UNIVERSITAT ZU LUBECK

From the Institut fiir Molekulare Medizin
Center for Structural and Cell Biology in Medicine
of the University of Liibeck
Director: Prof. Dr. Georg Sczakiel

A Computational and Systems Biology Approach to RNA
interference in Homo sapiens

Dissertation
for Fulfilment of Requirements
for the Doctoral Degree
of the University of Liibeck
from the Department of Natural Sciences

Submitted by

Simon Dornseifer
from Olpe

Liibeck 2021






First referee: Professor Dr. Georg Sczakiel

Second referee: Professor Dr. Hauke Busch

Date of oral examination: 06.09.2021

Approved for printing. Liibeck, 20.09.2021






Acknowlegements

First of all, I thank my supervisors Professor Dr. Georg Sczakiel and Professor Dr. Thomas
Martinetz for engaging me in their exciting projects and for many insightful and inspir-
ing discussions. Furthermore, I would like to specially thank the late Professor Dr. Tobias
Restle as well as Dr. Jens Christian Clausen for their productive engagement. I also would
like to thank everybody at the Institut fiir Molekulare Medizin for their support and their sci-
entific collaboration. Last but not least, I would like to thank Professor Pedro Mendes, PhD,
Dr. Jiirgen Pahle and the whole Computational Systems Biology group at the University of
Manchester for many fruitful discussions on my project and the thorough introduction to the

computational modelling of biochemical pathways.

Publications and Copyrights
Parts of this thesis were published:

* Parts of Sections 2.1, 4.5 and 6.1 (including Figures 4.14, 4.18, 4.21, 4.22, 4.23 and
4.24; Tables 4.12 and 4.13) were first published as RNAi revised - Target mRNA-de-
pendent enhancement of gene silencing. Dornseifer, Willkomm, Kretschmer-Kazemi
Far, Liebschwager, Beltsiou, Frank, Laufer, Martinetz, Sczakiel, Claussen, and Restle.
NAR 2015, 43:22[40]. ©The Author(s) 2015. Published by Oxford University Press
on behalf of Nucleic Acids Research. This is an Open Access article distributed under
the terms of the Creative Commons Attribution License, which permits non-commer-
cial re-use, distribution, and reproduction in any medium, provided the original work

is properly cited.

» Sections 2.2, 3.7, 5 and 6.2 (including Figures 3.2, 5.1, 5.3, 5.4, 5.5 and 5.6; Tables
5.1, 5.2, 5.3, 5.4, and 5.5; and Appendix Al and 2) were first published as Com-
putational identification of biologically functional non-hairpin GC-helices in human
Argonaute mRNA. Dornseifer and Sczakiel. BMC Bioinformatics 2013, 14:122[39].
©2013 Dornseifer and Sczakiel; licensee BioMed Central Ltd. This is an Open

Access article distributed under the terms of the Creative Commons Attribution Li-


https://doi.org/10.1093/nar/gkv1200
https://doi.org/10.1093/nar/gkv1200
https://doi.org/10.1093/nar/gkv1200
https://doi.org/10.1093/nar/gkv1200
http://creativecommons.org/licenses/by-nc/4.0/
http://www.biomedcentral.com/1471-2105/14/122
http://www.biomedcentral.com/1471-2105/14/122
http://www.biomedcentral.com/1471-2105/14/122
http://creativecommons.org/licenses/by/2.0
http://creativecommons.org/licenses/by/2.0

vi

cense, which permits unrestricted use, distribution, and reproduction in any medium,

provided the original work is properly cited.

The schematic representation of Ago2 protein in Figures 1.1, 4.1, 4.6, 4.14 are based on an

illustration by Andrea Deerberg, Sarah Willkomm and Tobias Restle.

Funding
This work was supported by the Graduate School for Computing in Medicine and Life Sci-
ences funded by Germany’s Excellence Initiative [DFG GSC 235/1].


http://creativecommons.org/licenses/by/2.0
http://creativecommons.org/licenses/by/2.0
http://creativecommons.org/licenses/by/2.0

Deutsche Zusammenfassung

RNA-Interferenz (kurz RNAI1) ist ein posttranskriptioneller Mechanismus zum Stilllegen
von Genen (sogenanntes Gene-Silencing). Die beiden Schliisselkomponenten des Mecha-
nismus, eine kurze RNA (Ribonukleinsdure) und ein Argonaute-Protein, bilden zusammen
den minimalen RNA-induced silencing complex (RISC). Die kurze RNA erkennt spezifisch
eine target-mRNA und ermoglicht Argonaute die Genexpression des targets durch Zersto-
rung oder Translationsblockade der target-mRNA zu hemmen. Die Entdeckung von RNAi in
den 1990er Jahren fiihrte zu ihrer Anwendung in der Grundlagenforschung zur Aufkldrung
von Funktionen von Genen bzw. ihrer Proteine, sowie zur Entwicklung neuartiger Thera-
peutika gegen bisher nicht zugingliche targets. Dennoch sind viele mechanistische Details
des RNAi-Mechanismus beim Menschen noch unbekannt. Bevor sich RNAi-basierte Thera-
peutika in der Humanmedizin etablieren konnen, miissen diese Details, welche oft mit rein
experimentellen Methoden schwer zugédnglich sind, ausreichend entschliisselt werden.

Ziel dieser Studie war es, durch Kombination von Systembiologie und Bioinformatik, me-
chanistische und kinetische Einblicke in den RNAi-Mechanismus im menschlichen Orga-
nismus zu gewinnen. Die Studie bestand aus zwei Teilen, die durch unterschiedliche Heran-

gehensweisen unterschiedliche Aspekte des RNAi-Prozesses abdeckten:

Die computer-gestiitzte Modellierung von RNAL liefert starke Hinweise auf eine target-
mRNA -abhiingige Beschleunigung von Gene-Silencing durch einen assoziativen Stran-
gaustauchmechanismus

In diesem Teil der Studie wurden in sillico Modelle der siRNA-basierten RNAi1 in huma-
nen Zellen entwickelt. Ziel war es, in vitro gemessene kinetische pre-steady state Daten mit
einem quantitativen, zeitlich aufgelosten Verlauf auf zelluldrer Ebene zu kombinieren um
mechanistische Riickschliisse zur RNA1 im menschlichen Organismus zu ziehen.

Die Modelle wurden unter Verwendung von kontinuierlich-deterministischen und diskret-
stochastischen Simulationen analysiert. Zur Validierung der Simulationsdaten wurden ex-
perimentelle Daten herangezogen. Die Beobachtung, dass in vitro die Produktfreisetzung

durch Argonaute 2 in Anwesenheit eines target-Uberschusses beschleunigt wurde, inspi-
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rierte die Annahme eines assoziativen Mechanismus der RNA-Slicer-Reaktion, bei der ein-
gehende target-mRNAs die Dissoziation gespaltener mRNA-Fragmente beschleunigen.
Dieses neuartige assoziative Modell ist kompatibel mit den hohen multiple-turnover Ra-
ten des RNAi-basierten Gen-Silencing in lebenden Zellen und erklirt die target-mRNA
konzentrationsabhingige Beschleunigung der RNAi-Maschinerie. Das assoziative Modell
zeigt, dass die Wirksamkeit einer siRNA oder miRNA vom Expressionsniveau seiner target-
RNA abhingt: eine hohe target-Konzentration ermoglicht eine bessere Regulierbarkeit des
RNAi-Mechanismus. Bei der Auswahl von targets und der Abschidtzung von Gene-Silen-
cings Aktivitit, sollten targets deshalb auf Systemlevel, z.B. durch Beriicksichtigung des
Expressionsniveaus, charakterisiert werden. Die Existenz eines solchen assoziativen Reak-
tionszyklus hat somit auch Auswirkungen auf das Design von siRNA-basierten Wirkstoffen
sowie von nukleinsdure-basierten Diagnostika wie z.B. Antagomirs gegen miRNA-Tumor-
marker.

Infolgedessen wird fiir die target-Charakterisierung eine neue Generation von Bioinformatik-
Tools benotigt um die Eigenschaften von RNAi und seiner Komponenten auf Systemebene

zu betrachten. Ein Schritt in diese Richtung wird im zweiten Teil dieser Studie beschrieben.

Computer-gestiitzte Identifizierung von biologisch funktionalen non-hairpin GC-Heli-

ces in humaner Argonaute mRNA

Im zweiten Teil dieser Studie wurde die potentielle Bildung von RNA-Duplex Motiven aus
entfernt liegenden, komplementidren Sequenzabschnitten auf langen einstringigen RNAs
betrachtet.

Ein neuentwickeltes Software-Tool identifiziert RNA-Duplexelemente bei frei wihlbarer
Motivlidnge und Nukleoidzusammensetzung zwischen entfernt liegenden Sequenzabschnit-
ten. Die Software baut auf RNA-Strukturvorhersagealgorithmen wie z.B. Mfold und Sfold
auf.

Die Anwendung des Tools konnte zeigen, dass ein geringer Teil der menschlichen Gene,
einschlieBlich der Argonaute-like Genfamilie, mRNAs kodiert, welche vermehrt GC-reiche
non-hairpin Duplexelemente von 8 oder mehr Nukleoiden Léinge beinhalten. Diese neu-
artigen RNA-Motive waren evolutionir konserviert und wurden vorwiegend in der 5'-Re-
gion gefunden, was auf eine potentielle biologische Funktion der non-hairpin GC-Helices
hinweist. Parallel zu dieser Doktorarbeit wurde eine experimentelle Studie durchgefiihrt,
welche diese These stiitzt: es wurde eine Auswirkung der non-hairpin GC-Helices auf die

posttranskriptionelle Regulation von Genexpression durch Einsatz eines Fusionstranskripts,
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bestehend aus der 5’-Sequenze von humaner Ago2 mRNA und der kodierenden Sequenz

von Renilla-Luciferase, nachgewiesen.






Abstract

RNA interference (RNAI) is a post-transcriptional gene silencing mechanism. Its key com-
ponents, a small RNA and an Argonaute protein, form the minimal RNA-induced-silencing-
complex (RISC). The small RNA’s specific recognition of target mRNA allows Argonaute
to inhibit gene expression via destruction or translational blockade of the target mRNA.
The discovery of RNA1 in the 1990s gave rise to the development of new nucleic acid-based
investigational technologies and potential therapeutics against previously unaccessible tar-
gets. However, mechanistic key details of RNAi in humans need to be deciphered, before
such approaches take root in biomedicine and molecular therapy. The complex biological
mechanism is often difficult to access experimentally.

The objective of this study was to gain mechanistic and kinetic insight into RNAi in the
human system by combination of systems biology and bioinformatics. The doctoral study

consisted of two parts, which covered different aspects of the biological process:

Computational modelling of RNAi supports target mRNA-dependent enhancement of
gene silencing via associative strand-exchange

In this part of the study, in silico-based models of siRNA-mediated RNAi in human cells
were developed in order to link in vitro-derived pre-steady state kinetic data with a quantit-
ative and time-resolved understanding of RNAIi on the cellular level.

The models were analysed using continuous-deterministic and discrete-stochastic simula-
tion methods. Simulation results were validated by comparison to experimental findings.
The observation that product release by Argonaute 2 was accelerated in the presence of
an excess of target RNA in vitro inspired the suggestion of an associative mechanism for
the RNA slicer reaction where incoming target mRNAs actively promote dissociation of
cleaved mRNA fragments. This novel associative model was compatible with high multiple
turnover rates of RNAi-based gene silencing in living cells and accounted for target mRNA
concentration-dependent enhancement of the RNAi1 machinery. The associative model in-

dicated that the efficacy of an siRNA or miRNA depends on the expression level of its target
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RNA in a way that high target levels allow better regulation via the RNAi mechanism. This
suggests considering the target as a whole when choosing appropriate targets or when pre-
dicting gene silencing efficacy. The existence of such an associative reaction cycle in RNAi
will have an impact on the design of nucleic acid-based diagnostics, such as antagomirs

against miRNA tumour markers, as well as, siRNA-based therapeutics.

As a consequence, a new generation of RNAi bioinformatics tools is needed for the charac-
terisation of system-level properties of RNA1 and its components. A step in this direction

was taken in the second part of this study.

Computational identification of biologically functional non-hairpin GC-helices in hu-
man Argonaute mRNA

In the second part of the study the potential formation of RNA duplex motifs by long-range
RNA-RNA interactions of distantly located matching sequence elements of a single long-
chain RNA was investigated.

A newly-developed software tool identifies consecutive RNA duplex elements at any given
length and nucleotide content formed by distant sequences. The software tool takes into ac-
count local minimal energy states. It is built on top of RNA structure prediction algorithms
like Mfold and Sfold.

It was found that a small ratio of human genes including the Argonaute (Ago)-like gene fam-
ily encode mRNAs containing highly GC-rich non-hairpin duplex elements (GC-helices) of
equal to or more than 8§ base pairs in length. These newly identified RNA motifs were ob-
served preferentially within the 5’-region of mRNAs in an evolutionarily conserved fashion
indicating their potential biological role. Parallel to this thesis, this view was supported
experimentally by post-transcriptional regulation of gene expression of a fusion transcript
containing 5'-sequences of human mRNA#2°2 harbouring GC-helices and down-stream cod-

ing sequences of Renilla luciferase.
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Chapter 1

Background: from biological process to

cybernetic model

RNAI in short

RNA interference (RNA1), also known as gene silencing, is a common biological process
in which small RNAs, aided by Argonaute protein, inhibit gene expression via destruction
or translational blockade of mRNA, the so-called target. Recognition of target is highly
specific due to base pairing between the RNAs. Compare[46, 61].

A first descriptive model of the siRNA-mediated RNAi process is provided in Fig. 1.1. Des-
pite its simplicity, it already forms a realistic basis for the more complex formal models
used for in silico simulation in this study.

Short double-stranded RNA fragments, the so-called short interfering RNA (siRNA) are
loaded to Argonaute 2 (Ago2). Next, the siRNA’s passenger strand is removed from the nuc-
leoprotein complex, either by cleavage or by wrenching of the double-strand. The siRNA’s
guide strand is able to recognise and binds its target RNA via base pairing. The target RNA
is cleaved via Ago2’s endonuclease activity and cleavage products are released from the

complex. From here, the remaining complex can process the next target RNA.

More information on RNALI, its late discovery, its evolution and its vital biological func-
tion follow in the next Section 1.1. The section will be completed with remarks on the
current and the future medical and biotechnological utilisation of the RNA1 process.

In Section 1.2 the mechanistic details, which are essential for the successful and safe med-
ical usage of RNAI, will be brought together from biological studies.

Furthermore, without a proper understanding of the interplay between the mechanistic de-
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tails and their quantitative parameters, any application of RNAI (e.g. in medicine or biotech-
nology) will be governed largely by trial and error. Therefore, experimental RNAIi research,
nowadays, is complemented by computational systems biology, which will be introduced in
Section 1.3.

1.1 Introduction to RNAIi

RNA interference (RNAIi), also known as gene silencing, is a biological process in which
small RNAs inhibit gene expression via destruction or translational blockade of mRNA, the
so-called target. Recognition of targets is highly specific due to base pairing between the
RNAs. Key components of the RNAi machinery, i.e. the RNA-binding Argonaute protein
family are shared among eukaryotes, most archaea, and some bacteria.

In different organisms, RNAi has adapted different biological functions, such as gene reg-
ulation, antiviral immunity and preservation of genome integrity. In mammalians, it is an
essential post-transcriptional gene silencing mechanism. As such it regulates at least 30%
of human genes[87, 127], and thus is involved in controlling global processes like develop-
ment and basic cellular processes: from cell growth via heterochromatin formation through
to tissue differentiation. Its dysfunction is linked to cancer, cardiovascular disease and other
degenerative disorders[121].

The discovery of RNA interference (RNA1) in the 1990s revolutionised the understanding
of gene regulation. Since then, there has been great interest in RNAi, not least because of
its potential in biomedicine and molecular therapy. Novel classes of RNAi-linked oligonuc-
leotides, e.g. small interfering RNA (siRNA), are becoming powerful investigational tools
and potential therapeutics that allow to selectively turn off any gene, even those previously
unaccessible by conventional drugs[225].

Although overall RNAI is well understood, after nearly three decades of intensive research
it has become clear that RNAI is a complex mechanism embedded in a complex cellular
system. Its multitudinous, partly yet unknown, molecular details are often experimentally
difficult to access or are even considered inaccessible, compare[44, 46, 61, 84, 129, 194].
Thus, computational support from bioinformatics in the field of RNAi has become com-
mon, e.g. for automated analysis of large-scale RNAI screen data[102] and for RNAI effic-
acy prediction[191, 209]. With the availability of powerful computer technology, cybernetic
modelling of complex biological systems has emerged, and for the first time a systemic view
of the RNAI system is possible. Pioneering, as well as, state of the art modelling approaches

of RNAI are reviewed in Section 1.3.
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Figure 1.1 Illustration of siRNA-mediated RNAi in mammalian cells. Short double-
stranded RNA fragments, the so-called short interfering RNA (siRNA) are loaded to Ar-
gonaute 2 (Ago2). Next, the siRNA’s passenger strand is removed from the nucleoprotein
complex, either by cleavage or by wrenching of the double-strand. The siRNA’s guide strand
is able to recognise and bind its target RNA via base pairing. The target RNA is cleaved via
Ago2’s endonuclease activity and cleavage products are released from the complex. From

here, the remaining complex can process the next target RNA.
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In this remaining chapter, the RNAI process is being further characterised and all relevant

facts on RNAI are gleaned from historical milestones and current research.

1.1.1 Short history of RNAI discovery

In 1990, RNAI was accidentally discovered by Jorgensen et al. Their original intension was
to express extra gene copies in petunias, aiming to increase the quantity of purple pigments
and thus creating petunias of a deeper colour. Instead, the resulting transgenic flowers were
white, lacking the desired purple pigments. That is, the very gene that should be over-
expressed, instead got turned off by the extra copies. Jorgensen et al. named this effect
co-suppression[152]. Similar seemingly paradox results were observed in other plants, as
well as, in fungi. For instance, white transgenic colonies of Neurospora sitophila were
observed in place of orange ones when adding extra copies of a pigment gene [180]. Fur-
thermore, plants expressing small fragments of non-coding viral RNA, developed resistance
to the virus from which the genetic fragments originated. Taken together, these observations
revealed the existence of an unknown, potent mechanism of gene regulation [177].

Years later, in 1998, Mello and Fire observed a potent gene silencing effect after injecting ds
RNA into Caenorhabditis elegans[50]. They were the first to identify the effector triggering
the gene silencing phenomenon: neither mRNA nor as (antisense) RNA injections had an
effect on target gene expression, but ds RNA successfully silenced the targeted gene. They
named the mechanism RNA interference or, short, RNAIi. For their work on RNAI, Fire and
Mello were awarded the Nobel Prize in Physiology or Medicine in 2006.

It soon became evident that the mechanisms previously described as co-suppression, post-
transcriptional gene silencing (PTGS), and quelling had to be related or even identical to
RNAIi: the introduced transgenes produced as transcripts, which in turns resulted in the
formation of short ds RNA effectors for RNAi [210].

From these pioneering observations, researchers around the world began characterising the
process at genetic and biochemical levels. Soon it was wondered whether the mechan-
ism could be tamed for diverse uses, from basic science via biotechnology and agriculture
through to human medicine[162].

In 1999 short RNAs were identified in plants [68]. In the same year RNAi was shown in
vitro [210]. In the following, the puzzle pieces of 25 years of research on RNAi are brought

together in a nutshell, to give a holistic picture of the process.
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1.1.2 Evolution of RNAi

RNAI is widespread in plants and animals [195] with Argonaute proteins being identified
as the key macro-molecules involved in the mechanism. Generally, Argonautes are found
in all domains of life. While their function in bacteria and archaea is still not fully under-
stood [195], their eukaryotic counterparts are well-characterised. In eukaryotes, Argonautes
evolved into two clades with distinct functions. Members of the AGO clade mediate cytoso-
lic gene silencing via RNAI via interaction with small effector RNAs, namely, siRNA and
micros RNA (miRNA or miR). Whereas proteins of the PIWI clade interact with PIWI-
interacting RNAs (piRNAs) to manage mobile genetic elements of the germ line [64]. Hu-
mans have four members of the AGO clade: Agol, Ago2, Ago3 and Ago4. Of these, only
Ago?2 exhibits slicer activity, which enables the endonucleolytic cleavage of bound target
RNA via siRNA-mediated RNAIi [86].

Parsimony-based phylogenetic analysis, in combination with biochemical and genetic stud-
ies, have led to the identification of other conserved components of the RNAi1 machinery,
1.e. Dicer and RARP[195]. These studies further suggest that the last common ancestor of
modern eukaryotes possessed RNAi-based mechanisms. The protein machinery of euka-
ryotic RNAIi seems to have been combined from ancestral archaeal, bacterial and phage
proteins involved in DNA repair and RNA processing[195].

The ancestral role of RNAi components may have been non-essential for unicellular life.
However, they probably formed important defence responses against genomic parasites
such as transposable elements and viruses[24]. Related functions such as histone modi-
fication may have already been present in the common ancestor of modern eukaryotes[16].
From a mechanistic perspective, the RNAi machinery in the eukaryotic ancestor may have
been capable of both small-RNA-guided transcript degradation and translational repression
[16, 24]. Both roles appear to be widespread among living eukaryotes and the diversification
of function could account for the evolutionary conservation of duplicated AGO and PIWI
proteins[16, 24].

The requirement for complex gene regulation to support multicellular organisms may have
independently driven the elaboration of RNAi pathways in animals and plants as sugges-
ted by the independent origins of miRNA genes in these two kingdoms[4, 111, 149]. This
suggests another explanation for the duplication of Argonaute and Dicer proteins in most
multicellular organisms[147]. Conversely, the RNAi1 machinery has been entirely lost or
extensively simplified in a number of unicellular eukaryotes with small genomes[24] and in
many fungi[151].

RNA interference genes, as components of the antiviral innate immune system, are involved
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in an evolutionary arms race with viral genes. For instance, many plant viruses have evolved
mechanisms for suppressing the RNAi response in their host cells[123]. Furthermore, stud-
ies of evolutionary rates in Drosophila have shown that genes in the RNAi pathway are
subject to strong directional selection and are among the fastest-evolving genes in the Dro-
sophila genome[156].

The complex and not yet fully understood evolutionary processes of RNAi components

point towards the mechanistic and functional complexity of modern day RNAi systems.

1.1.3 The functional role of RNAi

RNAI in Immunity

RNAI is an integral component of the immune response to viruses and other foreign ge-
netic material, especially in plants[205]. RNAI in plants has a unique characteristic: gene
silencing systemically spreads throughout the organism. It even can be transferred via
grafting[160]. This systemic phenomenon allows the entire plant to respond quickly after an
initial local virus infection[215].It may furthermore prevent the self-propagation of transpo-
sons[205]. Some plants also express endogenous siRNAs in response to infection by specific
types of bacteria[91]. These effects may be part of a generalised response to pathogens[52].
In some animals, RNAi has also been shown to produce an immune response. For in-
stance, in Drosophila melanogaster RNAi is known to be a part of the immune response
to viruses[218, 231]; and in Caenorhabditis elegans RNAi is thought to have a similar
function[122, 223]. Although the role of RNAi for antiviral immunity in vertebrates is
unclear[31], recent studies suggest the existence of a functional antiviral RNAi1 pathway in

mammalian cells[114, 131].

RNAI in gene regulation

There is no doubt about the importance of RNAi in gene regulation in mammalians and
other organisms. Endogenously expressed miRNAs, whether of intronic or inter-genic ori-
gin, are important in translational repression[188]. In Homo sapiens, 5% of the genome
is dedicated to encoding and producing more than 1,000 miRNAs that, in turn, regulate at
least 30% of human genes[87, 127]. Thus, RNAi adds a whole new qualitative layer to the
regulation of cellular networks.

RNAI controls vital processes such as cell growth, tissue differentiation, heterochromatin
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formation, and cell proliferation. Furthermore, it regulates development, especially the tim-
ing of morphogenesis and the maintenance of undifferentiated or incompletely differentiated
cell types such as stem cells[21].

Accordingly, RNAi dysfunction is linked to cardiovascular disease, neurological disorders,
and multiple types of cancer[121]. In many organisms, including humans, miRNAs have
been linked to the formation of tumours and dysregulation of the cell cycle. Here, miRNAs

can function as both oncogenes and tumour suppressors[235].

1.1.4 Technological and medical applications of RNAi

Right after its discovery RNA1’s potential medical applications sparked great interest among
researchers. The silencing potential of the RNAi pathway can be selectively directed to-
wards genes. Essentially, any target in the transcriptome, including previously inaccessible
ones, can be silenced using small RNAs (i.e. siRNAs and miRNAs) with sequences com-
plementary to the target transcript. The gene regulation via RNAI is fast compared to tran-
scription factors whose expression additionally requires protein synthesis[197]. Thus, small
synthetic RNAs have become indispensable investigational research tool. Furthermore, they

possess a great potential of applications in medicine as therapies and drugs[225].

RNAIi research and development

RNAIi has become a valuable and widely used investigational research tool in living organ-
isms, cell culture, as well as high throughput arrays. RNAi arrays and large, often genome-
wide, libraries of small RNAs have revolutionised reverse genetics screening[7, 125, 198].
They make it possible to scan whole genomes for identification of genes (and their products)
that have an effect on a specified phenotype. In vivo, short hairpin RNAs (shRNAs) are
powerful tools for investigating gene function[76, 169].

Furthermore, RNAi has been used experimentally for applications in biotechnology, partic-
ularly in the engineering of food plants that produce lower levels of natural plant toxins or
in inducing resistance to common plant viruses[230]. Such techniques take advantage of the
systemic and heritable nature of the RNAI effect in plants[108, 200, 207].

RNAI in molecular medicine

The application of the RNAi pathways in molecular medicine are multifaceted. In general,
both single-gene and genome-wide RNAI arrays using siRNAs have great potential for the

discovery of new therapeutic targets for a variety of diseases. Mutations in miRNAs or
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in their binding sites have been linked to cancer, cardiovascular disease and other degen-
erative disorders[121]. This presents an opportunity to target specific miRNAs for thera-
peutic benefit by the use of so-called antagomirs or blockmirs, i.e. oligonucleotides used as
miRNA inhibitors[43]. The presence of specific miRNAs in body fluids are linked to several
types of malignant tumours. Thus, circulating miRNAs have recently become promising
biomarkers for non-invasive diagnosis in various types of cancer[14, 69, 227]. Applica-
tion of synthetic siRNAs for silencing the expression of disease-causing genes is seen as a
very promising new class of macromolecular drugs. Basically, siRNAs can silence any tar-
get in the transcriptome including previously inaccessible (“undruggable”) targets such as
intra-nuclear genes but also many proteins[225]. Furthermore, siRNAs are promising can-
didates for personalised medicine through their high target specificity and their rapid lead
identification[25]. At the moment, siRNA drugs against a range of diseases are in clinical

trial phase, from lung infections via liver cancer to age-related macular degeneration[27].

De facto, before RNAi-based therapies and drugs will be able to fully reach the market
there are some challenges to overcome. Firstly, mechanistic details of the complex mam-
malian RNAI system have to be deciphered and quantified in order to safely apply the cel-
lular mechanism for human medical applications. One important aspect is the needs for
optimising efficacy (e.g. target knockdown and siRNA delivery), while avoiding possibly
dangerous side-effects like off-target effects. Although overall RNAIi is well understood,
it remains a complex mechanism embedded in a complex cellular system with many yet
unknown molecular details (compare [44, 46, 61, 84, 129, 194]).

1.2 Cellular mechanism of RNAIi in the human system

First, the lowest common factors between the three RNAi pathways (i.e. siRNA-, miRNA-,
and piRNA-mediated RNA1) in the human system are described. From there, the complex-
ity of the human siRNA-mediated RNAi system is unfolded.

All three pathways share a common mode of action: The minimal effector is a ribonuc-
leoprotein complex comprising an Argonaute-family protein and a small effector RNA that
grants specificity via base-pairing interactions with its target mRNA. In the miRNA and
siRNA pathways, this is known as the RNA-induced silencing complex (RISC) and it drives

gene silencing via degradation or translational repression of the bound target mRNA[225].
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1.2.1 Small effector RNA

The origins and functions of the three classes of effector RNA, miRNA (mircoRNA), siRNA
(short interfering RNA), and piRNA (Piwi-interacting RNA), differ:

miRNAs originate from non-coding genomic regions. Before reaching maturity, an at least
1,000 nucleotides (nt) long primary transcript, a so-called pri-miRNA undergoes extens-
ive post-transcriptional modification[183]. In the cell nucleus it is processed to a 65 to 70
nt stem-loop structure (pre-miRNA) by the microprocessor complex and transported to the
cytoplasm[124]. Finally, it is cut into an imperfect duplex of about 22 nt length, i.e. the
mature miRNA molecule that can integrate into the RISC complex by Dicer, a large en-
doribonuclease containing a helicase domain and a pair of internally dimerised RNase III
domains[124].

