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Abstract

Transcriptional control and post-transcriptional modi cation of RNA are crucial
processes that determine the total amount of protein and its diversity. This thesis presents
theoretical work that combines various computational approaches, focusing on the use of
ordinary di erential equations (ODEs), model tting, and parameter estimation. This
work is complemented by the usage of bioinformatic analysis from public datasets and
unsupervised machine-learning techniques for the cluster analysis of di erent kinetic
behaviors in genes a ected by TGF-.

The rst result section examines 4,823 genes a ected by two di erent TGF- dosages.
These genes were grouped into seven clusters using unsupervised machine learning based
on their kinetic behavior. A majority of genes display a distinct pattern: their kinetic
behavior is not only strongly dependent on TGF- dosage, but they also fall into di erent
kinetic clusters depending on the dosage. This pattern was particularly evident in genes
expressed during epithelial-to-mesenchymal transitiorEMT ), indicating the relevance of
these kinetic changes in crucial cellular functions. To gain a more profound understanding
of the molecular mechanisms at playODDEs models incorporating Hill equations and
SMAD?2 input were developed to successfully capture the behavior of most genes but
failed to explain the induction of manyEMT -related genes. This pointed to additional
regulatory mechanisms within the TGF- /SMAD pathway, an assumption con rmed when
the models were extended to include feed-forward regulatory loops governed by SMAD2
activity. This extension proved essential for describingEMT -related gene expression,
indicating their regulation by more complex molecular mechanisms.

An important part of this work is focused on the study of the alternative splicing of
MRNA. Although alternative splicing (AS) can produce multiple isoforms, most studies
focus on cassette exon events (inclusion and skipping, or PSI), neglecting other isoform
types that may have important biological roles. In this thesis, we apply a multidimensional
approach to quantify and analyze the molecular mechanisms underlyir&S. Using
mutagenesis data from the RON minigene (Braun et al. [2018]), we observed that AS
events are interconnected, with cassette exon events showing a non-monotonic relationship
with intron retention ( IR) events. The analysis shows that for high levels of inclusion or
skipping, the amount of IR is low , but when inclusion and skipping levels are similar,
IR peaks, suggesting a shared molecular mechanism regulating all three outcomes. To
determine whether the splicing behavior observed in RON was gene-speci ¢ or more
widespread, we analyzed multiple genome-wide RNA-seq datasets and con rmed its
general presence. Interestingly, we observed that this splicing behavior is not only present
across multiple tissues but is more pronounced in malignant tissues, suggesting a role
in disease-relevant splicing misregulation. To explore the underlying mechanisms, we
developed kineticODE models incorporating multiple steps in the AS process, such as
spliceosomal binding at multiple exons, intron catalysis, isoform degradation, and more.
Our model supports the existence of multi-step spliceosomal binding mechanisms directly
responsible for producing this splicing behavior, indicating a form of kinetic proofreading.
We applied this mechanistic insight to evaluate the roles of di erent RBPs in the RON
mutagenesis data, classifying them based on their multi-step regulatory binding behavior.
The model accurately predicted the mutational impact of various RBPs. These results
emphasize the importance of accounting for multiple splicing isoforms in future studies
and may have signi cant implications for understanding splicing dysregulation in disease,



particularly cancer.

We complement this study with qualitative model analysis to examine diverse cases
of RBPs e ects on splicing, o ering deeper insight into how di erent molecular processes
shape splicing outcomes. It proved e ective at predicting and explaining the role of FUBP1
in splicing long introns. We extended our analysis to compare the two main splicing
strategies, exon and intron de nition, which remain di cult to study experimentally. The
analysis of FUBP1 activity showed that both models predicted similar splicing outcomes,
suggesting model robustness. However, since distinct molecular processes govern exon and
intron de nitions, we concluded that relying only on cassette exon events is insu cient to
distinguish between them. Introducing an additional measurement,such as intron retention,
revealed key di erences between the models. This further supports the importance of
using complementary metrics beyond classical PSI (inclusion/skipping) to analyze complex
systems such as alternative splicing.

In conclusion, this thesis o ers a comprehensive exploration of RNA regulation through
the lenses of computational biology. By integrating kinetic modeling, bioinformatic analysis,
and machine learning techniques, we developed and validated models that shed light on
the dynamics of TGFb induced gene expression and RNA splicing. Our ndings highlight
the complexity of these biological processes, especially the role of SMAD2 dynamics and
the interplay between splicing isoforms. The work not only deepens our understanding
of transcription and splicing but also lays a foundation for integrative studies of the
TGF-b/SMAD signaling and splicing pathways, paving the way for future research on
their interconnections.
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Zusammenfassung

Transkriptionelle Kontrolle und post-transkriptionale Modi kation von RNA sind
entscheidende Prozesse, die die Gesamtmenge und Vielfalt von Proteinen bestimmen. Die in
dieser Thesis vorgestellte Arbeit prasentiert theoretische Analysen zur Genexpression und
RNA-Prozessierung, die verschiedene computer-gestitzte, theoretische Ansatze kombiniert,
wobei der Schwerpunkt auf der Verwendung von Di erenzialgleichungen (ODEs), Model-
Fitting und Parameterabschatzung liegt. Erganzend werden bioinformatische Analysen
0 entlicher Datenséatze und unsupervised machine learning-Techniken verwendet fir die
Clusteranalyse des kinetischen Expressionsverhaltens verschiedener Gene, die von BhGF-
reguliert werden.

Im ersten Teil der Arbeit wurde die Expression von 4823 Genen untersucht nach
Stimulation mit zwei verschiedenen TGHs-Dosierungen. Diese Gene wurden durch
unsupervised machine learning anhand ihres kinetischen Expressionsverhaltens in sieben
Cluster eingeteilt. Die Mehrheit der Gene konnte nach TGHB-Induktion einem der
verschiedenen kinetischen Cluster zugeordnet werden und zeigte ein stark von der TGF-
b-Dosis abhangiges Expressionsverhalten. Dieses Verhalten war besonders deutlich bei
Genen, die im Zuge der epithelial-mesenchymalen Transition (EMT) exprimiert werden,
was die Relevanz der Gene dieser kinetischen Gruppen fir wichtige Zellfunktionen
unterstreicht. Um ein tieferes Verstandnis der zugrundeliegenden molekularen Mechanismen
zu gewinnen, wurden ODE-basierte Modelle entwickelt, die Hill-Gleichungen und SMAD2-
Input miteinander kombinierten. Dieser Modell-Ansatz konnte erfolgreich die meisten
Gene beschreiben, aber die Induktion vieler mit EMT verbundener Gene nicht erklaren.
Dies implizierte das Vorhandensein anderer, zusatzlicher regulatorischer Mechanismen im
TGF-b/SMAD-Signalweg. Diese Annahme konnte bestatigt werden, indem unsere Modelle
um das Vorhandensein von Feed-Forward-Regulation, gesteuert durch SMAD2-Aktivitat,
erweitert wurden. Diese Erweiterung erwies sich als geeignet fur die Beschreibung von
EMT-Genen und legte die Regulation dieser Gene durch komplexe molekulare Mechanismen
nahe.

Ein zentraler Teil dieser Arbeit konzentrierte sich dariber hinaus auf die Untersuchung
von alternativem Spleiyen (AS) von mRNA. Obwohl durch AS grundlegend viele
verschiedene Isoformen produzieren werde kénnen, fokussieren sich die meisten Studien auf
Spleiy-Ereignisse beziiglich Kassetten-Exons (Inkorporation = inclusion oder Uberspringen
= skipping, Ublicherweise quanti ziert durch PSI), wobei Informationen tUber andere
Isoformen mit potentiell wichtigen biologischen Rollen, wie z.B. intron retention (IR),
vernachlassigt bzw. nicht erfasst werden. Diese Arbeit konzentrierte sich daher
auf die Nutzung eines multidimensionalen Ansatzes zur Quanti zierung und Analyse
molekularer Mechanismen im Zusammenhang mit AS. Unter Verwendung der Mutagenese-
Daten von RON-Minigenen (Braun et al., 2018) stellten wir fest, dass AS-Isoformen
nicht unabhangig voneinander entstanden und Kassetten-Exon-Ereignisse eine nicht-
monotone Abh&ngigkeit von IR-Ereignissen zeigten. Die Analyse zeigte, dass es bei
hohen inclusion- oder skipping-Raten nur in geringem Maye zu IR kam und andererseits
IR am hochsten war, wenn inclusion und skipping vergleichbar hoch waren. Dies wies
auf einen gemeinsamen molekularen Mechanismus hin, der inclusion, skipping und IR
reguliert. Um festzustellen, ob diese Abh&ngigkeit RON-spezi sch war, zeigten wir dieses
Ph&nomen auch in mehreren Genom-weiten RNA-seq-Datensatzen. Interessanterweise
beobachten wir, dass diese Abhangigkeit nicht nur in mehreren Geweben zu sehen war,
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sondern in Krebs-Geweben starker ausgepragt war verglichen mit den zugehdrigen gesunden
Geweben, was einen Zusammenhang zwischen dereguliertem Spleiyen und Krankheiten
nahelegte. Um die molekularen Mechanismen zu verstehen, die diese Abhangigkeit
regulieren, wurden kinetische ODE-Modelle angewendet, die verschiedene Schritte der
AS-Prozesses berlcksichtigten, darunter die Spliceosom-Bindung tGber mehrere Exons
hinweg, Intron-Katalyse, Degradation von Isoformen und mehr. Unser Modell wies auf
das Vorhandsein von mehrstu gen Spliceosom-Bindungsmechanismen und kinetischem
Korrekturlesen hin, welches direkt fir die Erzeugung dieser Abh&ngigkeit verantwortlich
Zu sein schien. In einem nachsten Schritt wurden diese Erkenntnisse angewendet, um
die Rolle verschiedener RNA Bindeproteine (RBPs) in den RON-Mutagenese-Daten
zu evaluieren. Hierfir wurden die RBPs in Gruppen eingeteilt, abh&angig von ihrem
mehrstu gen regulatorischen Bindungsmechanismus. Das Modell war in der Lage, die
Mutationse ekte verschiedener RBPs mit hoher Prazision vorherzusagen. Diese Ergebnisse
heben die Bedeutung der Berlcksichtigung mehrerer Splicing-lsoformen in zukinftigen
Studien hervor und kénnen dazu beitragen, das Verstandnis von dereguliertem Spleiyen
bei Krankheiten, insbesondere bei Krebs, zu erweitern.

