, Rusha E, Tews D, Pertek A, Proske M, Busch A, Reschke S, Feederle R, Hauck SM,
Blum H, Drukker M, Fischer-Posovszky P, Konig J, Zarnack K*, Niessing D¥ (2023); Nu-
cleic Acids Research, 51(3):12971316. DOI http://dx.doi.org/10.1093 /nar/gkac1237. (*
both authors contributed equally; ® shared correspondence)

The figures listed in Table 4.1 were done by me for this publication and are taken from

there.
This thesis [Molitor et al., 2023]
Figure 4.1 B Figure 2C (modified)
Figure 4.1 C Figure 3A
Figure 4.2 Figure S2 B
Figure 4.3 A Figure 3B (modified)
Figure 4.3 B Figure S2A
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Figure 4.3 B
Figure 4.5 B
Figure 4.8 B
Figure 4.8 B
Figure 4.11 A
Figure 4.11 B
Figure 4.12
Figure 4.13 B
Figure 4.14 B
Figure 4.14 C
Figure 4.15 A
Figure 4.15 B
Figure 4.15 C
Figure 4.16 A
Figure 4.16 B
Figure 4.17 A
Figure 4.17 B
Figure 4.17 C
Figure 4.17 D
Figure 4.18

Figure 4.19 A, B

Figure 4.21 B

Figure 4.21 C, D

Figure 4.21 E
Figure 4.21 F

Figure 4.22 A, B, C
Figure 4.23 A, B
Figure 4.24 A | B
Figure 4.24 C, D

Figure 4.24 E
Figure 4.24 F
Figure 4.24 G

Figure 4.25 A, B

Figure 4.25 C

Figure S6H (modified)
Figure 3D

Figure S4 B (modified)
Figure S4 C (modified)
Figure S6 J

Figure 3E (modified)
Figure 3F

Figure S6 1

Figure 4A

Figure 4B

Figure 4C

Figure S8 A

Figure 4D

Figure S9 B

Figure S9 E

Figure S9 A

Figure S9 D

Figure S9 C

Figure S9 F

Figure 4E

Figure S6 E, F

Figure 2C (modified)
Figure S5 F (modified)
Figure 2F

Figure 2E

Figure S5 A, B, C
Figure A, B

Figure S10 E, F (modified)
Figure S10 B,C (modified)
Figure S10 D

Figure S10 A

Figure 5A

Figure 6 C, D (done by Sabrina Bacher)
Figure 5E (modified)

Table 4.1: Figures reused from our previous publication.
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4.1 Research objectives

At the start of this project, PURA was known primarily as a DNA-binding protein, with
limited evidence for its interaction with RNAs in the cellular context. The primary aims

of this research were threefold:

1. Global characterisation of PURA’s RNA binding behaviour: The first objec-
tive was to comprehensively assess PURA’s ability to bind RNA molecules in living
cells. This involved not only determining the extent of PURA’s RNA-binding ca-
pacity but also delineating key characteristics of its binding behaviour, including its

preferred transcript regions and binding motifs.

2. Revealing PURA'’s cellular function: Although PURA has been implicated in
several diseases, its precise role in cellular processes has remained elusive. To ad-
dress this, my research aimed to elucidate the cellular functions of PURA RNA
binding. This was done by analysing the effects of PURA depletion on RNA and

protein expression in cells to uncover the functional implications.

3. Characterising PURA’s associations with neuronal cells and cytoplasmic
granules: My investigation connected PURA to various cellular functions. From
there, I was especially interested in PURA’s RNA-binding in neuronal cells, as well
as its association with stress granules and P-bodies. Therefore, I aimed to gain a
more complete understanding of the role of PURA in these specific cellular contexts

using publicly available data.
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4.2 Data and Methodology

Please note that the methods used here and, therefore, the description of the method
greatly overlap with the methods from [Molitor et al., 2023]. T paraphrased the methods
from this manuscript as much as possible. For the methods used for the experiments

please refer to [Molitor et al., 2023] as they were performed by our collaborators.

4.2.1 Binding site definition, characterisation and comparison

In this project, I use four different PURA iCLIP data sets (Table 4.2). Three of them
were performed in HeLa cells and a fourth in neuronal precursor cells (NPC PURA iCLIP).
From the PURA iCLIPs in HeLa cells, one was performed with endogenous PURA ex-
pression (endogenous PURA iCLIP) and two with an ectopic overexpression of a FLAG-
PURA construct. In the first FLAG-PURA iCLIP (FLAG-PURA IH-AB iCLIP), the
immunoprecipitation was performed with the same in-house anti-PURA antibody (anti-
PURA™PM) that was also used in the endogenous PURA iCLIP and the NPC PURA
iCLIP. In the second FLAG-PURA iCLIP, the immunopecipitation was done with an
anti-FLAG antibody (FLAG-PURA FL-AB iCLIP). The experimental details and the
preprocessing steps from raw reads to single-nucleotide crosslinks can be found in the
methods section of [Molitor et al., 2023] (see chapters Generation of a PURA-specific
antibody, Generation of inducible PURA overexpression HeLa cell line, Neural progenitor

cell derivation from human induced pluripotent stem cells and Processing of iCLIP reads).

Binding site definition

I defined 5-nt wide binding sites on the iCLIP data of all three PURA iCLIP experiments
from HeLa cells with the method described by [Busch et al., 2020]. The NPC PURA
iCLIP had a very limited signal, which was not sufficient for binding site definition. For

the theory behind peak calling and binding site definition see Chapter 2.4.3.
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Target Cells Antibody
Endogenous endogenous PURA | HeLa cells anti-PURA
PURA
FLAG-PURA ectopic HeLa cells anti-PURA
TH-AB FLAG-PURA

(overexpression)
FLAG-PURA ectopic HeLa cells anti-FLAG
FL-AB FLAG-PURA

(overexpression )
NPC PURA endogenous PURA | neuronal precursor | anti-PURA

cells

Table 4.2: Used iCLIP data sets.

The processed crosslink events of the four biological replicates from the endogenous PURA
iCLIP and the FLAG-PURA TH-AB iCLIP were merged into two pseudo-replicates and
subjected to peak calling by PureCLIP (version 1.3.1) [Krakau et al., 2017] with default
parameters. The two biological replicates of the FLAG-PURA iCLIP were directly used

for peak calling with PureCLIP.

Then, to define binding sites, PureCLIP sites in a distance of less than 5 nt were merged
into regions, and isolated PureCLIP sites without an adjacent site within 4 nt were dis-
carded. Binding site centres were defined iteratively as the position with the highest
number of crosslink events and enlarged by 2 nt on both sides to obtain 5-nt binding
sites. Binding site centres were required to harbour the maximum PureCLIP score within
the binding site. Furthermore, binding sites were filtered for reproducibility by requiring
a binding site to be supported by a sufficient number of crosslink events in at least two out
of four replicates for the endogenous PURA iCLIP. For the FLAG-PURA TH-AB iCLIP,
I deemed binding sites reproducible if they were supported by three of the four replicates
and for the FLAG-PURA FL-AB iCLIP, both replicates had to support the binding site.
The threshold for sufficient crosslink event coverage, using the 0.05 percentile, was de-
termined as described in [Busch et al., 2020]. In addition, as the FLAG-PURA TH-AB

iCLIP data set had a very high signal depth, global binding sites enclosing less than 6
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crosslinks events were filtered out and for each gene only binding sites with a PureCLIP

score in the upper 25% quantile of the gene were kept.

The shown genome browser screenshots (Figures 4.1 B; 4.4; 4.7 C; 4.21 B, C, D;

4.23) are made with the GVIZ package (version 1.42.1) [Hahne and Ivanek, 2016].

Transcript location of binding sites and crosslink events

To know the transcript locations of the binding sites from all three PURA iCLIP data
sets in HeLa cells (Figure 4.1 & 4.3 & 4.10), binding sites were mapped onto the gene
and transcript annotation from GENCODE (release 31, genome version GRCh38.p12)
[Frankish et al., 2018]. As in most cases, multiple transcripts overlapped, and it is not
apparent from the CLIP data which transcript was bound, I defined a set of rules to

resolve these overlaps by considering the following.

In the annotation from GENCODE both genes and transcripts are annotated with a gene
level and transcript support level. This level describes the certainty that this gene or
transcript was annotated correctly. For genes, a level 3 gene is a gene that was only auto-
matically annotated. A level 2 gene is a gene whose automatic annotation was manually
curated and a level 1 gene is a gene that was experimentally verified. Transcript support
levels range from 1 to 5, where one is a transcript where all splice junctions were sup-
ported and five is a model structure that has never had experimental support. Transcript
support levels can also be annotated as ‘NA‘ meaning that the transcript support was not
analysed yet [Frankish et al., 2018]. To resolve overlapping annotation of multiple genes
or transcripts, I include genes of gene level 3 only when no overlapping genes of higher
level were present. Similarly, transcripts of transcript support level ‘NA‘ were included
only when no transcripts of levels 1-3 were annotated for the gene. When a binding site

overlaps with two or more genes, one is chosen at random.

When assigning binding sites to transcript regions, I decided to prioritise transcripts in
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which the binding site was located to the 3’'UTR over transcripts in which the same binding
site would be located in another region. To resolve multiple overlapping transcripts with
different transcript regions in the same position, I, therefore, selected the bound transcript
region by a hierarchical rule with 3’'UTR > 5’UTR > CDS > intron, which I established
from visual evaluation of the crosslink event and binding site distribution. To normalise
the number of binding sites per region to the lengths of the respective regions, I calculated
a mean region length for all genes with at least one PURA crosslink in any region over all
transcripts annotated for a gene. Then, I divided the number of binding sites per region

by the sum of the mean region lengths of all selected genes (Figure 4.3 C).

I split the PURA-bound mRNAs into groups according to the location of the strongest
PURA binding site on the transcript (3’UTR, n = 2,462; 5’'UTR n = 98; CDS, n = 1,646;
intron, n = 1; noncoding RNA = 185) (Figure 4.5). The metaprofiles (Figure 4.5
B) of the distribution of crosslink events along the transcript regions for mRNAs with
strongest binding sites in the 3’'UTR or CDS were calculated and visualised in R using
the Bioconductor package cliProfiler (http://bioconductor.org/packages/release/bioc/h
tml/cliProfiler.html).

Comparison of crosslinks

To compare crosslink patterns, I used heatmaps (Figure 4.8 B) of the first 300 nu-
cleotides of all 3’'UTRs or CDS regions with crosslinks in this region. Furthermore, I built
metaprofiles (Figure 4.8 C) that were centred on the endogenous PURA binding sites.
For both, I used window-wise min-max normalisation to remove biases from strongly

expressed transcripts. Min-max normalisation is calculated by

x; — min(x)

(4.1)

= maz(x) — min(x)
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where x is the vector of all crosslinks per window, z; is the number of crosslink at a given

position and x; perm 1s the normalised value.

In addition, the normalised values were subjected to cubic spline-smoothing and dimension
inflation for the heatmap visualisation. This approach was inspired by a similar approach
used by a previous study [Heyl and Backofen, 2021]. Cubic spline smoothing is a method to
regress sequential data. In short, it performs interval-wise regression using cubic functions
where the intercept of an interval is always the endpoint (knot) of the previous interval.

The regression of each interval is called a spline and the total of all splines can be described

by

)
a1 +br? + i +dy if © € [3, o]

a3 + by + cox +dy  if x € (39, 23]

an2® + b2+ cpr +d, if v € (2, Tpy1]
\

where z;..x,, are the knots.

To determine the best fit of the splines, the difference between predicted values and data

points should be minimal. This can be calculated with the residual sum of squares (RSS):

RSS =3 (yi— f(x:))? (43)
i=1
where y; are all data points and f(x;) is the predicted value.

A higher number of knots (interval ends) results in a better regression fit but also increases

the roughness of the curve. Spline smoothing, therefore, uses a high number of knots but
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penalises the roughness of the curve by the second derivative of the splines.

RSS = Z Fl@)?+ A / F(t) (4.4)

Larger A values result in smoother curves, while smaller A values lead to more rough

curves.

Inflation of dimensions means to predict more data points from the regression than were
used for the prediction. For example, for my heatmaps, I looked at a 300 nt window but
show 500 predicted points for visualisation. This method can improve visualisation and

refine local features.

To visualise the crosslink patterns across the three PURA iCLIP experiments in HeLa
cells, I generated heatmaps (Figure 4.8 B) of the first 300 nt of 1,550 3’'UTRs or 573
CDS with intermediate PURA crosslink coverage (102-10° crosslink events per window).
The crosslink events in each window were scaled to the minimum (set to 0) and maxi-
mum (set to 1) therein by min-max normalisation followed by spline-smoothing using the
smooth.spline function (R stats package version 4.1.1, spar = 0.5) and inflated dimensions
(dim = 500) as described above. To compare the differences in the crosslink distributions
between the three data sets, I made metaprofiles (Figure 4.8 C) of the min-max nor-
malised signal in a 65-nt window around the PURA binding sites from the endogenous

PURA iCLIP data set.

Comparison of binding sites and differential binding analysis

To compare binding sites between the three PURA iCLIPs in HeLa cells, I performed a
differential binding analysis. To accommodate all three data sets in the analysis, I first
defined a merged set of binding sites from all three data sets (Figure 4.8 A). Then, I
used pairwise comparisons of FLAG-PURA TH-AB against endogenous PURA and FLAG-
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PURA FL-AB against endogenous PURA for differential analysis (Figure 4.9 A, B).
As a negative control, I compared samples 1 and 2 against samples 3 and 4 of the FLAG-
PURA IH-AB. Finally, the empirical cumulative distribution function (ecdf) was used to

compare the different pairwise comparisons (Figure 4.9 D, E).