In mammalians, some siRNAs may be endogenous but they mostly originate from exo-
genous, synthetic or viral sources[22]. In the case of endogenous siRNA, longer precursor
double-stranded RNA activates the ribonuclease protein Dicer[12], which binds and cleaves
the RNA to produce perfectly paired duplexes of 20 to 25 nt with phosphorylated 5'-ends
and hydroxylated 3’-ends with two overhanging nucleotides (compare[23, 199, 213, 232]).
At transfection of exogenous siRNA, the effect is only transient due to dilution of the siRNA
concentration, especially in rapidly dividing cells[9]. For a permanent effect, genes for short
hairpin RNA are introduced via transfection vectors, which can be transcribed and pro-
cessed into functional siRNA by Dicer[208]. The introduction of longer exogenous double-
stranded RNA or larger quantities of siRNA triggers innate immune response that cause

undesired non-specific effects in mammalians cells[178, 221].

The key differences between miRNA and siRNA is the fact that miRNA double-strands
contain mismatches, whereas siRNAs form perfect base-pairing. Furthermore, miRNAs
contain more extended terminal loops compared to siRNAs. Functionally, miRNAs form
incomplete base pairing to their targets. Thus, the same miRNA may block the translation
of several different mRNAs with similar binding sites. In contrast, siRNA form perfect
base-pairing to one specific target mRNA. The major mechanistic difference between the
two pathways is the silencing of the target mRNA via degradation in the case of siRNA and
translational repression in the case of miRNA[225].

In contrast, the key molecular players involved in the germ line-specific piRNA pathway
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to large extent are still unidentified. Emerging structures of an involved endoribonuclease
called Zucchini provide a first starting point for studying the piRNA-mediated pathway and

its molecular mechanisms[82, 155, 167].

During RNAI the previously described small effector RNAs form complexes with proteins

that will be described in the following.

1.2.2 RLC and pre-RISC

The three proteins Dicer, Argonaute, and dsRBP form a minimal RISC-loading complex
(RLC). w RLC generates a small RNA by dicing its precursor RNA. The product, i.e.
a double-stranded miRNA or siRNA is loaded to Argonaute, forming the transient pre-
RISC[128]. The so-called guide strand of the duplex is bound to Argonaute: its 3’-end and
5’'-phosphate are bound respectively to the PAZ and MID domains. The other strand, the
so-called passenger strand is cleaved and discarded. This process is described in detail by
Wilson and Doudna[225].

1.2.3 RISC

The RNA-induced silencing complex (RISC) consists of multiple proteins and RNA. Its
most important components are an Argonaute protein and an siRNA or miRNA guide strand.
RISC binds a single-stranded target RNA, typically an mRNA, with sequence complement-
arity to the Argonaute-bound guide strand. In the case of an siRNA guide strand, perfect
complementarity between guide and target takes place. This siRNA-mediated pathway leads
to the cleavage of the target RNA by Argonaute’s catalytic activity. Whereas, in the case
of the miRNA-mediated pathway, target-guide binding is not necessarily perfect comple-
mentary. This pathway leads to translation repression and/or deadenylation and decay of
the target mRINA [18]. Even though additional proteins like e.g. GW 182 are involved in the
RNALI processes, the exact role of co-factors in the complex RNAi mechanism are not fully
understood[44, 47]. RISC is described in detail by Wilson and Doudna[225].

1.2.4 Argonaute 2 protein

Argonaute is the key player of all RNAi pathways. It is responsible for guide strand recog-
nition, target cleavage (e.g. in the case of hAgo2), and recruitment of further RNAi-related

proteins[225]. Bound to a RNA guide strand, human Argonaute 2 forms the minimal func-
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tional RISC capable of target cleavage activity[32]. Roughly speaking, Argonaute proteins
form a dichotomous structure. Each lobe consists of two domains: the N-terminal and PAZ
domains or the MID and PIWI domains, respectively[42, 189]. Functional information on
the individual protein domains have been deducted from crystal structures of eubacterial,
archaebacterial[229] Ago proteins and more importantly, hAgo2[42, 189]. Based on these
initial details, biochemical studies were performed that enabled to relate steady-state and
pre-steady-state kinetic data to conformational changes taking place during interaction of
hAgo2 and guide stand (binary complex formation); interaction of hAgo2-guide and target
RNA (ternary complex formation); followed by target cleavage and the release of product
(i.e. the cleaved target)[32].

To sum up Deerberg, Willkomm and Restle[32]:

Assemblies of both the binary and the ternary complex comprise at least three
kinetically distinct binding steps, with the respective first steps representing a
diffusion-limited collision complex formation. According to our current con-
ception, the second and third step ... of binary complex formation represent
anchoring of the guide strand 5'-end into the Mid binding pocket and binding
of the guide strand 3’-end to the PAZ domain, respectively.

The second and third step ... of ternary complex formation represent seed pair-
ing within the 5'-region of the guide followed by the release of the guide strand
3’-end from the PAZ domain, which in turn is a prerequisite for extended hy-
bridization of the two RNA molecules and eventually leads to a catalytically

competent complex.

Their study provides direct evidence for the hypothesis, first suggested suggested by Haley
& Zamore[67] and Rivas et al.[179], that product release is the rate limiting step during
RNA.I. This is, however, contradicting to Wee et al.[220].

The precise pre-steady state rate constants identified by Deerberg et al.[32] are an important
break-through for model building and are used to parametrise the computational models
during this study. They enable the set-up of detailed computational models and realistic

simulations.
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1.3 Computational systems biology of RNAi

Generally, biochemical pathways are intrinsically complex, not only because they encom-
pass a large number of interacting components, but also because those interactions often are
nonlinear [202]. Like many other nonlinear phenomena in nature, their behaviour can be
unintuitive [97]. Thus, to describe and understand their mechanism and function, quantitat-
ive models can be useful [143]. The known details of biochemical pathways, e.g. the RNAi
pathways, have arisen from the reductionist process of biochemistry with focus on studying
isolated reactions [97]. The behaviour of the whole system, or more realistically, the impact
of the interactions of its parts are the subject of systems biology[97].

Without a proper understanding of the interplay between the kinetics of the process and its
parameters, any application of RNAi in medicine, biotechnology or else, will be governed
largely by trial and error [13]. Deductively, the ability to specifically tailor and optimise the
treatment for each particular system would save significant time and resources, especially
given the high cost of synthetic siRNA molecules and the amount of material required for
in vivo studies. Therefore, experimental RNAI research is complemented by computational

systems biology.

1.3.1 An introduction to systems biology

Systems biology is an inter-disciplinary branch of life sciences that extends classical biology
with methods from mathematics, physics and computer science [97]. The aim of systems
biology is a quantitative understanding and prediction of the dynamic interactions between
parts of a biological system by regarding the system as a whole [97]. The core of this hol-
istic approach is the cybernetics modelling and computer simulation of complex metabolic,
signalling, and genetic pathways. However, modelling and simulations are combined with

laboratory experiments and literature research in an iterative process [97].

Development of the systems biology movement

Today, the practical use of modelling and computer simulation ranges from weather fore-
casting [126] and environmental models [45] via the design of industrial and logistic pro-
cesses [107] through to social [130] and financial models [138]. Likewise, applying math-
ematical modelling to biology has a long but sparse history: In the 1930s the famous Lotka-
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Volterra equations, a pair of nonlinear differential equations, were used in ecology to de-
scribe the dynamics of biological systems in which two species interact, one as a predator
and the other as prey [119, 120, 216]. In 1952 one of the first numerical simulations on
basis of differential equations used in cell biology was published by Nobel prize winners
Alan Lloyd Hodgkin and Andrew Fielding Huxley: a model explaining the action poten-
tial propagating along axons of neuronal cells [78]. In 1960, Denis Noble presented a first
computer model of the heart, which allowed to test new drugs, cardiac pacemakers and de-
fibrillators in sillico [154]. In the same decade the name systems biology was coined for the
emerging new discipline of modelling and computer simulation in biology [182]. In 1970
Jacques Monod started cybernetics, i.e. the the quantitative modelling of feedback-regulated
mechanisms of enzyme kinetics on a molecular level [143]. At the same time, the theoretical
basis for systems biology was provided by Ludwig von Bertalanffy with his general systems
theory [117].

However, only recently has there been an increased interest in the application of modelling
and simulation to biology. Particularly from year 2000 onwards, systems biology gained

popularity as a movement in its own due to several parallel developments:

* the generation of big data in biology, including genomic, transcriptomic, metabolic
and proteomic data, which are difficult to understand without the use of analytical
tools [136],

* the widespread use of the Internet as means of shared use of big data in biology on an

international scale [176],

* an increase in computing power which enables calculations and simulations to be

performed that were not previously possible [136], and

* an increasing interest in in silico experiments due to ethical and financial constraints

and other complications involved in human and animal experiments [157].

Understand and predict biological complexity

Biological processes often are complex processes that have developed during evolution and
contain various level of organisation, ranging from populations and their individual organ-
isms via tissues, organs and cells through to compartments, macro-molecules and atoms
[97].

In this regard, relevant length and time scales can range over multiple magnitudes. On a

molecular level, protein-RNA binding occurs in microseconds, transcription of a nucleotide
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and translation of an amino acid takes milliseconds [192]. On a cellular level, metabolic
processes and signalling may take minutes and the scope of cell cycles lies within hours
[192]. Human life is measured in years and evolution occurs over billion of years [192].
Similarly length scales vary from nanometres for molecular bonds [115], 1 to 100 nm for
macro-molecules, via cell sizes within a range of 0.5 to 500 um, through to body sizes of
several metres and even to global ecosystems on the scale of kilometres [97].

Taking this complexity into account, it becomes obvious that it is not always possible to
explain a biological systems by first principle or predict its behaviour from intuition. It fol-
lows, that it is often difficult to foresee the global behaviour of a system from knowledge of
its parts. Mathematical modelling and computational simulation can help to understand and
predict behaviour and properties of complex systems in a systemic context [97]. Generally,

there are several advantages, the use of modelling in biological studies provides [97]:

* conceptual clarification by formalisation of verbal hypotheses

* spot gaps in knowledge and understanding during model formulation
* computational simulation is cheap compared to experiments

* reduce ethical problems associated with animal experiments

* examine scenarios not accessible by experiment, e.g. follow dynamics of experiment-

ally untraceable intermediates, impose conditions not feasible in experiment.

Formal mathematical models

A model is an abstract representation of real world objects and processes and explains cer-
tain features of the modelled system. It represents only specific aspects of reality, since
its purpose is to answer particular questions, all other aspects of the real world system are
neglected or simplified. Instead of striving to become a one to one copy, a model aspires to
explain a system and to study the effects of different components, and to make predictions
about behaviour [150]. This was summarised in the famous quote of British statistician
George Box: “Essentially, all models are wrong, but some are useful”.

The kind of models dealt with in this study describe a biological process using mathematical
concepts and formal language. The models consist of relationships (e.g. reaction steps) and
variables. The relationships can be described by mathematical operators, such as differential
equations. The variables are abstractions of system parameters of interest such as molecu-
lar concentrations of reactants, reaction compartment volumes and reaction rate constants.
Compare [97, 150].
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Model identification

Models can be classified into black-box and white-box approaches depending on whether
a priori knowledge on the system of interest is available. A black-box model is used for
system for which no a priori knowledge exists and thus, both, the functional form of re-
lationships between variables and the quantitative parameters in those functions must be
estimated during modelling. A white-box model, on the other hand, describes a systems
for which all required information is available. It is preferable to use as much a priori in-
formation as possible to make the model more accurate [222]. De facto, a limited amount
of information on the modelled system is available and a modelling approach somewhere

between black-box and white-box model is chosen. Compare [97, 150].

Model complexity

Model complexity is a trade-off between simplicity and predictive power. Freely adapted
from Occam’s razor (or the law of parsimony): given several models with equal predictive
power, the simplest model is the most desirable. While added complexity usually improves
the predictive power of a model, it can make the model difficult to understand and may lead

to an overfitting of the free model parameters to given data. Compare [97, 150].

Computer simulation

A computer simulation refers to the actual use of the model, usually by running computer
programs that numerically solve mathematical equations defined by the model to emulate a
real-life system. Thus, simulation refers to the process of producing data from a model given
a set of initial conditions and can be seen as as an in sillico experiment. Simulations may
produce a variety of output: data may be produced by stochastic or deterministic simulation
methods; they may refer to the system’s steady-state or be dynamic (i.e. time course data);

they may be continuous or discrete. Compare [97, 150].

1.3.2 A review of modelling of RNAI

Bioinformatics approaches to support siRNA and miRNA efficacy prediction are plenty and,
nowadays, well-established (i.e. [102, 191]). For a recent review, please refer to Tafer[209].
Compared with conventional bioinformatics, cybernetic modelling of the RNAi process is
still in its infancy. The first pioneering approach using simple kinetic equations for reaction

steps in the gene silencing process started in 2003[11], that is 5 years after small RNA was
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identified as the effector of RNAi by Mello and Fire[50].

The publication frequency of systems biology approaches to RNAi has been low ever since,
even though a holistic understanding of the process is strongly demanded not least to guar-
antee a safe and efficient application in human medicine. To understand this apparent con-
tradiction one has to review and analyse the studies of modelling of RNAi. Many published
models of RNAi1 were situated in organisms where RNAi differs mechanistically and func-
tionally from that of mammalian systems, i.e. in none-coelomates. For instance, Bergstrom
etal.[11] and Groenenboom et al.[60] targeted the amplification process during RNAi-based
immune response in invertebrates. Often, systems biology approaches to RNAi in mam-
malian systems had very specialised and thus limited objectives. For instance, [133] them-
atised recursive RNAI (i.e. using RNA1 for down-regulation RNAi-associated compounds).
Most models were dedicated to the miRNA pathway, for example [57, 172, 214]. Even
though siRNA- and miRNA-pathways are closely related and share a common concept, as
well as most key components, there are important differences in the origin of the small ef-
fector RNAs, the binding modes to target mRNA and the mechanism of regulation.

Studies of modelling of RNAi in mammalian systems are summarised and commented on

in the following. They are listed in chronological order.

In 2004 Arciero and co-workers [2] created a mathematical model to investigate tumour
immune evasion and siRNA treatment. The RNAI part of the model was reduced to one
parameter (i.e. siRNA) without any mentioning of RISC components. No mechanistic de-
tails of RNAi were touched in their study. The model and its parameters were not based
on any experimental data. However, they provided first theoretical insights into how siRNA

could be used in cancer treatment, i.e. returning an aggressive tumour to its passive state.

Raab and Stephanopoulos [172] (2004) investigated the ShRNA-mediated dynamics of gene
silencing. The focus of their study was on transcription, transport and processing of shRNA.
RNAI itself was only touched in one of four equations, i.e. ordinary differential equations
(ODEs). Model parameters including a condensed reaction rate constant for RNAI activity,
were fitted to experimental time course data. With their study they were able to analyse how
the efficiency of shRNA-plasmid transfection effects silencing potential. The RNAi process
itself took a back seat in this study.

In 2006 Bartlett and Davis [8—10] were the first to connect high-quality kinetic data with
a fairly detailed cybernetic model of siRNA delivery and siRNA-mediated RNAi in cell
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culture. Furthermore, they extended their model to RNAI in living mice. Their model con-
sisted of 7 ODEs for siRNA delivery and 5 equations for the RNAi mechanism with 29
parameters in total. The values for most parameters were harvested from literature. Where
some of the reaction rate constants lay outside physiological feasible ranges. None-the-less,
they determined the siRNA dosing schedule with regard to delivery in vivo, which could be
of value for the prediction of the application of siRNA drugs. Their main finding for the
cell culture model was that dilution due to cell division (instead of not intracellular siRNA
half-life) governed the duration of gene silencing. These findings must be treated with some
reservation given the obviously faulty reaction rate constants of siRNA degradation and of

the siRNA cleavage reaction.

Larsson, Sander and Marks [104] (2010) shed light on the limiting roll of target mRNA
turnover rates on RNAi and arguably were the first to touch upon the influence of target
abundance on RNAI efficacy. Even though their approach was fairly simple, describing
RNAI in a single equation with four model parameters, they were the firsts to suggest that
mRNAs with high turnover rates could be more resistant to RNAi-based silencing. They ex-
plained this observation with the hypothesis that mRNA turnover rate limits siRNA and
miRNA efficacy. Their model parameters were fitted during validation with ICsq data,
but since the simple model was purely phenomenological, underlying biochemical reac-

tion steps remain unknown and no mechanistic details could be inferred from this model.

Yet another study of miRNA-mediated RNAi was published by Vohradsky, Panek and Vo-
mastek [214] in 2010. Their ODE model contained two linear, stoichiometric equations in-
cluding saturative Michaelis-Menten kinetics for RNAi reactions with 6 parameters. These
were fitted to 42 time course experiments. The study suggested a sigmoidal function of tar-
get mRNA time course with an initial period where the reaction to the miRNA input signal is
delayed. This model was compared to a newly suggested mechanism: a “digital” U-shaped
time course where the influence of the miRNA was stopped at a certain moment for target

mRNA recovery.

Cuccato et al. [30] (2011) compared four different mathematical models of siRNA-mediated
RNAIi in mammalian cells and fitted their simulation output to their own experimental in
vitro data. The compared models were relatively simple: Each model contained two ODEs
with 5 to 6 free parameters. The compared models were a stoichiometric model, a stoi-

chiometric model with cooperativity, a model with Michaelis-Menten-Kinetics for multiple



18 Background: from biological process to cybernetic model

binding sites, and a model with standard Hill-kinetics for multiple binding sites, respect-
ively. Cuccato et al. also accounted for multiple turnover or RISC recycling, which was
compatible with our understanding of RNAi. However, the simplicity of the purely phe-
nomenological models did not allow for inference on underlying biochemical reaction steps

or mechanistic details on RNAI.

Another model of miRNA-mediated RNAi in mammalia was established by Sucheta, Go-
khalea and Gadgil [57] in 2012. They used a simple system of four ODEs with a total
of four lumped, dimensionless parameters. The parameter values were not determined ex-
perimentally and the model results were not experimentally validated. The model did not
explicitly account for RISC assembly or the Argonaute protein itself. However, they were
able to suggests a possible explanation for an “unexpected” increase in target protein levels

when introducing miRNAs or siRNAs to a cell.

Most recently in 2013, Hausser et al. [74] published their mathematical modelling approach
on miRNA-mediated RNAi. The model was based on a fairly complex system of ordinary
differential equations (ODESs). Furthermore, simplified versions with analytical solutions of
parts of the original model were provided. Model parameters were inferred from a diverse
range of experimental data sets of low- and high-throughput studies, or were fitted directly
to experimental data using the model. The model described time-dependent changes in
mRNA, protein and ribosome density levels with a clear focus on miRNA expression level
changes, e.g. via oscillations or other transcriptional changes. The second emphasis of the
model was the binding of miRNA and Argonaute. In their study they identified two bottle-
necks: the level of miRNA loading into Ago and the level of protein decay of the target.
Since the authors did not find sufficient data for modelling the precise reactions that fol-
lowed association of miRNA and Ago, the exact steps or mechanistic details responsible for

the bottlenecks remain vague.

All in all it is important to keep in mind that a model never can be an exhaustive reflection
of its real world process. Instead it is designed to examine certain aspects of the process
within the real world to answer clearly defined objectives. The other way round holds also
true: A certain process can be described in more than one way. The choice of mathem-
atical models and numerical analyses methods depends on the intension of the modeller.
Different modelling approaches highlight different aspects of the same system, in this case
the RNAI system. As described above, none of the existing models of RNAI fulfils the re-
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quirements completely, i.e. they do not provide insights into the mechanism and the kinetics
of strand exchange between cleaved target and incoming target of siRNA-mediated RNAI.
Nonetheless, the model structures and parameter values of some of the studies (most note-
worthy Bartlett and Davis [8§—10]) could be used as a rough starting point for the modelling
approach of this doctoral study. Very reassuring were the compatibility of the results and

conclusions with the findings of the studies of Larsson et al. [104] and Hausser et al. [74].






Chapter 2
Objective

The general objective of this study was to gain insight into RNAi in the human system
by applying theoretical methods to aspects of the biological process that were otherwise
inaccessible to experimental methods and whose behaviour was hard to predict, i.e. due to
nonlinear effects. The study can be be divided into two parts, which covered different mech-
anistic aspects of the RNAi process and which were addressed by different methodologies
from systems biology and bioinformatics respectively. The exact objectives of these two

parts are described in the following sections.

2.1 Inssillico modelling of RNAi in Homo sapiens

This part of the thesis focused on the mechanism and the kinetics of strand exchange
between the cleaved target (i.e. the product) and the incoming target of siRNA-mediated
RNAI in the humans system. The aim was to build, analyse and evaluate in sillico-based
kinetic models which were able to quantitatively predict the kinetic behaviour of siRNA-
mediated RNAI in living mammalian cells and to unravel underlying mechanistic details of
the RNAi machinery. The models were based on precise quantitative kinetic data in order
to gain a quantitative and time-resolved understanding of RNAi. They were analysed via
numerical simulation techniques. Their credibilities were evaluated based on comparison to
experimental observations on RNAi in mammalian cells.

De facto, before RNAi-based therapies and drugs will be able to fully reach the market there
are some challenges to overcome. Firstly, mechanistic details of the complex mammalian
RNAI system have to be deciphered and quantified in order to allow their safe application

in human medicine. Important aspects, which drove this study were the needs for
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* the prediction of the silencing potential of siRNAs with respect to the targeted mRNA
 understanding variations in efficacy of siRNA, e.g. in different cell types or tissues

* avoiding off-target effects and side-effects

* effective and specific delivery of small RNAs into target cells in vivo

Without a proper understanding of the interplay between the kinetics of the process and its
parameters, any application of RNA1i is governed largely by trial and error. The ability to
specifically tailor and optimise the treatment for each particular system would save signific-
ant time and resources, especially given the high cost of synthetic siRNA molecules and the

amount of material required for in vivo studies.

Formal model building

The aim of the model building step was the conceptual clarification of siRNA-mediated
RNAIi in Homo sapiens. Generally, gaps in knowledge and understanding were spotted
during model formulation and identification. The main focus was on the comparison of
two different theories on the mechanistics and kinetics of the strand exchange between the
cleaved target (i.e. the product) and the incoming target. A first model, dubbed the disso-
ciative model, was based on the current literature view of a dissociative strand exchange
mechanism (e.g. [8, 11, 30, 60, 94, 104, 112, 133, 172, 197, 214]). It was compared to a
new model, the so-called associative model, supported by novel experimental findings (see

[32, 40]) for an associative stand exchange mechanism.

In this regard, the formal model building was divided into two sub-tasks:

1. Model formulation: The task was to build formal models for siRNA-mediated RNAi
in Home sapiens with respect to the dissociative and the associative mechanisms.
This included the model structure, i.e. the reaction steps that connect the conversion
between molecular species and their intermediates; and farther the kinetic rate laws
of these reaction steps. The model structure ideally is a trade-off between adequate

modelling of the investigated mechanism and a minimum in model complexity.

2. Model identification: The tasks were the identification and assignment of model para-

meters. Mainly kinetic rate constants of reaction steps, volumes of reaction com-
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partments, and initial concentrations of molecular species were identified and para-
metrised using recently published quantitative data and in collaboration with experi-
mental scientists. Ideally, each model parameter should be assigned a precise quantit-
ative value for a white-box modelling approach. Compare black-box versus white-box

model, pp. 15.

Numerical analysis

Computational simulations (“in sillico experiments”) were performed to examine scenarios
not accessible by “wet lab” experiments, e.g. that followed dynamics of experimentally un-
traceable intermediates or that imposed conditions not feasible in experiment. Furthermore,
simulations were used to perform parameter scans over large ranges of combinations of
initial conditions, which would be too time consuming and expensive to examine experi-
mentally.

The kinetic behaviour of the modelled RNAi system was numerically analysed to identify
influential model parameters and reaction steps. Applied methodologies included system-
atic parameter estimation, sensitivity analyse, as well as structural and stoichiometric model
analysis. Model optimisation and the variation of model complexity were applied to further
identify relevant details of the modelled RNAi system via, e.g. condensing or extending
reaction steps, reducing or increasing of mechanistic details, as well as exclusion or integ-

ration of larger parts of the reaction pathway.

Validation and evaluation

A crucial part of the study was the validation of whether or not a given formal model was
able to describe the real life system accurately. Therefore, validation of the model struc-
ture and the appropriateness of its parameters was performed on base of empirical data from
validation experiments that were executed by collaborating experimental scientists. Another
important aim was the assessment of the model scope, i.e. to determine under which circum-
stances the model was valid and where its limit were. The two questions that were amid at
were: does the model adequately describe the properties of the system between data points?

and is the model able to provide meaningful insights into events outside the observed data?

During model evaluation, the goal was a decision between (or at least an educated state-
ment about) the dissociative versus the associative mechanisms of ligand substitution during
siRNA-mediated RNAi1 in Homo sapiens.
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2.2 Computational identification of biologically functional

non-hairpin GC-helices in human Argonaute mRNA

The second part of the thesis was dedicated to the computational examination of another in-
dicator for the complexity of the RNA1 mechanism in humans: the possibility of a potential
post-transcriptional control step involved in regulating endogenous levels of human Ago?2.
For this, a novel bioinformatics tools was created for RNA motif prediction and was used to

examine non-hairpin GC-helices in RNA libraries.

The ratio for this computational study was based on

* astudy of Mallory et al. [132] that hinted the existence of a post-transcriptional control
step in human Ago2

» preliminary experimental studies by Georg Sczakiel that indicated specific binding
between RNA sequences surrounding the AUG start codon of the Ago2 mRNA and
proteins involved in RNA interference.

Perfectly formed duplex elements in RNA occur within folding units, often as a part of hair-
pin motifs, which can be reliably predicted by various RNA folding algorithms. Double
helices with consecutive Watson-Crick base-pairing may also be formed between distant
RNA segments thereby facilitating long-range interactions of long-chain RNA that may be

biologically functional.

The general aim was the investigation of potential formation of RNA duplex motifs by long-
range RNA-RNA interactions of distantly located matching sequence elements of a single
long-chain RNA. Special interest was on the analysis of highly GC-rich non-hairpin duplex
elements (GC-helices) in mRNAs of the Argonaute-like gene family and the biological role
of these GC-helices in the post-transcriptional regulation of human Ago?2.

Initial computational RNA folding studies indicated the existence of two helices formed by
consecutive GC base pairs within the 5-UTR and upstream coding sequences. The existence
of these helices seemed to represent a rare case. Thus, the occurrence of these GC-helices

in mRNAs was further characterised and it was studied whether the occurrence of GC-rich
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helices could be biologically relevant. A novel bioinformatics tools was developed to per-
form systematic computational and phylogenetic studies about the observed GC-rich duplex
motifs formed by distant RNA segments. The results were compared to experimental evid-
ence in a mammalian cell system that supported the view that GC-rich duplex motifs formed

by distant RNA segments, unlike typical hairpin elements, could bear biological functions.

Within the scope of this thesis were:

* the development of a software tool for RNA motif prediction, which accounts for

primary sequence and secondary structure

* the identification and analysis of consecutive RNA duplex elements at variable length
and nucleotide content formed by distant sequences in various RNA classes from

various organisms

* the characterisation of highly GC-rich non-hairpin duplex elements (GC-helix) in the

Argonaute (Ago)-like gene family and other gene families

* linking the occurrence of these GC-helices to post-transcriptional regulation of hAgo?2.






Chapter 3

Materials and Methods

From a methodical point of view, the systems biology part of this study can be described
as an iterative process to infer about the system of interest, i.e. siRNA-mediated RNAi in

Homo sapiens (compare Fig. 3.1). It included the following sub-processes:
 formulating a clear objective

* analysing the system of interest using recent literature and state-of-the-art laboratory

results from wet-lab scientists
* creating plausible formal models in accordance with the objective
* choosing appropriate modelling approaches and analysis methods
* designing validation routines in tandem with experimental biologists
* running computer simulations of the models
* visualising, analysing and interpreting the resulting data.

The according systems biology methodologies used in this study are described in detail in

the following Sections 3.1 to 3.6.

While the last Section 3.7 is dedicated to the computational routines and the resulting bioin-
formatics tool developed within the scope of the second part of this thesis, the computa-
tional identification of biologically functional non-hairpin GC-helices in human Argonaute
mRNA.
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Figure 3.1 From objective to conclusion: systemic modelling of RNAi. This iterative pro-
cess includes the formulation a clear objective and the analysis of the target system using
recent literature and state-of-the-art laboratory results. Furthermore, it includes choosing an
appropriate model (including model structure and a mathematical representation) as well as
implementing that model for numerical analyses and computer simulation. Simulation out-
put and results from validation experiments are used to decide about acceptance or rejection
of the model.
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3.1 Model building

3.1.1 Modelling of RNAi

From a modelling perspective, biochemical networks are a set of chemical species that can
be converted into each other through chemical reactions.

In this study the RNAi process in a cellular context was formally described by a network of
elementary reactions. Their biochemical rate equations connected experimentally derived
in vitro reaction rate constants with physiological concentrations of reactants and cellular
compartment volumes. The reaction mechanism was encoded in the reactions’ rate laws, its
parameters, and the way the reactions were linked to one another in metabolic pathways.
The reactions translated in reaction equations.