Diese Analysen wurden durch eine qualitative Modellanalyse erweitert, um
verschiedene E ekte der RBPs auf das Spleiyen zu untersuchen. Dies verschate
einen tieferen Einblick in die Rolle verschiedener molekularer Prozesse, die das Ergebnis
von Spleiy-Ereignissen beein ussen. Diese qualitative Analyse erwies sich als e ektiv bei
der Vorhersage und Beschreibung der Rolle von FUBP1 beim Spleiyen langer Introns.
Angesichts des Erfolgs dieser Art von Analyse wurde unsere Studie erweitert, um die beiden
Haupt-Spleiymechanismen Exon- und Intron-De nition zu vergleichen, die experimentell
schwer zu untersuchen sind. Die vorherige Analyse der FUBP1-Aktivitat zeigte, dass
sowohl Exon- als auch Intron-De nitions-Modelle denselben E ekt vorhersagen, was die
Robustheit unserer Ergebnisse unterstrich. Da, wie unsere Daten zeigten, verschiedene
molekulare Mechanismen aus diesen beiden Mechanismen hervorgehen kénnen, wurde
festgestellt, dass die Untersuchung von Kassetten-Exon-Ereignissen nicht ausreicht, um
zwischen diesen beiden Modellen unterscheiden zu kénnen. Erst die Bericksichtigung
weiter Isoformen, bspw. die Menge von IR-Ereignissen, zeigte wesentliche Unterschiede
zwischen den beiden Modellen. Unsere Ergebnisse unterstreichen daher die Wichtigkeit
der Verwendung zusatzlicher Isoformen oder Metriken flr die Untersuchung von AS, die
tber den konventionell verwendeten PSI (Verhéltnis inclusion/skipping) hinausgehen.

Zusammenfassend bietet diese Arbeit eine umfassende Untersuchung der RNA-
Regulation aus der Perspektive der computergestiitzten theoretischen Biologie. Durch die
Integration von kinetischen Modellen, bioinformatischer Analyse und machine learning-
Techniken wurden Modelle entwickelt, erweitert und validiert, die Aufschluss tber die
Dynamik der TGF-b-induzierten Genexpression und des RNA-Spleiyens geben konnten.
Unsere Ergebnisse heben die Komplexitdt dieser biologischen Prozesse hervor und
untersuchen die Rolle der SMAD2-Dynamik und wie verschiedene Spleiy-lsoformen in
Abhangigkeit voneinander gebildet werden. Dies verbessert nicht nur unser Verstandnis
dieser beiden Prozesse, sondern bildet auch eine mogliche Grundlage fiir die Integration
der Untersuchung von TGFb/SMAD-Signalwegen und Spleiy-Vorgangen und kann so den
Weg ebnen fur zukinftige Studien Uber Zusammenhange zwischen diesen beiden wichtigen
biologischen Prozessen.
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1 Introduction

1.1 History of genetics

The transmission of genetic traits has always intrigued human curiosity. Humans have
practiced selective breeding for centuries to develop speci ¢ crop varieties (Thrall et al.
[2010]) and animal breeds (Alam and Purugganan [2024]), even without a comprehensive
understanding of the underlying molecular processes. Despite this interest, the science
of genetics is relatively recent. The rst systematic experiments were conducted in 1856
by Gregor Mendel, who discovered the dominant and recessive traits in peas, laying the
foundation for our understanding of genetic inheritance (Castro [2016]).

Although Mendel's work provided a conceptual framework for inheritance, the
molecular basis of genetics remained a mystery for decades. The early twentieth century
saw rapid advances in physics and chemistry, leading to the discovery of crucial cellular
molecules, like proteins(Tanford and Reynolds [1991]), carbohydrates(Jorgens and Grusser
[2013]), nucleic acids(Dahm [2008]) and more. Determinating the molecule responsible
for the transmission of genetic material represented a signi cant challenge. For a long
time, proteins were thought to ful Il this role. The Hershey Chase experiment in 1952
assigned this role to nucleic acids(Hershey and Chase [1952]). They produced two types
of bacteriophages (T2 phages), one with radioactive nucleic acids , Deoxyribonucleic
acid (DNA) and the other with radioactive proteins. After bacterial infection, they
observed radiation only in the progenitors of bacteria infected by the rst group, indicating
the role of DNA in the genetic transmission of information.

The discovery of double-strandedNA represented a groundbreaking discovery in
genetics (Watson and Crick [1953]). It revealed the storage and transmission of genetic
material and the mechanism oDNA replication through the synthesis of complementary
strands. TheDNA double helix acts like a zipper that opens into two strands, allowing
each to serve as a template for a new complementary strand. Shortly after this discovery,
one of the scientists, F.Crick, formulated the molecular biology dogma: DNA produces
RNA which will be translated to proteins (Crick [1958]).DNA is the molecule that stores
information, while proteins are the molecules catalyzing most of the reactions in the
cell. For a long time, RNA was thought to be a molecule whose sole purpose was to be
translated into protein as an intermediary molecule, but this is not the case.

RNA is the only known molecule that possesses catalytic and information abilities
(Alberts et al. [2002]). It can store information as in the case of some viruses that contain
Ribonucleic acid RNA) as their genetic material, and possess catalytic activity as in the
case of ribosome or spliceosome components (SNRNA). RNA is a single-strand polymer
(although sometimes it can become double-stranded through pairing with other RNAS)
composed of nucleotides, with a similar structure as DNA. Each of the nucleotides consists
of three parts:1) a ribose(sugar) ,2) a phosphate group charged negatively, and 3) a
nitrogenous base, (either AdenineX), Guanine (G), Cytosine (C), or Uracil (U) (Conn
and Draper [1998]).

RNA is produced during transcription by RNA polymerase. There are several types
of RNA, each with a speci c function. Messenger RNA (mMRNA) serves as the template
for protein translation. Transfer RNA (tRNA) transports amino acids to the ribosome
during protein synthesis. Ribosomal RNA (rRNA) forms the structural core of ribosomes
and translates mRNA into protein. Small nuclear RNA (snRNA) is a component of the



spliceosome, removing introns and joining exons. There are other RNAs whose functions
are not completely known, such as long noncoding RNA (IncRNA), small nuclear RNA,
microRNA and many more (Wang and Farhana [2024]).

1.2 Transcription and gene regulation

For the RNA to be transcribed, the DNA double helix must be opened and made
accessible to RNA polymerases. In eukaryotes, there are three main polymerases, with
RNA polymerase 2 RNAPII) being the predominant producer of most RNAs, including
messenger RNAsriRNAS) (Carter and Drouin [2009]). This polymerase is composed of a
C-terminal domain (CTD) tail, considerably longer than the rest of the polymerase body
(Schier and Taatjes [2020]). It requires the action of multiple proteins, particularly ve
proteins called general transcription factor TF) (TFIID,B,F,E and H), to recognize
the starting sequence and initiate transcription (Figure 1.1). TFIID binds to the
promoter, which often contains, a DNA sequence constituted primarily of Thyminerl()
and A nucleotides, alternatively called TATA box, and recruits the RNAPII at the
binding site(TATA box), the latter being located around 25 nucleotides upstream of the
transcription starting site. OnceRNAPII binds to the DNA, it exhibits its helicase activity,
opening the DNA double-strand, and will read the DNA nucleotides, from 5' to 3'(from
left to right), to produce the corresponding RNA sequence. Once the polymerase nds the
ending sequence, it will leave the DNA and be able to restart this process again. Later on,
the newly produced premature messenger RNAie-mRNA) will be processed and will
undergo the process of translation to produce proteins (Alberts et al. [2002]).

A cell can direct protein production through multiple mechanisms, namely 1)
transcriptional control, controlling the operation of how many times a gene is transcribed,
2) RNA processing control, controlling the processing and splicing of RNA transcripts,3)
RNA transport and control, controlling which mRNA is exported to the cytoplasm to
be processed by the ribosome or other machinery, 4) Translational control, managing
which mRNA is translated by the ribosomes, 5) mMRNA degradation control, by degrading
speci c mMRNA and 6) protein activity control, regulating the activation, degradation and
localization of protein molecules once they are synthesized. This work is focused on the
rst two processes, namely transcriptional control and splicing (Alberts et al. [2002]).