The theoretical background of differential analysis and the approach to differential binding
analysis with BindingSiteFinder are introduced in Chapter 2.4.2. Here, I additionally
want to introduce the ecdf, which I refer to as cumulative distribution in the results. The
ecdf displays the fraction of the sum of all data points that are smaller than a given x.
For example, if x is 1, it sums up the number of all data points smaller than 1 and divides

this by the total number of data points. This behaviour is given by

3

Eo(z) = 1(X; < z) (4.5)

i=1
where n is the number of data points and (X7, .. X;) are the individual data points. A
possible result might be that a fraction of 0.5 of all data points (50% of all data points)

are smaller than 1.

The following steps were performed with the BindingSiteFinder package (Bioconduc-
tor developmental version 3.18, BindingSiteFinder version 1.7.11, https://doi.org/doi:
10.18129/B9.bioc.BindingSiteFinder). I merged the binding sites of the three iCLIP data
sets to obtain a set of shared binding sites with the combineBSF() function, resulting in
144,370 binding sites. Then, the gene background was calculated with the calculateBs-
Background() function. The background was filtered with filterBsBackground() removing
genes with less than 1,000 crosslinks (minCounts.cutoff parameter) and removing ex-
treme cases of background to binding sites ratios (balanceBackground.cutoff.bs = 0.2,
balanceBackground.cutoff.bg = 0.8). Changes in PURA binding were then calculated

with the calculateBsFoldChange() function. Binding sites changing with a P value <
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0.01 were deemed significantly changing. P values were adjusted for multiple testing by
BindingSiteFinder using the Independent Hypothesis Weighting method [Ignatiadis et al.,
2016].

Differential binding analysis was performed in a Docker container (Docker Desktop ver-
sion 4.24.2) with the September 2023 development version of Bioconductor (bioconduc-
tor /bioconductor_docker:devel) [Lawrence et al., 2013], as differential binding was not

included in the main version of BindingSiteFinder at the time of analysis.

Motif analysis

I used several methods to analyse the sequence preferences of PURA RNA binding: Firstly,
I counted the numbers of purines in PURA binding sites and generate a general sequence
logo of the binding sites and the immediate surroundings. Secondly, I used the STREME
algorithm to de novo predict sequence motifs and thirdly, I performed k-mer enrich-
ment analyses. As PURA predominantly acts on mature RNAs, all motif analyses were
performed on the sequences of spliced transcripts. Binding sites were transferred from ge-
nomic to transcriptomic coordinates with the R/Bioconductor package GenomicFeatures
(version 1.45.2) [Lawrence et al., 2013] using GENCODE transcript annotation (release
31, genome version GRCh38.p12) [Frankish et al., 2018]. In this approach, 49,602 binding
sites could be unambiguously assigned and were used for further analyses. Sequences in
and around binding sites were extracted with the getSeq() function (R/Bionconductor
package Biostrings, version 2.61.2) (https://bioconductor.org/packages/release/bioc/h

tml/Biostrings.html).

In Figure 4.11 A, I counted the number of purines in PURA binding sites and compared
it to randomly selected 5 nt long sequences in the 3’'UTR or CDS of expressed transcripts
(3’UTR - n = 23,436, CDS - n = 24,627). Furthermore, I calculated the distribution

of nucleotides in a 15-nt window centred at the binding site as a position weight matrix
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(PWM). In a PWM, every row corresponds to one nucleotide and every column to a
certain position. The values in the matrix represent the likelihood or strength of each
nucleotide occurring at a specific position within the motif. I visualised the PWM on the
15 nt around PURA binding sites as sequence logo (Figure 4.11 B) using the R package

ggseqlogo (version 0.1).

For de novo motif discovery, STREME builds a Markov model of order k-1 on the back-
ground sequences, where k is the chosen motif length. It builds suffix trees for both the
background and the control sequences to count the exact occurrence of each short se-
quence of k length (word). The counts are used to calculate the enrichment of the words
in the primary sequence in contrast to the background and afterwards, the number of
approximate matches for the top occurring words is counted. The words are turned into
PWNMs and the PWMs are iteratively refined. Finally, the significance of the PWMs are
calculated and the PWM with the highest significance is kept. This PWM is removed
from the initial set of sequences and the process is repeated until no significant motifs are

found in a certain number of subsequent repetitions.

Here, I used the STREME algorithm as implemented in the R/Bioconductor package
memes (version 1.6.1) [Bailey et al., 2009, Nystrom, 2023] for de novo motif prediction
searching for a motif size from 4 to 8 nt in 45 nt windows around endogenous PURA
binding sites in 100 iterations (parameters: minw = 4, maxw = 8, niter = 100, patience
= 10, Figure 4.11 C, D). This analysis was performed once for all binding sites, using a
background of randomly selected 45 nt windows from expressed transcripts (background
- n = 48,063) and once specifically for 3’UTR binding sites and CDS binding sites using
backgrounds from the same regions (3’UTRs: n = 24,553, background - n = 23,436, CDS:
n = 25,049, background - n = 24,627), respectively (Figure 4.11 C). Discovered motifs

with a P value < 0.05 were deemed significant.

I performed k-mer analysis (Figure 4.12). In a k-mer analysis, a sliding window approach
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is used to split up the sequence in all possible sequences of length k. Then, the occurrences
of each possible k-mer are counted and compared to a background sequence. In this
dissertation, I searched for enriched motifs of 5-nt length (5-mers) within and around
the PURA binding sites. For this, I calculated the frequencies of all overlapping 5-mers
with the oligonucleotideFrequency() (R/Bioconductor package Biostrings, version 2.61.2)
(https://bioconductor.org/packages/release/bioc/html/Biostrings.html) in three
windows: (i) [-7 nt; 7 nt], i.e., including the binding sites plus 5 nt flanking on either
side and (ii) [-27 nt; -8 nt] and [8 nt; 27 nt], i.e., representing the 20 nt on either side
of the binding site-containing windows. For comparison, I randomly selected 49,602 5-nt

windows from expressed transcripts (i.e., harbouring at least one PURA crosslink event).

Accessibility prediction

I used RNAplfold (ViennaRNA package version 2.4.17) [Bernhart et al., 2006] to predict
the accessibility of transcripts in and around PURA binding sites. RNAplfold predicts
the unpaired probability or accessibility of each nucleotide in an RNA sequence based
on the computation of RNA secondary structures from thermodynamic parameters and
condenses multiple possible secondary structures into an unpaired probability for each
position. To account for longer transcript sequences, RNAplfold uses a window of size w
sliding along the RNA sequence and calculates in each window the base pair probabilities
with a maximum span width of 1 for each nucleotide position. The probability is then

averaged over all windows containing the nucleotide position.

To compute the accessibility of PURA binding sites, I used 501-nt windows either around
PURA binding sites (n = 48,525) or randomly selected positions (n = 10,017) and pre-
dicted the probability for each single nucleotide to be single-stranded. Please note that
binding sites that were closer than 250 nt to the transcript start or end positions were
excluded from this analysis. I calculated the unpaired probability with RNAplfold with

a sliding window w = 100 nt and a maximum span 1 = 30 nt. As the obtained unpaired
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probabilities follow a bimodal distribution, I transferred them to log-odds to obtain a

bell-shaped distribution with

prob

log(oddsratio) = log( ) (4.6)

1 — prob
where prob is the unpaired probability. The log-odds were further converted into nucleotide-
wise z-scores using the mean log-odds ratios of the binding sites versus the mean and

standard deviation of the background regions (drawing 1,000 regions 1,000 times).

_ mean(probpyra bound) — Mean(probyandom 100021000)
z — score = (4.7)
5d(p7'0brandom,1000:r1000)

P values were calculated from the z-scores using

P = 2 x pnorm(—abs(z — score)) (4.8)

and then adjusted for multiple testing with Benjamini-Hochberg correction.

The results are displayed only for the 201 nt in the centre of the 501-nt window as RNA
folding is strongly biased toward single-strandedness at the edges of a given RNA sequence.
In addition, unpaired probabilities were calculated separately for binding sites in 3’'UTR
(n = 22,572) and CDS (n = 23,678) binding sites using the same mean and standard
deviation of the background regions as for all binding sites. Again, only binding sites

with the 501-nt window positioned on the respective transcript were used.

4.2.2 RNAseq and proteomics differential analyses

RNAseq and shotgun proteomics were performed in HeLa cells using PURA siRNA knock-

down and control cells in four replicates each. For a detailed experimental description,
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see the methods chapters RNA sequencing, Shotgun proteomics of [Molitor et al., 2023].

The theory behind differential expression analyses is described in Chapter 2.4.2.

The RNAseq analysis proceeded as follows: First, the reads were aligned to the human
genome (GRCh38.p12 from GENCODE) using STAR (version 2.7.6a) [Dobin et al., 2013],
allowing up to 4% mismatches and prohibiting multimapping. Subsequently, the count
of reads per gene was determined using htseq-count (version 0.11.3) [Anders et al., 2014]
with default settings and GENCODE gene annotation (release 31) [Frankish et al., 2018].
The comparison between PURA knockdown and control samples for differential expression
analysis was carried out via DESeq2 (version 1.33.4) [Anders and Huber, 2010], consid-
ering a significance cut-off at an adjusted P value of less than 0.01 (Benjamini-Hochberg
correction). It is important to note that in this context, the term ‘transcripts‘ is used
interchangeably with ‘genes‘. To generate the heatmap, the library size-corrected RNAseq
read counts per sample underwent a log transformation (DESeq2, version 1.33.4) [Anders
and Huber, 2010]. For visualisation purposes, these counts were converted into row-wise

Z-Scores.

The analysis of differential protein expression relied on MaxQuant label-free quantification
values (LFQ) using DEqMS (R/Bioconductor package, version 1.12.1) [Zhu et al., 2020].
Handling missing values followed specific rules: If protein abundance was not measured in
any samples within one condition, it is set to zero, resulting in infinite values for calculated
ratios. Peptides with two or more missing values in one condition are considered non-
quantifiable, and no ratios are computed. In cases where only one value was missing per

condition, ratios were calculated based on the other three samples.

To account for multiple testing, P values underwent Benjamini-Hochberg correction. DE-
qMS has a distinct advantage as it scales (adjusted) P values according to the number
of detected unique peptides. Proteins were considered significant if their scaled-adjusted

P value was less than 0.05. In the heatmap the displayed protein abundance is, like the
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RNAseq gene counts, depicted after z-score normalisation.

4.2.3 Comparison to published transcriptomes

I used already processed RNAseq data from studies comparing RNAs in stress granules
(human osteosarcoma U-2 OS cells) or P-bodies (human embryonic kidney HEK293 cells)
against total RNA [Khong et al., 2017, Hubstenberger et al., 2017]. RNAs with a false
discovery rate (FDR) < 0.01 and a logy-transformed fold change > 0, as determined by

the cited authors, are designated to the respective P-body or stress granule transcriptome.

For identifying the overlap between PURA-bound RNAs and dendritically localised RN As,
I used previously published data from [Middleton et al., 2019]. This study combines
insights from eight studies characterising the dendritic transcriptome in mouse neurons
through RNA sequencing enrichment in dendrites compared to complete neurons. Only
RNAs matching their human orthologs as ‘one-to-one orthologs® in the Ensembl database
(version GRCh38.p13) were included (n = 5,070). Among these, I considered only RNAs
expressed in HeLa cells, i.e. that had a baseMean > 0 in our RNAseq data (n = 4,522).
From the dendritically localised RNAs, I selected RNAs enriched in at least three of the

eight studies from [Middleton et al., 2019] (n = 337).

To assess significance in overlaps, Fisher’s exact test was used, while differences in fold
change distributions between groups underwent evaluation using a two-sided Wilcoxon

Rank-sum test.

Functional enrichment analyses

Gene set enrichment analyses were performed on the genes of PURA-bound RNAs and
the genes of RNAs whose expression levels changed upon PURA depletion. For this,
the functional annotations from REACTOME (version 7.5.1) and Gene Ontology (GO)

(version 7.5.1) databases [Fabregat et al., 2017, Carbon et al., 2018] are used. The over-
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representation or enrichment of target genes in these sets is computed assuming a hy-
pergeometric distribution for non-enriched gene sets by using the ‘hypergeometric’ mode
of the R/Bioconductor package hypeR (version 1.9.1). HypeR adjusts the gene sets con-
nected to every term specifically to genes present in a given background set. Here, I used
all genes with at least one PURA crosslinked nucleotide as the background set for the
enrichment of genes bound by PURA and all genes with a TPM > 0 in the RNAseq
experiment as the background set for enrichment of RNA expression changes in PURA

depletion.

For visualisation, I calculated the gene ratios by dividing the number of target genes
belonging to a given term by the number of genes from the background set of the term. P
values obtained from HypeR are adjusted using the Benjamini Hochberg method. Figure
4.19 & 4.20 display the 25 or 20 terms with the lowest P value for the genes of PURA-
bound RNAs and the genes of RNAs changing significantly upon PURA depletion. A full
list with the statistics of all terms can be found for PURA-bound RNAs in Supplementary
Table S3 of [Molitor et al., 2023]. A similar list for RNAs changing upon PURA depletion
is provided in the GitHub repository of this thesis at https://github.com/MelinaKloster

mann/phD_thesis_additional_code/tree/main/PURA /10_GeneOntology.