In this thesis basic molecular entities, such as proteins or single strands of nucleic acids, are
abbreviated by capital letter. Molecular complexes are indicated by combinations of capital
letters. To distinguish between different complexes consisting of the same basic entities,
dagger (V) and double dagger (*) symbols are used. For instance, AS, AS', and AS* are
a collision complex between Ago (A) and ss RNA (S), an intermediate state of the ternary

complex and the cleavage competent RISC, respectively.

This study included many types of computational and mathematical analyses, i.e. based

on numerical algorithms, that can aid understanding of how the RNAi system works.

3.2 Kinetic analysis: time course simulations

Time course simulation results in time series of all model variables, such as molecular spe-
cies concentrations, concentration fluxes and reaction fluxes, outputted in a sequence of
data points, measured typically at successive points in time spaced at uniform time inter-
vals. It is a powerful approach for characterising the transient or pre-steady state behaviour

of chemical reaction system given explicit initial conditions.

3.2.1 Deterministic simulations — the ODE approach
ODE representation

Mathematically, a network of biochemical reactions can be transformed into explicit math-

ematical expressions, where each chemical species in the pathway is represented by an ODE
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that describes the rate of change of that species along time given their initial values. The
ODE is composed by an algebraic sum of terms that represent the rates of the reactions i

that affect the chemical species. For a chemical species X:

il—)::;si-vi, (3.1)
where s; 1s a stoichiometry coefficient that is the concentration of species X consumed or
produced in one cycle of reaction i. It has a positive sign if it is produced or negative
if consumed. For reactions that do not produce or consume X the corresponding s; is zero.
The velocity v; of each reaction is described by a rate law that depends on the concentrations
of the reaction substrates, products, and modifiers. Rate laws are the subject of chemical and
enzyme kinetics. Except in the case of first-order mass action kinetics, they are generally

nonlinear.

Numerical Solutions

To examine the time-dependent concentration changes of reactants, intermediates and pro-
ducts over a given time interval, the system of ODEs was numerically integrated. Unless
otherwise specified, the well-established deterministic LSODA solver[163] of the Fortran
library ODEPACK][77] within the COPASI framework[80] was used. LSODA stands for
Livermore Solver for Ordinary Differential Equations and solves the initial value problem
of stiff and non-stiff systems of explicitly given ODEs, i.e. dy/dt = f(t,y).

ODEs describing biochemical networks are often stiff, meaning that they contain very fast
and very slow components and this poses a significant numerical problem. Methods such as
forward Euler or Runge-Kutta are not appropriate when stiffness is present in the equations
and can lead to completely spurious solutions because they accumulate truncation error.

In the stiff case, the LSODA solver treats the Jacobian matrix d f /dy as either a dense (full)
or a banded matrix, and as either user-supplied or internally approximated by difference
quotients. It starts using the non-stiff Adams integration method (also known as predictor-
corrector) before dynamically deciding whether to switch to a non-stiff approach based
on backward differentiation formula (BDF), also known as the Gear method, for dense or
banded Jacobians. Arising linear systems are then solved by direct methods, namely the
Factor-solve approach with LU factorisation.

For all time course simulations in this study, relative and absolute tolerance were set to 10
and 10~ 12, respectively. The maximum number of internal steps was fixed at 10*, the option

to integrate the reduced model was switched off. LSODA is a fast and reliable algorithm
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and the solution for a 432,000 sec (4 d) time course of the described ODE systems with
10 or 13 ODEs and 20 or 29 parameters for the dissociative and the associative models,
respectively, was obtained within a few seconds on a MacBook Pro with 2.66 GHz Intel
Core 2 Duo processor and 8 GB 1067 MHz DDR3 RAM, running COPASI 4.11 (Build 60,
64 Bit version).

3.2.2 Stochastic simulations — the PDF approach

If there exist reactions that contain small numbers of particles of each reactant during the
time course, the assumption of continuous concentrations fails and consequently the under-
lying basis of the ODE representation also fails. Moreover, in such conditions, stochastic
effects become more pronounced and may lead to dynamics that differ significantly from
those that would result from the ODE approach, compare Section 3.2.3, pp. 32.

In the conditions described above, probability distribution functions were used for stochastic
simulations in order to estimate when single reaction events happen and therefore track the

number of particles of the molecular entities.

PDF representation

Stochastic models represent the number of particles of each molecular entity and use a

reaction probability density function (PDF) to describe the timing of reaction events.

Transforming ODEs into PDF's

In this study models were defined as systems of ODEs and the COPASI framework, which
is able to transparently switch between deterministic and stochastic simulations, was used
to transform the equations to PDFs where needed. In the RNAi models kinetics were based
on mass action kinetics, which allowed for a straightforward transformation of the reaction
rates of the ODEs to corresponding reaction probabilities[56]. In the few cases where mass
action kinetics of several reaction steps where lumped into more complex enzyme kinetic
rate laws stochastic simulations were avoided even though several authors ([19, 175]) have
suggested that it is justifiable to directly transform enzyme kinetic rate laws into PDFs and

use them in stochastic simulations (methodological details can be found here: [79]).
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Reversible reactions

While the forward and backward reaction rates can cancel each other out in deterministic
simulations, this is not rue for stochastic simulations. Here each reaction event has to be
considered separately. Thus, each reversible reaction step in the RNAi models had to be
handled as separate forward and backward irreversible reactions for the use in stochastic

simulations.

Numerical Solutions

There exist several mathematically equivalent algorithms for the stochastic simulation of
biochemical networks. In this study a Monte Carlo simulation algorithm, known as the
stochastic simulation algorithm (SSA) first reaction method, that simulates the stochastic
dynamics of the system by sampling the PDFs was used[56]. Further methods are for ex-
ample the Next Reaction Method[55] and a method by Cao & Petzhold[20]].

Probabilistic representation

It is important to stress that one simulation run according to this approach is only one real-
isation of a probabilistic representation, and thus provides a limited amount of information
on its own. In this study stochastic simulations were repeated for a sufficient number of
times in order to reveal the entire range of behaviour presented by the simulated system

(i.e. to estimate a distribution for each molecular entity).

3.2.3 Hybrid simulations

When the simulations led to system states that contained some molecular entities with high
particle numbers and some with low particle numbers, pure stochastic simulations were
computationally too expensive, but a mere deterministic approach was not able to account
for the low particle numbers other molecular entities. In these cases hybrid methods were
able to simulate the models faster than pure stochastic methods, while still taking into ac-
count the random effects in reactions between molecular species with low particle numbers.
There exist a number of hybrid methods to simulate biochemical systems (e.g. [1, 72, 95,
159, 170, 184, 185]). While they are all based on different combinations of mathematical
methodologies, they are all aimed on partitioning the reaction network into subnetworks

and use appropriate stochastic or deterministic simulation methods on each of those subnet-
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works respectively.

A stochastic simulation algorithm, the Next Reaction Method by Gibson and Bruck [55]
was combined with different algorithms for the numerical integration of ODEs from Sec-
tion 3.2.1. The reaction networks in the RNAi1 models were dynamically separated into
deterministic and stochastic subnetworks depending on the current particle numbers in the
system. These reaction subnetworks were simulated in parallel with stochastic and determ-

inistic algorithms, respectively.

3.2.4 Calculation of steady states

In a biological context, everything is in flow, where some processes are considerable faster
than other, i.e. formation of chemical bounds happen in the range of femto seconds, while
human growth happens over years. Only time scale separation leads to the perception of
stationary behaviour. In fact, each steady state can be considered as quasi-steady behaviour
in a larger, transient context, identified as transient states (or pre-steady situation), which can
be best characterised with methods described in Section 3.2, pp. 29. However, the concept
of steady state still is useful in modelling as it often reflects typical model behaviour by
using simple mathematical concepts. In systems theory, a system in a steady state (also
called stationary state or fixed point) has numerous properties that are unchanging in time.
This means that for those properties X of the system, the partial derivative with respect to
time 7 is zero. Steady states of a biochemical system are conditions when the concentrations

of the chemical species X do not change.

—:Zsi-v,-:0, (3~2)

If the steady state is such that the fluxes v; are also zero, then the system is in chemical
equilibrium, otherwise the fluxes are finite meaning that the concentrations do not change
because the rates of synthesis balance with the rates of degradation for every chemical spe-
cies. In this case, all state variables are constant in spite of ongoing processes that produce
a flow through the system[201].
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Y vi=0, (3.3)
2 vl #0. (3.4)

Often a steady state is achieved after sufficiently long time after a system is initiated, this
is called asymptotic behaviour. Not all systems result in steady states, other asymptotic
behaviour are oscillatory or chaotic regimes.

The steady states can be characterised with linear stability analysis and metabolic control

analysis.

Numerical solutions

Steady states can be found using the Newton-Raphson method, a solver for nonlinear algeb-
raic equations, which finds the roots of the right-hand side of the ODE (which must be zero
by the definition of steady state). It is very fast, however, convergence is not guaranteed, i.e.
it gets caught in a local minimum. It is unable to find multiple solutions (assuming there are
more than one possible steady state). Furthermore, it cannot find unstable steady states. In
these cases, forward or backward integration using LSODA can be used. This integration
method usually is used to calculate a time course and is described in Section 3.2.1, p. 29.
Hence, it attempts to find a steady state as it goes along a time course. In practice, first the
Newton method is tried. If this does not converge, LSODA is used to integrate in time for
a while and then the Newton method is tried again. This is repeated ten times, each time
integrating 10x further ahead of what was done earlier. If at the end a steady state is not
found, the same strategy is applied again, but now integrating backward in time. Backward

integration, if successful, will find an unstable steady state.

Newton-Raphson method

Here, the Newton-Raphson method was applied to solving the steady state solution of mod-

els by setting the rates of change to zero.

_ _ of(X _
Xiv1 =X — [%]_1 - f(Xi), (3.5)

where X is a vector of variables to solve and f(X) a vector of nonlinear equations of the
type shown in Eq. (3.2). The matrix term, d f(X)/d(X) is the Jacobian Matrix. Determining
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whether the algorithm has reached convergence can be a accomplished by checking whether

the relative error is less than a certain threshold €. The algorithm can be summarised as:
1. random guess for initial values of species concentrations X; with i = 0
2. compute f(X;) (Ieft-hand side of dX;/dt
3. compute matrix derivatives d f(X;)/d(X;), i.e. d(dX;/dX;), at current estimate for X;
4. compute inverse of matrix d f(X;)/d(X;)
5. for i = i+ 1, compute next guess X;
6. compute f(X;)

7. if | f(X;)| < €, solution has been reached, else return to step 3.

3.2.5 Linear stability analysis

A stationary or quasi-stationary solution to a nonlinear system is called unstable if the lin-

earisation of the system at this solution has the form

dr
— =Ar. 3.6
7 , (3.6)
where A is a linear operator whose spectrum contains points with positive real part. If there
are no such eigenvalues, the solution is called stable. If at least one of the eigenvalues of
A has a real part equal to zero then no conclusion can be made from the linear analysis. In
these cases, nonlinear terms need to be considered. Compare [206] for a practical guide to

stability analysis of biochemical systems.

3.2.6 Mass balance

The law of conservation of mass states that for any system mass cannot change quantity
if it is not added or removed. Hence, the quantity of mass is “conserved” over time. The
law implies that mass can neither be created nor destroyed, although it may be rearranged
in space, or the entities associated with it may be changed in form. A mass balance, is an
application of conservation of mass to the analysis of physical systems. By accounting for
material entering and leaving a system, mass flows can be identified which might have been
unknown, or difficult to measure without this technique. Mass balance is calculated using
the algorithm described here: [211].
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3.2.7 Elementary flux modes

For each reaction network there exists a unique set of elementary flux modes[161]. They
correspond to the smallest possible reaction subnetworks to function in steady state[190,
204]. Elementary flux modes can be used to understand a reaction network’s influence on
a cellular level[204]. The analysis takes into account stoichiometrics and thermodynamics
and allows the evaluation of whether a particular reaction route (in this study, e.g. compet-
ing ligand exchange pathways of RNAI) is viable for a set of initial conditions (i.e. initial
molecular concentrations)[190]. In this study elementary flux modes were calculated using
the COPASI-implementation of the METATOOQOL algorithm[164].

3.3 Sensitivity analyses

It is often difficult to predict the behaviour of the modelled biological system to perturb-
ations from its reaction network structure alone and every model contains a number of
parameters (e.g. reaction rate constants and initial concentrations) whose values are not
all known exactly. Parameter changes influence the behaviour of the model. Sensitivity
analysis quantifies how much the model behaviour depends on its parameters.

Sensitivity analyses were used at several ends in the study of RNAi models: In some cases
the RNAi models’ parameter values were inaccurate or even unknown, i.e. in vivo Ago2 con-
centration or the reaction rate constants for target cleavage. Sensitivity analysis was used
evaluate how important it is to know a specific parameter value: the value of a parameter
that influences the behaviour of the model significantly needs to be measured accurately; on
the other hand, a rough estimate for a value may suffice if a parameter has little impact on
the model behaviour. Furthermore, the robustness of RNAi against external perturbations,
i.e. the transfection of siRNA or the target mRNA metabolism was estimated via sensitivity
analyses. Likewise, it was determined which parameters influenced the RNAI efficacy.

In this study, two kind of sensitivity analysis are used and will be described in the following.

3.3.1 Metabolic control analysis

Metabolic control analysis (MCA) was used to analyse the concentrations and fluxes of in-
termediates that arise in the reaction networks of the modelled RNAi process during steady-
state given a defined set of initial conditions.

MCA is able to describe how global reaction network dependent properties (control coef-

ficients), depend on local properties (elasticity coefficients)[49, 186]. A control coefficient
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is called a global quantity because it measures the steady state change in a system variable
(e.g. a reaction pathway flux or a species concentration) in response to a relative change
of another parameter (e.g. the steady-state reaction rate)[75, 89]. By way of illustration:
a system in a steady state is perturbed by a small change in one of its parameters. After
some time a new steady state will be reached in which potentially all the concentrations and
fluxes in the system will have changed. The relative change of one of the reaction fluxes is
the control coefficient of this reaction with respect to the perturbed parameter. An elasticity
coefficient, on the other hand, is called a local quantity, because it quantifies the change of a
local reaction rate to the change of another model parameter (e.g. a species concentration),
while the rest of the network is not taken into account[49].

In this study MCA is based on the steady-state calculations described in Section 3.2.4,
pp- 33).

3.3.2 Dynamic sensitivity analysis
Generic sensitivities

Response coefficients of parameters other than concentration or flux are called generic re-
sponse coefficients. They have no known summation theorems. Hence they cannot be
computed via a matrix method from elasticities, but are calculated numerically using finite
differences. In practice a steady state is calculated (see Section 3.2.4, pp. 33); one of the
parameter values is slightly changed, followed by calculating the new steady state. The
ratios between the two results is used to estimate the differentials (the change applied is
very small). These generic response coefficient computations allows the calculation of the

sensitivity of a time course simulation. Compare Dornseifer et al.[40].

Multi-dimensional time-resolved sensitivities

Here, the objective was, to study the relationship between the global RNA1 model behaviour
and the properties of its parts, i.e. isolated reaction steps, as well as, initial concentrations
and reaction volume. In this regard this analysis method is closely related to Metabolic
Control Analysis (MCA)[75, 89]. However, MCA looks into steady state properties of re-
action networks, whereas this analysis has been designed to comprehend the time-resolved
properties of the modelled RNAi pathway.

Sensitivity coefficients eik quantified the sensitivity of a 24 h time course of target concen-

tration to small parameter changes S; as a function of basal target concentration [T]y = Cy.



38 Materials and Methods

The relative target concentration (in %) during the time course was differentiated with re-
spect to the investigated parameters S; using finite differences with delta factor 0.001 and
delta minimum 10_y;. Investigated parameters S; were kinetic rate constants k| to k¢
and k_; to k_ ¢, initial concentrations of siRNA [S]o, target [T]o and Ago2 [A]y, as well as,
cytoplasm volume V.. Sensitivity coefficients were normalised between [-1, 1]. The sens-
itivity coefficients were compared with each other to determine which individual reaction
steps controlled the change of target concentration during the investigated time course and
which parameters were rate limiting under the investigated conditions. Compare Dornseifer
et al.[40].

3.4 Optimisation scanning

To carry forward the idea of sensitivity analyses described in the previous section, it was
sought for a way of exploring the space of complex multidimensional model behaviour us-
ing more realistic parameter ranges and not just calculations based on infinitesimal changes
(as with MCA and dynamic sensitivity analysis). Optimisation methods (usually used in
modelling to find conditions in which the model behaves in some desired way), offer a prac-
tical approach to explore complex models to answer specific constrained problems. For an-
swering questions like Given a set of known parameters, which conditions lead to a desired
knockdown in target mRNA concentration?, an objective function has to be defined along
with parameter constrains. Optimisation is the search for minimum or maximum values of a
so-called objective function. Because the RNAi models were composed of nonlinear func-
tions, their variables may have several local minima or maxima. The objective was to find
the global optimum, i.e. largest of all maxima or the smallest of all minima. In optimisation
problems, it must also be specified which parameters of the model are allowed to change in
order to meet the objective (the free parameters). Furthermore, for each parameter, an upper
and a lower search limit should be provided to narrow the search space. Compare Hoops et
al.[80].

3.4.1 Objective function

In the above example, the target mRNA concentration should be minimised. For this an
appropriate objective function S(P) was defined, along with free parameters A;, i.e. those

that were allowed to change (search space), parameter constrains ¢; and d;, to reasonably



3.4 Optimisation scanning 39

limit the defined search space, and initial conditions e; for all model parameters P.

S(P, h) = min(f(P, hl>) with ¢; < h; > d;. (3.7

where f(P,h;) was the to be minimised variable (e.g. the target mRNA concentration at
3 h after siRNA transfection via Lipofectamine 2000) for each simulation outcome. This
expression was optimised by means of an optimisation algorithm. For each optimisation

problem several different algorithms were tried out and their results were compared.

3.4.2 Optimisation algorithms

Downhill simplex method

The downhill simplex method (also called amoeba method) can minimise a smooth and
unimodal objective function in an n-dimensional space. The object function E(x, n) is the
sum of least squares of the differences between experimental values and simulated values
at the same positions. It depends on x-coordinates and free model parameters n. Each test
point in this parameter space is arranged as a simplex, which is defined as a polytope of n
+ 1 vertices in n dimensions: for instance, a line segment, a triangle, or a tetrahedron in
one-, two-, or three-dimensional space, respectively. The scale factor for the initial simplex
is set to 10, where the edges’ lengths of the polytope are inverse proportional to the scale
factor. The behaviour of the object function is extrapolated at each vertex and the algorithm
progresses by replacing one of these vertices creating a new simplex. That is, the worst
point is replaced with the centroid of the remaining n points. If the new point is better than
the best current point, the simplex is stretched out exponentially in the direction of the new
point. Otherwise, stepping across a valley, the simplex is shrunken towards a better point.
For the application of ICs( calculations, the maximum number of iterations was set to 200.
Alternatively, the algorithm terminates if the variance of the values of the objective function
at the vertices of the current simplex is smaller than 107>. Compare [153]. The method

was chosen for its simplicity and relative robustness.

PRincipal Axis

Brent’s PRincipal Axis (PRAXIS) algorithm directly searches for the minimum of nonlinear
functions without calculating their derivatives. PRAXIS assumes quadratic form of the
optimised function and repeatedly updates a set of conjugate search directions (the free
parameters) one at a time. The algorithm is simple and fast but has its limits: it is not

robust against the scaling of the objective function and thus may fail. Compare [54]. The
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original Fortran code is available at http://www.netlib.org/opt/praxis. This method was tried
for initial optimisations of the simpler models described in Section 4.1, but was not suited

for more complex problems due above described limitations.

Genetic algorithm

Genetic algorithms (GAs) generate heuristic solutions, in general to global optimisation
problems, by mimicking natural evolution based on concepts such as reproduction, inherit-
ance, mutation, crossover, and selection[5, 6, 141, 142].

In this study, a population of 20 candidate solutions (e.g. an ICsg value or a time course),
the so-called individuals or phenotypes, was evolved towards better solutions over 200 gen-
erations. Randomly chosen phenotypes between physiological meaningful boundaries were
used as inputs. The random distribution was normal if these boundaries spun less than
two orders of magnitude and exponential otherwise. For each candidate solution a set of
free floating-point parameters (called “genes”) were iteratively mutated and altered, e.g. by
crossover over several generations. At each generation, reproduction occurred by pairing
every individual with a random partner. This results in two offspring per mating by com-
bining the two parent genomes, resulting in double the number of individuals. Each “gene”
(model parameter) of an offspring was picked randomly from either of the two parents. Fur-
thermore, each “genes” had a probability to mutate, that is, the parameter value changed
slightly from the originally inherited value by adding to the parameter value a normally
distributed random number with zero mean and a standard deviation of 10% of the original
value. At the end of a generation, the phenotypes of each individual, i.e. parents and off-
spring, were randomly tested against a number of others, i.e. 20% of the population size.
The number of individuals was reduced to the original number where only the 50% highest
ranking candidate solutions were kept to start the next generation. To avoid local minima,
when the fittest individual had not changed for the last 30 generations, the worst 50% of of

the population were replaced by individuals with random “genes”. Compare [5, 6, 141, 142].

Particle swarm

The particle swarm algorithm generate heuristic solutions to global optimisation problems,
where only few assumptions about the problem are made and thus very large spaces of can-
didate solutions can be searched. In this study particle swarm was used as a substitute for
GA in cases when no tight parameter boundaries could be decided for a particular optimisa-
tion problem. It originally was inspired by a school of fish searching for food. In general,

a population (called a swarm) of candidate solutions (called particles) is moved around in
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the search-space spanned by the free model parameters according to a few simple concepts:
Each particle i has a position p; and a velocity v; within the j-dimensional parameter space.
The particles track their so-far best objective value s; and the corresponding position in
parameter space. Dependent on its own best known position and the position of the best

particle of a random subset of the swarm #;, a new velocity is calculated:
vi =co-vi+ci-ri(sij— pij)+c2-ra(ni— pi), (3.8)

where r; and r, are uniform random numbers in |0, 1[; co, ¢| and c¢; are internal parameters
to optimise the method’s behaviour and have been calculated by an overlaying optimiser,
according to[139]. Finally, the particles position is updated accordingly (p; = p; +v;). The
process is repeated a defined number of times. It is not guaranteed that a satisfactory solution

will be discovered. Compare [92, 139].

Simulated annealing

This stochastic global optimisation algorithm was inspired by the way in which perfect
crystals are formed by the annealing (i.e. to heat and allow to cool slowly) of metal or glass.
At high temperatures the material’s particles vibrate with wide amplitude, which allows for
overcoming local optima and thus enables a wider search for the global optimum. As the
temperature and vibration amplitudes decrease the system settles to the global optimum to
form a perfect crystal[96]. Similarly, in simulated annealing the objective function E(s) is
a measure of the energy of the system with the goal to bring the system, from an (arbitrary)
initial state sg, to a state with minimum energy. In each iteration step, the free parameters
are randomly changed to a close by position in parameter space and the objective function is
re-evaluated. If its energy decreased, the new state is accepted. Otherwise, the new state is
accepted with a certain probability according to a Boltzmann distribution. This means, the
probability depends on a temperature value, where higher temperatures correspond to higher
probabilities. Starting at a high initial temperature, with each iteration step, the temperature
is reduced which reduces the probability of accepting a new system state. Compare [96].
In this study simulated annealing was used as an alternative to the GA and particle swarm

methods.

Random number generator
All random numbers for the optimisation methods were generated using the Mersenne

Twister random number generator [137].
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3.5 Parameter estimation

Biological models depend on many parameters, but quite frequently the exact values of

some of these parameters are unknown and have to be estimated from experimental data.

3.5.1 Statistical search

The global optimisation algorithms used for parameter estimation in this study (see pp. 39)
were stochastic and thus did not always converge to the same solution. Therefore each
parameter estimation task was repeated multiple times with at least three different global
algorithms, before the best solution, e.g. the average of all runs, was chosen and further

optimised with local optimisation algorithms, i.e. praxis or the simplex method.

3.5.2 Objective function

The optimisation algorithms were used for estimating parameter values that best fit a set
of data from experimental observations, allowing mixtures of time course and steady-state
data to be used simultaneously[80]. The objective function in the case of parameter estim-
ation was given implicitly by a function that measures the distance between the model and
the experimental data, in this study a sum of squares of residuals[88]. Depending on the
scientific problem, different sets of model parameters P were chosen to be included as vari-
ables into the parameter estimation process. These variables were then adjusted to minimise

a weighted sum of squares S(P):
S(P) = XXX 01k =i (P)?, (3.9)
i j ok

where x; ; ¢ is the experimental data and y; j «(P) the corresponding modelled data. In com-
plex biological systems, measured parameters like molecular species concentrations are
likely to vary between independent experiments. Thus, the sums in Eq. (3.9) were calcu-
lated with respect to each variable i for each independent repetition j of each experiment k.
Thus, it was possible to fit the models simultaneously to data from multiple steady-state and
time course experiments. Weights @; ; were used to make all trajectories of each variable i
within each experiment k have similar importance in the fit. In this study the weights were
calculated using standard deviation to set larger weight to data containing less fluctuations.
Wik = —5

2 )
Ok

(3.10)
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where Gfk is the variance of the trajectory of variable i between repetitions of experiment
k. It was used in cases, in which fluctuation in experimental data was suspected to be the
result of inaccuracy or insecurity. The minimisation of Eq. (3.9) was achieved with the op-
timisation algorithms described on pp. 39 and were the same methods used for optimisation

scanning (Section 3.4).

3.6 Model validation and evaluation

A crucial part of the modelling process was the validation of whether or not the given math-
ematical models described the biological system, i.e. siRNA-mediated RNAi in humans
accurately and sufficiently given specific scientific objectives, e.g. exploring kinetic and
mechanistic details on the strand exchange between the target mRNA and the products. The
validation of the models’ accuracy and correctness involved several different processes as
described in the following. Model building and validation was an iterative process leading
to several generations of modelling approaches with different levels of complexity. Com-

pare Fig. 3.1.

Methodologically closely related is the model evaluation process. The RNAi models were
evaluated using data sets independent from model building, parametrisation and validation.
During model evaluation the best model that represents the evaluation data set was analysed.
The focus was on deciding between RNAi models with different reaction pathways of the

strand exchange mechanism.

Fit to empirical data

The parametrised candidate models were fitted against verification data from experimental
measurements independent of the training data (used for model building and parametrisa-
tion) according to the process in Section 3.5 with algorithms described in Section 3.4.2. An
accurate model will closely match the verification data even though these data were not used
to set the model’s parameters.

This practice is comparable with cross-validation in statistics. Defining a metric to meas-
ure distances between observed and predicted data is a useful tool of assessing model fit.
However, different model structures can produce similar model behaviour and thus similar
output. It is therefore not sufficient to to examine model output alone to choose between

alternative models and conclude mechanistic details of the examined system.
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While it was rather straightforward to test the appropriateness of the parameters, it was more
difficult to test the validity of the general mathematical form of a model. In general, few
mathematical tools have been developed to test model structure and formalisms involving
models based on differential equations[80, 97, 150]. However there exist a lot of practical
modelling studies that extensively use differential equations. Examples are provided in Sec-
tion 1.3.2.

Scope of the model

Assessing the scope of a model, that is, determining under which conditions a model is ap-
plicable, can be challenging. The models were assessed for events between observed train-
ing data points (interpolation) and events outside the boundaries of the known data, where
the system was not accessible by experiment methods (extraposition). For instance, most
kinetic laws of reaction steps and reaction rate constants used in the modelling approach
of Section 4.5 were determined from well-known in vitro experimental studies[32, 40, 226]
with all details available. Other parameters like compartment volumes, molecular species
concentrations and kinetics of preceding modelling approaches were extracted from literat-
ure data (sources and details are provided in Tables 4.1 to 4.12 in the Results Chapter) with
limited access to raw data and no influence on the experimental set-ups. Model behaviour
had to be extrapolated from these heterogeneous, mostly in vitro sources to the more com-
plex in vivo system, i.e. RNAI in the human organism. For this, several independent test
data sets of time-resolved target knockdown in human cells were used for model validation

and evaluation.

Phase space trajectories in a multidimensional space

Each of a model’s parameters can be though of as a degree of freedom in phase space and
it can be represented by an axis of a multidimensional space. Theoretically, each possible
model state corresponds to one unique point in this phase space. The model system’s time
course simulation follows a path through the phase space. This path is also called phase
space trajectory. At deterministic behaviour, exactly one path represents the phase space
trajectory can be archived by one or more sets of initial conditions, while for nondetermin-

istic systems the phase space trajectory is a set of paths given the initial conditions[1].

For a better understanding, a more intuitive way to represent the complex simulation data

was sought after. It was decided to use contracted measurements for a meaningful un-
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derstanding of the time-resolved model simulations: t; 5, the time of half-maximal target
knockdown, and ICsg. Dornseifer et al.[40] define the time of half-maximal target knock-

down and ICs as follows:

Time of half-maximal target knockdown (t; ;)

ty/2 was defined as the time of half-maximal target knockdown, where target concentration
[T]t, /2 = [T]o/2, starting with basal target concentration [T]g at the time of siRNA admin-
istration. It was used as a contracted measure of time-resolved target knockdown to relate
model behaviour with the two model parameters basal target level and initial siRNA con-

centration, for instance for the use in in 3D-plots.