The activity of RNAPII is regulated by TFs, either positively or negatively. TF
recognize dierent sequences in DNA (cis-elements) normally in the range of 5-10
nucleotides and when bound, they can change the probability &NAPII binding to the
promoter, therefore a ecting the transcription initiation (Figure 1.1). This is accomplished
through protein motifs that bind speci cally to DNA. Although these highly speci ¢ motifs
recognize speci ¢ sequences, DNA-protein interactions are not limited to one sequence,
they bind to closely related sequences. In a genome of billions of nucleotides, this can
lead to many false binding sites. One way how proteins can increase their a nity is by
dimerization, recognizing the DNA through two motifs(dimers), making this process more
precise (Tsuji et al. [2022]).

TFs can function either as activators or repressors, in uencing the likelihood of
RNAPII binding to the promoter. The activators can act at various levels by 1) promoting
the binding of other activators,2) assembling RNA polymerase at the Promoter, and 3)
releasing RNA polymerases from the promoter. Likewise, inhibitors can a ect it in multiple
ways too:1) by binding and blocking a cis-regulatory sequence recognized by an activator,2)



Figure 1.1: Schematic representation of RNA polymerase Il binding to the
promoteur Adapted from Figure 7.17 Alberts et al. [2002].

A. The promoter is the DNA sequence where the general transcriptional factors(TF
bind and assemble the(RNAPII . The TATA box is recognized by di erent general
transcription factors(TFIID,B,F,E, and H). The blue arrows indicate the cis-
sequences that are recognized by di erent transcriptional factors. The cis-regulatory
elements are not only downstream of the promotor and TATA box but can be even
upstream of the gene. The TF can cooperate with di erent co-transcriptional factors
that can act as either co-activators or co-inhibitors.

by restricting the activity of activators and TFs, 3) by recruiting chromatin remodeling
complexes, which restore the promoter structure to its pre-transcriptional state or by 4).
weakening the binding and the activity of RNAPII. (Alberts et al. [2002]).

1.3 Mathematical modeling of TF regulation

A distinctive characteristic of transcription factors is their frequent display of
cooperative binding. This means that the binding of one protein enhances the binding of
additional proteins to nearby sites on the DNA molecule (Wagner [1999]). This signi es a
all-or-none process of binding, with the cis-regulatory sequence being either nearly empty
or almost fully occupied and rarely in between. This would generate a network of di erent
proteins interacting at the DNA sequence to determine the RNApolll activity. The activity
of a TF at the promoter can be explored through mathematical modeling. This is an
elegant approach to investigating and understanding biological systems, which can be
coupled very well to experimental methods. Modeling not only facilitates understanding of
various biological networks but also serves as an excellent tool for making predictions and
guiding the design of new experiments. The transcriptional rate of @& can be expressed
as (Alon [2019)):

rate of production of mMRNA=f([TF])

Once the binding happens, changes in the production of mMRNA arise. One of the
most common ways to model the TF binding activity is through hill equations (Goutelle
et al. [2008]). The equations for activator(1) and inhibitor(2) are

[TF]"

f([TF]) = m

(1)



XY | XANDY | XORY | XNAND | X XOR Y
0|0 0 0 1 0
0|1 0 1 1 1
10 0 1 1 1
1)1 1 1 0 0

Table 1: Dierent logical gates for boolean (binary) expression 1 indicates
presence, while 0 indicates absence of the transcriptional factor. Each row indicates the
four possible combinations of a binary decision (0/1) for two transcription factors named
Xand Y. X AND Y and X OR Y are the logical gates studied in this work. Adapted from
Alon [2019].

Kh

f([TF]) = m

2

As shown in Figure 1.2 A and B, the two equations exert similar but opposing
e ects. The parameter K represents the activation or repressor coe cient and de nes
the concentration of TF that signi cantly changes the gene expression level. From the
equations 1 and 2, the half-maximal transcription rate is achieved when [TF] =K (Figure
1.2 A and B). b is the maximal promoter activity , which indicates the maximal output
that the TF can achieve, thereby a ecting the production of mMRNA byRNAPII. The
third parameter is the Hill coe cient (h), which determines the steepness (cooperativity)
of TF binding, where a larger h indicates a more step-like function (Figure 1.2 A and B)
(Alon [2019])).

The same gene is a ected by multiple proteins with di erent and sometimes opposing
e ects. Two proteins can independently act on the same promoter, and their action can
be modelized by logical gates (Alon [2019]). The proteins can either produce an additive
e ect, where both their activity is required (AND gate), or they can have a complementary
e ect, where only one of them is needed for the activation or inhibition of the gene. If we
consider a case with two proteins (X and Y) acting at the promoter, for the AND gate
we will have a transcription rate=f(X) f(Y), while for OR gate the transcription rate
=f(X)+f(Y). Those are not the only logical gates, there are also NAND and NOR (which
represent the opposite of AND, OR, respectively) but they are not studied in this work
(Singh [2014]).A summary of di erent logical gates can be seen in Table 1.

TF are proteins encoded by speci ¢ genes, which are themselves regulated by other
TFs, therefore establishing a complex regulatory network. Promoter X can a ect the
production of mMRNA A, which will produce protein B. This protein B can autoregulate its
activity, acting as its own TF, through positive or negative feedback(Figure 1.2 C and D)
(Rahman et al. [2018]). This is not the only regulatory network, another one, which will
be analyzed in the rst result section, is the feed-forward loop. In this scenario, protein A
binds to another promoter and regulates the activity of gene B, therefore regulating the
production of protein B. Then both protein A and B can interact at the promoter level of
gene C (Figure 1.2 E) (Rahman et al. [2018]).

Feedback and feed-forward loops play a crucial role in the regulation of various
processes, with gene regulation being one of them. Negative feedback loops help stabilize
the system, making it more robust against uctuations; positive feedbacks act as signal
ampli ers, while FFL provides a more complex behavior, acting as a sign-sensitive



Figure 1.2: Hill modelling and regulatory loops in biology

A and B. show the e ect of a Transcriptional factor(TF) on the production of gene
Y, for di erent hill coe cients (h). In A). When TF acts as an activator, the higher
the Hill coe cient, the steeper is the step-like function and the system reaches the
maximum faster. B) represents the reverse case, where TF acts as an inhibitor.
C. Shows a schematic representation of autoregulation through the use ¢
positive(green) and negative(red) feedback.

D. Plot representing the changes in concentration of A per time. We notice that the
positive (green) feedback ampli es the signal compared to a case without feedbag
(blue), while the negative (red) feedback reduces the signalontinues to the next

page.




Figure 1.2: E. Schematic representation of feed-forward loop&IELs). Two examples
of a coherent and incoherenEFL. If the sign of the system is positive, thé=FL is
called coherent, in the reverse case, is incoherent. To get the sign of the FFL, we
multiply the e ects of each reaction using +1 for activation and -1 for inhibition. In
our example of coherent FFL, there are three activation reactions (L1=1), while

in the case of incoherent FFL, there are two activations and one inhibition reaction
(11(-1)=(-1)).

F. Plot showing the changes of B per unit of X. In the case of coherent FFL(green)
the increase of B increases when the amount of X increases following a step-like
function. In the case of incoherenEFL (red), the optimal amount of B is when X is
not high nor too low, and B decreases for high amount of X (or low amount of X).
A and B comes from chapter 1 of Alon [2019] C-F comes from Rahman et al. [201§]

accelerator, by speeding up the response of the target gene or sign-sensitive delayers
depending of the type of FFL architecture (Figure 1.2 E) (Mangan and Alon [2003]).
Of particular interest in this thesis is the study of TGFb signaling and the di erent
regulations that occur there. For example, SMADY is involved in a negative feedback loop,
blocking the activity of SMAD2/3 (Yan et al. [2009]), while a positive feedback example in
this pathway is the activation of STAT3. This will bind to regulatory elements upstream
of the TGFB1 gene, thus inducing it (Rojas et al. [2016]). However, the regulatory loops
that we will encounter more in this work, are theFFL. TGF-b is a ected by multiple
FFLs like the one induced by POSTN which can favor liver metastatic growth in colorectal
cancer CRC) (Liu et al. [2024]) ; TET3 which can promote liver brosis (Xu et al. [2020])
or JUNB which is involved in breast cancer invasion of MCF10A cells (Sundqvist et al.
[2018]).The e ect of theFFL and logical gates will be seen more in detail in the rst result
section.

1.4 Cell signaling and TGF- / SMAD pathway

Cells live in extremely complex environments, and they evolved to respond to di erent
signals, including physical parameters, like temperature, nutrients, harmful chemicals, and
biological signaling among others. It is important to be able to respond to those signals
and exchange information for multiple reasons, like growth, division , apoptosis and more
(Booth et al. [2014], Vasconcellos et al. [2016]). Di erent ways by which this information
can be exchanged exist, with signaling being one of the most studied. During signaling,
the receptors in the cell membrane, receive a signal, which can come from the same cell or
another one. The activation of the receptor, (like for example through phosphorylation),
will lead to the recruitment of di erent proteins, following a cascade of events until the
nal goal is reached. One way by which this goal can be attained is by the activation of
dierent TFs, which will bind to a desired sequence, altering the expression of multiple
genes. In this study, the signaling pathway that we focus on is the TGF-/ SMAD
pathway show in Figure 1.3 (Tzavlaki and Moustakas [2020]).