Other

Boxplots: In all shown boxplots, the box depicts the range from the 25% quantile to
the 75% quantile, the line annotates the median and the whiskers range to the 5%
and 95% quantiles of the respective data. Data points outside of the whiskers are

depicted as dots.

Venn diagramms: Venn diagrams are computed with the R package eulerr (version
7.0.0). The areas of the circles and overlapping areas are fitted to the sizes of

respective sets.
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Machines used for computation

All command line tools were executed on the Ebersberger group’s compute cluster at the
Goethe University Frankfurt, named ebersberger-46-150.biologie.uni-frankfurt.de (Ker-
nelx86_64 Linux 5.4.0-165-generic, CPU: Intel Xeon E5-2609 v4 @ 8x 1.7GHz [40.0°C)).
The operating system was ‘Ubuntu 20.04 focal' and the shell used was bash (version
5.0.17). Access was via SSH and job management was via the SLURM workload man-
ager. Command line tools were installed using anaconda (conda version 4.8.4, except Vi-
ennaRNA [Lorenz et al., 2011], which was downloaded as a pre-compiled executable from
the ViennaRNA website. All other computations were performed in R (version 4.2.2) with
RStudio (2022.12.0.353, memory limit 8 GB) on a MacBook Pro with a 2.4GHz quad-core

Intel Core i5 processor.

4.2.4 Data and code availability

All sequencing data was stored in the Gene Expression Omnibus (GEO) database un-
der the accession GSE193905. The proteomics data is stored at the ProteomeXchange
Consortium with the PRIDE partner repository [Perez-Riverol et al., 2019] under the
identifier PXD030266.

In addition, the following previously published data sets were used: dendritic RNAs
[Middleton et al., 2019], P-body transcriptome [Hubstenberger et al., 2017], stress granule

transcriptome [Khong et al., 2017].

The code used in [Molitor et al., 2023] was submitted to Zenodo (https://doi.org/
10.5281/zenodo.7273088), and can also be found on GitHub (https://github.com
/ZarnackGroup/Publications/tree/main/Molitor_et_al_.2022 ). The code used for
the additional analyses in this thesis is stored in a separate GitHub repository (https:

//github.com/MelinaKlostermann /phD _thesis_additional code).
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The supplementary tables listed in Table 4.3 can be found either in the supplementary
tables of [Molitor et al., 2023] or in the GitHub repository of this thesis (https://github
.com/MelinaKlostermann /phD _thesis_additional_code/tree/main/PURA /11_supplemen

tary_tables).

Content of table

Storage of table

Endogenous PURA binding sites

[Molitor et al., 2023] Supplementary
Table 2

FLAG-PURA IH-AB binding sites

GitHub repository Table 1

FLAG-PURA FL-AB binding sites

GitHub repository Table 2

Differential binding

GitHub repository Table 3-5

STREME logo prediction for endogenous

binding sites

GitHub repository Table 6-8

Enriched REACTOME and GO cellular
component terms for PURA-bound

transcripts

[Molitor et al., 2023] Supplementary
Table 3

Differential RNA expression upon PURA

knockdown

[Molitor et al., 2023] Supplementary
Table 4

Differential protein abundance upon

PURA knockdown

[Molitor et al., 2023] Supplementary
Table 5

Enriched REACTOME and GO cellular
component terms for differentially

expressed RNAs in PURA knockdown

GitHub repository Table 9-10

Table 4.3: List of supplementary tables.
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4.3 Results

4.3.1 PURA as global RNA-binding protein

At the beginning of this project, several findings pointed towards the role of PURA in
binding RNAs. To investigate this aspect, I examined three PURA iCLIP experiments in
HeLa cells (Figure 4.7 A) to determine binding patterns and characteristics of PURA

RNA-binding in living cells.

In the subsequent sections, I describe in detail the characteristics of the PURA binding
sites defined on an endogenous PURA iCLIP data set in HeLa cells, the first of the
three PURA iCLIPs. Then, I globally compare the crosslink patterns and binding sites
of the three iCLIP experiments. Afterwards, I analyse the endogenous PURA binding
sites to determine whether PURA has preferences for specific nucleotide compositions or

secondary structures.

Binding sites of endogenously expressed PURA

The endogenous PURA iCLIP data set shows a considerable RNA-binding of PURA.
This can already be seen from the PURA crosslink patterns here exemplarily shown in
the 3’'UTR of the STARD7 transcript (Figure 4.1 A, B). To capture the binding be-
haviour, I defined five nucleotide-wide PURA binding sites on the PURA crosslinking
patterns. This resulted in 55,031 PURA binding sites that were found on the transcripts
of 4,391 genes. The majority of the PURA-bound transcripts (4,206, 95.5%) come from
protein-coding genes, but PURA binding sites are also found on several classes of long

and small non-coding RNAs (Figure 4.1 C).
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Figure 4.1: Binding site definition on endogenous PURA iCLIP results in over
50,000 binding sites on 4,391 genes.

(A) Schematic on endogenous PURA iCLIP pulled down with anti-PURA in-house
antibody.

(B) Exemplary binding sites (red boxes) corresponding to the crosslink profile in the
3'UTR of the STARD7 RNA. The blue box on the top depicts the complete 3’UTR.
(C) Transcript types bound by PURA. PURA has a preference for protein-coding RNAs
(dark-grey).

The support of binding sites by the individual replicates can be demonstrated through
pairwise comparisons of the number of crosslinks per binding site between two replicates
(Figure 4.2). These comparisons reveal that most binding sites have a similar number
of crosslinks between the replicates. The number of crosslinks per binding site peaks at
around 16 crosslinks (4 on a logy scale) for all replicates (Figure 4.2 density plots on
the diagonal). However, replicate 4 and, less pronounced, replicate 2 exhibit a greater
proportion of binding sites with nearly zero crosslinks. This trend can be attributed to
the lower library depth of replicates 2 and 4, compared to replicates 1 and 3 (Figure
4.7 B). Consistent with this observation, the strongest correlation is observed between
replicates 1 and 3 (R = 0.71, P value < 0.001, Pearson correlation), while the weakest
correlation occurs between replicates 2 and 4 (R = 0.24, P value < 0.001, Pearson cor-
relation). In conclusion, the crosslink distributions of PURA in its binding sites remain
comparable across all replicates regardless of the varying library sizes, thus emphasising

the reproducibility of the defined PURA binding sites.

In summary, endogenous PURA reproducibly binds 4,391 RNAs in over 50,000 binding
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sites with a preference for protein-coding RNAs. This reveals a new role of PURA as an

RNA-binding protein in vivo.
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Figure 4.2: Reproducibility of PURA crosslinking signal per binding site.
Shown is a matrix of the four replicates from the endogenous PURA iCLIP. In the left
triangle of the matrix, binding sites are shown as points and the number of crosslinks in
one of the replicates is shown on the x-axis and of a second replicate on the y-axis (logs
scale). The density of the points is depicted in a colour scale from yellow over red to black
and the diagonal is shown as a grey line. In the diagonal plots of the matrix, the density
of crosslinks per binding site is shown for each replicate individually. In the right triangle
of the matrix, the R values of the pairwise Pearson correlation are given together with
their significance (*** - P value < 0.001).

Regional preferences of PURA binding

The functional relevance of an RBP is often connected to the RNA region it binds. The
distribution of PURA binding sites across various transcript regions reveals that PURA
binds to both the 3’ untranslated region (3’UTR) (46.3%) and the coding sequence (CDS)
(47.3%) to a similar extent (Figure 4.3 A), whereas it rarely binds to the 5’ untranslated
region (5’UTR) and introns. This pattern is already evident in the crosslink distribution

of PURA crosslinks before defining the binding sites (Figure 4.3 B).
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Figure 4.3: Distribution of PURA binding sites and crosslinks in transcript
regions.

(A) Distribution of PURA binding sites across transcript regions.

(B) Distribution of PURA crosslinks across transcript regions.

(C) Relative amount of PURA binding sites per region, after normalisation for region
length.

When comparing the distribution of binding sites in different regions, the different lengths
of the regions can be a confounding factor. For instance, the mean length of 3'UTRs is
greater than that of CDS. With a random distribution of binding sites, one would obtain
more binding sites in the 3’UTR relative to the CDS. To overcome this, the number of
binding sites in each region can be divided by their respective lengths. For the PURA
binding sites, there is a rise in the proportion of CDS binding sites compared to 3’'UTR
binding sites (Figure 4.3 C). Moreover, the number of normalised 5’"UTR, binding sites
increases since 5’UTRs are typically short, whereas intronic binding sites decrease owing to
the comparatively greater length of introns. In all three different quantifications of PURA
RNA-binding regions, there is always little intron binding of PURA. The absence of intron
binding implies that PURA binds to mature mRNAs instead of pre-mRNAs. This suggests
that PURA predominantly localises in the cytoplasm, as preemRNAs are exclusive to
the nucleus while mature mRNAs are exported to the cytoplasm. Our collaborators
provided evidence for this notion through both immunostainings and nuclear-cytoplasmic

fractionation experiments, indicating that PURA is primarily located in the cytoplasm
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[Molitor et al., 2023].

In conclusion, 3'UTR and CDS are the most prevalent binding regions of PURA. 1 was,
therefore, interested in comparing PURA binding in those regions and will further char-

acterise the differences between CDS and 3’UTR binding in the next section.

Differences in 3’UTR and CDS binding

Interestingly, a manual inspection of RNAs bound in 3’'UTR and CDS regions shows
different PURA crosslink patterns. Mainly 3’"UTR-bound transcripts such as STARD7
(StAR-Related Lipid Transfer Domain Protein 7), CTNNA1 (Catenin Alpha 1) and
DCP1A (mRNA-Decapping Enzyme 1A) display a few narrow and high peaks resem-
bling a bell shape (Figure 4.4 A, B, C); whereas mainly CDS-bound transcripts like
CNOT1 (CCR4-NOT Transcription Complex Subunit 1), YBX1 (Y-Box Binding Protein
1) and the later shown LSM14A (LSM14A mRNA processing body assembly factor) are
bound continuously throughout the entire region (Figure 4.4 D, E & Figure 4.23
A). Again other transcripts like SQSTM1 (Sequestosome-1) and the later shown DDX6
(DEAD-Boz Helicase 6) display both strong binding in CDS and 3’'UTR regions (Figure
4.4 F & Figure 4.23 B). Therefore, I aimed to investigate the dissimilarities between

these two types of PURA binding.

While more than two-thirds of PURA-bound transcripts (n = 2,991) are only bound either
in the CDS or the 3'UTR, 1,178 transcripts are bound by PURA in both regions (Figure
4.5 A). The strongest binding site per transcript is more often located in the 3’UTR
(n = 2,462) compared to the CDS (n = 1,646) (Figure 4.5 B). In a global metaprofile
over all transcripts, PURA crosslinks are distributed evenly throughout the whole CDS
and 3’'UTR for both transcripts with the strongest binding in the CDS and the 3’'UTR
(Figure 4.5 C). This shows that although 3’"UTR crosslink patterns in individual tran-

scripts form distinct narrow peaks, these peaks occur at different parts of the 3’'UTRs in
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Figure 4.4: PURA binding patterns vary between 3’UTR-bound and CDS-

bound transcripts.

Shown are exemplary PURA crosslink profiles on the transcripts of STARD7 (A),
CTNNA1 (B), DCPIA (C), CNOT1 (D), YBX1 (E) and SQSTM1 (F). The number
of PURA crosslinks per nucleotide is shown in the bargraphs on the top, red boxes mark
the positions of defined PURA binding sites, the transcript architecture (tall box - cod-
ing region, stout box - UTR, line - intron) and the genomic position are denoted at the

bottom.
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Figure 4.5: Comparison of PURA-binding to 3’UTR and CDS.

(A) Venn diagram showing the overlap of transcripts with a PURA binding site in the
3'UTR (salmon) and CDS (yellow). 1,809 and 1,182 transcripts are only bound either in
the 3’'UTR or the CDS, respectively, while 1,178 transcripts are bound in both regions.
(B) The position of the strongest PURA binding site is displayed. The number of tran-
scripts is shown against the region encompassing its strongest PURA binding site.

(C) Density of PURA crosslinks across transcript regions. PURA crosslinks are split up
by the position of the strongest binding site on the respective transcript. Salmon - 3’UTR,;
yellow - CDS.

(D) Cumulative density of the binding site strength of all 3’'UTR or CDS binding sites
(logyg scale). Salmon - 3'UTR; yellow - CDS.

(E) Shown is how the distribution of bound regions changes with the number of binding
sites per transcript. The fraction of binding sites located in the different transcript regions
(y-axis) is displayed for transcripts with at least a given number of binding sites (x-axis).
Salmon - 3'UTR, yellow - CDS, dark grey - 5’'UTR, light grey - intron.
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different transcripts. There is, therefore, no preference of PURA to bind preferentially in
the beginning, middle or end of the 3’'UTR but the position of crosslink peaks is randomly
distributed over the different transcripts. Similarly, CDS crosslinks have no preference for
a certain position in the CDS but are distributed throughout as well. The overall strength
of the binding sites is slightly higher for 3’"UTR binding sites compared to CDS binding
sites (Figure 4.5 D). On the other hand, transcripts with many binding sites tend to
accumulate CDS binding sites (Figure 4.5 E). These observations result in a picture of
more narrow RNA binding in 3’'UTR binding sites and broader binding spread over the

CDS of the same or other transcripts.
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Figure 4.6: PURA crosslinks in the region of the start codon do not display
a ribosome-like pattern.