Extraction of IC;, values from experimentally concentration-response

curves by nonlinear regression

IC5 is defined as the half maximal inhibitor concentration. In this study, it indicated the
quantity of siRNA required to halve the basal target mRNA level within 24 h. The measure
is used to compare the potency of siRNAs at different levels of target mRNA. Experimental
reference values for ICsg were taken from Dornseifer et al.[40]. They were extracted from

concentration-response curves by nonlinear regression.

Computation of ICs, values from models by parameter optimisation

In the case of models, ICs( values can be either extracted from dose-response curves relat-
ing the initial siRNA concentration in copies/cell to target gene activity in percent after 24
h time course simulation. A faster way of calculating a large number of ICs for different
initial conditions is via parameter optimisation algorithm. Here, the free parameter (ICs) is
set as the initial siRNA concentration [siRNA]j that minimises the expression I[target];—4s
(%) -50%| while all other parameters are kept fixed during a 24 h time course simulation.
A simple and robust iterative algorithm (downhill simplex algorithm[153]) is used to solve
the optimisation problem for a large number of initial conditions. In the few cases (< 1%),
when no convergence was reached in reasonable computation time, the optimisation was

repeated using a slower heuristic method (e.g. genetic algorithm or particle swarm).
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3.7 RNA duplex motif prediction

For the prediction of RNA motifs it was decided to calculate and analyse the secondary
structure space (rather than simply analysing primary sequences) for inverted repeats which
may form duplex elements. It was aimed at minimising false helix predictions which may
increase the significance of predicted helices compared to merely localising of reverse com-
plementary sub-sequences. The methodology described here was published by Dornseifer
and Sczakiel[39].

3.7.1 Automation of RNA secondary structure prediction

The software tool that was developed for this task was written in Python version 2.6.1
and, additionally, integrated the pyExcelerator library. The source code and a sample
data set are available for academic users on request. In this study, Mfold version 2.3,
Mfold 3.4 and Sfold 2.2[36, 37, 240, 241] were used for mRNA secondary structure pre-
diction. However, generally most other RNA secondary structure prediction software can
be used with the newly developed tool as well. Mfold 2.3 was chosen because it provided
the best match for the structure-function relationship of antisense oligonucleotides (asON)
and siRNA, respectively by Mfold version 2.3 compared to six alternative folding software
tools[158, 238]. Considering that mRNAs usually serve as target RNA for asON and siRNA
one might conclude that Mfold version 2.3 predicts local structures of mRNA in a reliable
fashion[98].

The computational prediction of secondary structure of RNA was based on a large collec-
tion of folded sequence stretches differing in position, length or both along a given mRNA
of interest. A sequence stretch is called window in the following. Collections of folded sub-
sequences can be defined systematically by sliding a window at a given step width along the
sequence to be analysed. Predicted local structural elements that occur at high frequency
in a large number of folded windows (independent of neighbouring sequences turned out to
have a greater chance of being meaningfully related to the biology of corresponding RNA
elements: this approach of analysing RNA secondary structure computationally turned out
to produce more reliable results compared with a single fold of the complete long-chain
RNA sequence of interest. Further, in terms of calculation time this concept provided ad-
vantages as well (see Section 5.2.5, p. 150). In this study, runs with three different struc-
ture prediction methods were performed with varying window sizes between 500 and 1,200

nucleotides at a step width of 20 nucleotides for each mRNA sequence. Ten optimal and
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suboptimal structures were considered per fold. For example, at a step width of 20 nt and a
window size of 800 nt a RNA sequence of 3,500 nucleotides in length (approximately the
length of hAgo2 mRNA) means 135 Mfold runs resulting in 1350 overlapping structures.

Finally, the structures were scanned for helices using the definitions in Section 5.1.1, p. 140.

3.7.2 Automation of RNA motif analysis

The automated identification of duplex motives composed of distant segments is illustrated
as flow chart in Fig. 3.2. First, a collection of mRNA sequences was downloaded from on-
line resources like EMBL Nucleotide Sequence Database or NCBI Nucleotide. The gener-
ated sequence collection contained mRNA species of interest for which secondary structures
were predicted in a systematic fashion as described in detail[99]: a long-chain sequence was
sub-divided into overlapping sequence segments (windows) starting at position #1 and the
window was slid along the complete sequence. Secondary structures were predicted and,
depending on the step width of the shifting window and its length, a large number of differ-
ing structure predictions was produced. This output of secondary structures was parsed for
user-defined duplex motifs and was used for the identification of species with specific char-
acteristics such as GC-rich helices formed by distant sequence segments in a non-hairpin
like fashion. The software tool allows to filter hits by setting parameters such as the base
composition of the duplex, the range of distance between strands, and the range of duplex

length.
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Figure 3.2 Schematic depiction of the computational search for RNA motifs comprising
duplexes. This figure is based on Figures 1A of[39].



Chapter 4

Results: in sillico modelling of
siRNA-mediated RNAi1 in mammalian

systems

The objective of this part of the doctoral study is mathematical modelling and, based on that,
computational simulation of RNA interference in the human system. The results presented
in this Chapter span three distinct modelling approaches with different levels of complexity
due to (i) different quantitative biological data available at the time of model building; due
to (i1) the focus on and consideration of different details of the real-world RNAi process in
the human system. Thus, applied analysis methods and validation processes vary between
the presented modelling approaches.

However, all modelling approaches have in common that they regard two hypothetical, al-
ternative biochemical reaction paths of ligand exchange during RNAi. The main object-
ive is the identification of kinetic details during RNAi and, ideally, the results are able to
clearly recommend one reaction paths over the other, given the available biological valid-
ation data. One reaction path (dissociative path) describes the current view on RNAi in
the human system, as found in recent literature, whereas the other one (associative path)
is based on new experimental findings by Rosel Kretschmer-Kazemi Far and Georg Scza-
kiel, as well as, by Sarah Willkomm, Andrea Deerberg, and Tobias Restle, whose exper-
imental studies have preceded or accompanied this computational systems biology study,
respectively[32, 40, 226].

The names of the two alternative models are based on the underlying ligand substitution

mechanisms and mechanistic details will be provided in the following two sub-sections.
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Dissociative model: RNAi with an assumed dissociative path for substrate binding and
product release

In the biochemical ligand substitution mechanism, the departing ligands (here, cleaved RNA
fragments) leave the complex in a slow step with positive entropy of activation, before
another incoming ligand (i.e. target mRNA) can enter, compare Fig. 4.1A. Dissociative rates
typically do not depend on the concentration of incoming ligand but on the slow dissociation
of the departing ligand[226].

Associative model: RNAi with an assumed associative path for substrate binding and
product release

Different from the dissociative mechanism, an associative mechanism involves the approach
of the incoming ligand to the complex before departure of the leaving ligand. The first
step of the associative mechanism typically is rate-determining and depends on the ligand
concentration[226]. The assumption of an associative mechanism affects the modelling of
target strand recognition by RISC. Here, hAgo2 supposedly facilitates the interaction of an
incoming target strand with RISC-bound guide-product duplexes most likely via a strand
invasion mechanism as first shown for in vitro RNA-RNA strand exchange by Wiinsche &
Sczakiel 2005[226]. Fig. 4.1B pictures the target-product-exchange mechanism, which is

key to the multiple turnover cycle of the associative model.

The modelling of RNA1 was an iterative process, comprising of three different modelling
approaches. The implementation of the two alternative models differs between the three
approaches. They will be described in the beginning of the three Sections 4.1, 4.2 and 4.5,
where the last section contains the final, published versions of the dissociative and associat-

1ve models.

4.1 Minimal models of dissociative and associative paths
for single-stranded siRNA-mediated RNAi

Dissociative model

A minimalistic mathematical model of siRNA-mediated RNAi in mammalian cells was cre-
ated in order to link experimental results with a quantitative and time-resolved understand-

ing of RNAi. Mechanistically, it is based on the current literature view on RNAi, which is
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discussed in Chapters 1 and 6. In a first pass, RISC, comprising hAgo2 (A) and possibly
other co-factors, binds to free siRNA (S) to form complex AS. RISC co-factors, passen-
ger strand cleavage and release during complex formation involving ds siRNA are omitted
at this point for clarity. Essentially, the proposed pathway also holds true for ds siRNA.
A free target target mRNA (T) enters the complex AS, eventually binding to the siRNA’s
guide strand (through formation of Watson-Crick base pairs) to form complex AST. Once
the catalytically active complex is formed the system undergoes multiple rounds of target
binding and cleavage, followed by a slower product release without falling apart: The bound
target mRNA is cleaved by Ago2’s endonuclease activity (target cleavage reaction) leading
to complex ASQ. Subsequently, the remaining cleavage product (Q) are released from the
complex. Thus, the target mRNA population is reduced by one and the free product strands
are prone to degradation by cellular nucleases, leaving behind binary complex AS com-
prised of siRNA’s guide strand bound to Ago2 which can bind the next target molecule and
thus close the cycle of subsequent passes of target turnover. The reaction scheme for the

dissociative model is shown in Fig. 4.1A.

ki1
A+S+==AS 4.1)
kg

ki2
AS+T == AST 4.2)
k>

ki3
AST — ASQ 4.3)
k-3

k
ASQ —= AS+Q (4.4)

k4

Associative model: accelerated product release via strand exchange between RISC-
bound, cleaved mRNA and incoming target mRNA.

Cell culture experiments showed that gene silencing rates can be increased by rising the
target mRNA concentration, at constant siRNA and hAgo2 concentrations. That is, ICs,
the half maximal inhibitory siRNA concentration after 24 h of knockdown, stays relatively
constant over several magnitudes of basal target mRNA levels[40]. Additionally, it was
shown in vitro that the release of the target RNA strand within a RISC bound RNA duplex
is accelerated in the presence of free target RNA[32].

These experimental findings suggest that RNAi-based knockdown should be able to adapt
to changes in target mRNA level over several magnitudes. The defiance of this adaptation

in the dissociative model (compare Fig. 4.1A) motivates an alternative model. Different
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from the dissociative mechanism, an associative mechanism involves the approach of the
incoming ligand to the complex before departure of the leaving ligand. Here, an associative
mechanism of target strand recognition by RISC during siRNA-mediated RNA1 (dubbed as-
sociative model) is proposed. In this model, hAgo2 supposedly facilitates the interaction of
an incoming target strand with RISC-bound guide-product duplexes most likely by a strand
invasion mechanism as first shown for in vitro RNA-RNA strand exchange by Wiinsche
& Sczakiel 2005[226]. Fig. 4.1B pictures the target-product-exchange mechanism, which
is key to the multiple turnover cycle of the associative model. However, before entering
the cycle of multiple turnover, in a first pass, hAgo2 and possibly other co-factors, binds
to free siRNA to form complex AS followed by binding of a first target to form complex
AST. The first pass of siRNA binding and target binding, as well as, target cleavage are
equivalent to the reaction steps of the dissociative mode. However, after formation of com-
plex ASQ which comprises hAgo2, siRNA and cleaved product fragments, the two models
differ. In contrast to the dissociative model, target cleavage is followed by an associative
binding of another target (associative target binding) which may invade the hydrogen bonds
between siRNA and the product, forming transient “quaternary” complex ASQT eventually
replacing the product strands. The cycle is closed by the complete release of the replaced
product fragments (product release), which leads to the formation of the next catalytically
active complex AST. The released product fragments Q eventually are degraded by cellular
nucleases. The remaining ternary complex can pass through the next, identical cycle of tar-
get cleavage, target association and product release. The reaction scheme for the associative
model is shown in Fig. 4.1B.

Accordingly, in this associative model, Eq. (4.5) & (4.6) provide an alternative path of target
binding and product release. These two reaction steps were later lumped into one reaction,
since available literature data did not allow for extracting separate parameters for the single

steps, resulting in the lumped reaction of Eq. (4.7).

k+Sa
ASQ+T == ASQT (4.5)

k—Sa

k
ASQ =2 AS+Q (4.6)
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Figure 4.1 Illustrations of multiple turnover cycles of two competing models of ss
siRNA-mediated RNAI. In these illustrations Ago?2 is represented as a scheme of its elec-
tron density cloud with the four domains N, PAZ, Mid, and PIWI coloured individually.
RNAs are indicated by lines and are as well colour-coded. The relative positions of protein
and RNA substrates are indicated and the formation of Watson-Crick base pairs is illustrated
by short connecting lines between RNA strands. A) Dissociative model. Once the catalyt-
ically active complex between ss guide siRNA and Ago2 is formed, the system undergoes
multiple rounds of target binding and cleavage, followed by product release. B) Associative
model. In contrast to the dissociative model, target cleavage is followed by the associat-
ive binding of the next target, which may invade the hydrogen bonds between siRNA and
product, eventually replacing the product fragment, .which leads to the formation of the next
catalytically active complex. For clarity, only the most relevant steps are shown.
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4.1.1 Model parameterisation

Both the dissociative and the associative models were parameterised for RNAi-based knock-
down of an arbitrary target mRNA in human cells in the presence of highly effective siRNA.
Unfortunately, at the time of the study a conclusive set of parameters was not available, and
the parameters had to be extracted from different literature sources, as well as, lab reports
of in-house experiments. As the two models share reactions, i.e. Eq. (4.1) - (4.3), they also
share these reactions’ parameters.

Complex formation between Ago2 and siRNA was experimentally determined by Bartlett
and Davis for siGL3 in the presence of its target mRNA in human hepatocytes[8]. The
time-resolved change in binary complex resembles an exponential function. Thus, the time
course data was exponentially fitted to estimate a reaction rate constant assuming a single
reaction step with mass action kinetics for siRNA binding.

Complex formation between minimal programmed RISC, comprising of Ago2 and siRNA,
was extracted from[29]. Cuccato, Polynikis and Bernardo numerically fitted the rate of
mRNA-siRNA complex formation for four different ODE-based models to in vitro experi-
mental data of knockdown of EGFP via ds siRNA. The values of three out of four models
resulted in the same magnitude for the estimated reaction rate constant and, in this study,
the average of the estimates of these three models is used for ternary complex formation.
The kinetic parameter of the catalytic step (target cleavage) is based on the pre-steady state
RNase H rate of HIV1 reverse transcriptase[90], since data for Ago2’s own endonuclease
activity is not available yet.

The release of target mRNA from RISC was described in three different publications[15,
67, 135] and all three values are in the same magnitude. Their average was used in a mod-
elling approach by[8]. In this study this reaction rate constant is used as a landmark for the
kinetics of the release of cleaved target mRNA during dissociative target release.

Strand exchange between ligated sense and antisense RNA strands and free antisense RNA
was measured in the presence of cetyltrimethylammoniumbromid (CTAB) to mimic the de-
gree of freedom of RNAs in living cells[226]. The resulting exchange rates were used as
estimates of the magnitude of exchange of product strand from the complex with siRNA-
Ago?2 via free target RNA. See Table 4.1 for a summary of all kinetic parameters.

The cytoplasm volume is calculated assuming, on average, a spheric cell shape with known
cell radius 7. and spherical nucleolus with radius rpyc. Cell radii (r..;;) were measured for
100 ECV cells via light microscopy (Winfried Wiinsche, unpublished data). Further values
for cell and nuclei radii were taken from Fujioka, Terai, Itoh et al. for HeLa cells[53]. The

average radius was set to re = 3.85 um or 8.1783 um for HeLLa and ECV cells, respect-
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model reaction constant | units value ref.
T 1
both siRNA binding Zfi MS_? 21 00 8]
i o | 6
both target binding f“i Msj ! Z 100 [29]
=T
both target cleavage Ziz 271 ;OO [90]
=1 =35
disso | dissociative product release ]E: Mils_l 3 Xng [8, 15, 67, 135]
associative target kis M- Is=T [ 1.17 x 10°
asso product exchange k_s M~ 15! | 5.07 x 10° [226]

Table 4.1 Kinetic parameters of a minimal model of ss siRNA-mediated RNAi. The
models share many of their reaction rate constants, which is indicated with *both’ in column
one. The tags ’disso’ and ’asso’ indicate a parameter specific for the dissociative or associat-
ive model, respectively. When ~ 0 is given as value in column five for a backward reaction
rate, the corresponding reaction is modelled as quasi irreversible.

ively. In both cases, the nucleus radius r,,c was set to an average of 3.68 um. This results
in a cytoplasm volume of 0.91525 pl and 2.2912 pl for HeLLa and ECV cells, respectively,
see Eq. (4.8) and (4.9). Accordingly, the average cytoplasm volume of a human cell was
set to ~ 1.6 pl, when not stated otherwise. A human cell contains 1.4 x 105 to 1.7 x 103
Argonautes per cell[179, 217], where Ago2 is the most abundant of the four Ago-subtypes.
According to unpublished data of Anke Detzer, there are 2.5 x 10> copies Ago2 per human

cell. Non-kinetic parameters are summarised in Table 4.2.

cht = Vcell - Vnucl (4-8)
Feyp =5 6/ cbrt (Veyr) 4.9)
(4.10)

4.1.2 Analyses of the minimal models
Scrutinising the models: Stoichiometric Analysis

Elementary flux modes could be identified for either of the two models. This implies, that
the proposed models do not comprise smaller sub-networks that allow a metabolic recon-

struction network to function in a steady state.
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parameter symbol unit value or boundaries
cytoplasm volume Ve 1 1.6x 10712
basal Ago2 concentration [Alo cop iii/cell 2‘(2)20;01%0_7
basal target concentration [Tlo copii/s[/cell (1.04 x (116_212?’2928)X 10-7)
initial siRNA concentration | [S]p COpii/S[/CeH (1.04 x (116_212?,2928)x 10-7)

Table 4.2 Non-kinetic model parameters (ss siRNA-mediated RNAi). The models share
many of these non-kinetic parameters. Concentrations are given in copies per cell, as well
as in M. Initial concentrations of reaction species that were not mentioned in the table were
set to zero.

Mass conservation analyses of dependent species starting with different combinations of
initial species concentrations, led to the identification of the following three mass flows in
Eq. (4.11) - (4.13) identical for both models. By accounting for material entering (i.e. sSiRNA
S) and leaving (i.e. cleaved product Q) the system, mass conservation is true at all time for
both models. Mass is neither created nor destroyed, although it is rearranged in space, and

the entities associated with it (i.e. target mRNA, siRNA, Ago2) are changed in form.

To=Q+AST +ASQ+T 4.11)
Ay =A+AS+AST +ASQ (4.12)
So=S+AS+AST +ASQ (4.13)

The stoichiometries of the dissociative and associative models can be compactly represented

by stoichiometry matrices in Eq. (4.14) & (4.15), respectively.

r r r3 r4

T 0 -1 0 0
0 o 0 0 1
A -1 0 0 ©
Njiss = S -1 0 0 O 4.14)
AS 1 -1 0 1
AST| 0 1 -1 O

ASO\N 0O O |
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T 0 -1 0 -1
0 0o 0 0 1
A -1 0 0 o0

Nusso= S -1 0 0 0 (4.15)
AS |1 -1 0 o0
AsT| o 1 -1 1

ASO\N 0O O I -1

Reactions siRNA binding, target binding, target cleavage, dissociative release, and asso-
ciative binding are abbreviated as ry, r2, r3, r4, and rs, respectively. The corresponding
link matrices of the dissociative and associative models are shown by Eq. (4.16) & (4.17),

respectively.
T AS AST ASQ

T 1 0 0 0
o [-1 o -1 -1
A 0 -1 -1 -1

Luiss = S 0 -1 -1 —1 (4.16)
AS | o 0 0
AST| o o 1 0
AsO\N 0 0 0 1

~
=
4
o
t
~
=
“
QS

T 1 0 0 0
o [-1 o -1 -1
A 0 —1 -1 -1
Liysso= S 0 -1 -1 -1 4.17)
AS o 1 0o o0
AST| 0 0 1 0
0

ASQ 0 0 1
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Steady State Analysis

For the dissociative model one asymptotically stable steady state was found based on the

eigenvalues of the Jacobian matrix in Eq. (4.18).

AS AST T ASQ 0 A S
AS [(~0 0  0.00028 —0.000311 0 ~0 2.08x107
AST| ~0 —10 0 0.000311 0 0 0
T 0 10 —0.00028 0 0 0 0
Jiiss = ASQ| ~0 0 0 —0.000311 0 0 0 (4.18)
0) 0 0  0.00028 0 0 0 0
A 0 0 0 0 0 ~0 —2.08x107°
S 0 0 0 0 0 ~0 —2.08x107

The eigenvalues of J ;5 are identified as 0, 0, 0, -2.07536e-05, -0.00028, -0.000311351, and
-10, respectively. For the dissociative model, all reaction rates at steady state are numerically
zero. The species concentrations for [AS]ss = [So, [Qlss = [T]o and [A]s = [A]o — [S]o, While

[T]ss and all other steady-state concentrations are numerically zero.

AS AST T ASO O A S
AS —10.0 ~0  0.000115 ~0 ~0 0 0
AST 0 ~0 —886x107° 0 0 0 208x107°
T 0.000157 ~0 —0.000114 ~0 ~0 0 0

Jusso = ASQ 10.0 0 -260x10° ~0 ~0 0 0
0 —0.000157 0 260x10° ~0 ~0 0 0
A 0 0 0 0 0 0 —208x107
S 0 0 0 0 0 0 —208x107

(4.19)
For the associative model, the eigenvalues of J,, are identified as 0, 0, 0, 0, -2.08 X 1079 ,
-0.000114 and -10, respectively. In contrast to the dissociative model, the only steady state
found for the associative model is of underdetermined stability based on the eigenvalues
of the Jacobian matrix in Eq. (4.19). At steady state, all reaction rates are numerically
zero. Two relations between the three non-zero species concentrations can be identified:
[AS]ss + [ASOss = [S]o, [ASQ]ss + [Qlss = [T]o and [A]ss = [A]o — [S]o- [T]ss and all other
steady-state concentrations are numerically zero.

The models share stoichiometries and mass conservation properties, while they differ in
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their internal behaviour at steady state. However, most importantly, they both lead to a
steady state with [T]s;; = 0. Next, it will be investigated how the apparently similar steady
states are dynamically developed given physiological meaningful initial conditions. Fur-
thermore, their behaviour during interaction with cellular processes like RNA metabolism

and siRNA delivery will be of interest.

Time course simulations

The dissociative model directly translates into a system of ODEs with Eq. (4.20) to (4.26).

% = —k[T][AS] (4.20)
B @21)
W ks “22)
@ =k 1[S][A] + k1 4[ASQ] — k42 [T][AS] (4.23)
d[f:lf Tl _ ki 2[AS][T] — k43[AST] (4.24)
d[/;f o _ k. 3[AST] — k1 4[ASQ] (4.25)
% = k1 4[ASQ] (4.26)

It can be reduce to 5 ODEs and one further Eq. (4.32):

A kaimias @27)
B s 4.28)
M ks 429
WAST] _ kalAS] (] ke sfasT] (430)
d[ﬂfQ] = k. 3[AST] — k4]ASQ] (4.31)

[AS] = [A]o — [A] — [AST] — [ASQ] (4.32)



60 Results: in sillico modelling of siRNA-mediated RNAi in mammalian systems

In the same fashion, the reduced system of ODEs for the associative model is defined by
Eq. (4.33) to (4.38) with constraint Eq. (4.39).

% — k_4[QJIAST] — k,4]ASQ][T] — k12 [T][AS] (4.33)
% = ki [S]IA] 434)
W ks (4.35)
] _ s 1511] kel (436)
d[f;‘j a _ k. 3[AST] 4 k_4[AST][Q] — k, 4[ASQ][T] (4.37)
U9 1 asQ)] -~ kapasTig) (438)
[AST| = [A]o — [A] — [AST] — [ASQ)] (4.39)

On the long term, target mRNA concentration during time course simulations tends towards
zero for both models, as predicted by steady state analysis, and expected because target
mRNA synthesis and siRNA degradation was omitted at this stage of modelling. Non-
etheless, time course simulations starting with physiological meaningful initial conditions,
i.e. regarding concentrations for hAgo2 and target mRNA, should lead to similar results
as experimental observations. As a first ballpark figure, 15 to 300 copies of siRNA per
cell were sufficient in cell culture to knock down target levels by 50% within 24 h after
siRNA administration[106]. That is, IC5y = 15 to 300 copies/cell, which in HeLa cells with
an estimated cytoplasm volume of 1.60 x 10~12 | corresponds to cellular concentrations of
0.02 to 0.3 nM. In this first modelling approach, neither the dissociative, nor the associative
model can reach this standard during time course simulations.

However, provided initial concentrations of 3,000 copies/cell (~ 3 nM) target and 300 cop-
ies/cell (0.3 nM) siRNA, target drops below 20% for the associative path 24 h after reaction
initialisation, while target concentration does not decrease below the 85% mark within the
same period of time assuming the dissociative path. Compare Fig. 4.2.

In a series of simulations, the initial target mRNA concentration is varied between 30 and
290,000 copies/cell (i.e. 0.03 and 300 nM). Initial concentrations of siRNA and Ago2 are
300 and 200,000 copies/cell (i.e. 0.3 and ~ 200 nM), respectively. Trivially, RNAi efficacy
decreases with higher target concentrations. Given the dissociative model, the difference in
RNAI efficacy at different target concentrations is more distinct compared to the associative

model. While the RNAi machinery of the associative model tends to work slightly less ef-



4.1 Minimal models of dissociative and associative paths for single-stranded
siRNA-mediated RNAi 61

fectively for target concentration between 0.3 and 3 nM, it is more effective in the presence
of higher target concentrations. This results in a certain robustness of the time course of the
relative target knockdown with respect to varying absolute target concentrations. Compare
Fig. 4.3.

To sum up, neither model can achieve physiologically observed ICsq. However, in the case
of slightly higher siRNA concentrations, the associative model allows for an adaptation of
RNAIi machinery to varying target levels. Looking at the trajectories of modelled intermedi-
ate complexes formed during RNAI, the similarities and differences between the two models
become visible: For both models, siRNA binding slows down the RNAi machinery during
the first minutes. This results in slow reduction of siRNA over the whole time period (blue
lines in Fig. 4.4). Furthermore, the two models do not differ within the first 60 s of the
time course simulation (Fig. 4.4A). Most importantly, the complex comprising the cleavage
product builds up equally in both models, soon becoming the most abundant of the inter-
mediates. This is due to the rate limiting effect of the slow product release step within the
models. However, the target concentration reduces faster in the associative model (broken
black lines) compared to the dissociative model (solid black lines). The only other trajector-
ies that largely differ between the two models are binary complex between Ago2 and siRNA
(AS, green lines) and ternary complex between Ago2, siRNA and target (AST, brown lines).
AS 1is increased in the case of the dissociative, and AST is increased in the case of the asso-
ciative model. The reaction step that connects these two complexes is target binding. This
indicates that this reaction step is accelerated in the associative model under the used reac-
tion conditions (i.e. a relatively high target concentration of 3,000 copies/cell, ~ 3 nM). A
simple look at the kinetics and their parameters would not reveal this behaviour. It would
instead invite choosing the large difference in product release (compare Table 4.1) as the

major factor that distinguishes both models.

Validation for minimal in vitro RNAI assay

For deciding whether numerical results obtained from one or both models are in fact ac-
ceptable descriptions of the real world situation, two different sets of experimental time
course data are available. The first validation set is based on a minimal in vitro RNAIi assay
comprising of recombinant expressed and purified human Argonaute 2 (hAgo2), 21 nt long
ss guide RNA including two 3’ deoxynucleotides (as2b) and 3’ 3?P-labeled target RNA (a
140 nt long in vitro transcript of ICAM-1 mRNA)[32]. For the validation experiment 3.7
UM hAgo2 and 100 nM ss guide RNA were pre-incubated in buffer for 10 min. It can be
expected that due to aggregation only a fraction of the present hAgo?2 is actually active[32].
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Figure 4.2 Modelled time course of target mRNA turnover in the presence of ss siRNA.
Provided an initial target concentration of 3,000 copies/cell (~ 3 nM) and siRNA and Ago2
concentrations of 300 copies/cell (0.3 nM) and 200,000 copies/cell (~ 200 nM), respect-
ively, target drops below 20% for the associative path 24 h after reaction initialisation. Tar-

get concentration does not decrease below 85% within the same period of time, assuming
the dissociative path.
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Figure 4.3 The influence of target mRNA on time courses (of ss siRNA-mediated RNAi).
The initial target mRNA concentration is varied between 30 and 290,000 copies/cell (0.03
and ~ 300 nM) at siRNA and Ago2 concentrations of 300 copies/cell (0.3 nM) and 200,000
copies/cell (~ 200 nM), respectively. Trivially, RNAi efficacy decreases with higher target
concentrations. Given the dissociative model (A), the difference in RNAI efficacy at differ-
ent target concentrations is more distinct compared to the associative model (B).
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Figure 4.4 Trajectories of intermediates (ss siRNA-mediated RNAi). The trajectories
of the modelled intermediate complexes are shown alongside with siRNA and target time
courses. Simulations are started with initial target concentration of 3,000 copies/cell (~ 3
nM). Initial siRNA and Ago?2 concentrations are 300 copies/cell (0.3 nM) and 200,000 cop-
ies/cell (~ 200 nM), respectively. (A) 60 s time course as linlog-plot; ASQ peak at 1 s is a

numerical artefact; (B) 86,400 s (24 h) time course as linlog-plot; (C) same 86,400 s (24 h)
time course as loglog-plot.