TGF- ligand and TGF- receptors are ubiquitous in human cells, thus proper
functioning is crucial for human development, with deregulations of this pathway being
involved in numerous diseases. One of the most investigated implications of TGF-
pathways is in cancer progression. In premalignant cells, TGF-acts as a tumor suppressor



Figure 1.3: Schematic representation of the TGFbeta/SMAD pathway.
(Tzavlaki and Moustakas [2020]).

A. The recognition of TGF- protein by TGF- receptors | and Il will lead to
their phosphorylation and dimerization. This will recruit the receptor SMAD2 and
SMADS3, which later will form a tri-complex with SMAD4. The tri complex will
enter the nucleus where it will act as a transcriptional factor for a wide range of
genes. This pathway is regulated by the negative feedback loop of SMAD7 whic
can block the activity of SMAD3.

=]

by producing cell apoptosis while inhibiting cell proliferation. But this e ect is reverted in
later stages of cancer progression, which promotes mesenchymdEMT , and increases
cell motility, migration, and metastasis (Ikushima and Miyazono [2010]).

TGF- receptors | and Il activate a broad range of signaling pathways, not only
their canonical SMAD pathway but also other known and important pathways like ERK,
JNK/p38, Rho-like GTPases, PI3K/Akt pathway, and many more. In this study, we are
more interested in the canonical pathways and the role of SMADs a$-. It starts with the
binding of the activated TGF- ligand to the TGF- receptors | and Il. This leads to the
receptor phosphorylation and the recruitment of the receptor-activated(R) SMAD2 and
SMAD3. SMADZ2/3 will form a trimer with SMAD4 and with the help of di erent proteins
like importin 1, will enter the nucleus where it will act as a transcriptional factor for a
wide range of genes. Although the three proteins in this trimer can directly bind to DNA
with low a nity, they also interact with a broad spectrum of DNA-binding transcription



factors and other regulatory proteins. Through the help of chromatin modi ers and
other coregulators, and even cell type-speci ¢ transcriptional factors, they can control the
expression of many target genes(Zi et al. [2012]). The activity of SMADs is carried through
their structure. They possess Mad HomologyMH)1, MH2 and linker domain (Macias
et al. [2015]). MH1 binds to speci ¢ DNA sequences, while MH2 plays important roles
with protein interactions, like SMADs-receptor, SMADs interaction with DNA binding
partners, or can interact with MH1 and repress SMADs activity (Tao and Sampath [2010]).
The phosphorylation orAS events that skip the linker domain can lead to a loss of their
transcriptional activity (Kretzschmar et al. [1997], Lazzereschi et al. [2005]).

The TGF- / SMAD pathway is extremely complex with many molecules involved in
its regulation. Not only do proteins like SARA help in the recruitment of R-SMAD but
there are other proteins like SMAD7 which inhibit R-SMAD activity. This pathway is
subject to many regulations, including positive and negative feedbackFLs, etc. This
regulatory complex will be considered in this study for the modeling of various kinetic
behaviors (Zi et al. [2012]).

One of most studied feedback regulation of TGF-is the negative feedback loop
from SMDA7 (Yan et al. [2009]). This protein possesses a similar binding domain to
R-SMADs and acts as a competitive inhibitor of them when it binds to TGF-RI. It
can inhibit the phosphorylation of the TGF- RI activity by recruiting proteins like
GADD34 or by forming a tri-complex with BAMBI and activated TGF- RI, impeding
the recruitment of R-SMAD to the receptors. It can favor degradation of the receptor and
itself by recruiting Smurfl and Smurf2. SMAD7 can act at another level, downstream of
this signaling pathway by destabilizing the complex SMAD2/3/4. This can be achieved
through Nedd4-2 and WWP1/Tiull. At the transcriptional level, it can infer the formation
of the R-SMAD-SMAD4-DNA complex (Tzavlaki and Moustakas [2020]).

The signaling dynamic plays a crucial role. The decoding of the signal is a complex
process in uenced by factors such as signal strength, duration, and temporal patterns.
These parameters dictate cellular responses, ranging from gene expression and cell
proliferation to di erentiation and apoptosis. For example, in the case of ERK, sustained
activity will result in di erentiation, whereas transient activity leads to proliferation
(Marshall [1995]). A similar observation is made about SMAD2. Transient SMAD2
dynamics result in increased cell motility, while sustained SMAD2 dynamics induce cell
cycle arrest and promote cellular motility towardEMT (Strasen et al. [2018], Bohn et al.
[2023]). In many cases, the activity depends on fold change rather than absolute values.
This may be useful in two ways: 1) to sustain sensitivity and stability despite the noise
and 2) to ensure consistent cellular response despite variation in the basal levellbfs
(Goentoro et al. [2009]).

The regulation of gene expression is not the only mechanism to control protein
production. As mentioned above, the cell can regulate the production of the mRNA at
multiple levels. Once the mRNA is produced, it undergoes three main RNA modi cations,
called post-transcriptional modi cations (Alberts et al. [2002]). The rst one is the
modi cation in the 5' , or capping. A 7 methylguanosine is added to the 5' terminal
phosphate. The second modi cation is the 3' processing, which consists of the cleavage
of the 3' of the mRNA and the addition of a polyA tail, which consists of a sequence of
around 250 adenine residues. Both the 5" and 3' processing are an important step for the
maturation of mMRNA, since the capping and the poly A tail can be recognized by many
proteins, for di erent cellular processes like degradation, nuclear export, or translation



(Alberts et al. [2002]).

1.5 General splicing mechanisms

RNA splicing represents one of the most important post-transcriptional RNA
modi cation and a major contributor to protein diversity.lt is an extraordinarily complex
mechanism involving the removal of introns, which are considered non-functional nucleotide
sequences, and the retention of exons, which represent functional RNA sequences. The two
fundamental components involved in splicing are the cis and trans elements. Cis-elements
refer to speci ¢ sequences within thenRNA itself, while trans-elements are the molecules
(such as proteins and snRNASs) that bind to these cis-elements to regulate splicing. The
most signi cant trans elements in splicing is the spliceosome machinery composed of
di erent small nuclear RNAs (snRNAs), speci cally U1, U2, U4, U5, and U6 (Hoskins
et al. [2011]). ThosesnRNAs represent a fascinating aspect of splicing, making it one
of the few processes in cells where the catalytic activity is carried primarily bBRNA
molecules. This catalytic RNA activity, together with one of the ribosomes, is one of the
leading reasons supporting the RNA world hypothesis, which suggests that RNA molecules
were central to early life forms long before the evolution of DNA and proteins (Voet and
Voet [2010]).

The cis-elements are important to establish the distinction between exons and introns
and serve as recognition for the spliceosome and ottiRBPs. Most of the time, introns are
de ned by a GU at their 5' boundary and by an AG at their 3' end. Another important
intronic sequence is the branch pointgP), which occurs from 18-40 nucleotides upstream
of the 3' and contains a conserved nucleotide, often preceded by a polypyrimidine
track(C and/or U). Each intron is composed of two splice sites§, the 5'sqor upstream)
and the 3'ss (or downstream) (Voet and Voet [2010]).

Splicing is a process that can start as soon as the RNA is produced by the RNA
polymerase. This process is mediated by thenRNPs in the spliceosome. The 58s
recognition of the RNA is relatively straightforward. The Ul-snRNP, consisting of Ul-
SnRNA and around 10 proteins, recognizes this site by direct binding (Kondo et al. [2015]).
On the other hand, the recognition of the 3'ss is more complex, mediated by many branch
point binding proteins (BBPs) and splicing factors §Fs). One of the most important
proteins in the 3'ss binding is the U2-snRNP auxiliary factor J2AF) which binds near the
BP and cooperates with U2ZnRNP binding to the 3'ss The binding of U1-snRNP at the
5'ss and U2-snRNP at the 3'ss leads to the formation of complex A. Next, the formation
of the pre-B complex occurs when the U4/U6.U5 tri-snRNP is recruited, and the removal
of the Ul and U4 snRNP through catalytic activity, would trigger the formation of B and
B activated complexes. This would lead to the formation of the catalytic spliceosome and
the change in RNA structure, where the intron will form a lariat. The intron removal is
a double esteri cation, it rst gets the 5'ss close to the branch point and later connects
the two exons , removing the sequences in between (Figure 1.4 A). Once the splicing
occurs, the spliceosome machinery will leave the RNA and will perform this process, again,
somewhere else (Voet and Voet [2010]).