The heatmap (bottom) depicts 1,000 transcripts with PURA crosslinks in the region from
9 nt before until 30 nt after the start codon. The number of PURA crosslinks is normalised
in a row-wise z-score that is depicted as a colour scale. The position of the start codon
is marked by the blue box. The metaprofile (top) displays the sum of PURA crosslinks
across all 11,533 transcripts with any crosslinks in this window at the given position.
Beginning from the start codon, the first position of each codon is coloured in blue.

One possible explanation for the widespread CDS binding could be a connection between
PURA and ribosome activity, given that the PURA crosslink profiles in the CDS are
spread over the complete length of the CDS. If PURA bound RNAs in a complex with
ribosomes while the ribosomes move along the CDS, crosslink signals would appear wher-

ever the ribosomes are located during UV radiation. However, close examination of the
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crosslink distribution around the start codon does not show similarities with a typical ri-
bosomal pattern that recurrently crosslinks every three nucleotides (Figure 4.6) [Ingolia,
2016]. Therefore, it is unlikely that the observed binding of PURA in the CDS is linked

to ribosomal activity. (Please note that this feature will be revisited in Chapter 4.3.2.)

Comparison of different PURA iCLIPs

The PURA iCLIP experiment described until now was performed by our collaborators
in four replicates from HeLa cells expressing PURA endogenously (endogenous PURA
iCLIP). Furthermore, they performed two iCLIP experiments in HeLa cells with an ectopic
overexpression of a FLAG-PURA fusion protein (Figure 4.7 A). In one of the two, PURA
was pulled down with the in-house anti-PURA antibody (FLAG-PURA IH-AB iCLIP,
comprising four replicates), in the other with a commercial anti-FLAG antibody (FLAG-
PURA FLAG-AB iCLIP, comprising two replicates). The two additional experiments aid
in verifying the proper function of the PURA in-house antibody. In addition, they can
be used to look for differences in PURA RNA-binding when overexpressed. Please note
that the numbers of endogenous PURA binding sites in this section differ slightly from
the endogenous PURA binding sites reported in all other sections as this analysis was

performed at a later time point and the gene annotation was filtered more stringently.

The library depth varied between the experiments, resulting in two to four times more
crosslinks in the FLAG-PURA TH-AB iCLIP compared to the endogenous PURA iCLIP
(Figure 4.7 B). Still, the crosslinking patterns of all three experiments look very similar
in a manual comparison (Figure 4.7 C). However, in a union of 144,370 binding sites
that are found in any of the three experiments a considerable amount of binding sites is
only found in one of the three experiments (endogenous PURA - 25,541 of 54,867, FLAG-
PURA IH-AB - 64,286 of 103,260, FLAG-PURA FL-AB - 13,993 of 33,118 ) (Figure 4.8
A). To better understand this effect, I compared crosslink patterns in all 3’UTRs and

CDS with intermediate crosslink coverage (10%-10° crosslink events per window) across
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Figure 4.7: PURA iCLIP experiments elucidate its binding capacity.

(A) Three iCLIP experiments were performed in HeLa cells with two different antibodies.
In the first experiment, endogenous PURA was pulled down with a specifically made
anti-PURA in-house antibody (endogenous PURA CLIP). In the second experiment, the
in-house antibody was used in a HeLa cell line that ectopically expressed a FLAG-PURA
fusion construct (FLAG-PURA IH-AB CLIP) and in the third an anti-FLAG antibody
was used in the same cell line (FLAG-PURA FL-AB CLIP).

(B) Number of PURA crosslinks for the replicates from the three experiments, black —
PURA CLIP, dark grey - FLAG-PURA TH-AB CLIP, light grey - FLAG-PURA FL-AB
CLIP.

(C) An exemplary crosslink profile in the 3’'UTR of the STARD7 RNA of all three
experiments, top, black — endogenous PURA CLIP; middle, dark grey - FLAG-PURA
IH-AB CLIP; bottom, light grey — FLAG-PURA FL-AB.
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Figure 4.8: FLAG-PURA overexpression leads to a higher background signal
in PURA binding compared to endogenous PURA.

(A) Overlaps of the binding sites defined on the three iCLIP sets: endogenous PURA (n
= 55,505, red), FLAG-PURA IH-AB (n = 105,778, dark blue), FLAG-PURA FL-AB (n
= 34,366, light blue).

(B) Heatmaps of crosslink patterns in the first 300 nt of all 3'UTRs (top, n = 1,550) or
CDS (bottom, n = 573) that had intermediated crosslink coverage (102-10° crosslink events
per window). Shown are the crosslink patterns from endogeous PURA (left), FLAG-
PURA IH-AB (middle) and FLAG-PURA FL-AB (right) after min-max normalisation
and spline smoothing.

(C) Metaprofile of crosslinks around endogenous PURA binding sites. Shown is a window
from 32 nt before until 32 nt after the binding site. Red - endogenous PURA, dark blue
- FLAG-PURA IH-AB, light blue - FLAG-PURA FL-AB.
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all three experiments (Figure 4.8 B). The overall patterns are similar, but it is also ap-
parent that there are more highly or poorly crosslinked positions for endogenous PURA
in comparison to the two FLAG-PURA experiments. A metaprofile of crosslinks sur-
rounding endogenous PURA binding sites displays reduced crosslinks in the binding sites
centre and increased crosslinks in their surrounding area for the FLAG-PURA experi-
ments (Figure 4.8 C). Taken together, although the binding sites appear to be quite
different in the three experiments, the crosslinking patterns are very similar but contain

a higher background signal in the FLAG-PURA experiments.

The observation that the crosslinking distributions of all three experiments peak in the
middle of the endogenous PURA binding sites shows that the in-house anti-PURA anti-
body and the anti-FLAG antibody detect the same crosslinking patterns. This indicates
that the in-house anti-PURA antibody is suitable for iCLIP experiments. The major
advantage of the in-house antibody is that it does not cross-react with the PURA para-
log PURB ([Molitor et al., 2023]) and, therefore, the defined RNA binding sites can be

confidently attributed to PURA alone.

To delve deeper into the differences of endogenous PURA binding and binding of over-
expressed FLAG-PURA, I analysed pairwise differential binding of FLAG-PURA TH-AB
against endogenous PURA (Figure 4.9 A) and FLAG-PURA FL-AB against endogenous
PURA (Figure 4.9 B). I found that a large number of binding sites vary significantly
across experiments (P value < 0.01, test performed by DESeq2 method, P value is ad-
justed by IHW method; FLAG-PURA TH-AB against endogenous PURA - n = 65,396;
FLAG-PURA FH-AB against endogenous PURA - n = 46,020). In both comparisons,
the binding strength increases significantly in the PURA overexpression condition in the
majority of binding sites (Figure 4.9 A, B), with 83.2% (54,377 / 65,396) being bound
with increased strength in the IH-AB data set and 82.8% (38,083 / 46,020) in the FL-AB

data set.
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Figure 4.9: PURA binding changes considerably between the PURA iCLIPs.
(A, B) Differential binding of FLAG-PURA TH-AB against endogenous PURA (A) and
FLAG-PURA TH-AB against FLAG-PURA FL-AB (B) in MA-plots. Shown are the mean
read counts per binding site on the x-axis (logjp scale) and the change in binding signal
on the y-axis (logs scale). The number of binding sites with increased binding (top) and
decreased binding (bottom) are given. Black - significantly changing binding sites (P
value < 0.01, test performed by DESeq2 method, P value is adjusted by IHW method),
grey - non-significant.

(C) Genome browser view from the STARD7 RNA. Depicted are the crosslink pro-
files from FLAG-PURA IH-AB (top) and endogenous PURA (bottom) and binding sites
changing in the comparison of FLAG-PURA TH-AB against endogenous PURA. Yellow
- decreased in FLAG-PURA conditions; pink - increased in FLAG-PURA conditions.
Please note, that the y-axis are scaled differently.

(D, E) Cumulative distribution of binding changes. Dark blue - FLAG-PURA [H-AB
against endogenous PURA; light blue - FLAG-PURA FL-AB against endogenous PURA;
grey - FLAG-PURA TH-AB replicates 1 and 2 against replicates 3 and 4; dotted lines -
strongest binding site per gene.

An example of this change in binding can be observed in the binding sites in the STARD7
3'UTR (Figure 4.9 C). Multiple weaker new binding sites emerge in FLAG-PURA TH-
AB and FLAG-PURA FL-AB. These sites are almost absent in endogenous PURA and
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are thus strongly upregulated in the FLAG-PURA data sets. In contrast, the strongest
binding sites are bound significantly less in FLAG-PURA TH-AB. This also holds true
on a global level when comparing the cumulative distributions of the changes in PURA
binding (Figure 4.9 D). As a negative control, I performed a differential binding analysis
on replicates 1 and 3 against replicates 3 and 4 from the FLAG-PURA TH-AB experiment
resulting in only 4 significantly changing binding sites (P value < 0.01, data not shown)
and a cumulative distribution of the binding changes close to zero. In comparison, the
binding changes for both FLAG-PURA IH-AB and FLAG-PURA FL-AB against endoge-
nous PURA are strongly shifted towards more binding in the overexpression conditions.
In addition, the changes of the strongest binding site per gene are shifted towards weaker

binding in the PURA overexpression conditions in comparison to all changes (Figure 4.9

E).

Despite these differences in PURA binding, binding sites defined in the three experiments
always show a preference for PURA to bind the 3’'UTRs and CDS of protein-coding
transcripts (Figure 4.10 A, B). The same holds true when selecting only binding sites
found in all three experiments. Also, the majority (n = 3,774) of bound genes are found
both in the endogenous and the IH-AB condition, while 512 genes are only bound by
endogenous PURA and 1,576 are bound only in one of the two FLAG-PURA conditions
(Figure 4.10 A, B). The IH-AB and FL-AB conditions overlap greatly, although fewer
genes are bound in the FL-AB condition, which is likely due to the lower signal depth
of the experiment. Overall, these comparisons strengthen the notion that PURA binds

3’'UTRs and CDS of protein-coding genes.

In summary, FLAG-PURA overexpression leads to similar PURA binding patterns, but
binding sites become less distinct due to more crosslinking in the surroundings of the
binding sites. The differential binding analysis shows that this increased background

signal even leads to the detection of additional binding sites in the surroundings of strong
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Figure 4.10: PURA binding characteristics stay the same across all data sets.
(A) Given is the relative amount of bound gene types among the bound genes from
the three iCLIP experiments and the overlapping binding sites from all three data sets
(coloured - protein-coding, grey - other; endogenous PURA - n = 4,355, FLAG-PURA
[H-AB - n = 5,531, FLAG-PURA FL-AB - n = 2,242).

(B) Given is the relative amount of binding sites across transcript regions. Red - endoge-
nous PURA; dark blue - FLAG-PURA IH-AB; light blue - FLAG-PURA FL-AB; yellow
- Shared binding sites.

(C) Top - Overlap of bound genes between the three experiments. Bottom - Pairwise
comparisons of bound genes.

binding sites, that have not been present in the endogenous PURA data. Furthermore, the
binding strength in the highest binding site per gene globally decreases in FLAG-PURA

overexpression.

It can, therefore, be concluded that FLAG-PURA overexpression leads to a reduced bind-
ing specificity of PURA to its target transcripts, resulting in a decrease of specific binding
sites and an increase of binding in the surrounding area. Although the emergence of
new binding sites in the FLAG-PURA IH-AB experiment might be partially a technical
effect due to the higher signal depth of the data set, this is not the case for the FLAG-
PURA FL-AB experiment. Therefore, the FLAG-PURA FL-AB experiment underlines
that FLAG-PURA in an overexpression indeed binds differently to endogenous PURA.
The difference in binding between endogenous PURA and overexpressed FLAG-PURA,

could be due to the FLAG fusion to the PURA protein or due to the overexpression of
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PURA levels in the cell. On the one hand, the unphysiologically high PURA in the cell
could lead to an increase of unspecific PURA binding throughout the transcripts. On the
other hand, the FLAG part of fusion to the protein could disturb PURA binding to some
degree, making binding less specific. Furthermore, differences in binding could also be due
to differential gene expression in the two conditions. A transcript might, therefore, not be
bound in one or the other because it’s not expressed in the cells in this condition. This is
accounted for in the calculation of differential binding (Figure 4.9) - which includes the
background crosslinks per gene as estimate of expression into the model - but for example

not in the overlaps of binding sites (Figure 4.8 A) or bound genes (Figure 4.10 C).

PURA'’s sequence preference

PURA derives its name, purine-rich binding element alpha, from its preference for binding
purine-rich DNA and RNA sequences. However, a concrete motif for PURA binding has
not yet been described. Consequently, I aimed to determine the sequence preferences of
PURA and to address whether PURA binding to RNAs could be attributed to a defined
PURA binding motif.

PURA binding sites demonstrate enrichment in purines (Figure 4.11 A) with 61% of
PURA binding sites containing at least three purines. A sequence logo over the positions
of all PURA binding sites (Figure 4.11 B) displays a sequence pattern that is not
particularly specific. There is a general increase in the frequency of guanines and adenines,

as well as uridines. Comparable outcomes are achieved in independent analyses for only

binding sites in 3'UTR or CDS (data not shown).
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Figure 4.11: PURA binds a degenerate purine-rich motif.

(A) Shown is the fraction of PURA binding sites (red), random 3'UTR (dark grey) and
random CDS (light grey) sites containing a minimum number of purines (x-axis). The
fraction of PURA binding sites is given on top of the bars. Random sites (3’'UTR - n =
23,436, CDS - n = 24,627) are 5 nt long like the PURA binding sites and are picked from
the 3’'UTRs and CDSs of all expressed transcripts.