4.1 Minimal models of dissociative and associative paths for single-stranded
siRNA-mediated RNAi 65

Eventually, the reaction was started by adding 2.5 nM target RNA. Target RNA abundance
was monitored over time[32]. These concentrations are rather far away from physiological
concentrations in human cells, compare Table 4.2. Given a cytoplasm volume of 1.6 x 10712
1 as reaction volume, 3700 nM (3.7 uM) hAgo2, 100 nM ss guide RNA, and 2.5 nM target
RNA would correspond to approximately 3,500,000, 96,000, and 2,400 copies/cell, respect-
ively.

However, an in silico model, other than a living cell, can be parameterised to any set of ex-
treme conditions and at best should be able to provide meaningful, i.e. interpretable results.
Thus, both mathematical models were parameterised to match the experimental conditions
and their time course simulation results were compared to the corresponding experimental
trajectory. Considering the simulated trajectories (black lines, Fig. 4.5), three things become

obvious:
1. Both models perform similarly under the assumed in vitro conditions
2. Modelled knockdown has a slower onset compared to the data point at time 20 min

3. From there on, the modelled turnover is accelerated stronger than the experimental

one, resulting in a complete turnover of target after only 50 min.

In contrast, the actual in vitro RNAI assay is not able to fully turnover all target RNA.

As described by Deerberg, Willkomm and Restle, the lack of complete turnover is due to
progressing aggregation and inactivation of hAgo2[32]. It was estimated that less than 100
of the 3700 nM hAgo2 is active in the in vitro RNAI assay.

To account for the reduced compatibility between model and data, the models’ initial hAgo2
concentration was fitted to the in vitro data. For both models 690 nM was the optimal con-
centration, resulting in both cases in a root mean square deviation (RMSD) of 7.9%. Again,
both models lead to similar time course trajectories and a complete turnover of the target
within the 2 h time course. Compare, blue lines, Fig. 4.5.

Considering estimations of the ratio between inactive and active Ago2[32], more realistic
Ago2 concentrations between 1.5 nM and 100 nM have been tried for time course simula-
tions with both models. Compare brown and cyan lines of Fig. 4.5, respectively. It becomes
clear that neither of the two models get close to the experimental validation data under these
conditions.

Two reasons were identified for the ongoing discrepancy between models and data: (i) the
slower onset of target knockdown in the models indicates insufficient modelling of the

siRNA binding kinetics. This will be addressed with changes in model structures in the
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next Section 4.2, pp. 75. (ii) The complete turnover of target in simulations indicates an in-
sufficient covering of the experimentally observed progressing aggregation and inactivation
of hAgo2. The adaptation of the models to this aspect of the in vitro assay would require
a new set of differential equations for which the kinetic parameters are unknown. Because
this would not result in any information gain concerning the original model objectives and
would require additional experimental data, this adaptation was abandoned. Another ex-

isting experimental data set was chosen instead to continue validation of the two models.

Validation for cytosol-extract-based RNAi assay

The second set of validation data is based on NHA-Ago2 assays in cytosolic HeLa cell
extract (Carsten Geist, unpublished data), which was prepared according to[35, 140]. The
cytosolic extract should contain all, or at least many, of the cytoplasm’s components, al-
though diluted by a factor % It may be seen, at least to a limited extent, as a snap shot of
the cytoplasm of living cells at the time of extraction. Thus it is a more realistic scenario for
model validation compared to the previously described in vitro assay, as many known and
unknown RNAI cofactors (as well as other influences) are likely to be present in extract.
The first data set (used as training set) consists of six sparse time series starting at different
initial siRNA concentrations between 0.3 and 100 nM and constant concentrations of 2.4
nM target mRNA. The second set (the validation set) consists of a time series with 11 time
points starting at 4 nM target and 100 nM siRNA.

Unfortunately, the initial Ago2 concentration in the assay is unknown. It is lower than in
vivo due to dilution, extraction efficiency, and degradation during preparation and storage.
It may vary between % and % of the original cellular concentration (communication with
Juliane Neubert).

For model validation, time course simulations starting with the same initial conditions as
present at the HeLa cytosol assay, should also lead to similar time courses as the experi-
mental assay. However, as the Ago2 concentration in the assay remains vague, the initial
Ago?2 concentration is fitted to a training data set before agreement between models and
experiments can be validated via the validation set. Table 4.3 shows the model fits to the
training data with free parameter [A]y (initial Ago2 concentration). Table 4.4 shows the
resulting best fit values for [A]gp. In this modelling approach, both the associative and the
dissociative model best fit the set of experimental data of the HeL.a cytosol-assay at an initial
Ago?2 concentration of 600 to 700 nM, which is four-fold the cellular hAgo2 concentration
of 200 nM, i.e. 200,000 copies/cell. This is in contradiction to the observation that overall
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Figure 4.5 Validation of the two competing minimal models of ss siRNA-mediated RNAi
using in vitro assay. The initial target concentration is 2.5 nM at an abundance of 100 nM
siRNA. Both models result in the same trajectories under tested in vitro conditions. Redu-
cing the assumed initial hAgo2 concentration from 3.7 uM (black lines, “incl. inactive”) to
0.69uM (blue lines, “optimised fit”) , the discrepancy between the models and the validation
data can be reduced. This is in accordance with the aggregation and inactivation of hAgo?2
observed in the RNAIi assay. However, modelled knockdown has a slower onset compared
to the original data point at time 20 min. Furthermore, the models do not account for the
progression of the inactivation of hAgo2. Assuming 1.5 (cyan lines) to 100 nM (brown
lines) active Ago2, none of the models achieves a trajectory close to the experimental data.
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protein concentration in the extract is % of the original cellular concentration. Furthermore,

both models fit the data with an approximately similarly high objective value.

Because of the poor fits (high objective values and high RMSD), the validation is terminated
at this point. The model fit to the validation data set is not shown, since the resemblance
of the simulated time courses to the validation data was, as expected, poorer than that to
the training data set. Swapping test and training data sets results in similar best fits and
objective values (not shown).

To sum up: reoccurring issues with the experimental data are: (i) unknown concentrations
of active hAgo2, for which a ballpark figure was estimated from the known physiological
cellular concentration in HeLa cells and the protocol for the cytosolic extraction. (ii) Fur-
thermore, the cytosol-extract-based RNAi assay (however, to a lesser degree than the in vitro
assay) is affected by progressing inactivation of RNAI activity. Notwithstanding the lack of
any target mRNA synthesis in extract, even high dosages of siRNA (up to 100 nM) do not
result in complete turnover of target (even at low concentrations, e.g. 2.4 nM) in extract.
There are different possible causes for this. Most likely siRNA is quickly degraded, while
the more stable mRNA is degraded to a lesser degree. Furthermore, other essential compon-
ents of the RNAi machinery, i.e. hAgo2 may be inactivated in the course of the assay.

Observed issues with the model fits are:

* There is a large variation between tuples of objective values and RMSD of the inde-

pendent data sets.

* Overall objective values and RMSD are very high and simulations starting with the fit-
ted parameter values neither fit the experimental validation data, nor even the training
data.

Thus, the overall best fit for [A]p is an inconsistent compromise. Before fitting [A]g, other

issues with the model have to be resolved as described in the following section.

Systematic parameter estimation

As previous validation attempts using the literature-based parameter values (Tables 4.1
and 4.2) failed, a systematical parameter fit approach was launched. The objective was
to mimic the available experimental data given the proposed model structures and physiolo-
gical meaning full ranges for all model parameters. Model parameters comprise initial Ago2
concentration plus four or five reaction kinetic rate constants for the dissociative and asso-

ciative model, respectively.
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The fitting of only one parameter at a time does not require much repetition of the parameter
estimation routine as most of the times the routine ends in similar results. Starting with only
one free parameter, cytoplasm volume is added to the parameter space, since a change of
reaction volume effects all other parameters simultaneously and thus can be a very effective
way of model fitting.

The combination of k simultaneously fitted free parameters out of n parameters can be de-
scribed by the binomial coefficient (n choose k). The more free parameters that are fitted
simultaneously, the more likely the routine will end differently, i.e. get caught in a different
local minimum. In this case, many repetitions have to be performed, ideally splitting the
runs by using several different optimisation algorithms, like genetic algorithm, evolution-
ary programming, particle swarm, praxis etc. (see methods for details). To find the global
minimum, one can agree on the one with the lowest objective value or lowest RMSD, or on
a solution that occurs more often than all the others. In some cases there might be two or
more solutions that occur with high frequency within the repetitions.

On average (depending on the algorithm used, the complexity of the optimisation prob-
lem, etc.) one routine runs for 285 s on a System with 2.66 GHz Intel Core 2 Duo, 8 GB
1,067 MHz DDR3 RAM and a steady state HDD. Due to combinatorial complexity, 58,300
routines wait to be executed, which would take 192.3 days using one machine. Since this
time is not available, carefully selected scenarios are executed instead. Parameter estima-
tion runs with exactly one free or with all free parameters were given first priority. These
computations took 11 days. The remaining time of 10 days was shared between randomly
chosen combinations. Compare Table 4.5.

The result of the multiple parameter estimation tasks can be summarised as follows:

1. In the case of the associative model, the combination of fitting the reaction rate con-
stant of siRNA binding and either forward or backward reaction rate constant of asso-
ciative target product exchange, fits the experimental data better than the previously
shown fit with free initial Ago2 concentration. The objective value improves from
4822.31 to 3.13, while the RMSD improves from 35.59 to 0.95 (compare Tables 4.3
and 4.6).

2. Fitting the corresponding parameters of the dissociative model, i.e. the reaction rate
constants of siRNA binding, of target binding, and of dissociative product release
does improve the model fit compared to the fit with free initial Ago2 concentration.

The objective value improves from 4980.9 to 12.61, while the RMSD improves from
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41.76 to 1.24 (compare Tables 4.3 and 4.6).

3. The change of any other single parameter, tuple of, or triple of parameters cannot suf-
ficiently fit either of the two models to the experimental data set. That is, in these cases
the RMSD between simulated and experimental time courses is equal or higher than

that during the previous fit with initial Ago2 concentration as single free parameter.

4. When fitting four or more free parameters at a time, the fit accuracy increases (e.g.
lower RMSD than in 1 or 2). However, in these cases there is no single best parameter
set, but there are infinitely many solutions, indicated by the large variation between
the repetitions. Thus it is impossible to determine a meaningful average value for any

parameter fit with four or more free parameters.

To sum up, given a sufficiently large number (> 4) of free model parameters, either of the
models’ structures are able to describe the experimental data. However, in these cases it
is not possible to unambiguously determine an optimal parameter set. The best fit with
an unambiguously determined set of optimal parameters is described in 1 and 2 for the
associative and the dissociative model, respectively. Where the fit of the associative model

is closer by a factor of four compared to the dissociative model.

Summary

At this stage of the modelling study, model parameters come from heterogenous sources.
Most are literature-based. They do not provide comparable precision or their precision is
inexplicable, with the result that parameters can only be seen as rough ballpark figures.
Given these literature parameters, the associative model resembles the validation data and
the anticipated in vivo time course closer than its dissociative counterpart. Optimisation of
model parameters can reduce the difference between experimental data and simulated data
for both models. However, the optimised associative model still resembles the experimental
data closer than the optimised dissociative model. The main difference between the two
models is, that in the associative model, there are two different reactions for target binding,
which both can be parameterised differently and follow different kinetic rules. That is, the
target binding step participates in the first round of target turnover, while the associative
target product exchange participates in multiple turnover and is coupled to the release of
the cleavage product. Indeed, parameter estimation shows that different sets of reaction rate
constants are preferred for these two reaction steps. Compare Table 4.7.

Model validation using experimental data based on time courses of in vitro or cytosol extract
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RNAI respectively identify the parameters that most strongly influence the model outcome

under the conditions during the validation experiments: kinetics of
* siRNA binding (both models)
* associative target product exchange (associative model)
* target binding (dissociative model)
* product release (dissociative model)

Target cleavage reaction kinetics (both models) and target binding kinetics (associative
model) are comparable uninfluential on the simulation outcome.

The estimated values for forward reaction rate constants of associative target product ex-
change (kys) and target binding (k;,) differ from literature values by a factor 2 and 3,
respectively. Given the uncertainty that is associated with the literature values, the predicted
values may be still considered close by.

Whereas, the difference between literature value and fitted value for dissociative product
release (k4 and k_4) differs by a factor of 1.6 x 10”, debunking the literature value as inapt

for the reaction step. Compare Table 4.7.

initial concentrations target diss. model asso. model
target siRNA atlh | at2h | objective | RMSD | objective | RMSD
2.4 M 0.3 nM 81.73% | 60.43% | 1818.78 | 26.57 | 1799.49 | 24.49
2.4 M 1 nM 55.17% | 24.67% | 7034.5 49.58 | 7034.53 | 48.42
2.4 M 3nM 34.14% | 10.80% | 10946.01 | 90.24 | 10013.8 | 57.77
2.4 nM 10 nM 24.17% | 6.59% 7714.7 51.13 | 771476 | 50.71
2.4 nM 30 nM 21.44% | 5.18% | 2314.53 27.1 2314.58 | 27.78
2.4 M 100 nM 22.76% | 4.90% 56.89 5.95 56.7 4.35
average 4980.9 41.76 | 4822.31 35.59
Table 4.3 Model validation: objective values and RMSD of ss siRNA-mediated RNAI.
Shown are objective values and corresponding RMSD for each validation data set, as well
as the resulting average values. Validation is based on 100 repetitions of model fits with free
parameter [A]p (initial Ago2 concentration) to the training data based on cytosolic extract
HeLa assays. Objective values and RMSD are similar between both models. There is a
large variation between tuples of objective values and RMSD of the independent data sets.
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model | lower bound (M) | upper bound (M) | start value [Alo (M) SD (M)
diss. b 4 6.87x 1077 | 1.92 x 107
asso. 10 10 random = 10T | 143 x 10~

Table 4.4 Model validation: fitted parameter (ss siRNA-mediated RNAi). Validation is
based on 100 repetitions of model fits with free parameter [A]j (initial Ago2 concentration)
to the training data based on cytosolic extract HeLLa assays. Shown are the resulting optim-
ised values for free parameter [A]y (initial Ago2 concentration), as well as their standard

deviation (SD).
n (free model k (model combi- | repe- | calcu- computing time
parameters) | name | parameters) | nations | titions | lations (s) (h) (d)
| diss. 6 6 100 600 171,000 47.5 2.0
asso. 7 7 700 199,500 554 2.3
) diss. 5 10 500 5,000 | 1,425,000 | 395.8 16.5
asso. 6 15 7,500 | 2,137,500 | 593.8 | 24.7
3 diss. 5 10 500 500 1,425,000 | 395.8 16.5
asso. 6 20 10,000 | 2,850,000 | 791.7 | 33.0
4 diss. 5 4 500 2,000 | 5,700,000 | 1,583.3 | 66.0
asso. 6 15 7,500 | 2,137,500 | 593.8 | 24.7
diss. 5 1 1,000 285,000 79.2 33
all asso. 6 1 1000 1,000 285,000 79.2 3.3
total time consumption 58,300 | 16,615,500 | 4,615.4 | 192.3

Table 4.5 Systematic parameter estimation: combinatorics (ss siRNA-mediated RNAi).
As the number of free parameters increases, complexity and time consumption of the para-
meter estimation task increase exponentially.
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initial concentrations target diss. model asso. model
target siRNA atlh | at2h | objective | RMSD | objective | RMSD
24 nM 0.3nM 81.73% | 60.43% 8.70 0.51 0.63 0.46
24 nM 1 nM 55.17% | 24.67% 1.02 0.54 4.17 1.18
24 nM 3nM 34.14% | 10.80% 38.48 1.13 5.71 1.38
24 nM 10 nM 24.17% | 6.59% 7.85 1.62 0.39 0.36
2.4 nM 30 nM 21.44% | 5.18% 9.49 1.78 3.64 1.1
2.4 nM 100 nM 22.76% | 4.90% 10.13 1.89 4.21 1.24

average 12.61 1.24 3.13 0.95

Table 4.6 Parameter estimation results for the two competing models of ss siRNA-
mediated RNAi. The dissociative model is fitted with the three free parameters siRNA

binding (k1) , target binding (ki) and dissociative release (k.4).
ues are 3.4 x 10° (£2.5 x 10%) M~s71, 4.5 x 10° (£1.3 x 10*) M~ !s~!, and 4.8 x 10*
(£2.5 x 107) M~ !s~!, respectively. The associative model is fitted with two free paramet-

Their best fit val-

ers: siRNA binding (k1) and associative target binging (k;5). Their best fit values are

3.3x10° (£1.4x 10 M~ s anda 3.5 x 10° (£2.2 x 10%) M~'s™!, respectively. Values

in brackets are standard deviation.
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model reaction constant | units lit. diss. asso.
T 1 5 ) 5 7
both SIRNA binding ki M |m 10 3.4 x10° (£2.5x10%) | 3.3 x10° (£1.4 x 10%)
k_q S ~0 T T
. kio |M7IsH] 1x10% |4.5x10° (£1.3x 10%
both target binding k., 1 ~0 + +
ki3 s! 10 ¥ ¥
both target cleavage ko 1 ~0 + +
disso dissociative k4 s ! 3x 1077 | 4.8 x 10% (£2.5 x 107)
product release k_y4 M~ 1! ~0 T -
1sso | Associative target ks M~ Is7T [ 1.17 x10° - 3.5 x10° (£2.2 x 10°)
product exchange k_s M~ 1s7! | 5.07 x 10° - *

Table 4.7 Optimised kinetic parameters of the minimal models of ss siRNA-mediated RNAi. : reaction modelled as quasi-

irreversible, &: uninfluential on the simulation outcome, *: k_5 is kept constant, as it correlates with k5.
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4.2 Extension towards ds siRNA and accounting for target
siRNA affinity modes

Accounting for the results of the previously described and analysed minimalistic model ap-
proach, the model structures were revised aiming at better accounting for the RNAi process
in vivo and a more homogenous parametrisation.

Firstly, the kinetics of siRNA binding, i.e. the absence of precise reaction rate constants, as
modelled in the previous section, were identified as a reason for an insufficient adaptation
of the onset of the simulation trajectories to the time courses of the validation data sets.
Compare also, pp. 61.

Secondly, two distinct active RISC (binary complex between Ago2 and siRNA) are intro-
duced for single and multiple turnover with distinct target siRNA affinities. This addresses
the poorly adaptability of the models in Section 4.1, described at pp. 66.

The simultaneous introduction of these two new concepts bears the advantage of becom-
ing independent of a heterogenous set of model parameters (compare Table 4.1). Instead,
model structure and the kinetics of complex formation can be fully implemented accounting
for only one source: Wiinsche and Sczakiel (2005)[226]. This allows parametrisation of
a specific experimental set-up and adds homogeneity to the models. That is, RNAi-based
knockdown of ICAM~! mRNA in human ECV305-cells in the presence of highly effective
(in terms of target knockdown efficiency) siRNA si2b, as well as ineffective siRNA sil.
This will be further described in Section 4.2.3, pp. 79.

The modified model structures can be described as follows:

4.2.1 Dissociative model: a basic model of ds siRNA-mediated RNAi

In a first step, ds siRNA (GP) binds to Ago2 (A). The siRNA consists of a guide (G) and
a complementary passenger (P) stand. In the next step the passenger strand is replaced by
target mRNA (T). The details of this step are omitted for simplicity. But it can be assumed,
that after cleavage of the passenger strand, the hydrogen bonds between cleavage product
and guide strand are replaced by hydrogen bonds between the incoming target strand with
the bound guide strand. In contrast to mRNA, the short passenger strand is vulnerable for
degradation by cellular nucleases. None-the-less, the passenger-target strand exchange re-
action is reversible[226]. Thus, the resulting catalytically active complex between guide,
target and Ago?2 after the described first-pass reaction is dubbed low affinity RISC (AGT) to
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distinguish it from a second catalytically active complex which occurs further downstream
during the multiple turnover cycle of the biochemical network. The target mRNA is cleaved
by Ago2’s endonuclease activity (target cleavag) and, subsequently, the remaining cleavage
product (Q) is released from the complex (AGQ, product release). Thus the target mRNA
population is reduced by one and the resulting product strands are prone to degradation by
cellular nucleases, leaving behind a binary complex between guide and Ago2 (AG). The
forward reaction of product release, the product’s dissociation, is the slowest step in the dis-
sociative model. However, once the binary complex is formed, a new target can bind (target
binding) to form a ternary complex between guide, target and Ago2, the so-called high af-
finity RISC (AGT"). All subsequent passes occur via this high affinity RISC. A schematic
depiction reaction pathway of the dissociative model is provided in Fig. 4.6A. Target mRNA
synthesis and non-RNAi-based degradation are neglected at this stage of modelling.

The reactions for the dissociative model translate in the following rate Eq. (4.40) to (4.46),
using the same symbols as in the text: Molecular entities are abbreviated as: A (Ago2),
T (target RNA), G (siRNA’s guide strand), P (siRNA’s passenger strand), Q (cleavage
product). To distinguish between different complexes composed of the same entities dag-

gers are used, i.e. AGT versus AGT for low-affinity and high affinity RISC, respectively.

k
AGP+T —= AGT+P (4.40)
k4
k
AGT == AGQ (4.41)
ko
k
AGQ k:”\ AG+Q (4.42)
-3
AG+T — K4 AGTT (4.43)
e 4
AGT' =2 AGQ (4.44)
k 5
Ki6 i
Q —Q (4.45)
k+7 r
P—=P (4.46)

k7
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4.2.2 Associative model: accelerated product release via strand ex-

change between RISC-bound product and an associating target
RNA

The first pass cycle is identical between dissociative and associative models: siRNA bind-
ing is followed by passenger-target strand exchange reactions, which results in a low affinity
RISC (AGT). The bound target can be sliced in the target cleavage reaction.

However, when entering the cycle of multiple turnover, the associative model differs: the
complex between Ago2, guide and cleaved product (AGQ) binds the next target, before the
cleaved mRNA fragments (product, Q) are released from complex. This new target replaces
the cleavage product by invading the hydrogen bonds between siRNA and the product. The
resulting catalytically active complex (AGTT) is characterised by a high affinity between
target and guide strand, analogous to the dissociative path. All subsequent passes, occur via
this high affinity RISC. The associative mechanism allows the RNAi machinery to undergo
multiple rounds of target turnover, without the bottle neck of a slow product release step. A
schematic depiction reaction pathway of the associative model is provided in Fig. 4.6B.

In the associative model Eq. (4.43) and (4.44) are replaced by Eq. (4.47).

k
AGP+T —= AGT 4P (4.47)
k_g
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Figure 4.6 Illustrations of the dissociative and associative models accounting for ds
siRNA and target-RISC affinity. Ago?2 is schematically represented based on its electron
density cloud. RNA strands are indicated by colour-coded lines. Description continues on

the next page.
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Fig. 4.6, continued. Illustrations of the dissociative and associative models accounting
for ds siRNA and target-RISC affinity.

A) Dissociative model. In a first step, ds siRNA binds to Ago2. Ds siRNA consists of
a guide and a complementary passenger stand. In the next step the passenger strand is
replaced by target mRNA. The details of this step are omitted for simplicity. The resulting
catalytically active complex consists of Ago2, a guide and a target mRNA. It is dubbed
low affinity RISC to distinguish it from a second catalytically active complex, which occurs
further downstream during the multiple turnover cycle of the biochemical network. That
is, after the bound target is cleaved and released from RISC, a new free target enters the
complex. This catalytically active RISC is characterised by a higher affinity between target
and guide strand, allowing the system to undergo multiple rounds of target binding and
cleavage, followed by a slower product release step, without falling apart. B) Associative
model. During the first turnover cycle, the associative model follows the same path as
its dissociative counterpart. However, when entering the cycle of multiple turnover, the
complex between Ago2, guide and cleaved mRNA binds a next target before the cleaved
mRNA fragments (dubbed product) are released from the complex. The new target replaces
the cleavage product by invading the hydrogen bonds between siRNA and the product. The
resulting catalytically active complex is characterised by a higher affinity between target
and guide strand, analogous to the dissociative path. The associative mechanism allows the
RNAIi machinery to undergo multiple rounds of target turnover, without the bottle neck of a

slow product release step.

4.2.3 Model parameterisation

The parameterisation of the modelling of ds siRNA-mediated RNA1 considers the rela-
tionship between biological effectiveness of siRNA and strand exchange kinetics between
siRNA and the target. Both, the dissociative and the associative models were parameterised
for RNAi-based knockdown of ICAM~! mRNA in human ECV305-cells in the presence of
highly effective siRNA si2b, as well as ineffective siRNA sil (see Table 4.8 for paramet-
ers). Highly effective and inactive siRNA differ from each other in their target knockdown
efficiency, which can be for instance measured as ICsq value. The apparent ICs value is the
siRNA dose needed for 50% effect, which is per definition the reduction of the target mRNA
level at 24 h after dose. In this regard, the biologically highly effective si2b has a low ICs
value of 0.24 nM compared to the ineffective sil with an ICsq value above 500 nM, targeting
ICAM~! mRNA in ECV cells after being transfected via Lipofectamine 2000. The original
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model reaction step constant | units si2b sil
both | passenger-target strand exchange kit M™'s™ | 5.07e+03 | 1.75¢+01
kop o | M7IsTh | 1.17e+05 | 1.58e+08
both target cleavage kio s~! 1.00e+01 | 1.00e+01
disso target binding ki3 M- Ts~1 | 5.07e+03 | 5.07e+03
disso product release kia s~ 1.00e-05 | 1.00e-05
asso product-target strand exchange ks M~ Ts~T | 5.07e+03 | 5.07e+03
both product degradation kig s~ 1.00e+02 | 1.00e+02
both passenger degradation ki7 s! 1.00e+01 | 1.00e+01

Table 4.8 Kinetic parameters of two competing models of ds siRNA-mediated RNAI.
The two models share many of their parameters, indicated with both in column one, the
tags asso and disso indicate a parameter specific for the associative or dissociative model,
respectively. Where no value for a backward reaction rate is given, the reaction is modelled
as quasi irreversible. If constants are siRNA-specific, a value is provided for a biologically
active, e.g. si2b, and a inactive, e.g. sil, siRNA.

experiment is described in Kretschmer-Kazemi Far and Sczakiel (2003)[100]. Wiinsche
and Sczakiel (2005) showed that the kinetics of the strand exchange between double stran-
ded siRNA and target mRNA differs whether biologically highly effective siRNA or a less
effective one is involved in the reaction[226]. Strand exchange was measured in the pres-
ence of Cetyltrimethylammoniumbromid (CTAB) to mimic the degree of freedom of RNAs
in living cells. The observed equilibrium constant was 400-fold more favourable for si2b
compared to sil[226]. See also reaction rate constant pair k1 and k_; in Table 4.8. This
connection between biological effectiveness of an siRNA (ICsq values) and the strand ex-
change kinetics between siRNA and its target RNA (k1 / k_ reaction rate constant ratio)
should be reproducible by a valid model. Furthermore, the cytoplasm volume of an average
ECV cell is set to 9.0 x 10713 1, compare Section 4.1.1, pp. 54.

4.2.4 Analyses

Scrutinising the models: Stoichiometric Analysis

Elementary flux modes could be identified in either of the two proposed models of ds
siRNA-mediated RNAi. This implies, that neither the dissociative nor the associative model
comprise smaller sub-networks that allow a metabolic reconstruction network to function in

steady state.

Mass conservation analyses of dependent species starting with different combinations of
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initial species concentrations led to the identification of one mass flow in each of the two
models: Eq. (4.48) in the case of the dissociative and Eq. (4.49) in the case of the associative
model. It can be observed that mass conservation holds true at all times for both models.
That is, mass is neither created nor destroyed, although it is rearranged in space, and the

entities associated with it (e.g. target mRNA) are changed in form.

AGPy = AG + AGP +AGQ +AGT +AGT" (4.48)
AGPy = AGP+AGQ + AGT + AGT" (4.49)

T 1 0 0 -1 0 0 0

0 O 0 1 0 0 —1 0

P 1 0 0 0 0 0 -1

AG |0 0 1 -1 0 0 0

Nais="cp 121 0 0 0o 0o o0 o (40

AGT | 1 =1 0 0 0 0 0

AGTT] 0 0 0 1 -1 0 0

AGo\1 0 0 0 0 0 0

Reactions passenger-target strand exchange, target cleavage (single turnover), target release,
dissociative target binding, target cleavage (multiple turnover), cleavage product degrada-

tion, and passenger degradation are abbreviated as ry, 2, 13, 14, I's, I's, and r7, respectively.