The formation of the pre-B complex as soon as U1 and U2-snRNPs bind to both ends
of the intron is called intron de nition (Conti et al. [2013]). Even though this binding
process is very conserved from yeast to mammals, various elements like long introns or low
GC content, will produce a similar but slightly di erent mechanism called exons de nition



Figure 1.4: A.Sequential events of splicing. A Schematic representation of
splicing and the formation of di erent complexes (Jiang and Chen [2021]).
Complex E-is formed when U1-snRNPs binds to the 5' splicing site in the intron
of pre-mRNA Complex A- formed when U2-snRNPs binds to the 3'ss of the intron
Complex B- is formed when complex A recruits the tri-snRNPS composed of U4/U6
and U5. Activated complex B- formed from the catalysis that leads to the removal of
Ul and U4 Complex C-formed after the rst lariat step. Post-spliceosomal complex
formed after the second lariat step and intron removal mMRNA is produced when the
intron is removed and the spliceosome leaves the RNA.

B. Comparison of exon and intron de nition mechanism (Ast [2004]). Intron
de nition requires the Ul and U2snRNPs to bind on the opposite sides of the
intron for the splicing process to start(left). Meanwhile, the exon de nition is more
complex, it requires the binding of two pairs of U1/U2snRNPs on each side of the
two exons to form the splicing process (right).

C. Cis and trans-acting elements in splicing (Zhang and Stuelten [2024]).
Schematic representation of U1 and UARNPs binding in the pre-mRNA sequence
together with di erent cis-regulatory elements like exonic splicing enhanceESE),
exonic splicing silencerESS, intronic splicing enhancer (SE) and exonic splicing
silencer (ISS).
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(Figure 1.4 B (Robberson et al. [1990]). In this case, the ISRRNP binds downstream
of the exons and would cooperatively help the binding of U2-snRNP to the other side
of the exons (upstream). Only after two pairs of U1 and U2-snRNPs are bound to the
two neighboring exons (1 pair for each exon), the tsnRNPs is recruited, and the process
of splicing starts. This mechanism, compared to the intron de nition, is very helpful in
the mammalian genome, where genes contain long introns of over 1000 base pap}, (
compared to yeast genes where the introns are considerably shorter (less than 280
This strategy reduces the likelihood of misidentifying exon-intron boundaries, which can
lead to diverse AS events, all of which can result in the production of non-functional or
truncated proteins (Conti et al. [2013]).

1.6 Regulation of alternative splicing

This complex process is coordinated and regulated by over 100 proteins. The primary
outcome of splicing is the production of di erent RNA isoforms from the sampre-mRNA,
through a process called\S. This process is very common, in human cells, over 95% of
multiexonic genes produce di erent splicing events (Pan et al. [2008]). The most frequent
AS events in humans are cassette exons events, which lead to inclusion and skipping, with
the latter indicating the removal of an exon; alternative or cryptic 5' and 3'ss where the
exons start at di erent 5" and 3' ss and intron retention, where the supposed intron to be
removed, stays fully or partially in the mRNA. Another case ofAS similar to skipping, is
the mutually exclusive exons, where two neighboring exons can not be present at the same
time in the nal MRNA (Zhang and Stuelten [2024]). This ability of splicing to produce
di erent mMRNAs through AS contributes signi cantly to genetic diversity in our cells,
allowing a single DNA sequence to generate multiple functional RNA or protein molecules
(Figure 1.5).

Many factors play a signi cant role in the regulation of AS events. Diverse cis and
trans-acting elements can exert a complex e ect on the production of mMRNA, with the
e ect of those splicing factors being either additive or combinatorial (Figure 1.4 C). There
are three key cis-sequences features: 1) therequired for the binding and catalysis of
the spliceosome, 2) the RNA motifs recognized by the splicing enhancers or repressor,
and 3) the secondary structures that can be formed within the pre-mRNA. As mentioned
before, thessare very conserved sequences, featuringzdJ at 5' and AG dinucleotide at
3. Not only that but also the sequences around the ss can a ect their “strength’, which
represents the probability of the ss being recognized by the spliceosome elements. A strong
ss indicates a high recognition probability, while a weak ss does not. Nevertheless, weak ss
play functional roles, since they can be used a&sfor alternative or cryptic events (Voet
and Voet [2010]).

RBPs recognize and bind short sequences within the pre-mRNA, with many studies
indicating that the length of those sequences is 4-8 nucleotides on average. Those motifs
are categorized by their location in the pre-mRNA and by their role in the regulation of
the corresponding exons IlESE, ISE, ESS and ISS The motifs can vary considerably in
both sequence and length. For example, they can be relatively short and degenerate, such
as the YCAY clusters(where Y can be either & or A) recognized by the NOVA family of
neuron-speci ¢ splicing regulators, or they can be in the form of CA-rich repeated elements,
which are bound by heterogeneous ribonucleoprotein particlarfRNP) L (Figure 1.4 C)
(Jacob and Smith [2017]).
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Figure 1.5: Main isoforms derived from alternative splicing (Zhang and
Stuelten [2024].

a).Cassette exon corresponds to the choice between skipping(removal of alternatiye
exon) and inclusion. b).Mutually exclusive exons indicate the presence of twqg
neighboring exons whereas the of one exon means the absence of the neighboring
exon. c) and d).Alternative 5' and 3'ssindicates a di erent splice site choice for
the spliceosome. e).Intron retention indicates partial or full retention of the intronic
sequence that needs to be removed

While sequence motifs play a crucial role in splicing regulation, the secondary structure
of RNA also signi cantly in uences this process. It can act as enhancer or silencer by
modulating the accessibility ofssor RNA motifs. For example, the formation of an RNA
hairpin can conceal the 5' or 3'ssand can lead to the non-accession of the ss to the
spliceosome, thus skipping the corresponding exons. A similar but more drastic e ect
can occur through the formation of RNA duplexes, which can lead to the looping out
and thus removal of entire exons. However, the secondary structure of pre-mRNA can
have enhancer properties by bringing together splicing elements close to each other, by
exposingESE and ISE to increase their accessibility, or by decreasing the accessibility of
ESSor ISS RBPs can also recognize speci c mRNA structures rather than linear motifs,
like hnRNP F which possess an a nity for intron G-quadruplex structures, leading to the
inclusion of the upstream exons (Dvinge [2018]).

The key RBPs are the serine/arginine-rich protein §R) proteins and hnRNPs, with
both of them binding to the pre-mRNA in a sequence-speci ¢ mannerSR proteins
contain an arginine/serine-rich domain at the C-terminus that facilitates interactions with
other proteins. At the N-terminus, they possess one or two copies of RNA recognition
motif (RRM) domains, which enable speci c binding to RNA sequences. The hnRNPs
possess many types of RNA-binding domains, and the protein-protein interactions likely
occur through the unstructured regions (Dvinge [2018]).

The SR proteins act mostly as splicing enhancers, facilitating exon inclusion through
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the recruitment of UL-snRNPs or U2AF to their corresponding ss. hnRNPs on the other
hand, cause mostly a reverse e ect, by binding to the splicing silencer motifs, acting as
splicing repressors. But this description of positive and negative regulations between those
two classes is overly simplistic and not always true. Their e ect is heavily in uenced by
various factors, like the binding site choice. For example, SRSF10, an SR protein, when
it binds within the exons, increases the chances of their inclusion, but binding to the
intronic sequences exhibits an opposing e ect to the binding to the downstream exons.
Similarly, hnRNP L decreases exon inclusion when it binds to aBSS but if it binds to

an intronic region, it can either repress or promote the inclusion of the upstream exons,
depending on whether the binding sequence is &E or ISS. In this study, we analyze
the e ect of SR protein, (SRSF2) and hnRNPh1. By focusing on those two factors, we
aim to understand how they a ect the splicing machinery to result in di erentAS events
(Grabski et al. [2021]).

Splicing misregulations can have profound consequences on cellular functions, often
leading to the generation of aberrant protein variants implicated in various diseases. For
example, theRPS6KB1 gene produces two protein variants: the full-length RPS6KB1
with a kinase domain, and a shorter variant, RPS6KB1-2, lacking this kinase domain.
While the full-length protein inhibits cancer cell growth, the shorter version fuels tumor
development in breast cancers (Monni et al. [2001], Liu et al. [2022]). Alternative splicing
can also interfere with cancer treatments. Immunotherapies like CAR-T cell therapy,
designed to target the CD19 antigen on B-cell leukemia cells, can be compromised by
AS isoform alterations. The skipping of exon two in CD19 creates a truncated protein
that is not present on the cell surface, evading detection by CAR-T cells (Bagashev et al.
[2018]).This highlights the critical role of splicing in diseases and therapeutic e cacy.

Splicing as a process is coupled with transcription (co-splicing), with the spliceosome
binding as soon as the nascent pre-mRNA is formed aRINAPII carrying multiple splicing
RBPs. In addition, di erent studies show the importance ofRNAPII complex rate, with
fast elongation rates resulting in exons skipping and slower ones, increasing the probability
of exon inclusion. This may be due to slower elongation rates, allowing more time for the
spliceosome to nd the desired splice site to bind there (Dvinge [2018]). However, weaker
splice site can increase the alternative splicing events, maybe by promoting the splicing
at weak ss, presumably due to the absence of competing sites. Another way by which
RNAPII can a ect splicing is by producing secondary structures in the pre-mRNA, which
as explained above can act as splicing enhancers or silencers.