(B) Sequence logo on PURA binding sites (red box) together with the 10 nt upstream
and downstream of the binding sites.

(C) De novo motifs detected with STREME on 45 nt centred on the PURA binding
sites. The number of sites per motif (logs scale) is shown against the P value (log;o scale,
Fisher’s Exact Test computed in STREME). The top three motifs are labels with their
seed sequence. Top - all PURA binding sites, middle - PURA binding sites in 3’UTRs,
bottom - PURA binding sites in CDS, black dots - motif with a P value < 0.01, grey dot
- motif with a P value > 0.01.

(D) Sequence logos of motifs detected by STREME for all PURA binding sites. All
significant logos with a P value < 0.01 are shown.
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Next, I used de novo motif prediction on a 45-nt window centred on the PURA binding
sites resulting in several degenerate motifs consisting of guanines, adenines and uridines
(Figure 4.11 C, D). The three most enriched sequence logos have consensus sequences
consisting of several guanines interspaced with adenines and uridines. 3’UTR binding
sites have ‘GUUGUU" as their strongest enriched consensus sequence, while CDS bind-
ing sites have ‘GAAGAAGA‘. However, since the logos for these motifs are degenerated
(Figure 4.11 D), it is difficult to determine whether the observed difference is a result

of the bound regions or simply a random fluctuation of the same degenerate motif.
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Figure 4.12: 5-mer sequences containing five purines are most enriched in and
around PURA binding sites. Shown is the enrichment of 5-mers in three different
regions around PURA binding sites: within 7 nt before and after the PURA binding
site centre (middle), followed by a window of 20 nt before the central window (upstream
window, left) and a window of 20 nt after the central window (downstream window, right).
The enrichment of the 5-mers around random positions on expressed transcripts (x-axis)
is displayed against the enrichment around PURA binding sites (y-axis). The position of
the three windows relative to the binding site (red box) is annotated on the top. 5-mers
containing >3 purines are coloured blue.

In a further in-depth approach (Figure 4.12), I calculated the enrichment of 5 nt long
sequence combinations (5-mers) in three different regions around PURA binding sites:
within 7 nt before and after the PURA binding site centre, a window of 20 nt before
the central window (upstream window) and a window of 20 nt after the central window

(downstream window). In general, 5-mers with more than three purines were most en-

92



4.3. Results

riched in all three windows. The strongest enrichment can be found for 5-mers consisting
of different combinations of five purines also in all three windows. Only the upstream win-
dow shows an additional enrichment for five uridines or four uridines with one guanine in

the beginning.

The uridine enrichment that can be observed in and around the PURA binding sites and
also in the de novo motif discovery is likely due to a previously described bias of iCLIP
experiments [Sugimoto et al., 2012, Krakau et al., 2017]: UV crosslinking works best
on uridines, therefore, uridines often appear more enriched in CLIP experiments than in
other methods. This effect was for example also described for CPSF6 in [Ghanbari and
Ohler, 2020]. To summarise, I verified PURA’s preference to bind to purine-rich sequences

via a degenerate motif [Graebsch et al., 2009, Weber et al., 2016].

Structural accessibility of PURA binding sites

As the binding motif of PURA is rather degenerate, I wondered whether PURA recognises
its targets additionally by a specific secondary structure. For this, I used RNAfold predic-
tion on the 500 nucleotides around PURA binding sites and compared it to a permutation
background using 1,000 sets of 1,000 sequences from 10,000 randomly picked transcript

sequemnces.
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Figure 4.13: PURA preferentially binds single-stranded RNAs. RNA accessi-
bility of bound RNAs is predicted with RNAplfold and given as a z-score using random

Permutations of background

sequences as background. Shown is the region from 100 nucleotides before until 100
nucleotides after the PURA binding site (red box). Positions with a P value < 0.05 (cal-
culated from z-score) are marked with green bars. Grey - all binding sites, pink - binding
sites in 3’UTRs, yellow - binding sites in CDS

This approach shows a significantly increased probability of the PURA binding sites being
single-stranded. The same pattern can also be observed for the subgroups of 3’'UTR
binding sites and CDS binding sites. There is no region in the surroundings of the PURA
binding sites that has an increased probability of being double-stranded, which would hint
to a specific secondary structure. In conclusion, PURA binding sites are preferentially

single-stranded.

Summary

Taken together, I could establish that PURA is a global RNA-binding protein that binds
4,391 transcripts in over 50,000 binding sites that are located prevalently in the 3’'UTR
and CDS of protein-coding transcripts. PURA RNA binding has a preference for single-
stranded purine-rich sequences. Furthermore, overexpression of PURA leads to a de-
creased specificity of PURA binding. The widespread binding of PURA to cellular RNAs
leads to the question of what the cellular function of PURA RNA binding might be, which

will be investigated further in the next sections.
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4.3.2 The impact of reduced PURA levels on RNA and protein

expression

To examine the cellular function of PURA, I analysed the impact of reduced PURA
levels on the global RNA and protein expression in HeLa cells. PURA protein levels were
reduced by PURA siRNA knockdown and the reduction of PURA protein levels to around
50% was confirmed in Western blots [Molitor et al., 2023]. In the following, I describe
how the RNA and proteomics expression changes were analysed and then integrated with

the previously defined PURA binding sites.

RNA and protein expression changes in PURA-depleted cells

I analysed RNA expression in an RNAseq experiment from both control cells and PURA
siRNA knockdown cells using four replicates each (Figure 4.14 A). A total of 3,415 RNAs
are significantly deregulated (P value < 0.01, Benjamini-Hochberg adjusted, Figure 4.14
B). Deregulated RNAs are evenly distributed between up-regulated (1,663, 48%) and
down-regulated (1,752, 52%). Of note, the transcript of the PURA paralog PURB does
not change in its expression and the transcript of the second PURA paralog PURG is not

expressed in HeLa cells.

I also examined alternative splicing between these conditions and discovered that PURA
depletion has little influence on splicing, as demonstrated by only 103 significantly regu-
lated local splice variants ( P|dPSI>0.05| > 95%, data not shown). Therefore, I conclude
that PURA does not function as a splicing regulator and instead focus on its extensive

effect on RNA levels.
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Figure 4.14: PURA depletion results in global dysregulation of RNA and pro-
tein expression.

(A) Schema of performed experiments. RNAseq and shotgun proteomics were performed
on four PURA knockdown and control samples.

(B, C) Volcano plot of RNA (B) or protein (C) expression changes upon PURA knock-
down against control in HeLa cells. Shown is the expression change between PURA
knockdown and control on the x-axis (logy scale) and the P value (-logyo scale, adjusted
using Benjamini-Hochberg method) on the y-axis. Black - significant RNAs (P value <
0.01) or proteins (P value < 0.05); orange - selected targets with labels; grey - all other
RNASs or proteins.

Similarly, I compared protein expression data from PURA knockdown and control cells,
each with four replicates (Figure 4.14 C). As a result of the analysis, I observed that 995
proteins are dysregulated in the PURA knockdown (P value < 0.05, Benjamini-Hochberg
adjustment). Furthermore, PURA-regulated proteins demonstrate an even distribution
between up- (589, 59%) and down-regulation (406, 41%). Again, PURB expression re-
mains unchanged and PURG is not detected. While it could be hypothesised that PURB
and PURG, whose function is little known and who have similar PUR-domains as PURA,
could have a similar function to PURA, the unchanged PURB and PURG levels suggest

that PURB and PURG can not directly compensate for PURA functionality. Overall,

96



4.3. Results

both experiments indicate that a decrease of PURA to half of its physiological amount

has a global effect on RNA and protein expression.

The relation of RNA and protein changes in PURA depletion

Next, I compared the alterations in RNA and protein expression in PURA knockdown.
This comparison may reveal possible impacts on RNA translation, in case protein levels

vary differently from RNA levels.

Firstly, the RNA and protein expression of targets that are significantly regulated on both
RNA and protein levels (Figure 4.15 A) indicates that protein levels in general follow
RNA levels. Out of the 334 targets that show significant regulation on both RNA and

protein levels, 249 are regulated in the same direction (149 up- and 100 down-regulated).

Examining all targets detected in both conditions (Figure 4.15 B), it becomes apparent
that a considerable number of targets (3,081 RNAs and 662 proteins) change significantly
in only one of the data sets. However, it should be noted that the comparison between
RNAseq and proteomics data can be limited because high-throughput sequencing and
mass spectrometry vary considerably in their detection methodologies which may result in
superior or inferior detection of certain targets. To overcome the limitations of statistical
significance in both sets, I examined the relationship between all RNA and protein changes
(Figure 4.15 C). Notably, this exhibits a similar trend of protein levels following RNA

levels, which might suggest that PURA does not affect RNA translation.
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Figure 4.15: In PURA depletion, protein changes tend to follow RNA
changes.

(A) Heatmap depicting the expression of all targets changing significantly in both RNA
and protein expression. Given are the z-scores of RNA and protein expression across all
samples using an orange to purple colour scale for RNA expression and a yellow to dark
blue colour scale for protein expression. Targets are grouped by the direction of their ex-
pression with 100 targets upregulated on RNA and protein level (first block), 149 targets
downregulated on RNA and protein expression (second block), 42 targets downregulated
on RNA and upregulated on protein level (third block) and 43 targets up-regulated on
RNA and downregulated on protein level. On the right, the region of PURA binding in
the respective RNA is shown (pink - 3’'UTR, green - CDS, blue - both 3'UTR and CDS,
grey - neither 3’'UTR or CDS). Selected targets are annotated.

(B) Venn diagram displaying the overlap of significantly regulated RNAs (orange - upreg-
ulated, n = 1,800; purple - downregulated, n = 1,615) and proteins (yellow - upregulated,
n = 589; dark blue - downregulated, n = 406).

(C) Comparison of overall RNA (y-axis) and protein (x-axis) expression changes. Red -
significantly changing targets; orange - selected targets with labels; Stars - values with an
infinite protein change, which is the result of a protein being detected only in one of the
two conditions.
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Expression changes of PURA-bound and unbound RNAs and proteins

The observed global changes can broadly be categorised as direct or indirect effects of
PURA. A direct effect refers to RNAs or proteins that PURA acts upon directly, while
indirect effects are secondary effects that result from the direct effects of PURA on an-
other target. Here, I used PURA binding as an indicator of PURA’s direct effect on RNA

to distinguish between direct and indirect effects and search for differences between them.
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Figure 4.16: PURA-bound and unbound targets have similar overall changes
in both RNA and protein levels.

Shown are the RNA (A) and protein expression changes (B) of PURA knockdown against
control for PURA-bound (red) and not bound (green) RNAs as boxplots (logs scale). The
mean expression change is annotated below the respective box. P value is obtained from
the Wilcoxon rank-sum test.

There is no noticeable overall difference in changes between PURA-bound (direct) and
unbound (indirect) targets for both RNA (Figure 4.16 A) and protein (Figure 4.16
B). PURA-bound RNAs exhibit a mean expression change of 0.033, whereas non-PURA-
bound RNAs show a mean expression change of -0.007. Although this results in an
extremely low P value (P value < 0.0001, Wilcoxon rank-sum test), it appears to be
a mere technical effect due to the high number of RNAs in both groups. Proteins en-
coded by PURA bound RNAs display a mean alteration in expression of 0.031, whereas
non-associated proteins only show a mean alteration of 0.023 (not significant, P value >
0.05, Wilcoxon rank-sum test). Similarly, the different binding regions have no impact

on target regulation (Figure 4.17). PURA-bound RNAs and their respective proteins
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are dysregulated for all PURA-bound regions with an equal distribution of up and down-

regulation. This results in all cases in a mean fold change close to zero.
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Figure 4.17: Directionality of RNA and protein expression changes upon
PURA depletion is unconnected to the PURA-bound RNA region.

(A, B) Volcano plot of RNA (A) or protein (B) expression changes upon PURA knock-
down, coloured by the PURA-bound region. Shown is the expression change between
PURA knockdown and control on the x-axis (logy scale) and the P value (-logjg scale,
adjusted using Benjamini-Hochberg method) on the y-axis. Significant targets (RNAs -
P value < 0.01 or proteins - P value < 0.05) with the respective binding are coloured.
Red - bound in 3’'UTR, orange - bound in 5’'UTR, blue - bound in CDS, purple - bound
non-coding RNAs, black - all other significant targets; grey - non-significant targets.

(C, D) Boxplots depict expression changes of RNAs (C) and proteins (D) for the different
PURA-bound regions (logs scale). Red - bound in 3’'UTR, orange - bound in 5’'UTR, blue
- bound in CDS, purple - bound non-coding RNAs, grey - not PURA-bound RNAs.
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The observation that PURA-bound RNAs are regulated in both directions speaks against
the effect of PURA on RNA stability. For example, a knockdown of UPF! which is in-
volved in mRNA decay leads mainly to positive RNA fold changes [Kishor et al., 2020]. At
the same time, translational effects should be observable in one-directional protein changes
for PURA-bound RNAs. Therefore, the effect of PURA depletion on PURA-bound RNAs

shows no clear evidence of PURA acting on RNA stability or RNA translation.

Direct PURA targets from the integration of PURA binding and regulated

targets

Protein changes

n =995
100
234

1984
PURA- Transcript
bound changes
n =4,391 n=3,415

|234 direct PURA targets |

Figure 4.18: The overlap of PURA-bound and regulated targets can be used
to define a set of 234 high-confidence direct PURA targets.