T -1 0 0 0 0 -1
0 0O 0 0 -1 0 1
P 1 0 0 0 -1 0

Nyso= AGP [ =1 0 0 0 0 0 (4.51)
AGT |1 -1 0 0 0 ©
AGTT] 0 0 -1 0 o0 1
AGO\NO 1 1 0 0 -1

Reactions passenger-target strand exchange, target cleavage (single turnover), product-target
strand exchange, target cleavage (multiple turnover), cleavage product degradation, and pas-
senger degradation are abbreviated as ry, 1, 15, rg, 17, and rg, respectively. The correspond-

ing reduced link matrices of the dissociative and associative models are shown by Eq. (4.52)
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& (4.53), respectively.

Q

AG

Ld iss —

AGP
AGT
AGTT
AGQ

T

0
P

Lusso = AGP
AGT
AGT?
AGQ

Steady State Analysis

OO0 o0 o0 o o = N
o oo o o o = oW

O O O o o o = N

P

S O O O O = O O

SO O O o O = O

AG AGT AGT' AGQ
0 0 0 0
0 0 0 0
0 0 0 0
1 0 0 0
-1 -1 -1 -1
0 1 0 0
0 0 1 0
0 0 0 1

P AGT AGT' AGQ

0 0 0 0

0 0 0 0

1 0 0 0

0o -1 -1 -1

0 1 0 0

0 0 1 0

0 0 0 1

(4.52)

(4.53)

For the dissociative model one asymptotically stable steady state was found based on the

eigenvalues of the Jacobian matrix in Eq. (4.54).

Jdiss =

AGP

AGT

AGQ

AG
AGT?

AGP
—1073
0
1073
0
0
—107
0
0

T

0
—107°
0
1076
1076
~0
~0
—107°

AGT

OOOOOEOO

=)

.l—nOOO(Q
=)

S O O O

AGQ AG AGT?

(4.54)
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The eigenvalues of Jy;, are identified as 0, 0, —1.60 x 107°, —1.00 x 1075, —10, —100,
—100, and —100, respectively. For the dissociative model, all reaction rates at steady state

are numerically zero.

AGP T AGT O AGTT P AGQ
AGP [ ~0 0 0 100 ~0 100 0
T 0 —-10 0 ~0 1.60x107° 0 ~0
AGT | ~0 0 —100 0 ~( 0 0
Jasso = Q 0 0 0 —100 1.60x10°° 0 ~0 (4.55)
AGTT| ~0 0 0 ~0 —-1.60x107% 0 ~0
P ~0 0 0 0 ~0 —100 0
AGQ 0 0 0 ~0 —-160x10% 0 ~(

The eigenvalues of J,, are identified as 0, 0, —1.60 x 10-%, —10, —100, — 100, and —100,
respectively. In contrast to the dissociative model, the only steady state found for the asso-
ciative model is of undetermined stability based on the eigenvalues of the Jacobian matrix
in Eq. (4.55). At steady state all reaction rates are numerically zero.

To sum up, looking at stoichiometries and mass conservation properties, the two models
differ in their internal behaviour at steady state. However, most importantly, they both lead
to a steady state with [T]s = 0.

Next, it will be investigated how the apparently similar steady states are dynamically de-

veloped given physiological meaningful initial conditions.

Time course simulations

The models’ networks of biochemical rate equations are mathematically described by a set
of ordinary differential equations (ODEs). To examine the concentration changes of react-
ants, intermediates and product over time the systems of ODEs were numerically integrated
using using the LSODA[163] algorithm under COPASI[80].

The rate equations of the dissociative model, i.e. Eq. (4.40) to (4.45), were transformed into
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the system of ODEs defined in Eq. (4.56) to (4.62) with the constraint in Eq. (4.63).

% = k_1[P[AGT] — k+1[T][AGP] — k1 [T][AG] (4.56)
%)] =k 1[T][AGP] — k_{[P][AGT] — k. ¢[P] (4.57)
% =k_{[P][AGT] — k. [T][AGP] (4.58)
d[AdfT] = k41[T)[AGP] — k_1[P][AGT] — k12[AGT] (4.59)
d[Ad(:Q] =k 2[AGT] 4 k12 [AGT]" — ky3[AGQ] (4.60)
G _ k.46~ ki TG (4.61)
d[AgT]T = k1[T[AG] — k42 [AGT] (4.62)
[AGP]y = [AGP] + [AGT] + [AGQ] + [AGT]" + [AG] (4.63)

In the same way, the system of ODEs for the associative model is defined as Eq. (4.64) to
(4.70) with constraint in Eq. (4.71).

U] e [PIAGT] — ki [T]AGP) ke [T]1AG) (4.64)
% = k41[T)[AGP] — k_ [P][AGT| — k[ P] (4.65)
d[f;fp |k PIIAGT) — ki [T)[AGP) (4.66)
d[AdfT] — k1 [T)[AGP] — k_1 [P)AGT] — k12[AGT) 4.67)
d[Ad(t;Q] = ky2[AGT] + k2 [AGT]" — k3[AGQ] (4.68)
G _514G0) - ki lr]AG (469)
d[AgT]T =k 1[T][AG] — k12 [AGT]T (4.70)
[AGP]y = [AGP] + [AGT] + [AGQ)] + [AGT]" + [AG] @.71)

As predicted by steady state analysis and in accordance with the omission of target mRNA
synthesis and siRNA degradation, on the long term, target mRNA concentration during time
course simulations tends towards zero for both models.

Nonetheless, time course simulations starting with physiological meaningful initial con-
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ditions, i.e. concentrations for hAgo2 and target mRNA, should lead to similar results as
experimentally observed. As a first ballpark figure, 15 to 300 copies of siRNA per cell
were sufficient in cell culture to knock down target levels by 50% within 24 h after siRNA
administration[106]. In ECV cells with an estimated cytoplasm volume of 9.00 x 10~13,
this corresponds to cellular concentrations of 0.03 to 0.6 nM.

Neither the dissociative, nor the associative model of ds siRNA-mediated RNAIi can reach
50% knockdown, given < 30 pre-incubated siRNA-Ago2 complexes, during time course
simulations of varying target mRNA concentrations between 3 and 30,000 copies/cell, com-
pare Fig. 4.7.

Providing slightly higher concentrations of pre-incubated siRNA-Ago2 complexes (100 to
300 copies/cell, i.e. 0.1 to 0.3 nM), target populations as high as 30,000 copies/cell (300
nM) are reduced by 80% for the associative path 24 h after reaction initialisation. This could
not be reached using the model with dissociative reaction path, where target concentration
was not reduced by 15% within the same period of time. Compare Fig. 4.8.

During the parameter scan task, the initial target mRNA concentration is varied between
300 and 30,000 copies/cell (0.3 and 300 nM), while the concentration of pre-incubated
siRNA-Ago2 complex varies between 30 and 300 (0.03 and 0.3 nM). Trivially, RNAi ef-
ficacy decreases with higher target concentrations and increases with higher concentrations
of pre-incubated siRNA-Ago2 complex. Given the dissociative model, physiological mean-
ingful concentrations of pre-incubated siRNA-Ago2 complex are not sufficient to knock
down target concentration below 50% of its basal level for basal target levels of 3,000 or
30,000 copies/cell (Fig. 4.8A and B). Further reduction of the absolute level of basal target
to 300 copies/cell leads to an efficient target turnover of 50% within 24 h (Fig. 4.8C). 300
copies/cell is within a physiological meaningful range for human mRNA. It is important to
mention that target synthesis was not considered at this point of modelling. The associative
path allows for efficient target turnover even for high target concentrations up to 30,000
copies/cell, given physiological meaningful concentrations of pre-incubated siRNA-Ago2
complex (Fig. 4.8D).

Validation via in vitro assay

As for the previous modelling approach (Section 4.1.2, pp. 61), the validation data set based
on a minimal in vitro RNAI assay is used. To sum up, 3.7 uM hAgo2 and 100 nM ss guide
RNA were pre-incubated in buffer for 10 min. It can be expected that due to aggregation
only a fraction of the present hAgo?2 is actually active[32]. Eventually, the reaction was star-

ted by adding 2.5 nM target RNA and target RNA abundance was monitored over time[32].
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Figure 4.7 The influence of target mRNA on time courses of ds siRNA-mediated RNA..
The initial target mRNA concentration is varied between 3 and 30,000 copies/cell (0.03 and
300 nM) at pre-incubated siRNA-Ago2 complex concentrations of 30 copies/cell (0.3 nM).
RNAI efficacy is low for both models. Compared to the dissociative model (A), the variance

in RNAI efficacy at different target concentrations is relatively constant for the associative
model (B).
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Figure 4.8 Parameter scan of time course simulations (ds siRNA-mediated RNAi). The
initial target mRNA concentration is varied between 300 and 30,000 copies/cell (0.3 and
300 nM), while the concentration of pre-incubated siRNA-Ago2 complex is varied between
30 and 300 (0.03 and 0.3 nM). Trivially, RNAI efficacy decreases with higher target concen-
trations and increases with higher concentrations of pre-incubated siRNA-Ago2 complex.
A) and B) Given the dissociative model, physiological meaningful concentrations of pre-
incubated siRNA-Ago2 complex are not sufficient to knock down the target concentration
below 50% of its basal level for basal target levels of 3,000 or 30,000 copies/cell. C) Further
reduction of the absolute level of basal target to 300 copies/cell leads to an efficient target
turnover of 50% within 24 h. 300 copies/cell is within a physiological meaningful range
for human mRNA. It is important to mention that target synthesis was not considered at this
point of modelling. D) The associative path allows for efficient target turnover even for high
target concentrations up to 30,000 copies/cell, given physiological meaningful concentra-
tions of pre-incubated siRNA-Ago2 complex.
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These concentrations are rather far away from physiological concentrations in human cells,
compare Table 4.2. However, an in silico model, other than a living cell, can be paramet-
erised to any set of extreme conditions and at best should be able to provide meaningful,
1.e. interpretable results. Thus, the mathematical models were parameterised to match the
experimental conditions and their time course simulation results were compared to the cor-
responding experimental trajectory.

Both the dissociative and the associative models require 300 pre-incubated Ago2-siRNA
complexes to quantitatively and qualitatively match the experimental data. This is a decade
more than expected from experimental observations. Furthermore, there is no difference
in model behaviour at these experimental conditions. None-the-less, the time course simu-
lations of the new model approach quantitatively and qualitatively resemble the validation
data closer than those of the previous approach. Compare Fig. 4.5 (previous) and Fig. 4.9
(current). At a first glance this seems paradoxical, as the first model approach and the in
vitro assay are based on ss siRNA, while the new approach considers ds siRNA. Then again,
the introduction of pre-incubation of Ago2 and siRNA during the new approach closely re-
sembles the in vitro. The modelled time course of the target is falling faster than the one
observed for the in vitro assay. This is in accordance with the aggregation and inactivation
of hAgo2 observed in the assay, for which the models do not account. Modelled knockdown
has a slower onset compared to the original data point at a time of 20 min, which might be
due to cleavage and release of the guide strand during the modelled ds siRNA-mediated
RNAI, which is not necessary during the ss siRNA-based in vitro assay. In the following
paragraphs the two models of ds siRNA-mediated RNAi are compared to experimental cell

culture data.

Associative model explains experimental observed adaptation of the RNAi machinery

to changing levels of the target

To identify the relation between the effectiveness of siRNA-mediated target reduction and
target abundance, ECV305 cells were transfected with different amounts of plasmid coding
for Renilla luciferase which was used as target RNA (Wiinsche & Sczakiel, unpublished).
At the same time, the cells were transfected via Lipofectamine 2000 with siSCR3, an siRNA
against Renilla luciferase. In ECV305 cells, siSCR3 is a highly effective siRNA against
RL, reflected by low ICs( values. Concentration-response curves and observed ICs values
are provided for knockdown of RL mRNA 24 h after transfection with siSCR3. siSCR3
concentration and ICsq values are measured in nM of transfected siRNA and converted to

copies/cell according to[106] for comparability with the models.
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Figure 4.9 Validation of the two competing minimal models of ds siRNA-mediated
RNAI using in vitro siRNA-based assay. The turnover is started by mixing pre-incubated
siRNA-Ago2 complex with target RNA. Both, the dissociative and the associative models,
result in the same trajectories (red and blue lines) under these in vitro conditions. For in-

formation on the experimental reference data, please refer to Section 4.1.2 (Validation for
minimal in vitro RNAIi assay), pp. 61.
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While changing the concentration of transfected plasmid for Renilla luciferase and thus in-
creasing target gene activity over five magnitudes, ICsy values stayed relatively constant
1.e. 0.0495, 0.0338 and 0.0640 nM for 0.15, 1.5 and 15 ng/ul Renilla luciferase plasmid,
respectively for highly effective siRNA (Fig. 4.10, Table 4.9). Deductively, the RNAi ma-
chinery is able to adapt to changing levels of the target without the need of larger amounts
of siRNA.

It was tested whether this behaviour can also be observed in the two proposed models
to conclude, which of the modelled mechanisms, the associative or dissociative, is likely
to take place during RNAi in mammalian cells? As described above, both models were
parameterised for RNAi-based knockdown of ICAM~! mRNA in human ECV cells in the
presence of highly effective siRNA si2b. Concentration-response curves were plotted from
time-course simulations with varying basal target mRNA concentrations between 2.5 and
2.5 x 10 mRNAs/cell. Similar simulations were run for ineffective siRNA sil against
ICAM L.

In the associative model, ineffective siRNAs leads to slowing down target turnover for low
basal target concentrations. Here, ICs( value is reversely proportionally to target concen-
tration. The lower the basal target concentration, the larger the ICsq values. Only at target
concentration > 1 x 10° copies/cell ICsq values of < 1 x 10 siRNAs per cell are reached.
In the case of the dissociative model, ICsq values proportionally depend on the basal tar-
get concentration. In the presence of effective siRNA, only low target concentrations (of
< 2.5 x 10? copies/cell) lead to ICsq values of < 1 x 10° siRNAs/cell. For higher basal
target concentrations, 1Csq values increase proportionally to the basal target concentration.
ICs values in the presence of ineffective siRNA are equally high (> 3 x 10* copies/cell) for
all basal target concentrations < 2.5 x 10* copies/cell and even higher in the case of higher
mRNA concentrations.

In the case of the dissociative model, target turnover depends on the basal target concen-
tration. In the presence of affective siRNA, only low target concentrations (of < 2.5 x 10?
molecules per cell) lead to low ICsq values of < 1 x 103 siRNAs per cell. For larger basal
target concentrations 1Csq values increase proportional to the basal target concentration
(Fig. 4.11A). Turnover in the presence of sil is equally slow (ICsy values of > 3 x 10*
siRNAs per cell) for all basal target concentrations < 2.5 x 10 targets/cell and even slower
in the case of higher concentrations (Fig. 4.11B). The dissociative model cannot explain
the experimental observation. In the case of the associative model, in the presence of af-
fective siRNA, little variation is observed between dose-concentration curves regardless of

basal mRNA level. Experimental observations, as well as, simulations using the associat-
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ive model show constant ICs values for highly effective siRNA at all levels of basal target
mRNA levels which comprise 5 magnitudes in the case of experiments (Fig. 4.10) and 6
magnitudes in the case of modelling (Fig. 4.11). For an overview, please refer to Table
4.10, suggesting that RISC is able to adapt to variations in the absolute concentration of tar-
get mRINA according to the associative model (compare also Fig. 4.6B). Ineffective siRNA
slows down target turnover for low basal target concentrations. In contrast to the dissoci-
ative model, here, the ICsg values are reversely proportional to target concentration. The
lower the basal target concentration, the larger the ICs, values. Only if target concentration
is > 1 x 10° molecules per cell low ICsq values of < 1 x 10° siRNAs per cell are reached
(Fig. 4.11D).

The associative model accounts for target concentration-dependent acceleration of product
release from RISC and is compatible with the high multiple turnover rate of RNAi-based
gene silencing in living cells. The experimental observations can be entirely explained by
the associative model using measured model parameters. In contrast, the model structure of
the dissociatve pathway is not sufficiently consistent with the data and this can not be im-
proved by simply changing the model parameters. Thus, an associative mechanism of target
recognition by a double-strand of guide and cleaved target possibly facilitated by Ago2 dur-
ing siRNA-mediated RNA1 was proposed. This model is further supported by Wiinsche and
Sczakiel[226] who quantified the increased kinetics of RNA-RNA recognition that occurred

via facilitated strand exchange between RNA duplexes and target RNA strands in vitro.

Degrees of freedom: Cytoplasm volume and reaction kinetics

The cytoplasm volumes of 0.91525 pl and 2.2912 pl for HeLa and ECV cells, respectively
(p. 55), are the starting point for examining the degrees of freedom in which target mRNA
and RISC (containing siRNA and Argonaute) meet for reaction. When comparing the meas-
ured cytoplasm volume (V.,,) and the estimated volume (Vy), n = %

degree of freedom of the reactions. The degrees of freedom for HelLa and ECV cells is cal-

ny, gives the

culated as 3.18 and 2.82, respectively; these estimated three dimensions of freedom and the
similarity between observed and estimated cytoplasm volume, suggest a diffusion controlled

reaction during the formation of collision complexes between Ago2 and nucleic acids.
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Figure 4.10 Observed ICs, values of siRNA-mediated RNAi are widely independent from
target mRNA expression level. A) Semi-log plot of concentration response curves for
different target expression levels. Response is given as target knockdown in percent and is
defined as the reduction of RL activity 24 h after siRNA transfection in relation to the basal
RL activity. Target expression can be regulated by the amount of transfected RL plasmid,
which was 0.15, 1.5, 15, 50, and 250 ng/ul in the case of the red, green, blue, purple and
cyan plot, respectively. Target knockdown is plotted against the concentration of siRNA
siSCR in nM which was transfected via Lipofectamine 2000. Data, indicated by crosses,
was measured in triplicates and error bars indicate standard deviation. Lines indicate data
fits to a sigmoid function (x) which was used to estimate 1Csq values and Hill slopes in
Table 4.10. B) Basal RL activity (in absence of siSCR) is measured in RLU and plotted
against transfected amount of RL plasmid to demonstrate the linear dependency between
target gene product level and transfected amount of plasmid in the range of 0.1 to 15 ng/ul.
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Figure 4.11 Simulated concentration-response curves based on two competing models
of ds siRNA-mediated RNAi. Analogous to the experimental data (Fig. 4.10), simula-
tion results are provided as a semi-log plot for different target expression levels. Response
is given as target concentration 24 h after siRNA transfection (% basal target concentra-
tion). A) In the case of the dissociative model, target turnover depends on the basal target
concentration. In the presence of affective siRNA si2b, only low target concentrations (of
< 2.5 x 107 copies/cell) lead to ICsy values of < 10° siRNAs/cell. For larger basal tar-
get concentrations, ICsg values increase proportional to the basal target concentration. B)
Turnover in the presence of sil is equally slow (ICs5q of > 3 x 10* siRNAs/cell) for all basal
target concentrations < 2.5 x 10* targets/cell and even slower in the case of higher concen-
trations. C) In the case of the associative model, in the presence of affective siRNA, little
variation is observed between dose-concentration curves regardless of basal mRNA level,
suggesting that RISC is able to adapt to variations in the absolute concentration of target
mRNA. D) Ineffective siRNA slows down target turnover for low basal target concentra-
tions. In contrast to the dissociative model, here, the ICs( is reversely proportional to target
concentration. The lower the basal target concentration, the larger the ICsq values.
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target plasmid IC5

(ng/ul) (nM)
0.15 0.049522
1.50 0.033777
15.00 0.063975

50.00 0.137999

250.00 0.226013
ICs¢p-ratio 4.56
Table 4.9 Experimentally observed ICs, values at different basal target mRNA levels.
Observed ICs( values are provided for knockdown of RL mRNA 24 h after LF-2000 trans-
fection of siSCR in ECV-cells and were measured in nM and converted in copies/cell. ICs
was obtained from sigmoid concentration-effect curves of experiments performed in trip-
licates (see Fig. 4.10A). In this system, siSCR is a highly effective siRNA reflected by low
IC5 values. The ICs is relatively constant for all levels of basal target mRNA levels which
comprise 5 magnitudes. This suggesting that RISC is able to adapt to variations in the ab-
solute concentration of target mRNA.
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basal Associative Dissociative
target si2b sil si2b sil
2.5 149 | 43300 150 43387
2.5x 10 | 146 | 41500 155 42980
2.5x10% | 148 | 29500 | 205 39656
2.5x10° | 149 | 7250 | 793 | 31746
2.5x10* | 151 | 931 | 6834 | 32833
2.5%10° | 151 | 205 | 67175 | 80951
2.5%10% | 155 | 155 | 669831 | 679485
ICsp-ratio | 1.01 | 0.005 433 1.88
Table 4.10 Comparison of modelled ICs, at different basal target mRNA levels(ds
siRNA-mediated RNAi). ICsy values are provided for knockdown of target mRNA 24
h after transfection of siRNA. Models are parameterised for knockdown of ICAM~! in
ECV304 cells after LF-2000-based transfection of either highly effective si2b or ineffective
sil. All concentrations are given in copies/cell. Similar to the experimental observations in
Table 4.9, simulations based on the associative model show constant ICs values for highly
effective siRNA at all levels of basal target mRNA levels which comprise 6 magnitudes. In
the associative model, ineffective siRNAs slow down target turnover for low basal target
concentrations. Here, ICs is reversely proportional to target concentration. The lower the
basal target concentration, the larger the ICsq values. Only at target concentration > 10°
copies/cell ICsq values of < 103 siRNAs per cell are reached. In the case of the dissociative
model, ICsq values proportionally depend on the basal target concentration. In the pres-
ence of effective siRNA, only low target concentrations (of < 2.5 x 102 copies/cell) lead
to ICsq values of < 10% siRNAs/cell. For higher basal target concentrations, ICsq values
increase proportionally to the basal target concentration. ICsy values in the presence of
ineffective siRNA are equally high (> 3 x 10* copies/cell) for all basal target concentra-
tions < 2.5 x 10* copies/cell and even higher in the case of higher mRNA concentrations.
Suggesting that RISC is able to adapt to variations in the absolute concentration of target
mRNA in the presence of highly effective siRNA for the associative model, but not for the
dissociative model.
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4.3 RNA metabolism

The sequence match between effector RNA (i.e. siRNA or miRNA) and target mRNA,
1.e. the binding site, cannot fully explain RNAi1 knockdown efficacy, e.g. [59, 101]. Larsson
et al.[104] propose mRNA metabolism as a key factor for RNA1 knockdown efficacy. Thus,
the modelling of mRNA metabolism was included into this study.

4.3.1 Transcriptional bursting

The previous way of dealing with mRNA concentration in the models, i.e. a lack of any
mRNA synthesis after initialisation of relatively high concentrations (500 - 30,000 copies /
cell) of target mRNA best describes the situation after a transcriptional burst[26, 58, 173].
Transcription can be irregular, with strong periods of activity, interspersed by long periods
of inactivity, leading to bursts (or pulses) of activity. In its most simple form, a gene exists
in two states, one where activity is negligible and one where there is a certain probability
of activation in which transcription occurs[174]. While most eukaryotic genes are likely
to exist in more than two states, e.g. more than twenty post-translational modifications of
nucleosomes are known, the simple two step model may provides a reasonable intellectual

framework for understanding the effect of transcriptional bursting on RNAi[234].

4.3.2 Homogenous synthesis

However, it is likely that not all eukaryotic genes show transcriptional bursting[234]. These
genes are effectively always active, with a simple probability describing the numbers of
RNAs generated. This may also be true for plasmid-located genes. In the following, an al-
ternative way of dealing with mRNA transcription is introduced. A reductionist’s model of
the metabolism of an mRNA species can be described by a synthesis reaction rate constant
and a degradation reaction rate constant, which, taken together, build up a steady state target
mRNA concentration in the cell. Different pairs of constants can result in the same steady
state concentration, i.e. two high constants or two low constants. However, these pairs differ
in their kinetic properties, such as recovery of steady state after knockdown, e.g. by RNAI.
The synthesis rate also influences the kinetics of siRNA-mediated RNAI itself. Hence, it is
not sufficient to know a target’s steady state concentration, but also the kinetic rate constants

that lead to that steady state. This adds one further reaction step
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steady state | number of mRNA species
copies/cell | in Caco2 | in human tissues
> 500 61 55
50 -500 554 578
5-50 6,023 6,160
<5 62,400 127,342
total 69,381 134,135

Table 4.11 Steady state concentrations of mRNA species in human cells according
to[212].

and a constant synthesis rate kqy,; to the model, where kielgr = 1“/(12) and kielgr ~0, A is
the mRNA’s half time. The time-resolved behaviour of the target RNA metabolism can be

modelled by Eq. (4.72).

d[T
% = Kyyne — K37 [T] + 4.72)

Steady state concentrations of mRNA species, not prone to transcriptional bursting, were
described[71, 73] and revised[212], leading to the distribution summarised in Table 4.11.
While degradation and synthesis rates of target mRNA used in previous modelling ap-
proaches are inexplicable[10—-12, 172], there exist other reliable literature sources: [228]
distinguish between transcription factor transcripts and housekeeping transcripts with re-
spective half times of < 2 h and > 10 h and an overall median of 10 h[228]. Forma-
tion of target mRNA concentration in cytoplasm roughly depends on transcription, post-
transcriptional processing and transportation to cytoplasm[70]. The concept of metabolic
factor fyer was introduced to connect the synthesis rate constant directly to the desired

steady state concentration and the literature-based degradation rate constant, where kg, =
degr

11 _ 1.50553x10!2 .
-+ an = 22222X 0 Com Fig. 4.12.
fmet a d fmet [T}steady_state CO pare g

4.4 Delivery of small RNAs

All cell culture-based experimental data used subsequently as reference for the models is
based on assays using Lipfectamine 2000 for siRNA delivery. Lipofectamine 2000 (Invit-
rogen) is a common transfection reagent of RNA, including siRNA, or plasmid DNA into

in vitro cell cultures by lipofection. It contains lipid subunits that can form liposomes in an
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Figure 4.12 Relation between metabolic factor and steady state target concentration.
The concept of metabolic factor fye; was introduced to connect the synthesis rate constant
directly to the desired steady state concentration and the literature-based degradation rate
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aqueous environment, which entrap the transfection materials: the cationic liposome formu-
lation forms a complex with negatively charged nucleic acid molecules. This allows them to
overcome the electrostatic repulsion of the cell membrane. In cell culture assays, siRNA up
to 100 nM is transfected efficiently within the first 30 min and barely any uptake occurs 4 h
after transfection. Experiments are not part of this thesis; the data was published in[40, 106]
The delivery of siRNA is modelled using two rate laws. The first one accounts for the
Liposome-facilitated spacial re-location of siRNA between the extracellular compartment
(i.e. the transfection buffer) and the cell. Compare Eq. (4.73). Mind that the intracellu-
lar siRNA is not readily available to the RNAi machinery. Therefore, a second rate law
accounts for the re-location of, so-called, trapped siRNA to freely available siRNA in the

cell’s cytoplasm. Compare Eq. (4.74).

Sextra k+13 Strap (473)
k_g

st St giee 4.74)
k_4

The biochemical equations translate into two ODEs, which can be analytically solved (com-
pare Section 3.2.1, pp. 29). Their reaction rate constants are fitted to time-resolved experi-
mental data from[40, 106]. There are two observations from the experimental data: (i) 20

min after transfection the uptake from the extracellular compartment is saturated; (ii) 4 h
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after transfection, 4% of the delivered siRNA is bioavailable, i.e. free to interact with the
RNAIi machinery. The resulting parameters are: for the first delivery step, keeping the back-
ward reaction rate to zero, the data fits a first order rate law with a reaction rate constant of
0.0723(£0.0010) s~! and a limit of 311,472(41304) copies/cell. The experimental data
for the second step (again, the backwards reaction is set to zero) fits a first order rate law
with a reaction rate constant of 7.99 x 107>(43.85 x 107>) s~! and a limit of 242(£17,06)
copies/cell. Values in brackets provide the standard errors of the fit. Compare Fig. 4.13a
and b.
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Figure 4.13 Liposome-facilitated delivery of small RNAs. 4 h after transfection of various
siRNA concentrations via Lipofectamine 2000[40, 106]. A) Total delivered siRNA (black
line) compared to bioavailable (red line) and RISC-bound (blue line) siRNA; B) Bioavail-
able siRNA: data and fit; C) modelled RISC-bound siRNA at 4 h (both models).
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4.5 A refined model based on precise quantitative data

4.5.1 Parametrisation

In the meantime, the implementation of pre-steady-state kinetic techniques for character-
isation of siRNA binding, target RNA recognition, sequence-specific cleavage and product
release by recombinant human Ago2 led to precise quantitative kinetic data of RNAi[32].
In combination with available X-ray structures of bacterial Argonaute and human Argo-
naute 2 it was possible to match the kinetic data to conformational changes along the RNAi
pathway and propose a comprehensive minimal mechanistic model describing fundamental
steps during RNAi[32]. These new data enable the mathematical formulation of unpreced-
ented detailed models of RNAi. The kinetic parameter of the catalytic step (target cleavage)
is based on the pre-steady state RNase H rate of HIV1 reverse transcriptase[90], since data
for Ago2’s own endonuclease activity is not available yet. All kinetic parameters of the
RNAi model are listed in Table 4.12.