RNAPII interacts directly and indirectly with splicing factors, like for exampleSR
proteins or even proteins in the Ul and UZnRNPs, which are recruited by theCTD of
the catalytic subunit of RNAPII. RNAPII can enhance splicing by recruiting elements like
U2AF2 protein, a key factor in the U2snRNP recruitment. In addition, RNAPII can mark
the active sswhen it exhibits speci ¢ phosphorylation sites in the 52 heptameric repeats
in its CTD. The relationship between transcription and splicing is bidirectional, with each
process in uencing the other. The binding of di erent splicing factors taRNAPII a ects
it directly by modulating its transcriptional elongation rates. Low levels ofhnRNP Al
and A2 decrease the activity of the transcription elongation factor P-TEFb complex. The
binding of SRSF2, an SR protein, can initiate the release &&NAPII from DNA. This
demonstrates the complexity of co-transcriptional splicing and highlights that transcription
and splicing are interdependent and tightly coupled processes. Other elements related to
transcription like DNA methylation or histones, play a role in the mediation of splicing
(Voet and Voet [2010]).
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1.7 Intron retention and its functional implications

Of particular interest for this study are the IR isoforms. In recent years, intron
retention has emerged as an important mechanism with signi cant implications for gene
regulation and disease. Introns often contain premature termination codonBTCSs), which
can trigger nonsense-mediated mRNA decal]NMD), a cytoplasmic surveillance mechanism
that degrades aberrant mMRNAs.This has led to the notion that in mammalian cells those
isoforms perform no role (junk isoforms) and that their destiny is to be degradated by
NMD. Recent studies have demonstrated the importance ¢R. Although many IR
isoforms will be degraded byNMD or other degradation processes independent §MD,
they can interact with the ribosomal subunits and produce novel proteins with specic
functions. This would a ect around 80% of protein-coding genes in humans. Other
roles ofIR can be nuclear retention and storage, waiting for signal-induced splicing, or
improving translational e ciency of mMRNA by introducing cis-elements in 3'untranslated
region (UTR) (Grabski et al. [2021]) .

Wong et al. [2013] show the importance ofR during the di erentiation of the
granulocytes, with the levels of these isoforms uctuating depending on the di erentiation
time. IR becomes the pre-dominant isoform during spermatogenesis and in addition, can
be a transcriptional signature of many primary cancers. This increase in tumors can
happen through cancer-associated inactivating mutations in the spliceosome or associated
factors. This may lead to an increase in novel peptides that can be recognized by the
Immune system via major histocompatibility complex MHC) I, representing a potential
source of tumor neoepitopes (Monteuuis et al. [2019]).

Various mechanisms contribute to the production or increase ¢iR events. As in the
general case, the cis-acting sequence performs a crucial role. Weaker splice sites in the 5'
and 3' ends of the intron hamper the ability of the spliceosome to recognize those sites
and remove the introns. High GC content is a feature correlated with retained introns.
This feature is associated with the formation of stable RNA secondary structures, like
hairpins and G-quadruplexes, and may hinder the activity oRNAPII by decreasing its
speed. Another cis-regulatory feature is the intron length, with retained introns being
shorter on average and spliced intros longer. This may be because shorter introns provide
a lower probability of containing motifs where di erent splicing factors can bind, or longer
introns have a higher probability of containing alternative splicing sites, which can induce
partial splicing/retention (Monteuuis et al. [2019]).

As seen above, the mRNA sequence contains elements that can be recognized by
trans-acting factors. Broadly speakingRBPs like SR bind to the intron and improve the
splicing of the introns, whilehnRNPs, like hnRNPLL, can bind to the exon and trigger the
retentions of the introns surrounding the bound exon.SR proteins that bind to the intron,
are more likely to improve splicing. This opposing e ect of SR and hnRNPs will be seen
in the second result section of this thesis while analyzing the e ects of knockdowik¥)
on the RON minigene. Other features that can lead to an increase of retained introns are
a) Mutations of splicing factors, b) the binding sites in the 3UTR, c) the presence of
transposable elements, both of which can increal, d) a fast RNAPII elongation rate, €)
epigenetic modi cations or the presence of histones , however, the last three mechanisms
do not present the focus of this thesis (Monteuuis et al. [2019]).
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1.8 Experimental and computational tools to study AS

The most common experimental approach to studpS is RNA-sequencing RNA-seg
using next-generation sequencingNGS) machines (Satam et al. [2023]), although other
methods like polymerase chain reactiorPCR) (Mauger et al. [2016]) or microarrays (Ner-
Gaon and Fluhr [2006]) can be used. RNA-seq consists of the analysis of the transcriptome
and can be used to identify di erent transcripts of the same gene that underwers.
First, once the RNA is extracted, complementary DNA ¢DNA) will be produced, using
reverse transcription. Then, thecDNA will be fragmented and adapters will be added
to each fragment end. The adapters contain elements that permit the sequencing, like
ampli cation elements and sequencing priming sites. TheDNA library will be analyzed
by the NGS machine, which will produce short sequences that correspond to thBNA
fragment. Normally, the length of those sequences will be around 200 nucleotides (Wang
et al. [2009])).

Once the sequencing is complete, the fragments can be compared to the reference
genome. Since each fragment corresponds to a sequence of around 200 nucleotides, and
taking into account the huge size of the human genom&:2 10° nucleotides) (Nurk et al.
[2022]) , proper alignment is required to reconstruct the fragments corresponding to a
particular gene. The quanti cation of those fragments for the study ofAS, has been
done following two methods. The rst, and the most challenging, is the study of the
isoform that corresponds to the totality of the gene (Zhu et al. [2021]). This presents
a limitation, especially considering the length of human genes which can be very long
(median of 24.000 nucleotides) (Fuchs et al. [2014]), while the average fragment read is
around 200 nucleotides. The utilization of londRNA-seqreading techniques can overcome
the limitation of short fragments. However, this method is prone to many errors and may
not allow to capture enough reads for each isoform.

The “easiest' method, is to study the events around the splice site junction, known as
AS events, which is the most common bioinformatical method that is used (Muller et al.
[2021]). Many tools, like Modeling Alternative Junction Inclusion Quanti cation (MAJIQ)
(Vaguero-Garcia et al. [2023]), which will be used for this study, utilize a similar method
called local splicing variation local splicing variation LSV). They use an exon as a
reference and quantify all AS events that involve this exon, using the metric percentage
spliced in (PSI), which is the amount of the speci cAS event divided by all the AS events
in the corresponding LSV.

The quanti cation of LSV compared to that of isoforms presents some advantages.
It is a much easier and faster approach that can make use of the huge data that is
already available in di erent public databases, compared to the speci ¢ data required
for the isoform-based methods (Jiang and Chen [2021]). It is very good at quantifying
multiple AS events happening around the reference exon and as in the caséafliQ,
can detect de-novo splice events (Vaquero-Garcia et al. [2023]). This feature can be very
interesting for the study of speci ¢ aberrantAS events that are characteristics of diseases
like neurodegeneration or cancer.

The trans-acting elements recognize di erent motifs in thenRNA sequence to execute
the splicing functions. This led to the idea of the splicing code,i.e di erent sets of rules
that can lead to the production of various isoforms (Baralle and Baralle [2018]). Di erent
ways are used to study the di erent sets of rules that can crack this code, such as the
high-throughput screen of mutated minigene sequences (Rosenberg et al. [2015]), or the
analysis of genome-wide datasets using di erent machine learning approaches (Xiong et al.
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[2015]). In the case of synthetic minigenes, random mutations are made to understand the
importance of cis-regulatory elements in the production of di erent AS events (Rosenberg
et al. [2015]).

The combination of bioinformatics with neural networks utilizes the huge amount of
data in public libraries with di erent algorithms to predict splicing outcomes (Rowlands
et al. [2019]). Many tools are used to predict the splicing outcomes from the sequence, like
SpliceAl (Jaganathan et al. [2019]) or Pangolin (Zeng and Li [2022]). Other computational
approaches combine the di erent cis-and trans-regulatory elements to predict the splicing
outcomes, thus adding another level of complexity (Xiong et al. [2015]). Although machine
learning (ML) methods are successful at providing good predictions based on cis and
trans-regulatory elements, they give little insight into the di erent molecular mechanisms
giving rise to the predicted output.

1.8 Ordinary dierential equations and their application in
biology

Mathematical modeling, particularly those usingODEs, has become a valuable
tool for studying complex biological processes such as alternative splicing or signaling
pathways (Parvinen [2022]).ODEs are mathematical equations that describe how biological
concentrations change over time, allowing us to model and predict dynamic processes in
cellular systems. A simple di erential equation is shown below:

dX
s a b X(t) 3)
Where X represent the concentration of the molecule of interest, a the production of

X and b the degradation of X. This equation shows the change of concentration of X per
unit of time. A variety of kinetic approaches are used to study di erent behaviors in the
context of splicing. Many of them are coupled with experimental mutagenesis, like in the
case of (Braun et al. [2018]), trying to get insight into the splicing outcomes of single or
multiple cis-regulatory mutations. This is a similar approach that we use in the second
result section, where through theODEs model we try to explain non-linear mechanisms
that arise from the mutations in the alternative (middle) exon of the three exon RON
minigene.