The overlap of PURA-bound RNAs (n = 4,391, black circle) with RNAs (n = 3,415, yellow
circle) and proteins (n = 995, blue circle) dysregulated by PURA depletion is depicted
as a Venn diagram. The 234 targets that overlap between all three groups are deemed
direct PURA targets. 1,097 targets are bound by PURA and regulated only on the RNA
level (yellow area), 394 are bound by PURA and regulated only on the protein level (blue
area) and 100 targets change on RNA and protein levels but are not bound by PURA.

To generate a set of high-confidence direct PURA targets, I intersected targets found in all
three data sets (Figure 4.18): PURA-bound transcripts, RNAs dysregulated in response
to PURA depletion, and proteins dysregulated by PURA depletion. The largest overlap
of two features (1,331 targets) consists of RNAs that are bound by PURA and change
in their expression in PURA depletion. 394 targets are bound by PURA and change

at the protein level but not the RNA level, whilst 100 targets undergo changes at both
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the protein and RNA levels but are not bound by PURA. I used the overlap of all three
features to establish high-confidence direct PURA targets, resulting in 234 direct PURA
targets which serve as starting points for more comprehensive investigations. Interesting
direct targets include the autophagy receptor SQSTMI1, the mitochondrial STARD7, the
neurodevelopmental transcription factor CUX1 (Cut Like Homeobox 1), and the essential
P-body factor LSM14A. A connection of PURA to SQSTMI1 was previously described
in a zebrafish model of COORF72 ALS [Swinnen et al., 2020]. For STARD7, CUX1 and
LSM14A, there was no previous description of a connection to PURA, therefore, they
provide new links to pathways influenced by PURA. Downregulation of SQSTM1 and
LSM14A was confirmed in orthogonal Western blots by our collaborators [Molitor et al.,
2023]. Taken together I define 234 direct PURA targets, whose functions could provide

valuable insight into the cellular function of PURA.

Summary

RNAseq and proteomics experiments of PURA depletion display changed expression of
3,415 RNAs and 995 proteins. These changes are divided equally between up- and down-
regulation and, therefore, show no clear evidence for a role of PURA in RNA stability or
translation. The integration with PURA binding allows the identification of 234 direct

PURA targets that aid further investigation of PURA-connected pathways.
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4.3.3 The connection of PURA to neuronal contexts and cyto-

plasmic granules

To deduce the role of PURA in more physiological contexts from the previous results,
I first used information from the public databases GeneOntology (GO) [Carbon et al.,
2018] and REACTOME [Fabregat et al., 2017]. I looked for the enrichment of the PURA-
bound or PURA-regulated targets in certain cellular compartments or pathways. From
the various contexts thereby linked to PURA, I further analysed the connection of PURA
to neuronal cells and its association with cellular granules. I explored the role of PURA
binding in neurons, using a PURA iCLIP obtained from neuronal precursor cells (NPCs)
and previously published dendritic RNAs [Middleton et al., 2019]. For the investigation
into PURA’s connection to cytoplasmic granules, I integrated my findings for PURA with
previously published transcriptomes of stress granules [Khong et al., 2017] and P-bodies
[Hubstenberger et al., 2017].

Cellular pathways and components enriched in PURA targets

To get an overview of PURA-related pathways and cellular components, I performed
enrichment analyses on all three PURA data sets. The 234 direct PURA targets were a
too small set to use for enrichment analyses and did not enrich any pathway or component
significantly (data not shown). Instead, I looked for terms enriched for PURA-bound

targets or for targets with changing RNA levels in PURA depletion.

Enrichment analyses of PURA-bound RNAs in REACTOME pathways and GO cellular
components revealed 477 and 214 terms significantly enriched, respectively (P value <
0.001, test against hypergeometric distribution as implemented in HypeR). The 25 most
enriched are shown here (Figure 4.19). For a full list of terms please refer to Supplemen-
tary Table 3 of [Molitor et al., 2021]. The top 25 terms include among others terms related

to the cell cycle, the immune system and viral infections, the mitochondria, the lifecycle
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Figure 4.19: Top 25 enriched REACTOME pathways and cellular components
from GeneOntology for PURA-bound RNAs.

Shown are the most enriched (lowest P value) REACTOME pathways (A) and cellular
component terms from GeneOntology (B). Bars depict the ratio of PURA-bound RNAs
belonging to each term, divided by all expressed RNAs belonging to the term. P values
of all shown terms are < 0.001.

of RNAs and the nervous system development. Similar terms can be found among the 20

most enriched terms for transcripts dysregulated in PURA depletion (Figure 4.20).

PURA has been implicated in many of these functions before: For instance, it was shown
that PURA injection led to cell cycle arrest in the G2 phase [Stacey et al., 1999, White
et al., 2009]. Also, PURA was found to be located in viral particles in cells infected with
Human Immunodeficiency Virus 1 (HIV-1) [Garcia-Moreno et al., 2023]. Additionally,
the neuronal context of PURA is emphasised. In the next section, I further elucidate

PURA functions in neuronal contexts.
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Figure 4.20: Top 20 enriched REACTOME pathways and cellular components
from GeneOntology for PURA-bound RNAs.

Shown are the most enriched (lowest P value) REACTOME pathways (A) and cellular
component terms from GeneOntology (B). Bars depict the ratio of RNAs with signif-
icantly (P < 0.01) changing expression in PURA knockdown belonging to each term,

divided by all expressed RNAs belonging to the term. P values of all shown terms are <
0.001.
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PURA RNA binding in the context of neuronal precursor cells and dendritic
RNAs

As PURA plays a role in the neurodevelopmental PURA Syndrome, we wanted to in-
vestigate PURA RNA binding in a cellular context that is closer to a neurodevelopmen-
tal phenotype. For this, our collaborators differentiated induced pluripotent stem cells
into neuronal precursor cells (NPCs) and then performed PURA iCLIP in the NPCs
(NPC iCLIP). The NPC iCLIP data set exhibits limited signal depth and hence can-
not be used for binding site definition (Figure 4.21 A). A reason for this might be
that PURA is very lowly expressed in cell types of early neuronal development and is
expressed stronger only in later stages as can be seen in the LIBD stem cell browser
(http://stemcell.libd.org/scb/PURA /ENSG00000185129.5, accessed 12.12.2023) [Burke
et al., 2020]. Nevertheless, manual comparisons of regions with elevated PURA crosslinks
in the NPC iCLIP exhibit comparable patterns of PURA crosslinks as in HeLa cells as can
be seen in the examples of the STARD7, SEC61A1 (SEC61 Translocon Subunit Alpha 1)
and YWHAE (Tyrosine 3-Monooxygenase/ Tryptophan 5-Monoozygenase Activation Pro-
tein Epsilon) transcripts (Figure 4.21 B, C, D). In a metaprofile over all endogenous
PURA binding sites from HeLa cells, the crosslinks in the NPC iCLIP peak in the cen-
tre of PURA HeLa binding sites (Figure 4.21 E). This hints at a similar RNA-binding
behaviour of PURA in NPCs, although lowly expressed. Even though Hela cells are
physiologically very different from neuronal cells; RNAs bound by PURA in HelLa cells
are enriched in 10 cellular compartments linked to neurons (Figure 4.21 F). Taken to-
gether, these observations suggest a similar behaviour of PURA in neuronal cells as in
HeLa cells. Additional experiments should be performed in the future to confirm this

finding.
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Figure 4.21: PURA RNA binding in neuronal precursor cells shows a compa-
rable signal to PURA RNA binding in HeLa cells despite a very limited signal
depth.

(A) Schema of NPC PURA iCLIP. Endogenous PURA was immunoprecipitated with the
in-house anti-PURA antibody resulting in 434,556 PURA crosslinks.

(B, C, D) Exemplary crosslink profiles from PURA iCLIP in HeLa (top, black) and NPC
cells (bottom, grey) in the 3’'UTR of STARD7 (B), SEC61A1 (C) and YWHAE (D).
(E) PURA crosslinks from the PURA NPC iCLIP accumulate in the positions of PURA
binding sites in HeLa cells. Shown are the relative positions from 12 nt upstream to 12
nt downstream of PURA binding sites. Top - metaprofile depicting the sum of PURA
NPC crosslinks for each position; bottom - heatmap of PURA NPC crosslinks from the
1,000 regions with the highest amount of PURA crosslinks. The colour scale depicts the
number of crosslinks from zero (white) to six or more (black) crosslinks. The binding site
from PURA CLIP in Hela cells is highlighted as a red box.

(F) Enriched GeneOntology cellular compartments related to neurons for PURA-bound
RNAs from the endogenous PURA iCLIP in HeLa cells. Bars depict the ratio of PURA-
bound RNAs belonging to each term, divided by all expressed RNAs belonging to the
term. P value is adjusted by Benjamini-Hochberg method and given by the colour scale.

PURA has been shown to play a role in dendritic transport mechanisms and specifically to
transport the Bel (Brain Cytoplasmic RNA 1), CamkIl (calcium/calmodulin dependent
protein kinase II) and Acr (acrosin) RNA [Ohashi et al., 2002, Kanai et al., 2004] in mouse
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neurons. To follow this up on a global level, I tested the overlap of PURA binding to RNAs
that are located in the ends of dendrites in neurons. For this, I used a list of dendritic
RNAs in mouse neurons that were previously published [Middleton et al., 2019]. This
publication performed a combinatorial analysis combining their own dendritic RNAseq
with 5 other published dendritic RNAseq experiments from mouse neurons and listed the
number of supporting studies for each dendritic RNA. I overlapped PURA-bound RNAs
with these reported dendritic RNAs by transferring them to their mouse 1-2-1 orthologs
and comparing only RNAs expressed in both dendrites and in HeLa cells (Figure 4.22
A). PURA binds 50.4% of all dendritic RNAs that were detected in at least four studies
(Figure 4.22 B). Moreover, the fraction of bound dendritic RNAs increases with the
number of supporting studies from 37.6% for one supporting study to 66.7% for five
supporting studies (Figure 4.22 C). In summary, PURA does bind to a considerable
amount of dendritic RNAs. It is, therefore, tempting to speculate that PURA transports

some of its here-described bound RNAs along dendrites in a neuronal context.
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Figure 4.22: PURA binds to dendritic RNAs.

(A) To compare PURA-bound RNAs from HeLa cells and mouse dendritic RNAs from
[Middleton et al., 2019], RNAs with 1-2-1 orthologs between human and mouse that were
expressed in both cell types were selected. Shown are the fractions of RNAs with orthologs
(light grey) and expressed in both cell types (dark grey) for RNAs from our RNAseq (left)
and the dendritic RNAs (right).

(B) The fraction of PURA-bound RNAs increases with supporting studies reporting an
RNA to be dendritic. The number of PURA-bound (red) and not-bound (grey) dendritic
RNAs is shown against the number of studies supporting the dendritic localisation of the
RNA Middleton et al., 2019|.

(C) PURA binds 50.4% of all dendritic RNAs when considering RNAs where the dendritic
localisation was supported by at least 4 studies.
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A connection of PURA to P-bodies

Given that according to our data, PURA seems to be neither an effector on transcript
stability nor on translation and plays a role in RNA transport in neurons, I looked for a
connection of PURA to RNA localisation in HeLa cells. In this context, I realised that the
RNA of LSM14A, an essential P-body factor, is bound (Figure 4.23 A) and regulated
by PURA (Figure 4.14). In addition, the RNA of DDX6, an interactor of LSM14A and
similarly an essential P-body factor, is also bound by PURA (Figure 4.23 B), but is
regulated only on protein not on RNA level (Figure 4.14). This led me to investigate

PURA’s connection to P-bodies and stress granules.
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Figure 4.23: PURA binds two essential P-body factors.

Genome browser shots of the LSM14A (A) and DDX6 (B) transcripts show PURA
crosslinks (grey) and PURA binding sites (red boxes) together with the longest transcript
annotation per gene (black schema).

To elucidate PURA’s connection to RNAs stored in P-bodies and stress granules, I used a
previously published P-body transcriptome [Hubstenberger et al., 2017] and stress granule
transcriptome [Khong et al., 2017]. Both publications performed RNAseq of the RNAs
in the respective granule compared to whole-cell RNA, allowing them to define RNA
enrichment in the granule. I compared the overall enrichment of RNAs in either granule
type between PURA-bound RNAs and an expression-matched control of unbound RNAs
(Figure 4.24, A, B, C, D). PURA-bound RNAs have significantly higher enrichment

in both granule types (P value < 0.0001, unpaired two-sided Wilcoxon rank-sum test).
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Figure 4.24: PURA-bound RNAs are
ule transcriptome.

(A, C) Violin and boxplot show enrichment of RNAs in P-bodies (A) and stress gran-
ules (B) for PURA-bound and a TPM-matched control of unbound RNAs. Only RNAs
expressed in both HelLa cells as well as the HEK293 cells (n = 4,767, P-body transcrip-
tome, [Hubstenberger et al., 2017]) or the U20S cells (stress granule transcriptome, n =
2,723, [Khong et al., 2017]) are considered. **** - P value < 0.0001, unpaired two-sided
Wilcoxon rank-sum test.

(B, D) Expression distribution of RNAs from the P-body transcriptome (C) or stress
granule transcriptome (D) (red) and the respective expression-matched control (grey) is
shown along TPM expression bins.

(E, F) Relative amount of PURA-bound RNAs in the P-body (E) and stress granule (F)
transcriptome across RNA expression levels. Minimum RNA expression is given as TPM
on the x-axis. The number of RNAs over the respective expression cutoff is given below
(blue). Percentages of PURA-bound RNAs are displayed above bars.