Reaction compartment, i.e. the cytoplasm of a mammalian cell, as well as, Argonaute 2
concentration, the basal levels of target mRNAs and siRNA concentrations are based on
literature data and are consistent with in house experiments. Parameters of cellular pro-
cesses directly interacting with RNAi components, like RNA metabolism and the delivery
of siRNA into cells are as well taken from literature and in house studies. These parameters

and their references are provided in Table 4.13.
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iz product release 3 kio | + 0.0002 5
o k_10 + - - S
N 8 =
quaternary complex formation 1 Ken ] 32x10 1\/{1 °
k_11 - + 2 S
) ~1
g quaternary complex formation 2 ]]iiz ) I 88(1)2 :_1
" k - | + ]0.003 s
Q . +13
5 quaternary complex formation 3 ks | - + 1 0.0002 o
i3] 3 -1
% product release 1 k14 + |5 S,l
ES k14| - + |- s
) -1
product release 2 ki + 1003 S,l
k_is - + - S
) ~1
product release 3 kii6 + | 0.006 5
k_16 - + - S

Table 4.12 Kinetic rate constants based on precise quantitative kinetic data (used for
the refined RNAi models). For each elementary reaction step, the forward and backward
rate constant pair is provided. Columns ’dis’ and ’ass’ indicate a parameter pair’s use in the
dissociative and associative model, respectively. Description continues on the next page.
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Table 4.12, continued. Kinetic rate constants based on precise quantitative kinetic data.
If both forward and backward reaction rate constants are provided, reaction steps are mod-
elled as reversible. If the data is not available, reaction steps are modelled as quasi-irreversible,
as in the case of the target cleavage step. The reaction rate constants for complex formations
(siRNA binding, target binding are based on pre-steady-state binding data for hAgo2/RNA
binary and ternary complex formation in Table 1 of[32]. Similarly, complex formation
between target RNA and hAgo2 in the presence of excess target RNA was measured to ac-
count for associative target binding. Reaction rate constants for dissociative and associative
target release are based on complex dissolution rate constants in the absence or presence of
excess target RNA, respectively (Table S1 of[32]). The constant of target cleavage is based
on the pre-steady state RNase H rate of HIV1 reverse transcriptase[90] since data for Ago2’s
own endonuclease activity is currently not available. This table is based on Supplementary
Table S1 of[40].

4.5.2 Model structure

Dissociative model of siRNA-mediated RNAi in mammalian systems

A new computational model of siRNA-mediated RNAi in mammalian cells was created
in order to link experimental results with a quantitative and time-resolved understanding
of RNAi. Mechanistically, it is based on the current literature view on RNAI, featuring a
dissociative ligand substitution mechanism between incoming target mRNA and cleavage
product. Strand selection of ds siRNA is neglected for simplification. Thus, the model is a
direct extension of the first dissociative model, introduced in Section 4.1, pp. 50.

In a first pass, RISC, comprising hAgo2 (A) and possibly other co-factors, binds to free
siRNA (S) in a three phase reaction to form complex AS (siRNA binding I-III). RISC co-
factors and the passenger strand cleavage and release during complex formation involving
ds siRNA are omitted in the model for clarity, but essentially the proposed pathway also
holds true for ds siRNA. A free target mRNA (T) enters the complex AS, again in a three
phase reaction, eventually binding complementary to the siRNA’s guide strand to form com-
plex AST (target binding I-III). Once the catalytically active complex is formed the system
undergoes multiple rounds of target binding and cleavage, every time followed by a slower
product release without falling apart: the bound target mRNA is cleaved by Ago2’s endo-
nuclease activity (target cleavage reaction) leading to complex ASQ. Subsequently, the re-
maining cleavage product (Q) is released from the complex in a three step reaction (product

dissociation I-III). Thus the target mRNA population is reduced by one and the free product
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parameter S C value unit ref
cytoplasm volume Voo | - 2.5%x 10712 1 [28, 33, 53, 116, 144, 171]
o 30 copies/cell #
initial siRNA [Slo | Veyro 498 x 105 oM sample value
200,000 copies/cell
basal hAgo2 level [Alo | Veyo 132.84 oM [85, 217]
basal target mRNA level | [Tly | Veyo ?)0;) cop;el\s/icell sample value*
target degradation rate | kgeg - 6.40 x 107> s~! [224, 228]
target synthesis rate | voyun | - | 1.27x 1071 Ms™! [212]

Table 4.13 Reaction compartment volume and species concentrations used for the
refined RNAi models. Column ’S’ provides the parameters’ symbols. In the case of
concentration, column ’C’ indicates the compartment for which it is given. Calculated
from[217], a human cell contains 1.4 x 10° to 1.7 x 10° Argonautes per cell, where Ago2
is the most abundant of the four Ago-subtypes. According to an in-house study[33], there
are 2.5 x 10° copies Ago2 per human cell. The basal target mRNA level and initial siRNA
concentrations are varied depending on model objective or modelled experimental set up.
This table is based on Supplementary Table S2 of[40].

*Physiological mRNA level can vary between 1 and 10,000 particles per human cell,
compare[173, 237]. For instance, the basal Renilla luciferase mRNA level is between 300
and 500 copies/cell for stably transfected ECV304 cells[106].

#Small RNAs, involved in RNAi occur in 5 - 500 copies per human cell[110] and the
number of active siRNA for half maximal target suppression can be reached at 10 - 20
copies/cell[105, 106].
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strands are prone to degradation by cellular nucleases, leaving behind binary complex AS
comprising of siRNA’s guide strand bound to Ago2 which can bind the next target molecule
and thus close the cycle of subsequent passes of target turnover. The reaction scheme for

the dissociative model is shown in Fig. 4.14A.

Associative model: accelerated product release via strand exchange between RISC-
bound, cleaved RNA and incoming target RNA.

The same argumentation for the introduction of an alternative model with associative mech-
anism for target binding and release of cleavage product during multiple turnover of target
mRNA, described in Section 4.1, p. 51, holds true for its introduction during the extended
modelling approach, explained here: cell culture experiments revealed that gene silencing
rates can be increased by rising the target mRNA concentration, at constant siRNA and
hAgo2 concentrations. That is, ICsg, the half maximal inhibitory siRNA concentration after
24 h of knockdown, stays relatively constant over several magnitudes of basal target mRNA
levels. Additionally, it was shown in vitro that the release of the target RNA strand within a
RISC bound RNA duplex is accelerated in the presence of free target RNA[32]. These ex-
perimental findings suggest that RNAi-based knockdown should be able to adapt to changes
in target mRNA level over several magnitudes. The defiance of this adaptation in the disso-
ciative model (compare Fig. 4.18E&F) motivates an alternative model. Different from the
dissociative mechanism, an associative mechanism involves the approach of the incoming
ligand to the complex before departure of the leaving ligand. The first step of the associat-
ive mechanism typically is rate-determining and depends on the ligand concentration. An
associative mechanism of target strand recognition by RISC during siRNA-mediated RNA1
(dubbed associative model) is proposed. In this model, hAgo2 supposedly facilitates the in-
teraction of an incoming target strand with RISC-bound guide-product duplexes most likely
by a strand invasion mechanism as first shown for in vitro RNA-RNA strand exchange by
Wiinsche & Sczakiel 2005[226]. Fig. 4.14B pictures the target-product-exchange mechan-
ism, which is key to the multiple turnover cycle of the associative model. However, before
entering the cycle of multiple turnover, in a first pass, hAgo2 and possibly other co-factors,
binds to free siRNA in a three phase reaction to form complex AS (siRNA binding I-III)
followed by a three stepped binding of a first target to form complex AST. The first pass of
siRNA binding and target binding, as well as, target cleavage are equivalent to the reaction
steps of the dissociative model. However, after formation of complex ASQ which consits
of hAgo2, siRNA and cleaved product fragments, the two models differ. In contrast to the

dissociative model, target cleavage is followed by an associative binding of another target
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(associative target binding I-IIT) which may invade the hydrogen bonds between siRNA and
product, forming transient “quaternary” complex ASQT eventually replacing the product
strands. The cycle is closed by the complete release of the replaced product fragments in
three reaction steps (product release I-II1), which leads to the formation of the next cata-
lytically active complex AST. The released product fragments Q eventually are degraded
by cellular nucleases. The remaining ternary complex can pass through the next, identical
cycle of target cleavage, target association and product release. The reaction scheme for the
associative model is shown in Fig. 4.14B. Analogous to the dissociative model, the reac-
tion rate constants for complex formation are based on pre-steady-state binding data of[32].
Complex formation between target RNA and hAgo?2 in the presence of excess target RNA
was measured to account for associative target binding. The reaction rate constants for asso-
ciative target release are based on target dissociation rate constants in the presence of excess
target RNA (SI Appendix Table S1 of[32]).
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Figure 4.14 Illustrations of the two refined RNAi models accounting for precise quant-
itative kinetic data. A) Dissociative model. B) Associative model. Ago?2 is represented
as a scheme of its electron density cloud with the four domains N, PAZ, Mid, and PIWI
coloured individually. RNAs are indicated by lines and are as well colour-coded. The rel-
ative positions of protein and RNA substrates are indicated and the formation of hydrogen
bonds is illustrated by short connection lines between RNA strands. RISC co-factors and
the passenger strand cleavage and release during complex formation involving ds siRNA are
omitted for clarity but essentially, the proposed pathway also holds true for ds siRNA. The
two illustrations start with complex formation between ss siRNA and Ago2. From here the
two models diverge essentially as described in detail below. Description continues on the
next page.

cleavage
products
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Fig. 4.14, continued. Illustrations of the two refined RNAi models accounting for pre-
cise quantitative kinetic data.

The reactions for the dissociative model match rate equations in Eq. (4.75) to (4.84). The
reactions for the associative model match rate equations in Eq. (4.75) to (4.81) and (4.85) to
(4.90). The corresponding reaction rate constants for each individual step are given in Table
4.12. A) Dissociative model. Once the catalytically active complex between ss siRNA
and Ago?2 is formed, the system undergoes multiple rounds of target binding and cleavage,
followed by product release without falling apart. B) Associative model. Before entering
the cycle of multiple turnover, the complex between ss siRNA and Ago2 has to bind a first
target. This triggers multiple rounds of target turnover. In contrast to the dissociative model,
target cleavage is followed by the associative binding of another target which may invade
the hydrogen bonds between siRNA and product, eventually replacing the product strands.
The cycle is closed by the complete release of the replaced product fragments, leading to the
formation of the next catalytically active complex. This figure is based on Supplementary
Figure S1 of[40].

In this section the RNAi process in mammalian cells is formally described by a network of
elementary reactions. Their biochemical rate equations connect experimentally derived in
vitro reaction rate constants with physiological concentrations of reactants and cell compart-
ment volumes. The reaction mechanism is encoded in the reactions’ rate laws, its paramet-
ers (Table 4.12), and the way the reactions are linked to one another in the two alternative
metabolic pathways of Fig. 4.14. The reactions for the dissociative model translate in the
reactions of Eq. (4.75) to (4.84). Both models share the reactions of Eq. (4.75) - (4.81).
However, the dissociative model’s reactions of Eq. (4.82) - (4.84) are replaced by the re-
actions of Eq. (4.85) - (4.90) in the case of the associative model. Molecular entities are
abbreviated as: A (Ago), T (target mRNA), S (ss siRNA), Q (product fragments, result-
ing from cleavage of S). To distinguish between different complexes consisting of the same
basic entities, dagger (") and double dagger (*) symbols may be used. For instance, AST,
ASTT, and AST# are a collision complex between Ago and target RNA, an intermediate
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state of ternary complex and cleavage competent RISC, respectively.
ki
A+S==AS (4.75)
k_;
AS =2 AST (4.76)
k 2
AST =2 pgH 4.77)
ks 3
ASE 4T =2 AST (4.78)
k_4
AST = S50 AST (4.79)
ks 5
AST' =25 ASTH (4.80)
Ko 6
ASTH == 7, ASQ (4.81)
k 7
ASQ —— SN ASQ' (4.82)
k_g
ASQT 2. ASQ? (4.83)
k—9
ASQF =% ASH 1 Q (4.84)
k710
$ o Kol
ASQ* + T = ASQT (4.85)
ko1
k
ASQT == ASQT' (4.86)
k12
k
ASQT" == ASQT? (4.87)
k_13
k
ASQTY === ASTQ (4.88)
k 14
ASTQ =24 ASTQ (4.89)
k5
k
ASTQ === AST* +Q (4.90)

k_16
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4.5.3 Analyses

Scrutinising the models: Stoichiometric Analysis

Elementary flux modes could be identified for either of the two models. This implies, that
the proposed models do not comprise smaller sub-networks that allow a metabolic recon-
struction network to function in steady state.

Mass conservation analyses of dependent species starting with different combinations of
initial species concentrations, led to the identification of three distinguishable mass flows in
each of the two models: Eq. (4.91) - (4.93) in the case of the dissociative and Eq. (4.94) -
(4.96) in the case of the associative model. It can be observed that mass conservation holds
true at all time for both models. That is, mass is neither created nor destroyed, although it is
rearranged in space, and the entities associated with it (i.e. target mRNA, Ago2 and siRNA)

are changed in form.

To=T+AST +ASQ+ASQ* + AST +ASQ" +AST* + Q (4.91)
Ao =A+AS* +AS+ASTT + ASQ +ASQ* + AST +AS" +ASQ" + AST* (4.92)
So =G +AS* +AS+ASTT +ASQ +ASQ* +AST +AS" +ASQ" + AST* (4.93)

ASOT = ASOT " +0.5AST* + ASQT + ASQT* +0.5AST* + AST Q'

+0.5A8Q +ASTQ + 0.5AST +0.5¢ +0.50 (4.94)
Ao =A~+0.5AST* + AS + AS* +0.5ASTT +0.5A50 + AST +0.5AST
—0.5r—0.50 (4.95)

So = g+0.5AST* + AS+ AS* + 0.5AST" +0.5ASQ + AS" + 0.5AST
—0.5r—0.50 (4.96)
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8 r 13 ry 1s5 re 17 rg ro 1o
T o 0 0O -1 0 O O 0 0 0
S -1 0 0 O O O O 0 0 O
A -1 0 0 0 O O O 0O 0 O
0 o 0 o0 O O o0 o0 0 o0 1
AS 1 -1 0 0 O O O 0 0 O
AST o I -1 0 O O O O 0 O

Nyiss = AS* o 0 1 -1 0 0O 0 0 0 1 (4.97)

AST| 0 0 O I -1 0 O O O O
AST'f 0 o0 0o OO 1 —-1 0 O O O
AST*l o0 0 O O O 1 -1 0 0 O
ASQl o o o0 O O O 1 -1 0 O
ASOfl o o 0o O O O O 1 -1 0
ASOQ*\ 0 0 O O O O O 0 1 -1

Eq. (4.97) shows the stoichiometric matrix for the dissociative model with reactions siRNA
binding 1 (r7), siRNA binding 2 (r;), siRNA binding 3 (r3), target binding 1 (r4), target bind-
ing 2 (rs), target binding 3 (r¢), target cleavage (r7), dissociative product release 1 (rg), dis-
sociative product release 2 (r9), and dissociative product release 3 (r1g). Likewise Eq. (4.98)
shows the stoichiometric matrix for the associative model with reactions siRNA binding 1
(r1), siRNA binding 2 (rp), siRNA binding 3 (r3), target binding 1 (r4), target binding 2
(r5), target binding 3 (rg), target cleavage (r7), associative target binding 1 (r), associative
target binding 2 (r17), associative target binding 3 (r;3), associative product release 1 (r14),
associative product release 2 (ry5), associative product release 3 (rjg). The corresponding
reduced link matrices of the dissociative and associative models are given by Eq. (4.99) and

(4.100), respectively.
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T Q AS AS" AS*t AST ASTT AST* ASQ ASQ' ASQ*

S -1 0 0o O -1 -1 -1 -1 -1 -1

A o -1 -1 -1 -1 -1 -1 -1 -1 -1

0 o -1 -1 -1 -1 -1 -1 -1 -1 -1

AS 1 0 0 0 O 0 0 0 0 0

AST 0O I 0 0 O 0 0 0 0 0

AS# 0O 0 1 0 0 0 0 0 0 0
Lyiss =

AST 1 0 0 O 1 0 0 0 0 0 0

ASTTl o 0 o0 O 1 0 0 0 0 0

AST*l o0 0 O 0 O 1 0 0 0 0

ASsOl o 0 0 0 0 0 1 0 0 0

ASQ'l o 0 0 0 0 0 0 1 0 0

ASO*\' 0 0 0 0 0 0 0 0 1 0

(4.99)

Steady State Analysis

For the dissociative model one asymptotically stable steady state was found based on the
eigenvalues of the Jacobian matrix of Eq. (4.101). The eigenvalues of Jy;, are identified
as 0, 0, 0, —9.67 x 107, -0.0002, -0.0021, -0.00499648, -0.0140762, -0.433315, -1.2, -
2.01324, -100, and -1002.52. For the dissociative model, all reaction rates at steady state
are numerically zero. The eigenvalues of J,, are identified as 0, 0, 0, 0, —1.29 x 107,
-0.0036, -0.00498999, -0.00499863, -0.0140762, -0.02, -0.433315, -2.01001, -2.01431, -
13.8002, -100, -1002.52; In contrast to the dissociative model, the only steady state found
for the associative model is of undetermined stability based on the eigenvalues of the Jac-
obian matrix of Eq. (4.102). At steady state, all reaction rates are numerically zero. Looking
at their stoichiometries, mass conservation properties, the two models differ in their internal
behaviour at steady state. However, most importantly, they both lead to a steady state with
[T]ss = 0. Next, it will be investigated how the apparently similar steady states are dynam-

ically developed given physiological meaningful initial conditions.
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AS*
AST

ASTT
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ASQOT
ASOT"
ASQT*
ASTQ
AST QO

A AS
—100 0
0 —6.46
0 0
0 0
0 0
0.0002 0
0 0
100 0
0 0.26
0 0
0 0
0 0
0 0
0 6.2
0 0
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Time Course Simulations

Analogous to the reactions of Eq. (4.75) - (4.84), the system of ODEs for the dissociative
model is defined by Eq. (4.103) - (4.115). All rate laws of these elementary reactions are
modelled as mass action whereas the catalytic step of Eq. (4.81) and the three product release
steps of Eq. (4.82) - (4.84) are considered quasi-irreversible in accordance with their reaction
rate constants (Table 4.12).

S = ki[AS) = ke [A]lS) (4.103)
% =k_1[AS] — k.1 [A][S] (4.104)
@ = ky1[A][S] +k_2[AST] —k_1[AS] — k42 [AS] (4.105)
d[flts 1 ki 2[AS] +k_3[AS*] — k_2[AST] — ky3[AS] (4.106)
d[‘zf 1 ky3[AST) 4+ k_4[AST) + k1 10[ASQ*] — k_3[AS*] — ky4[AST][T]  (4.107)
% = k_4[AST] — k. 4]AS¥][T] (4.108)
d[f:if T K alASIT) + k_IASTT) — k_yASTI[T) ~ kys[AST) (4.109)
d[Ai m_ ki 5[AST] +k_6[AST*] — k_s[AST"|[T] — k4[AST] (4.110)
d[Ajt T _ ky6[AST '] — k_g[AST*][T] — k7|AST] (4.111)
d[f;‘j ol _ ki 7[AST*] — k,8[ASQ] (4.112)
AT _ ¢ stasel—kslase @113)
d[Ai o _ kyo[ASQ'] — k1 10[ASO] (4.114)
99 _ i, oiaso) (4.115)

The system of ODEs for the associative model is defined as Eq. (4.116) - (4.131), where
all rate laws of are modelled as mass action. The catalytic step of Eq. (4.81) and the three

associative product release steps of Eq. (4.88) - (4.90) are considered quasi-irreversible in
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accordance with their reaction rate constants (Table 4.12).

I kA ks
B a8 ks
@ = k1 [A][S] 4+ k_2[AST] — k_1[AS] — k;2[AS]
d[ﬁf*] — kiolAS] +k_3[AST] — k_2[AST] -k, 3[AS]
d[fc‘lfi] = k3[AST) + k_4[AST] — k_3[AS] — k1 4[AS|[T]
% = k_4[AST] +k_11[ASQT] — k1 4[AS*][T] — k11 [ASQ][T)]
T K ATk SIAST) K 4JAST] —k5[AST]
d[Ajt Ty SIAST] 4k GIAST?) — k_SIAST] —k,glAST)
d[AiTi] — Kk 6[AST] + ky16[AST Q%] — k_6[ASTH][T] — k7[AST]
d[fng] = ky7[ASTH + k_11[ASQT] — k411 [ASQ][T]
% = ki1 [ASQJ[T] +k-12[ASQT ] — k_11[ASQT] — k; 12[ASQT]
AASOTT] _ . lASQT] +k - wlASQT] ~k_2[ASQT ]k, ASOT]
d[A‘Z—?m = k;13[ASQT ] — k_13[ASQT ] — k.14 [ASOT ]
% =k 14[ASQT] — k; 15[AST Q)]
d[Ai_'l:QT] = k;15[ASTQ] — k116[ASTQ)]
%} — k., 16[AST Q]

(4.116)
(4.117)
(4.118)
(4.119)
(4.120)
(4.121)
(4.122)
(4.123)
(4.124)
(4.125)
(4.126)
(4.127)
(4.128)
(4.129)
(4.130)

(4.131)

Neglecting target mRNA synthesis, on the long term, target mRNA concentration during

time course simulations tends towards zero for both models, as described by the steady state

analysis above and similar to the previous modelling approaches (described in Sections 4.1

and 4.2, respectively). Nonetheless, the revised models comprise more precise kinetic rate

constants based on precise quantitative kinetic data (from Table 4.12). If the model struc-

ture has been selected well and if the modelled biological mechanism holds true, then time
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course simulations starting with physiological meaningful initial conditions, i.e. concentra-

tions for hAgo2 and target mRNA, should lead to similar results as observed experimentally.

The initial target mRNA concentration is varied between 0.03 and 300 nM (i.e. 3 to 30,000
copies/cell) at concentrations of 0.3 nM siRNA and 130 nM Ago2. Given the dissociative
model, the difference in RNAIi efficacy at different target concentrations is strongly pro-
nounced (Fig. 4.15A). Furthermore, there is a great similarity in the time courses to the pre-
vious modelling approach of ss siRNA-mediated RNAi (Section 4.1, Fig. 4.3A). Whereas
in the case of the associative model the time courses resulting from different initial target
concentrations differ noticeable between the two modelling approaches (i.e. previous model:
Fig. 4.3B & revised model: Fig. 4.15B). Most strikingly, RNAI efficacy in the revised model
stays constantly high over three decimal powers of target concentrations.

Trajectories of intermediates

When looking at the trajectories of modelled intermediate complexes formed during RNAI,

the similarities and differences between the two competing models become visible:

Dissociative model

Fig. 4.16 shows the time courses of intermediate complexes of three simulations with initial
target concentration of 300 (A-C), 3,000 (D-F) and 30,000 (G-I) copies/cell, respectively.
The initial concentrations of siRNA and Ago2 were set to 300 and 200,000 copies/cell, re-
spectively. Each row accounts for one of the three time course simulations. The time scale
of each run is separated: the 1% column shows time courses between zero and 30 s, the 2"¢
column shows zero to 600 s, and the 3" shows zero to 3,500 s.

All three simulations start with fast occurring collisions of siRNA and Ago2, where reac-
tion step target binding I is rate limiting only within fractions of a second. This results in
a peak of collision complex AS and its conversion into intermediate AS™ within the first 5
s. AS and AS" dam up due to a slower third step of siRNA binding and saturation of the
RNAi machinery with siRNA due to slower downstream reaction steps. The subsequently
formed AS* intermediate is consumed quickly due to fast collision with free target, result-
ing in only slow accumulation of this intermediate. The slow increase later during the time
course is due to a lack of sufficient amounts of free target necessary for the next reaction
step, indicating an excess in free siRNA over free target. For instance, for the simulation
with an initial 300 target copies/cell, this occurs faster and is more distinct compared to

simulations starting with higher target concentrations. The fast occurring collision between
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Figure 4.15 The influence of target mRNA on time courses (revised models of siRNA-
mediated RNAi). The initial target mRNA concentration is varied between 0.03 and 300
nM (~ 3 to 30,000 copies/cell) at concentrations of 0.3 nM siRNA and 130 nM Ago2. Trivi-
ally, RNAI efficacy decreases with higher target concentrations. (a) Given the dissociative
model, the difference in RNAI efficacy at different target concentrations is more distinct.
(b) Whereas in the case of the associative model RNAI efficacy stays constantly high over
three decimal powers of target concentrations.
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RISC (i.e. AS¥) and free target builds up a surplus of collision complex AST within the first
120 s of the simulation, which is followed by another surplus of intermediate ASTT with a
~ 200 s lag, indicating that target binding II is rate limiting only within the first 200 s of
the simulations. The slow target binding step III limits the RNAi cycle for 200 s to 580,
which is extended for lower initial target concentrations (e.g. to 720 s in the case of 300
target copies/cell). There is no accumulation of intermediates AST* and ASQ during the
time courses. Conclusively, target cleavage and subsequent target release step I are not rate
limiting at any point of the investigated simulations. Intermediate ASQ" dams up quickly
from about 80 to 100 s, while accumulation of ASQ¥ is delayed by 120 s. Starting from
around 1,000 s, this accumulation of ASQ* via slow product release step III dominates the
rest of the time courses independent of initial target concentration.

To sum up, ASQ¥ continuously increases until reaching its maximum concentration at
steady state. The concentrations of all other intermediates peak early (as described in detail
above) and decrease towards their steady state concentrations. This leads to ASQ¥ being the
dominant intermediate from 800 to 900 s after simulation initialisation due to a rate limiting
effect of the slow reaction step product release III after about 900 s (15 min).

There is little qualitative or quantitative difference between between the trajectories stating
with 3,000 or 30,000 target copies/cell, save for the already mentioned AS¥, which tends
to accumulate in the former case due to a lack of excess of free target (i.e. at low target

concentrations).

Associative model

Analogous, Fig. 4.17 shows the time courses of intermediate complexes for the associative
model.

The initial reaction steps, covering siRNA binding and target binding, tend to have similar
effects on the overall time courses of RNAI intermediates in both models. Please refer to the
previous paragraph for details. All simulations start with fast occurring collisions of siRNA
and Ago2, where reaction step target binding I is rate limiting only within fractions of a
second. AS and AS' dam up due to a slower third step of siRNA binding and saturation of
the RNAi machinery with siRNA due to slower downstream reaction steps. The subsequent
formed AS* intermediate is consumed quickly due to fast collision with free target, result-
ing in only slow accumulation of this intermediate. The slow increase later during the time
course is due to a lack of sufficient amounts of free target necessary for the next reaction
step, indicating an excess in free siRNA over free target. For instance, for the simulation

with an initial 300 target copies/cell, this occurs faster and is more distinct compared to
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simulations starting with higher target concentrations. The fast occurring collision between
RISC (i.e. AS¥) and free target builds up a surplus of collision complex AST within the first
120 s of the simulation, which is followed by another surplus of intermediate AST" with a
~ 200 s lag, indicating that target binding II is rate limiting only within the first 200 s of the
simulations. The slow target binding step III limits the RNAi cycle for 200 s to 580, which
is extended for lower initial target concentrations (e.g. up to 720 s in the case of 300 target
copies/cell). There is no accumulation of intermediate AST* during the time courses. Con-
clusively, target cleavage is not rate limiting at any point of the investigated simulations. At
low initial target concentrations (e.g. 300 copies/cell or lower), ASQ is becoming the most
prominent intermediate for time points greater than 1,000 s. This is due to a lack of a supply
of free target for associative target binding step I. At sufficiently high initial concentrations
of free target the accumulation of AST¥ is avoided and associative target binding step I is
not rate limiting at any point of the investigated simulations. The accumulation of ASQT" is
anti-proportional to initial target concentration, indicating a direct link between the adapta-
tion of RNAI efficacy to varying levels of target mRNA and the coalition complex formation
between target and RISC comprising cleaved target, i.e. ASQ. This target-concentration-
dependent acceleration during coalition complex formation is limited by a slow third step of
associative target binding. In comparison with the dissociative model, product release is at
no time the main limiting factor during the investigated simulations. Even though a prom-
inent accumulation of ASTQ" can be observed throughout all simulations, it is shadowed
by a higher concentration of ASQT (due to a slow associative target binding step III), and
for lower initial target concentrations, additionally by ASQ (due to a slow associative target

binding step I, in terms due to the low initial target concentration itself).
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Figure 4.17 Trajectories of intermediates for the associative model. Initial target: A-C) 300, D-F) 3,000, G-I) 30,000 copies/cell;

(g) 30000 target copies/cell

(h) 30000 target copies/cell

(1) 30000 target copies/cell

siRNA: 300 copies/cell; Ago2: 200,000 copies/cell. Time scale: 1% column: 0 - 30's, 2"¢: 0 - 600 's, 3": 0 - 3,500 s.
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Figure 4.18 Time resolved siRNA-mediated target knockdown with respect to initial
siRNA concentration (revised models). In these 3D-plots, target concentration (% of basal
target level) is plotted against reaction time (h) and logarithmically-scaled initial siRNA con-
centration (copies/cell). Simulation results of the dissociative (1% column and associative
(2"4) models are presented in parallel. Row-wise, absolute basal target levels increase by
10-fold from 100 to 1,000 to 10,000 copies/cell. A difference in time-dependent model be-
haviour between dissociative and associative models is recognisable: At lower target level,
i.e. 100 copies/cell, the RNAi machinery in A) the dissociative and B) the associative model
responds likewise to several magnitudes of siRNA with respect to time resolved target
knockdown. C) However, in the case of the dissociative model, the RNAi machinery re-
quires increased siRNA concentrations to maintain the rate of target knockdown at a higher
target level, i.e. 1,000 copies/cell. Description continues on the next page.
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Fig. 4.18, continued. Time resolved siRNA-mediated target knockdown with respect to
initial SiRNA concentration (revised models).