Other approaches utilize a more qualitative approach, like (Horn et al. [2023]) or
(Davis-Turak et al. [2018]), who try to grasp the role oRNAPII in the production of cassette
exons events. Kinetic modeling is also crucial for estimating the quantities of di erent
cellular components and their kinetic activities, particularly when direct experimental
measurements are challenging. Especially in the context of splicing, experimentally
measuring the amount of di erentsnRNPs in the cell, or those that bind to the desired
sequence is a very di cult task.Huranova et al. [2010]) utilized mathematical models to
derive the di usion and kinetic factors of ShnRNPs (like U1l and U2) or splicing factors
like hPrp4 and hPrp8. Ghaemi et al. [2020] try to replicate amn silico model of splicing,
combining experimental and modeling approaches for the main binding/unbinding and
catalysis steps.

The utilization of ODEs is not exclusive for AS. Other molecular mechanisms are
studied through ODEs, like signaling pathways. Zi et al. [2012]) use a kinetic model to
study the TGF- /SMAD pathway .Each ODE equation represents the variation in protein
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concentration in time. By estimating the parameters thought to t to the experimental
data, these authors aim to use this model as a predictor of SMAD dynamics which can
be utilized even further for the design of therapies targeting diseases which a ect this
pathway.

Biological systems, although they are complex, are robust. This sophisticated
machinery needs to work with high e cacy and needs to make the essential functions
work despite the naturally occurring molecular noise (Alon [2019]). Whil®DE models
provide valuable insights into system dynamics, other conceptual frameworks, such as
kinetic proofreading, o er additional perspectives on cellular processes. This concept
was developed independently by Hope eld [1974] and Ninio [1973]. Hop eld developed
this concept in the context of protein synthesis(translation), but it can be applied to all
processes involving molecules that need to recognize other molecules. It consists of the
insertion of a (or multiple) transition delay step between the initial recognition event and
its downstream e ect. This will lead to an increase in speci city because it will require
multiple successful steps for the desired process to happen. Those multiple steps can act
not only to decrease the error but can amplify the signal too. In our case, we will see
the e ect of kinetic proofreading in the context of splicing, with the necessity to have an
intermediary step between spliceosome binding and spliceosome-catalysed removal of the
intron.

1.9 Focus of the thesis

A great number of experiments have been performed on transcriptional regulation and
alternative splicing. However, much remains to be discovered. RNA is a very important
molecule, involved in numerous cellular functions and diseases, as described in this thesis
introduction. Moreover, RNA is an inherently fascinating molecule. It is the only known
molecule that combines catalytic activity with information storage. This makes it an
especially intriguing subject of study. In this project, we model the regulation of mRNA
production, in particular, that of alternative splicing of precursor mRNA. The work is
divided into two parts: the rst part elaborates on the transcriptional regulations occurring
within the TGF- /SMAD pathway. For this, we employ kinetic modeling usingODEs
and Hill equations, considering various regulatory networks like FFL.

The study of alternative splicing is the main focus of this thesis. One particular interest
to the team was an interconnection and dependency between cassette exon events and
IR. The objective was to understand the molecular mechanism underlying this depedency
and to observe it in contexts other than the RON minigene. Both objectives were met, as
shown in the second result section: the two-step mechanism accounts for phenomenon and
its signi cance in cancer cells is discussed. The qualitative analysis in result sections 3
and 4 is a consequence of the model presented in the second section of results.

We hope that our e orts in this work will contribute to a better understanding of
the regulatory mechanisms governing mRNA production and alternative splicing, with
implications for other biological or disease contexts.
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2 Results

2.1 Kinetic modeling of SMAD?2 reveals insights into TGF-
induced gene dynamics

Parts of this study are published in Hartmann et al. [2024], namely the
activation/inhibition model and the FFL model analysis. Laura Hartmann performed
all the experiments in this section. Kolja Becker and Lorenz Hexemer developed the
activation/inhibition and error models.

Introduction

TGF- signaling is ubiquitous in human cells and plays crucial roles in embryonic
development and tissue homeostasis (Tzavlaki and Moustakas [2020]). In the case of
the canonical pathways, once TGF- protein phosphorylates TGF- receptors | and I,
the receptor-activated SMAD2 and SMAD3 are recruited (Derynck and Zhang [2003]).
SMAD4 assists this dimer, forming a trimer. This complex then enters the nucleus, where
it acts as aTF (Figure 1.3).This pathway is very complex, with many regulatory networks
and loops involved in. The most famous is the negative feedback loop from SMAD7 (Yan
et al. [2009]). SMADY7 is expressed by TGF- and regulates this pathway by inhibiting at
the TGF- receptor level, repressing its phosphorylation or by destabilizing the trimer
SMAD2/3/4.Many other regulatory mechanisms are involved in this pathway, and with a
particular interest in this work being the FFL. As seen in the general introduction, some
common proteins involved in FFL are, POSTN (Liu et al. [2024]) ,TET3 (Xu et al. [2020])
or JUNB (Sundqvist et al. [2018]).

One of the main implications of the TGF- pathway is its involvement in EMT
(Thiery et al. [2009]). EMT presents a natural and important process that happens
during embryonic development but is hijacked by cancer cells during carcinogenesis
(Massagué [2008], Moustakas and Heldin [2009]). During this process, epithelial cells
lose the apical-basal polarity, and intercellular contact and gain mesenchymal proprieties,
like broblast-like shape, increased migratory proprieties, and invasive capacities (Heldin
et al. [2012]). This is a gradual and reversible process, as shown by the existence of a
continuous spectrum of partialEMT states, which is characterized by the expression of
genes typical of both epithelial and mesenchymal cells. TGF+egulation of EMT involves
a set of TFs, with the most important being Twist, E47, SNAIL1 ,SLUG , ZEB1, and
ZEB2 (Heldin et al. [2012]). These factors collectively form a regulatory network that
represses the expression &fcadherin, a key epithelial gene. TGF- exhibits dual roles,
not only promoting tumorigenesis through EMT, but also acting as a tumor suppressor by
inducing apoptosis while inhibiting cell proliferation (Ikushima and Miyazono [2010]).

SMADs are involved in the TGF- induced EMT, displaying a double behavior, with
SMAD3 and SMAD4 promoting EMT, while SMAD?2 inhibiting it (Hoot et al. [2008]).
SMADs can induce the expression ofF factors like HMGAZ2, which upregulated Twist
and SNAIL and is involved in a feedforward mechanism with the last one. Not only that,
but SMADs are involved in cellular decision-making through their temporary dynamics. In
the case of SMADZ2, the transient dynamic is associated with increased cell motility, while
sustained increases cell cycle arrest and is associated WEHMT (Strasen et al. [2018],
Bohn et al. [2023]).
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SMAD?2 activity is dependent on phosphorylation which leads to its import in the
nucleus. On the same line, the export of SMAD2 from the nuclei points to the end of
its activity. Employing this knowledge and live cell time-lapse microscopy (Strasen et al.
[2018]) quanti ed the amount of SMAD2 nuclear to the cytoplasmic ratio for a period
of 24 hours, for di erent TGF- dosages, low (2 pM) and high (100 pM). This SMAD2
activity is going to be used in this study, to model its transcriptional activity usingODE
and Hill equations.

In this study, we investigate the impact of the TGF- /SMAD pathway on gene
expression in the non-tumorigenic epithelial breast cell line MCF10A. Using unsupervised
machine learning , we identi ed distinct kinetic behaviors of gene expression in response
to dierent TGF- dosages. Our analysis revealed seven main clusters of gene expression
patterns. We demonstrate that these diverse kinetic behaviors are directly linked to
SMAD2 dynamics. Furthermore, focusing on 21BEMT -associated genes (Du et al. [2016]),
we uncovered evidence of feed-forward regulatory mechanisms in response to TGF-
stimulation. Speci cally, we found that the majority of those genes display di erent kinetic
behavior depending on TGF- stimulation.

2.1.1 Characterization of TGF- -induced gene expression changes in MCF10A

TGF- signi cantly a ects gene expression in MCF10A cells, a ecting 4823 genes
upon induction (p-value< 0:01). In this study, we analyzed previously publishedRNA-seq
data from MCF10A cell lines induced with low (2 pM) and high (100 pM) doses of TGF-
(Figure 2.1.1 A) (Hartmann et al. [2024]). Over the course of 24 hours of measurements,
42% of the genes (2027) are a ected by both low and high doses of TGH¥Figure 2.1.1
B). A bit more than half (53%, or 2561 genes) are a ected only by the high dose, while a
small minority of 5% (235 genes) are a ected only by the low dose of TGF{Figure 2.1.1
B). This shows the highly dose-dependent induction e ect of TGF-.

The entire dataset,as shown in the histogram(Figure 2.1.1 C), displays a variety
of fold change gene expression levels upon TGFinduction. The majority of genes
are inhibited upon TGF- induction, as shown by the color green. However, there are
also many cases of activation (shown in red) and even genes that exhibit both increases
and decreases (represented by the color green and red), indicating a complex pattern
of activation and inhibition. Genes stimulated by low and high doses of TGF-behave
similarly, although the intensity of the response is generally lower for genes induced by the
low dose. The observations in Figure 2.1.1 C indicate that the genes' response to TGk
not only dose-dependent but also time-dependent, with kinetic responses that may change
depending on the observed time point.