(G) Overlap of PURA-bound RNAs (red) with the P-body (blue, n = 4,767, odds ratio
5.7, P value < 0.0001, Fisher's exact test) and stress granule transcriptome (grey, n =
2,723, odds ratio 12.0, P value < 0.0001, Fisher‘s exact test).

enriched in the P-body and stress gran-

110



4.3. Results

Then, I defined RNAs significantly enriched (P value < 0.01, logs expression change > 0)
in P-bodies or stress granules as the respective P-body or stress granule transcriptome.
A comparison to PURA-bound RNAs shows that indeed 49% of the stress granule tran-
scriptome and 43% of the P-body transcriptome are bound by PURA (P-body - P value
< 0.0001, odds ratio 5.7, Fisher‘s exact test; stress granule - P value < 0.0001, odds ratio
12.0, Fisher‘s exact test; Figure 4.24 A). This enrichment further increases with the
expression level of the granule RNAs (Figure 4.24 E, F). Taken together, this hints at

a strong connection of PURA to RNAs located in P-bodies and stress granules.

Our collaborators could solidify the connection to P-bodies by showing that PURA lo-
calises in P-bodies in immunostainings of HelLa cells and normal human dermal fibroblasts
(Figure 4.25 A) [Molitor et al., 2023]. Even more, the number of P-bodies significantly
decreased in PURA-depleted cells (Figure 4.25 A, B). In addition, I compared RNA
regulation in PURA depletion between P-body and non-granule RNAs and found that
PURA depletion - which can subsequently be connected to a loss of P-bodies - leads to

an overall upregulation of P-body RNAs (Figure 4.25 G).

In summary, firstly, PURA binds P-body and stress granule RNAs, secondly, it is located
in these granules [Molitor et al., 2021, Tian et al., 2022, Proske et al., 2023] and thirdly,
PURA depletion leads to a loss of P-bodies. Several possible mechanisms could be behind

these observations as discussed later.
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Figure 4.25: PURA localises to P-bodies and PURA depletion leads to a loss
of P-bodies.

(A) Confocal micrographs of PURA (red), P-body marker LSM14A (green), nuclei (blue)
and colocalised signal PURA and LSM14A signal (yellow). Top: control condition, Bot-
tom: PURA knockdown condition, Scale bars - 10 pm. Figure done by Sabrina Bacher.
(B) Quantification (ImagelJ) of LSM14A-positive granules on approximately 400 cells per
replicate (n = 3) comparing control and PURA knockdown cells. Shown is the number of
granules positive for LSM14A per cell for all replicates. 3 biological replicates (indepen-
dent cultures) are indicated by different icons, with each containing 4 technical replicates
(multiple images). P value from unpaired two-sided Student’s t-test on all replicates.
ImageJ analysis by Sabrina Bacher, plot and statistics by me.

(C) Violin and boxplots show RNA expression changes in PURA depletion against con-
trol for RNAs belonging to the P-body transcriptome (grey) and RNAs that neither
overlapped with the P-body nor the stress granule transcriptome (blue).
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Summary

PURA-bound RNAs and RNAs regulated by PURA depletion can link PURA to multiple
cellular functions (Figure 4.19, 4.20). Some of them have been previously linked to
PURA like its impact on the cell cycle [Stacey et al., 1999, White et al., 2009] and
its interaction with viruses [Krachmarov et al., 1996, Garcia-Moreno et al., 2023] and
can now more specifically be attributed to PURA’s RNA-binding capacity. PURA RNA
binding in neuronal precursor cells is comparable to PURA binding in HeLa cells (Figure
4.21) making it tempting to speculate that PURA’s essential role in neurodevelopment
can be attributed to PURA’s RNA binding and PURA’s neuronal transport function.
Furthermore, PURA binds a considerable amount of dendritic RNAs (Figure 4.22),
which might hint to PURA globally transporting RNAs along dendrites, as has been
exemplarily shown for the RNAs Bcl, Camkll and Acr in mouse neurons [Ohashi et al.,
2002, Kanai et al., 2004]. Of note, a new area of PURA function is cytoplasmic granules
and especially P-bodies. PURA-bound RNAs are enriched in the P-body and stress
granule transcriptome (Figure 4.24). Moreover, PURA localises to P-bodies and PURA

depletion leads to a loss of P-bodies (Figure 4.24).
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4.4 Discussion

4.4.1 PURA as an RNA-binding protein

Here, I show that endogenous PURA reproducibly binds 4,391 RNAs in over 50,000
binding sites with a preference for protein-coding RNAs (Chapter 4.3.1). This reveals
a new role of PURA as an RNA-binding protein, which is consistently observed among
three PURA iCLIP experiments in HeLa cells. Moreover, two concurrent studies identified
PURA RNA-binding in KYSE 510 [Tian et al., 2022] and Jurkat cells [Garcia-Moreno
et al., 2023], solidifying PURA’s role in RNA binding. This opens a new perspective on

the protein PURA, which was previously mostly described as a transcription factor.

PURA binding in 3’UTR and CDS

In HeLa cells, I found that PURA preferentially binds both 3'UTRs and CDS with binding
sites evenly distributed between CDS and 3’UTR regions. Interestingly, in KYSE 510
cells 63% of PURA binding sites are located in the 3'UTR and only 17% in the CDS cells
[Tian et al., 2022], while in Jurkat cells over 50% of PURA binding sites are located in the
CDS and roughly one third in the 3’UTR (exact numbers are not given in the preprint
manuscript) [Garcia-Moreno et al., 2023]. The variance in the relative amounts of PURA
binding sites in one or the other region is likely due to the different cell types, the signal
depth of the experiments and the different quantification approaches. However, 3’'UTR

and CDS always remain the two most bound regions.

The binding of PURA in 3’UTR and CDS regions displays notable differences that may
suggest distinct modes of PURA binding and potentially may be connected to different
cellular functions or a single function that combines binding in both regions. In two
back-to-back studies [Van Nostrand et al., 2020b, Van Nostrand et al., 2020a] eCLIP
experiments were conducted for 150 RBPs. Of note, the study connected 3’"UTR-binding

proteins to functions such as translational regulation, 3’end processing, mitochondrial
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regulation, as well as P-bodies and stress granules. RBPs primarily binding in the CDS
were also associated with P-bodies and stress granules, ribosomes, basic translation, and
splicing. Furthermore, they identified a group of RBPs that bind both CDS and 3’UTR,
including translation repressors such as TIA1 (T-Cell-Restricted Intracellular Antigen 1),
TIAL (T-Cell-Restricted Intracellular Antigen like), PUM2 (Pumilio homolog 2), and
the RNA decay factor UPF1 (Up-Frameshift Suppressor 1 Homolog), as well as DDXG6,
which plays a role in both translation and mRNA decay and is furthermore connected to
cytoplasmic granules. This demonstrates that RBP binding in multiple transcript regions
is not an exclusive trait of PURA and that some RPB functions, such as RNA stability
regulation and translation, may also involve binding in both regions. Moreover, it might

hint at PURA functioning in similar contexts as the other RBPs from this group.

Specificity of PURA binding

I found that PURA binds a degenerate purine-rich motif (Chapter 4.3.1). Similar
sequence motifs were obtained in in vitro PURA binding studies [Graebsch et al., 2009,
Weber et al., 2016] and in the other two PURA iCLIP studies [Tian et al., 2022, Garcia-
Moreno et al., 2023]. In contrast to PURA’s described in vitro binding, the three CLIP
studies all additionally show an enrichment of uridines in PURA binding sites. This is
likely introduced by the UV crosslinking bias to uridines [Sugimoto et al., 2012, Krakau
et al., 2017]. A possibility to verify this would be the use of orthogonal methods to
query PURA binding to RNAs like RNA Bind-n-Seq [Lambert et al., 2014] or SELEX
for RNA-binding [Bouvet, 2001, Manley, 2013]. In RNA Bind-n-Seq, a pool of RNAs
are in vitro subjected to the RBP of interest, then the RBP is pulled down and the
RNAs are sequenced. The sequences of the bound RNAs can then be queried for the
enrichment of specific k-mers, which were preferentially bound by the RBP. Systematic
Evolution of Ligands by Exponential Enrichment (SELEX) selects RBP bound RNAs from

a randomised RNA pool and this is repeated multiple times to increase the enrichment
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of RNAs specific to the RBP of interest. As both techniques do not depend on UV

crosslinking, they will not display the same uridine bias.

The degeneration of the motif might question the specificity of PURA target recognition.
Indeed, PURA RNA binding can be found on a high number of RNAs and is also broadly
spread across RNAs, especially in CDS regions. It should be noted that RBPs recognise
relatively short sequences (3-7 nt) in comparison to DNA-binding proteins [Lunde et al.,
2007, Jankowsky and Harris, 2015, Feng et al., 2019]. Several RBPs, including TIA1 and
HNRNPC (Heterogeneous Nuclear Ribonucleoprotein C), have been reported to bind to
degenerated motifs such as U-rich or AU-rich elements [Konig et al., 2010, Wang et al.,
2010]. It has been proposed that the bound sequence motif contains limited information
content for many RBPs and that other mechanisms uphold RBP target recognition in
addition [Lunde et al., 2007, Jankowsky and Harris, 2015, Feng et al., 2019]. The de-
generated motif of PURA should therefore not be interpreted as unspecific binding, but

rather as a common RBP characteristic.

In some cases, RBPs may detect their targets through the recognition of a particular RNA
secondary structure, such as Staufen [Ramos et al., 2000]. I could not detect a strong
structure specificity for PURA binding sites apart from a general preference of PURA to
bind single-stranded regions (Chapter 4.3.1). It, therefore, seems unlikely that PURA

recognises its targets based on secondary structures.

In other cases, such as hnRNPs and SR proteins, it has been suggested that RBPs achieve
their specificity by being included in RNP complexes, where cofactors may determine
binding specificity [Singh and Valcarcel, 2005]. It is currently unclear whether PURA
participates in an RNP complex with other RPBs. A useful resource for RNA-dependent
protein-protein interactions is the R-DeeP database that performed density gradient ultra-
centrifugation with or without RNase treatment followed by mass spectrometry [Caudron-

Herger et al., 2019, Caudron-Herger et al., 2020]. The results of this study allow linking
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proteins to other proteins in the same fraction. However, PURA was found to precipi-
tate in this experiment and an identification of PURA co-factors from this study is not
possible. Therefore, the interaction of PURA with possible co-factors requires further
investigation. Furthermore, a specific location in the cell can determine which RNAs are
bound by an RBP. In this sense, PURA location in P-bodies and stress granules can
reduce the number of potential PURA RNA targets. Taken together, while some binding
specificity of PURA arises from a degenerated purine-rich motif in a single-stranded RNA
region, further factors might influence PURA target recognition such as co-factors and

the location of PURA.

PURA as a transcription factor

Historically, PURA was classified as a transcription factor [Bergemann et al., 1992], but
when carefully going through literature most evidence for PURA’s role in DNA binding
comes either from in wvitro binding assays or from RNA expression changes that could
also be caused by PURA binding to the RNAs instead of the genes. PURA binds both
DNA and RNA in vitro [Graebsch et al., 2009, Weber et al., 2016], but this does not
necessarily mean that it will bind both in wvivo. One could therefore hypothesise, that
classification of PURA as transcription factor was a misinterpretation of its RBP binding
function. What speaks for this hypothesis is that PURA locates mostly in the cytoplasm
as shown in [Molitor et al., 2023], which would not allow PURA to come into contact
and bind DNA. In contrast to this hypothesis stands a recent study that queried PURA
DNA binding in vivo with a ChIP-Seq experiment and described PURA DNA binding to
1,389 genes in the context of Alzheimer‘s disease [Shi et al., 2021]. Furthermore, [Song
et al., 2022] showed PURA binding to the promoters of five Alzheimer-related genes using
ChIP-qPCR. It might therefore be possible, that PURA has both a cellular role as an
RNA binding protein and as transcription factor. Indeed, a recent study showed that a

broad range of transcription factors like SOX2 (SRY-box transcription factor 2), MYC
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(V-Myc Avian Myelocytomatosis Viral Oncogene Homolog) and CTCF (CCCTC-Binding
Factor) also bind RNA in vivo [Oksuz et al., 2023]. It might therefore be interesting to

consider disentangling the effects of PURA RNA and DNA binding in future studies.

Disentangling PURA and PURB functions

In this discussion, it also has to be taken into account that most PURA antibodies are not
specific for PURA but also detect the PURA paralog PURB. Therefore, our iCLIP analysis
used a specific in-house anti-PURA antibody that has no cross-reactivity to PURB. Other
publications used tagged PURA proteins [Garcia-Moreno et al., 2023], and, therefore,
their results can be surely connected to PURA. But as I show in the comparison of the
iCLIP data sets, an ectopic expression of a tagged PURA might also decrease the PURA
binding specificity in these studies. Other studies might be similarly affected by this and
might not properly discriminate the effects of PURA and PURB [Shi et al., 2021, Song
et al., 2022, Tian et al., 2022]. The question, which findings belong to PURA alone and
which might also be attributed to PURB is especially interesting as little is known about
the function of PURB. Some publications describe both PURA and PURB in the same
complexes [Ji et al., 2007, Pandey et al., 2020, Garcia-Moreno et al., 2023]. However, it is
hard to tell whether PURB has a similar functionality to PURA [Johnson et al., 2013]. I
found that PURB expression is not changing upon PURA depletion, which suggests that
there are no direct feedback mechanisms between the two proteins. Moreover, my study
of endogenous PURA with a specific anti-PURA antibody further aids in disentangling

unique and shared functions of the two proteins.
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4.4.2 PURA in cytoplasmic granules

I could establish a connection of PURA to P-bodies as PURA binds the RNAs of the
essential P-body factors DDX6 and LSM14A and in PURA depletion LSM14A RNA and
both LSM14A and DDXG6 proteins are downregulated. Indeed, our collaborators could
show that PURA localises to P-bodies and that P-body numbers are strongly reduced
upon PURA depletion. PURA likely binds P-body and stress granule RNAs because
of its localisation in these granules. Also, the previously described enrichment in GO
terms of PURA-bound RNAs and RNA regulated by PURA depletion connected to RNA
degradation and translation might be due to the effect on P-bodies, which were shown to
contain mRNAs of post-transcriptional mRNA regulation factors [Hubstenberger et al.,
2017]. While the P-body factors LSM14A and DDX6 are downregulated in PURA de-
pletion, I observe a global upward shift in the expression of the P-body transcriptome,

clearly indicating that P-body function is impaired.