Based on these observations, we categorized the genes into three groups: activated,
inhibited, or mixed, whether their expression levels exceeded, fell below, or uctuated
around the initial expression level (threshold value of 1) (see Method 5.1.14). As expected
from the heatmap (Figure 2.1.1 C, the inhibited genes represent the biggest category (45%)
followed by activated and mixed genes which display 26% and 29% respectively, with the
latter group showing both increases and decreases over the starting value threshold.
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Figure 2.1.1: Figure 1: Gene expression upon TGF- induction of genes in
MCF10A cells (Adapted from Hartmann et al. [2024]).

A. Schematic representation of MCF10A cells. The cells were induced with low (2.4
pM) and high (100 pM) doses of TGF-.

B. RNAseqg was performed on the induced MCF10A cells to quantify the e ects
of gene induction from low and high TGF- dosages. 235 genes were induced onl
for low TGFb dose, 2561 only for high TGB dose, and 2027 for both low and high
TGF- doses (abs. FC 1.5, adjusted p-value< 0.01).

C. Heatmap showing the e ect of TGF- induction for low (left) and high (right)
doses. Red color indicates an increase in gene activity, green indicates a decreg
while black indicates no or low activity upon TGF- stimulation. We can visually
see the high relevance of green color and the induction of TGFproducing multiple
behaviors.

D. Time course of di erent genes involved irEMT (COL4Al, SNAI2, EPCAM)
and cell cycle GADD45B, MCM2, CCNAL1) over 24 hours, for both low (blue) and
high (orange) TGF- dosages.

E. Heatmap representing the 3 groups of TGF-induced genes for both low (left) and
high (right) doses, namely activated (up), inhibited (middle), and mixed (bottom).
The color represents thdog; o fold-change value of genes.
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2.1.2 Cluster analysis reveals diverse kinetic behaviors of TGF- -regulated
genes

To gain a better understanding of the kinetic behaviors produced upon TGF-
stimulation, we utilized unsupervised machine learning and clustering techniques to
classify the genes according to their respective kinetics. Initially, to account for activated
and inhibited genes potentially displaying similar but reversed behaviors, we inverted
the fold change values of the inhibited genes. In this way, inhibited genes behave as
activated (Figure S1 , Method 5.1.2). After this transformation, we employed z-scores,
normalizing the data with a mean of 0 and a standard deviation of 1 (Fei et al. [2021]), and
then reducing the dimensionality from six (time points) to two using Uniform Manifold
Approximation and Projection (UMAP). Since genes can be a ected di erently depending
on TGF- amount, low and high doses are treated separately.

The UMAP plot in Figure 2.1.2 A shows the distribution of all data. Inhibited genes
are concentrated in the right part of the plot, mixed genes in the left part, and activated
genes are distributed across the plot. Before performing the cluster analysis with k-means,
we determined the optimal number of clusters using the Davies-Bouldin index (Davies and
Bouldin [1979]), which indicated seven clusters (Method 5.1.5).

Figure 2.1.2 B displays all seven clusters with their correspondence to each group;
activation, inhibition, and mixed. As expected, TGF- results in a variety of behaviors,
categorized into seven clusters in this analysis Notably, cluster 6 is predominantly composed
of mixed genes (over 70%). Cluster 2 also contains a high proportion of mixed genes
(nearly 50%), while the remaining clusters are mainly dominated by inhibited and activated
genes. Remarkably, genes a ected by low and high doses of TGHsehave in diverse ways,
with 57% of the genes being in di erent clusters and we will refer to them as di erentially
kinetic behavior genesPKBG) (Table 2). This may indicate the importance or regulatory
mechanisms for the genes to display di erent behaviors for di erent dosages of TGF-
induction. A lot of EMT genes falls in this category (157 out of 213 genes) , pointing out
to a functional role of this group category (DKBG).

This analysis is in line with the deduction that TGF- a ects a multitude of genes
and creates distinct behaviors. Not only that, but the behaviors can di er depending on
TGF- dosage, with 57% of the genes showing di erent kinetic behaviors upon di erent
dosages of TGF-.While we have gained insights into TGF- action, understanding the
e ect of SMAD2,0ne of the mainTF of this pathay, remains a challenge . To address this,
we will employ kinetic modeling, expressing the activation or inhibition of di erent genes
as a Hill function of SMAD2 activity.

2.1.3 Kinetic modeling explains activated and inhibited but fails with genes
displaying mixed behaviour

As demonstrated in the previous section, TGF- can activate, inhibit, or bidirectionally
regulate numerous genes (mixed), leading to seven distinct kinetic behaviors identi ed
through cluster analysis. In our study, we focus on TGF- activity through the SMAD2
canonical pathway, considering that SMAD?2 translocation inside the nucleus plays a crucial
role in the expression of genes upon TGF-nduction Figure 2.1.3 B, (Derynck and Zhang
[2003]). To better understand the mechanisms by which TGF-activation of SMAD2
a ects di erent genes, we make use oODEs (Figure 2.1.3 C) Hartmann et al. [2024].
We assume a dependency of mMRNA synthesis on SMAD?2 activity following a sigmoidal
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Figure 2.1.2: Unsupervised machine learning for kinetic behavior analysis.
A. Dimensionality reduction usingUMAP of the 4823 genes after normalization

using z-score. Each color dot represented one of the three groups, namely activate

(red), inhibited (cyan), and mixed (green) genes.

B. Detection of the optimal cluster number using the Davis-Bouldin method.
C. Graphical representation of the normalized gene kinetics for each of the seve
clusters, showing their kinetic behavior. The legend displays the number of gene|
corresponding to each of the three groups. Cluster 1 exhibits complex dynamic
with uctuations over time. Clusters 2 and 4 display similar behaviors to each other,
with genes in both groups slightly increasing until approximately 12 hours. After
this point, genes in cluster 2 decrease, while those in cluster 4 remain stable. Bot
those clusters are mainly composed of inhibited genes. Cluster 7 shows a continuo
activation behavior. While clusters 3 and 5 show similar behavior, an increase until
12 hours and after a big decrease for cluster 3 and a slight reduction for cluster

Cluster 6 displays a distinct activity, with genes moving up and down multiple times.

(2]

\"ZJ

UT

22



	List of Abbreviations
	Abstract
	Zusammenfassung
	Introduction
	History of genetics
	Transcription and gene regulation
	Mathematical modeling of TF regulation
	Cell signaling and TGF-beta / SMAD pathway
	General splicing mechanisms
	Regulation of alternative splicing
	Intron retention and its functional implications
	Experimental and computational tools to study AS
	Ordinary differential equations and their application in biology
	Focus of the thesis

	Results
	Kinetic modeling of SMAD2 reveals insights into TGF-beta induced gene dynamics
	Characterization of TGF-beta-induced gene expression changes in MCF10A
	Cluster analysis reveals diverse kinetic behaviors of TGF-beta-regulated genes
	Kinetic modeling explains activated and inhibited but fails with genes displaying mixed behaviour
	FFL enhances stability in the TGF- pathway
	Summary and conclusion

	Coordinated regulation of alternative splicing events: data and theory 
	Alternative exon and intron retention events are coordinately regulated
	The two-step exon definition explains interdependence between alternative splicing events
	The two-step model explains RBP knockdown effects on splicing efficiency drop
	Quantitative discrimination of RBP effects on five splice isoforms 
	Two-step exon recognition combines isoform switching with high splicing efficiency
	Two-step exon recognition is commonly perturbed in different cancers
	Summary and conclusion

	Qualitative analysis of FUBP1 effect on splicing
	Hypothetical RBP effect on cassette exon events
	FUBP1 promotes the inclusion of cassette exons surrounded by long introns
	Summary

	In silico comparison of exon vs intron definition mechanism 
	Intron retention isoforms are differently regulated in exon and intron definition
	Summary


	Discussion
	Cluster Dynamics and Kinetic Modeling of Gene Expression in Response to two TGF- dosage
	Multidimensional Computational Models for Understanding Splicing Mechanisms

	Outlook
	Methods
	Methodology part applied to Result section 2.1
	Classification of gene groups depending on TGF- induction
	Gene Reversing and transformation 
	Gene Normalization 
	Dimensionality reduction using UMAP
	Cluster number selection using kmeans
	Implementation of the activation/inhibition model
	Error model
	Model fitting using D2D
	Model Evaluation and Acceptance Criteria
	Model Extension by Feed-Forward Loops
	Determination of intristic dof
	Synthetic SMAD2 signal analysis
	Area under the curbe calculation
	Constraints of the activation/inhibition model

	Methodology part applied to Result section 2.2
	Cell culture
	siRNA-mediated knockdown of target mRNA
	Estimation of point mutation effect through linear regression
	Majiqopedia data analysis
	GTEX cerebral tissue data
	Splicing model description
	Parameter boundaries
	Error model
	Model Fitting Using Data2Dynamics
	Different Knockdown Condition Fitting and Prediction
	Toy Models of Multistep AE Recognition
	Genome-wide data fitting
	Mid PSI-Efficiency drop

	Methodology part applied to Result section 2.3
	 RBP Titration
	Exon and intron definition models simulation and analysis
	Genome-wide splicing modeling by parameter sampling
	Modeling FUBP1 knockout effects


	Appendix
	Supplementary Figures
	Supplementary Equations
	One-step exon definition model
	Two-step exon definition model
	Two-step exon definition model with U1 and U2-snRNP binding
	Intron definition model

	References
	Declaration of Authorship
	Acknowledgment