What role PURA plays in P-bodies can only be speculated at this point. One possibility
would be that it directly influences the architecture of the P-bodies and that LSM14A and
DDX6 are lost as a secondary effect due to the loss of P-bodies. Inversely, it could also be
that P-bodies are lost due to PURA depletion downregulating the RNAs and consequently
also the proteins of the essential P-body factors DDX6 and LSM14A. To further evaluate
these two options, one could try to rescue P-body assembly in PURA-depleted cells by
overexpression of DDX6 and LSM14A. Furthermore, while P-bodies are lost due to PURA
depletion in HeLa cells and normal human dermal fibroblasts [Molitor et al., 2021], this is
not reproducible in some other cell lines (Sabrina Bacher, personal conversation). If the
mechanism of P-body loss due to PURA depletion would be DDX6/LSM14A-dependent,
an explanation for this might be that PURA depletion possibly does not affect DDX6
and LSM14A expression in other cell lines. This hypothesis can be tested by quantifying
LSM14A and/or DDX6 abundances in these cell lines or also by testing whether PURA
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binds LSM14A and DDX6 RNAs. Taken together, our study clearly establishes a link
between PURA and P-bodies in HeLa cells and normal human dermal fibroblasts. This
is evident from my analysis on the connection of PURA and the P-body transcriptome,
and confirmed by targeted experiments by our collaborators. It will take further studies

to understand the mechanism of how PURA influences P-body assembly.

At the same time as our study, two other studies described PURA’s localisation in stress
granules, a different type of cytoplasmic granules [Tian et al., 2022, Proske et al., 2023].
Interestingly, stress granules were not observed to be lost in PURA depletion, but PURA
protein variants with mutations that are found in patients with PURA Syndrome did lo-
calise significantly less to stress granules than wildtype PURA [Proske et al., 2023]. This
speaks against a direct effect of PURA on granule architecture. Concerning PURA’s role
in stress granules, it was proposed that PURA interacts with PABPC1 (Poly(A) Binding
Protein Cytoplasmic 1) in binding RNAs in their 3’UTR and then recruits translation ini-
tiation factors sequestering them away from the translation start site and thereby weakens
mRNA translation [Tian et al., 2022]. The formation of an RNP consisting of PURA,
PABPC1 and their joint RNA targets would explain the localisation of PURA to stress
granules. However, in our study, we could not observe global effects of PURA depletion
on translation (Chapter 4.3.2). This should be further investigated possibly with a

ribosome footprinting experiment [Ingolia et al., 2009].

It might be tempting to speculate that PURA’s location in P-bodies is dependent on
the formation of an RNP with a co-factor, similar to the RNP formation of PURA and
PABPCI1 in stress granules. This cofactor might be LSM14A, which is found together
with PURA and PURB in viral particles of HIV-1 [Garcia-Moreno et al., 2023]. These
speculations underline that the search for PURA co-factors is an intriguing next step to

understanding PURA’s cellular function and its role in cellular granules.
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4.4.3 PURA'’s role in neurodevelopment and protection from

neurodegeneration

Understanding PURA’s cellular function builds a basis to better understand PURA’s role
in the disease contexts such as PURA Syndrome. While PURA has also been implicated
in cancer progression [Tian et al., 2022] and HIV-1 infection [Garcia-Moreno et al., 2023],
here, I am focusing on PURA’s connection to neuronal developmental and neurodegen-
erative diseases. PURA has been shown to be present in RNA transport complexes that
move along microtubules in neurons [Ohashi et al., 2002] and to be essential for postna-
tal brain development in mice [Khalili et al., 2003]. This might also explain the strong
neurodevelopmental phenotype of mice lacking PURA and of PURA Syndrome patients,
as a loss of PURA might lead to global dislocation of RNAs in neurons, which might - as

previously shown [Kang and Schuman, 1996] - influence neuroplasticity.

However, while PURA is strongly connected to neuronal development and functionality,
it is expressed in all cell types and loss of PURA in mice and PURA Syndrome patients
influences the organism globally including also for example muscular dysfunctionalities,
feeding difficulties and hypotonia [White et al., 2009, Reijnders et al., 2018, Molitor et al.,
2021]. Tt is, therefore, likely that PURA must act also in functions other than neuronal
transport. Indeed, we found new cellular functions of PURA connected to P-bodies and

mitochondria as described in the next section.

Insights into PURA-related neurodevelopmental disorders from PURA’s cel-

lular function

The 50% reduction of PURA in the RNAseq and proteomics experiments was chosen to
mimic the situation in PURA Syndrome patients, where the heterozygous mutation is pro-
posed to lead to a loss of half of the functional PURA protein also called haploinsufficiency

[Reijnders et al., 2018]. A limitation of this approach is that it cannot be excluded that
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some patient mutations might lead to a gain of function in PURA, meaning that PURA
function might not be lost but be changed by the mutation. However, two patient muta-
tions of PURA were shown to result in a protein that has decreased RNA affinity [Proske
et al., 2023], strengthening our approach to use the PURA knockdown. The described
functions of PURA can also allow some insights into the 5q31.3 microdeletion Syndrome,
where PURA is deleted together with two other genes. For 5q31.3 microdeletion Syn-
drome the 50% PURA reduction only displays a partial spectrum of the lost functions in
the disorder as additional genes are missing in the microdeletion. Still a loss of PURA
functionalities will be involved in the disease phenotype and my study of PURA’s cellular

function can, therefore, help elucidate the 5q31.3 microdeletion Syndrome.

In concordance with the neurodevelopmental delay in the two disorders, both targets
bound by PURA and targets dysregulated in PURA depletion are enriched for factors from
nervous system development and several neuronal locations (Chapter 4.3.3) as exempli-
fied by CUX1. In addition, my results might provide a link between PURA Syndrome and
mitochondrial functions, as exemplified by the downregulation of targets like STARD7 in
PURA depletion. Interestingly, several neurodevelopmental diseases including Fragile X
Syndrome, Rett spectrum disorders and Angelman Syndrome have been associated with
impaired mitochondrial respiration [Ortiz-Gonzélez, 2021, Lin and Beal, 2006]. Moreover,
the PURA Syndrome phenotypes of epilepsy, hypotonia and developmental delay have
been connected to mitochondrial dysfunction in other contexts [Ortiz-Gonzalez, 2021].
Taking this together, one might speculate that some of the PURA Syndrome phenotypes
are connected to a dysfunction of mitochondria, that might be caused by the depletion
of PURA. Indeed, mitochondrial function was described to be impaired by PURA loss in

cell lines of oesophagal squamous cell carcinoma [Sun et al., 2020].

In addition to the link to mitochondrial dysfunction described above, the loss of P-bodies

in PURA depletion might be involved in the disease mechanics of PURA-related neurode-
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velopmental disorders as well. Of note, P-bodies are lost in DDX6 Syndrome, another
rare disease which is caused by missense variants in the DDX6 gene [Balak et al., 2019].
The four clinically described patients with DDX6 Syndrome show phenotypes similar
to PURA-related neurodevelopmental disorders, including intellectual disability, delay of
speech, motor deficiency, feeding difficulties and facial dysmorphia. The study could show
that DDX6 variants from patients disturb P-body assembly by reducing DDX6 binding to
its interaction partners including LSM14A. The similarities of DDX6 Syndrome to PURA-
related neurodevelopmental disorders and its clear connection to a loss of P-bodies might
be indicative of the role of P-body loss in patients with PURA-related neurodevelopmental

disorders.

PURA'’s neuroprotective function in neurodegenerative diseases

In addition to PURA’s effect on neuronal development, PURA was implicated in several
neurodegenerative diseases, in which PURA can fulfil a neuroprotective function. In both
ALS/FTD and FXTAS, PURA overexpression could resolve the formation of neuronal
foci. It might be interesting to reconsider this finding with PURA’s role in P-bodies
and stress granules in mind. While PURA promotes the formation of the physiologi-
cal P-bodies, it dissolves unphysiological RNA aggregates. It has been proposed that
disease-related neuronal aggregates arise by over-solidification - also called metastability
- of membranless cellular compartments. In this process the liquid-like granule nucleates
into glass-like protein crystals due to the high concentration of certain proteins like FUS
(Fused in Sarcoma RNA Binding Protein) and HNRNPA1 (Heterogeneous Nuclear Ri-
bonucleoprotein A1) [Shin and Brangwynne, 2017, Alberti and Hyman, 2021]. Factors
that can increase the viscosity of granules therefore play an important role to counteract
metastability and balance granule dynamics and it might be tempting to speculate, that

PURA is one of these factors.

So far, both neurodevelopmental and neurodegenerative diseases seem to profit from
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enhancing PURA concentrations and it might be tempting to develop treatments that
enhance PURA levels. However, it might be crucial to evaluate the effect of unphysio-
logically high PURA expression. As I showed PURA overexpression leads to a reduced
specificity of PURA binding which could result in off-target effects. Indeed, in addition
to the previously described PURA Syndrome that is likely caused by haploinsufficiency of
PURA, there has been a clinical case of a patient with PURA duplication (Dierk Niessing,
personal communication) and several patients with a 5931 duplication [Rosenfeld et al.,
2011], resulting in a phenotype similar to PURA Syndrome and 531 microdeletion Syn-
drome. It will therefore be important to carefully study the effects of PURA dosage on

both neuronal functionality and P-body and stress granule dynamics.

4.4.4 Summary

This study establishes PURA as a global RNA-binding protein, revealing its diverse roles
in cellular processes. The findings indicate that PURA interacts with a multitude of
transcripts due to its preference for single-stranded purine-rich sequences. These results

are also consistent with several published studies.

PURA depletion leads to global RNA and protein expression changes. While no clear
evidence for a direct role in RNA stability or translation can be observed from these
changes, the identification of 234 direct PURA targets opens up opportunities for further

investigation into PURA-associated pathways.

Furthermore, this study provides evidence linking PURA to various cellular functions.
The extensive binding of dendritic RNAs strengthens previous reports of a potential role
in RNA transport along dendrites. As PURA RNA binding can be transferred to neu-
ronal precursor cells, this might shed light on the dysfunctional neurodevelopment that
accompanies heterozygous loss of PURA. Moreover, PURA’s involvement with cytoplas-

mic granules, particularly P-bodies, and its localisation to these structures, underscores
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a novel area of PURA function.

These findings collectively shed light on the multifaceted roles of PURA in RNA bind-
ing and its impact on various cellular processes. Importantly, these multifaceted roles of
PURA hold relevance in various disease contexts like the PURA-related neuronal disor-

ders PURA Syndrome and 5q31.3 microdeletion Syndrome and RNA repeat expansion
disorders like ALS/FTD and FXTAS.
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Chapter 5

Conclusion and Outlook

Establishing PURA as a global RNA-binding protein and characterising its preferred
binding sites on RNAs has the potential to significantly enhance our understanding of its
function. PURA’s RNA-binding function is likely associated with conditions related to
PURA. To gain further insight into the cellular mechanisms underlying PURA Syndrome,
we simulated heterozygous PURA loss by a 50% depletion and compiled a list of over 200
direct PURA targets with potential implications for the disease context. Intriguingly, we
could show that PURA localises in P-bodies and influences the formation of P-bodies in

a likely DDX6/LSM14A-dependent manner.

These finding will need to be confirmed in a more physiological cell line and ideally with
the usage of PURA patient mutations in contrast to the employed PURA depletion. An
outstanding question still remains regarding the extent of the functional overlap of PURA
with PURB, its paralog. Furthermore, it would be of interest to investigate which co-
factors collaborate with PURA in an RNP, potentially influencing its binding specificity

and function.

Our investigation into PURA RNA binding demonstrates the utility of CLIP experiments
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and their computational analysis. The software racoon clip streamlines and enhances
this analysis. I am certain that it will aid research in gaining a better comprehension of
various RNA-binding proteins. An essential benefit of racoon_clip is its ability to process
multiple CLIP data types, including those from iCLIP and eCLIP experiments, increasing
the comparability between these two data sets. Multiple data sets can be integrated in
large-scale approaches, including data from several RBPs and various experiment setups,

using racoon _clip.

A paramount objective in further developing racoon_clip is to integrate user feedback to
optimize its usability. To facilitate installation, supplying a racoon_clip docker image and
possibly a conda installation should be considered. In addition, as there are over 28 types
of CLIP experiments, it might be interesting to include further new experiment types.
Lastly, the work in this thesis sets the stage to use racoon_clip processing on RBPs that
are possible PURA co-factors to further learn about their possible interactions. Taken
together, the work presented in this thesis will help to understand PURA functions and
its implications in disease which will ultimately aid in elucidating the disease mechanisms

and developing possible treatments.
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