D) For the associative model, the relative time courses of target knockdown are far more
similar for different levels of basal target concentrations. E) In the case of the dissociat-
ive model, the RNAi machinery requires high siRNA concentrations > 100 copies/cell to
achieve target knockdown at a basal target level of 10,000 copies/cell. F) For the associative
model, an effect can be observed with siRNA concentration of 10 copies/cell. RNA levels
in mammalian cells vary in magnitude between 1 and 100,000 copies/cell[237] and thus,
RNAi-based knockdown must be able to adapt to several magnitudes of target mRNA levels

as in the associative model. This figure is based on Figure 3 of[40].

4.5.4 Model validation using minimal in vitro RNAI assay

Both models are able to quantitatively match the experimentally observed time course.
Thereby, they require different concentrations of Ago2 to do so, and even then their tra-
jectories qualitatively look rather different. While the dissociative model better matches
late time points, the associative model closely fits the early pre-steady-state kinetics below
1 h. Its deviation from the 2 h data point can be explained by the increasing inactivation of
Ago?2 within the in vitro assay, which is not addressed in any of the models. However, an
ultimate decision for (or against) one of the models cannot be drawn, as the concentration
of active Ago2 is unknown but estimated to be rather low (< 1 nM), both models may pass

the validation. Compare Fig. 4.19.

4.5.5 Model validation using cytosol-extract-based RNAi assay

As described on p. 66, the second set of validation data is based on NHA-Ago2 assays in
cytosolic HeLa cell extract (Carsten Geist, unpublished data), which was prepared according
to[35, 140]. The cytosolic extract should contain all, or at least many, of the cytoplasm’s
components, although diluted by a factor % It may be seen, at least to a limited extent,
as a snap shot of the cytoplasm of living cell at the time of extraction. Thus it is a more
realistic scenario for model validation compared to the previously described in vitro assay,
as many known and unknown RNAI cofactors (as well as other influences) are likely to be
present in extract. The first data set (used as training set) consists of six sparse time series
starting at different initial concentrations siRNA between 0.3 and 100 nM and constant
concentrations of 2.4 nM target mRNA. The second set (the validation set) consists of a

time series with 11 time points starting at 4 nM target and 100 nM siRNA. The initial
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Figure 4.19 Model validation using in vitro ss siRNA-based assay (revised models). The
initial target concentration is 2.5 nM at an abundance of 100 nM siRNA.
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Ago2 concentration in the assay is not known. It is lower than in vivo due to dilution,
1
3
and 1l0 of the original cellular concentration (communication with Juliane Neubert). Time

extraction efficiency, or degradation during preparation and storage. It may vary between

course simulations starting with the same initial concentrations for hAgo2, target RNA and
siRNA used in experiments, should lead to similar time courses as in the HeLa cytosol
assay. Table 4.14 shows the model fits to the training data with free parameter [A]y (initial
Ago?2 concentration). Table 4.15 shows the resulting best fit values for [A]y. As with the
first model approach (Section 4.1.2, pp. 66), the best fit values for the unknown parameter
of initial Ago2 concentration are very similar between the dissociative and the associative
models. In contrast to the earlier modelling approach, this parameter value lies within 1.13
and 3.52 x 1072 M, which is a more realistic ballpark figure with respect to pre-knowledge
on the experimental set up. That is, the Ago2 concentration in cytosolic extract must be
smaller than the cellular hAgo2 concentration in HeLa, which is 1.33 x 107 M or 200,000
copies/cell. However, this alone is not a confirmation of the modelling approach. It points
towards the approach’s physiological meaningfulness. Not least because the predicted range
of Ago2 concentration is about two magnitudes smaller than the cellular concentration,
where a reduction of between % and 1—10 was expected (communication with Juliane Neubert).
Comparing the objective values between the current modelling approach and the one of
Section 4.1.2, Table 4.3, clearly shows an improvement with the changes introduced with
the new modelling approach (Table 4.14). Furthermore, in the new approach there is a clear
difference in objective value between dissociative and associative models with a factor of
7.6 in favour of the associative model. Save for the last experiment (starting with 100 nM
siRNA), all objective values and their RMSD are relatively equally distributed between the

experiments. The fits to the experiments are separately visualised in Fig. 4.20.

4.5.6 RNAI in living mammalian cells suggests an alternative model

structure

In a first attempt to test the model’s relevance in living mammalian cells, time-course simu-
lations of target knockdown were compared to cell culture experiments. In Fig. 421A, t; )
spans the surface of the parameter space of the two initial concentrations, siRNA [S]y and
target [T]o. In general, t;  is proportional to [T]o and anti-proportional to [S]o. It is also
evident that t; /2 is very sensitive to changes in [S]p and less sensitive to changes in [T]y.

Fig. 4.21B shows a cross section of the 3D-plot in Fig. 4.21A, at a basal target concentration
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initial concentrations target diss. model asso. model
target siRNA atl h at2h | objective | RMSD | objective | RMSD
2.4 M 0.3 nM 81.73% | 60.43% | 597.8 14.12 29.96 3.16
2.4 M 1 nM 55.17% | 24.67% | 968.79 17.97 46.01 3.92
2.4 nM 3nM 34.14% | 10.80% 7.96 1.63 26.55 297
2.4 nM 10 nM 24.17% | 6.59% 163.84 7.39 26.27 2.96
2.4 nM 30 nM 21.44% | 5.18% | 214.06 8.45 28.4 3.08
2.4 nM 100nM | 22.76% | 4.90% 91.30 7.14 111.49 14.62
average 340.63 9.45 44.78 5.12

Table 4.14 Model validation: objective values and RMSD (revised models). Shown
are objective values and corresponding RMSD for each validation data set, as well as, the
resulting average values. Validation is based on 100 repetitions of model fits with free
parameter [A]p (initial Ago2 concentration) to the training data based on cytosolic extract
HelLa assays. For models, objective values and RMSD are close by. There is a large variation
between tuples of objective values and RMSD of the independent data sets.

Model | lower bound | upper bound | start value value S.D.
diss. b 4 3.52x 1077 | 5.60 x 1010
ass0. 10 10 random 3 109 [ 3.62% 10T

Table 4.15 Model validation: fitted parameter (revised models). Shown are the predicted
value for free parameter [A]o (initial Ago2 concentration) to the training data based on 100
repetitions of model fit to cytosolic extract HeLLa assays. For both models, the resulting

fitted values are close by.

of 4,000 copies/cell, which corresponds to the average basal target mRNA concentration in
the control experiment. A first discrepancy between dissociative model and experimentally
determined values (grey squares) was observed. It was not possible to eliminate the dis-
crepancy between model and experiment by merely adjusting the model parameters within
physiologically meaningful boundaries. For example, a two-fold increase of the measured in
vitro constants of the two most sensitive parameters (including the rate-limiting step), which

may be justified by facilitating co-factors in vivo, was not sufficient to solve the discrepancy.

4.5.7 The associative model closely resembles siRNA-mediated target

knockdown in cell culture

Time-course simulations were repeated with the associative model and t; /, of target knock-

down was again compared to the experimental data. In Fig. 4.21A, t / of dissociative and
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Figure 4.21 t; ,: the associative model closely resembles siRNA-mediated target knock-
down in cell culture (revised models). A) t; », the time of half-maximal target knockdown,
is plotted against logarithmically-scaled initial siRNA concentration and logarithmically-
scaled basal target concentration. t;/, of dissociative and the associative model span the
light grey and the black surface over the parameter space, respectively. For a combin-
ation of large siRNA( and low targety, both surfaces superimpose due to similarities in
ty/2- They increasingly diverge with higher targety concentration and to a lesser extent
with lower siRNA( concentration. B) shows a cross section of the 3D-plot at a basal tar-
get concentration of 4,000 copies/cell. For decreasing siRNA concentrations the differ-
ence in t ), between the dissociative (broken line) and the associative (solid line) model
increases progressively. Experimentally determined t; , values (grey squares with S.D.) of
LF-transfected siR206, which loosely correspond to 31 and 314 bioavailable siRNA cop-

ies/cell, respectively, closely match the behaviour of the associative model. This figure is
based on Figure 2 of[40].
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the associative models span the grey and the black surface, respectively, over the parameter
space of the two initial concentrations, targety and siRNA. For both models, t; /, is propor-
tional to targety and anti-proportional to siRNA(. Here, it is also evident that in both models
ty/2 1s very sensitive to changes in siRNAg and less sensitive to changes in targety. For a
combination of large siRNA( and low targety, both surfaces superimpose due to similarit-
ies in t; /5. They increasingly diverge with target concentration and to a lesser extent with
siRNA( concentration. Experimentally determined t; /, values (grey squares in Fig. 4.21B),
which correspond to 31 and 314 siRNA copies/cell, respectively, closely match the beha-

viour of the associative model.

4.5.8 Time resolved siRNA-mediated target knockdown with respect
to initial siRNA concentration at three different levels of basal
target mRNA

After administration of siRNA, target mRNA concentration and, as a consequence, gene
activity decrease within a defined time span until reaching minima. In cell culture, recovery
of mRNA concentration back to basal levels takes several (2-4) days and is likely to be con-
trolled by dilution of siRNA or loaded RISC due to cell division. In the following, the time-
resolved knockdown of target mRNA concentration as a function of administered siRNA
dose, as well as, of basal mRNA level is analysed on a short term time scale of 6 h. Ago2
concentrations are 250,000 - 500,000 copies/cell[179, 217] and do not limit model per-
formance down to 10,000 or 50,000 copies/cell for the associative and dissociative model,
respectively (Fig. 4.22). Thus initial Ago2 concentration was not of concern during the fol-
lowing simulations, where a number of time course simulations with different combinations
of administered siRNA dose and basal mRNA level is performed for both models. Fig. 4.18
shows the time resolved on-set of target knockdown within the first 6 h after siRNA admin-
istration as a function of initial siRNA concentration, where relative target concentration is
given as function of reaction time and initial siRNA concentration. At lower target levels,
i.e. 100 copies/cell, the RNAi machineries of dissociative and associative model, respond
likewise to several magnitudes of siRNA (Fig. 4.18A&B). However, in the case of the dis-
sociative model, the RNA1 machinery requires increased siRNA concentrations to maintain
the rate of target knockdown at higher target level, i.e. 1,000 copies/cell (Fig. 4.18C&D).
For the associative model the relative time courses of target knockdown are far more similar
for different levels of basal target concentrations.This difference in time-dependent model

behaviour between dissociative and associative models becomes more recognisable at even
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Figure 4.22 Relation between Ago2 concentration and ICs, (revised models). A) For the
dissociative and B) the associative models, logarithmically-scaled ICs, the half maximal
inhibitory siRNA concentration after 24 h of knockdown, is plotted against logarithmically-
scaled Ago2 concentration. Basal target concentrations are 1,000 (black), 5,000 (blue) and

10,000 (green lines) copies/cell, respectively. This figure is based on Supplementary Figure
S4 of[40].

higher target levels of 10,000 copies/cell (Fig. 4.18E&F). RNA levels in mammalian cells
vary in magnitude between 1 and 10,000 copies/cell[212, 237] and thus, RNAi-based knock-
down should be able to adapt to several magnitudes of target mRINA levels, achieved by the

associative, but not the dissociative model.

4.5.9 Adaptation of the RNAi machinery against variations in target
mRNA level indicated by ICs, values

To further investigate the adaptiveness of the RNAi system to changes in target mRNA
levels, ICsq is investigated over several magnitudes of basal target mRNA levels. For the
dissociative (broken blue line) and the associative (solid black line) model, ICsg is plotted
against basal target mRNA concentration and compared to experimentally derived ICs (red
squares), compare Fig. 4.23. In the case of experiment, ICs is relatively constant over three
magnitudes of transfected target plasmid (0.15 - 150 ng/ul). This indicates a robustness
of the RNA1 machinery against a certain extent of variation in target mRNA level. For the
dissociative model, the ICs stays relatively constant for small target concentrations < 50
copies/cell, then increases rapidly. For the associative model, ICs slowly decreases with
increasing target concentration until it reaches its optimum between 200 and 300 copies/cell,

from where it starts increasing. All in all, the associative model can adapt more efficiently
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to variations in target mRNA level and thus resembles the experimental data closer than the

dissociative model.

4.5.10 Sensitivity of time-resolved target knockdown to model para-

meters

The sensitivity analysis describes how small deviations of a specific model parameter changes
the overall behaviour of the model. If a parameter is found not to affect the system consider-
ably, a rough guess of its value may be sufficient. However, if on the other hand a parameter
influences the behaviour of the model substantively, steps must be taken to determine its
value more accurately. Furthermore, sensitivity analysis gives information about which
parameters should be changed (or kept as constant as possible) to achieve a specific effect
(or avoid a specific effect). Additionally, the robustness of a system against external influ-
ences, i.e. transfection of siRNA, target levels, target metabolism etc. can be determined via
sensitivity analyses.

More precisely, sensitivity coefficients 81-" quantify the sensitivity of target knockdown effic-
acy to small parameter changes as a function of basal target concentration over a 24 h time
course. Investigated parameters are the kinetic rate constants, initial species concentrations

and cytoplasm volume. The results of the sensitivity analysis are visualised in Fig. 4.24.

The dissociative model is sensitive to changes in reaction rate constants of binary com-
plex formation (k;,, k_», k13, and k_3), as well as ternary complex formation (ky4, k_4,
kis, k_s, and k,¢). These parameters limit knockdown efficacy for low target concentra-
tions up to 1,000 or 2,000 copies/cell (for 30 and 300 siRNAs/cell, respectively). At higher
target concentrations the knockdown efficacy is practically zero (no target knock-down after
24 h); furthermore the sensitivities are zero for all parameters. Thus, physiological mean-

ingful changes of any reaction rate constant cannot lead to the rescue of knockdown efficacy.

The associative model is sensitive to changes in reaction rate constants of binary complex
formation (k;,, k_», k43, and k_3), as well as ternary complex formation (ky4, k_4, k.5,
k_s, and k,¢). These parameters limit knockdown efficacy for low target concentrations
up to 1,000 or 2,000 copies/cell (for 30 or 300 siRNAs/cell, respectively). At higher tar-
get concentrations the knockdown efficacy is practically zero (no target knock-down after
24 h). Thus, changes of any reaction rate constant will not lead to rescue of the knock-

down efficacy. Just before this breakdown in efficacy occurs, the system becomes sensitive
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Figure 4.23 IC5(: adaptation of the RNAi machinery against variations in target mRNA
level (revised models). A) The ration between ICs(, the half maximal inhibitory siRNA
concentration after 24 h of knockdown, of the dissociative and the associative model is
plotted against logarithmically-scaled basal target mRNA concentration. B) For the disso-
ciative (broken blue line) and the associative (black line) models, ICsq is plotted against
logarithmically-scaled basal target mRNA concentration. In the case of the experimental
data (red squares with S.D.), the ICsq is constant over four magnitudes of transfected target
plasmid (0.15 - 150 ng/ul). ICsq of the dissociative model increases rapidly with increasing
target0. For the associative model, ICsy slowly decreases with [target]y until it reaches its
optimum between 200 and 300 copies/cell. From there it rapidly increases. All in all, the
associative model can adapt more efficiently to variation in target mRINA level between 1
- 10,000 copies/cell and thus resembles the experimental data closer than the dissociative
model does. This figure is based on Figures 4 and 5 of[40].
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to k119 (i.e. product release), which can be identified as the limiting step / bottleneck for
knockdown efficacy when increasing target concentration. In comparing the two models,
it becomes evident the associative model is far less sensitive to changes of binary or tern-
ary complex formation at low target concentrations. In contrast to the dissociative model,
the knockdown efficacy is sustained even for higher target concentrations. Here, product
release does not become the limiting step. However, association/dissociation of target into
the reaction complex (i.e. quaternary complex formation; k411, k—_11, k+12, k—12 and k4 3)

eventually limits efficacy when the RNAi machinery becomes over-saturated with target.
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Figure 4.24 Sensitivity of time-resolved target knockdown (revised models). Sensit-
vity coefficients Sl-k quantify the sensitivity of a 24 h time course of target concentration
after siRNA-transfection of respectively 30 or 300 copies/cell to small parameter changes
Si (rows) as a function of basal target concentration Cy (columns). Investigated parameters
Si are cytoplasm volume V.y;, Ago2 concentration, kinetic rate constants k| to k416 and
k_1 to k_16. As defined in the colour bar, sensitivity coefficients are normalised between
[-1, 1] and colour-coded. Sensitivities are shown for the dissociative (upper row) and the
associative (lower row) model. This figure is based on Supplementary Figure S6 of[40].






Chapter 5

Results: Computational identification of
biologically functional non-hairpin

GC-helices in human Argonaute mRNA

Post-transcriptional regulation of gene expression and viral functions, i.e. regulation on the
level of gene-specific RNAs usually involve structural and functional domains of cellular
mRNAs or viral transcripts. For example, the TAR element of the human immunodefi-
ciency virus type 1 (HIV-1), a sequence stretch of approximately 60 nucleotides within
the 5'-region of genomic HIV-1 RNA as well as the 5'-region of viral mRNAs, adopt a
thermodynamically stable stem loop structure that is functionally involved in the regula-
tion of the elongation of transcription[203]. Furthermore, internal ribosomal entry sites,
mostly found in viral sequences, form defined structural elements that are necessary for
the translation of protein-coding transcripts (for a review see: [41, 165]. On the level
of cellular genes, an extra-stable local folding unit of the 5'-untranslated region (UTR)
of the murine p53 mRNA seems to be involved in the post-transcriptional control of its
level of protein translation[145]. In summary, structural and functional RNA modules, of-
ten located upstream of the translational initiation site or overlapping with it, are known to
be involved in the regulation of protein biosynthesis. Such regulatory local RNA folding
units may interact with modulators such as complementary RNA sequences in the case of
microRNA or antisense RNA-mediated control of gene expression (for review see:[148]),
RNA-binding proteins (for review see:[38]), or low-molecular metabolites like in the case
of ribo-switches[236]. In most cases regulatory RNA units are composed of consecutively
neighbouring sequence segments. Only in rare cases long-range interactions seem to be in-

volved in the formation of regulatory local structures like in IRES elements (e.g.[62, 181])
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or certain classes of catalytic RNA (e.g. [134]). Particularly simple regulatory modules
of limited length such as the TAR element, the RRE element, or packaging signals of the
human immunodeficiency virus type 1 (HIV-1) often adopt structural domains that coincide
with local minimal energy states[219, 233]. Studies on the biological role of Argonaute
(Ago) genes in human cells indicate a potential post-transcriptional control step involved in
regulating endogenous levels of the family member Ago2[132]. Further, preliminary exper-
imental studies (not part of this doctoral thesis) in our laboratory indicate specific binding
of RNA sequences surrounding the AUG start codon of the Ago2 mRNA with proteins in-
volved in RNA interference (Sczakiel, unpublished data). This inspired the analysis of the
5'-UTR of mRNA%2°2 with regard to potential RNA cis-elements. Initial computational
RNA folding studies indicated the existence of two helices formed by consecutive GC base
pairs within the 5-UTR and upstream coding sequences which seemed to represent a rare
case. Here it was studied whether the occurrence of GC-rich helices could be biologically
relevant. Systematic computational and phylogenetic studies as well as experimental evid-
ence in a mammalian cell system support the view that GC-rich duplex motifs formed by

distant RNA segments, unlike typical hairpin elements, could bear biological functions.

5.1 Characterisation of nucleotide composition of long-range

duplexes in mRNA

5.1.1 Helix definitions

In this part of the study the focus was on predicted duplex elements composed of distant
sequence segments and set definitions such that they could be distinguished from usual
hairpin motifs. Hence two prerequisites were defined: a minimal distance of 40 nt between
two helix strands and a minimal number of 16 bp within this inter-segment region to differ-
entiate helices from hairpin elements as it requires RNA structure at a position where a loop
is found in hairpin elements. First screens indicated that these conditions result in a very
small number of predicted long-range duplexes at a duplex length of greater than or equal
to 8 bp. It should be noted that the software tool created in this study also accepts any other
kind of duplex settings including (i) the base composition, (ii) different characteristics of
the inter-segment sequence which may be longer, shorter or adopt other structures, (iii) and
the number of consecutive base pairs included in the duplex of interest. For a more detailed

description see Table 5.1.
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Figure 5.1 Schematic depiction of mRNA sub-regions. A) Sub-regions of mRNA and B)
their nucleotide composition. This figure is based on Figures 1B&C of[39].

5.1.2 Search for GC-rich double helices

5.1.3 Region definition of mRNA

In this study, mRNAs were subdivided into three functional regions (see Fig. 5.1 A), the
5'-region which includes the 5'-UTR and 200 nt of the upstream coding sequences, the
remaining coding region (rCDS) which spans the remaining CDS, and the 3’-UTR.

5.1.4 Selection of human and non-human RNAs

Analyses were restricted to mRNAs with intact 5'-UTR, CDS, and 3/-UTR. Human se-
quences were chosen randomly from the databases. Furthermore, 10 sequences, coding for
members of the human Argonaute protein family were included. They can be subdivided
into five PIWI-like (PIWI1, PIWI2 transcript variant 1, PIWI2 transcript variant 2, PIWI3,
PIWI4) and five AGO-like (Agol, Ago2 , Ago3 transcript variant 1, Ago3 transcript vari-
ant 2 , Ago4) mRNAs[187]. In addition, 49 orthologous non-human Argonaute mRNAs
were investigated. The sequences originate from the 13 organisms Pan troglodytes, Canis
lupus familiaris, Bos taurus, Oryctolagus cuniculus, Drosophila melanogaster, Mus muscu-
lus, Rattus norvegicus, Gallus gallus, Macaca mulatta, Mustel aputorius furo, Sus scrofa,
Xenos puslaevis and Danio rerio. Many non-human sequences found in databases were
incomplete or labelled ’predicted’ to the time of this work and were thus excluded. 12 pre-
dicted Argonaute sequences from Pan troglodytes and one predicted sequence from Canis
lupus familiaris were included. Additionally, 28 non-coding RNA transcripts from Homo

sapiens and Mus musculus were investigated. A collection of random sequences was gen-
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erated by re-shuffling human mRNAs while conserving the nucleotide frequencies of their
5'-UTRs, CDS’s, and 3’-UTRs. All sequences used in this study are listed in appendix A,
p. 167.

5.1.5 Evolutionary conservation

During comparative analyses the structure of paralogs and orthologs of hAgo2 mRNA were
compared. Their duplex content was characterised with respect to (i) frequency, (ii) location
within RNA sequences, (iii) duplex length, (iv) nucleotide composition, and (v) structure of

inter-segment sequences.

5.2 Structural and functional analysis of Argonaute-class
mRNAs

5.2.1 Double helices composed of distant RNA segments

Although long RNA strands may be extensively folded, consecutively base-paired double
helices longer than 4 to 6 bp located outside of hairpin elements (including short helices
that are packed together in the overall architecture of RNA) occur rarely in resolved and
predicted folding units[17]. The occurrence of non-hairpin duplex elements including GC-
rich or AU-rich helices in a collection of human mRNA sequences was studied by using the
newly developed software tool. The collection of human RNA sequences was represent-
ative because the sequences were chosen randomly and include mRNA from transcription
factors, metabolic regulators, receptors, enzymes, ion channels, carrier proteins, glycol-
proteins, structural proteins, heat shock proteins as well as yet uncharacterised cDNA se-
quences. Firstly, sequences were retrieved (sequences are listed in appendix A, p. 167).
Then, secondary structure predictions were performed as described in Section 3.7.2, p. 47
using a window size of 800 nt and a step width of 20 nt. Finally, the results were screened
for duplex elements, i.e. helices according to the definitions described in Section 5.1.1,
p. 140. Human mRNAs vary in total length which is also true for their domains, i.e. the
5'-UTR, CDS, and 3’-UTR. To account for these variations in length, helix frequency per
100 nt was used as measuring unit. When non-hairpin duplexes composed of 8 or more con-
secutive base pairs were considered, a frequency of 1.774 duplexes per 100 nt was found
in the examined mRNA population. In 21 of the evaluated structures (32%) one or more

GC-helices were found. The overall GC-helix frequency was 0.01 helices / 100 nt. In com-
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parison, AU-helices occur at about the same frequency and were found in 23 of the scanned
structures (35%). In summary, the sequences analysed in this study showed an average
length of non-hairpin double helices of 9 +1.5 bp (S.D.). For GC-helices an average dis-
tance between the two complementary strand segments of 180 + 177 nt was observed. For
AU-helices this value was 231 4 181 nt and for all helices regardless of base composition
it was 327.63 £ 227 nt. These characteristics were similar between human and non-human
mRNAs. The highest degree of consistency at the inter-species comparison was seen in the
5'-region, which by itself is very rich in GC-helices (compare Section 5.2.3, p. 145). For
AU-helices this agreement was less pronounced. Non-coding RNA transcripts and shuffled
human mRNAs were taken as two separate control groups to test whether the abundance of
predicted GC- and AU-duplexes in the examined mRNA collection was non-random. No
GC-duplexes of 8 or more consecutive base pairs were found in any examined non-coding
RNA transcript. The GC-helix frequency in the shuffled mRNAs was 0.002 and thus lower
by a factor of 5 compared to the human mRNA population. In contrast, AU-duplexes were
more abundant in non-coding RNA compared to human mRNA, while their frequency in
shuffled mRNA sequences was in the same magnitude as in the mRNA population. Please

refer to Tables 5.2 and 5.3 for GC- and AU-duplex motifs, respectively.

5.2.2 Helix location within the mRNA sequence

Next it was analysed whether GC-helices are equally distributed along mRNA. mRNAs
were sub-divided into three domains (Fig. 5.1 A and Section 5.1.3, p. 142). The nucleotide
composition of these domains of the human mRNA sequences studied here is summarised in
Fig. 5.1 B. Systematic computational analyses of the human mRNA sequences and their pre-
dicted structures reveal that GC-helices predominantly occur within the 5'-region of mRNAs
(0.084 per 100 nt versus 0.006 in the rCDS and 0.002 in the 3’-UTR, respectively) while
AU-helix frequency is much lower and AU-helices predominantly occur within the 3’-UTR
(Fig. 5.3 A and B). The location of predicted GC-helices in relation to the start codon can
be found in Additional file 3. In contrast, the occurrence of duplex elements with mixed
base compositions seems to be more balanced between the three regions (1.738, 1.915 and
1.565 per 100 nt for 5'-region, rCDS, and 3’-UTR, respectively; Fig. 5.3 C). Replacing the
5'-region by 5’-UTR and hence rCDS by CDS (i.e. the complete coding region) does not
alter these figures substantially. The uneven distribution of GC- and AU-helices between the
three defined regions might be related to a certain extent to the base composition of these

regions (Fig. 5.1 B) but it seems to be unlikely that this fully explains the sharp differences
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of their local occurrence. To test this, GC- and AU-duplex motifs were searched for in ran-
domly shuffled RNA sequences. Here, GC-duplex frequencies were lower than found in the
mRNA population and their location within the three sequence domains was balanced in the
collection of shuffled mRNA. The preferred occurrence of GC duplexes in the 5’-region of
mRNAs was not observed in the case of shuffled mRNAs (Table 5.2). Also AU-duplexes
occurred in a balanced fashion within the three sequence domains in contrast to the mRNA
sequences, where AU-duplexes were preferably located in the 3’-UTR (Tabel 5.3). It should
be mentioned that the position of GC-rich helices did not coincide with CpG islands on the
level of chromosomal DNA. In the following the focus was on double helices predominantly

or exclusively composed of GC base pairs.

5.2.3 GC-helix abundance and gene family

Conserved RNA structure elements may be involved in biological functions[34]. Struc-
tural and related functional conservation[48, 81] can be supported by comparative analysis
between classes of genes and by studying evolutionary conservation. Here it became ob-
vious that GC-helices occur in the 5’-UTR regions of the three human AGO-like mRNAs
Agol, Ago2, and Ago4 while being completely absent in human PIWI-like mRNAs. This
finding is also true for other vertebrates studied here. Hence, the occurrence of GC-helices
and their location within the 5-UTR of mRNAs of the Argonaute gene family might be

biologically meaningful.

5.2.4 Phylogenetic analysis of GC-helices in Argonautes

The accumulation of GC-helices was further studied for orthologous Argonaute sequences.
This study was restricted to 49 sequences from 13 different organisms (sequences are listed
in Appendix A, p. 167) since many non-human sequences found in online databases were
not suited for this study because of limitations described in the Methods section. Out of
49 orthologous Argonaute sequences, 10 were GC-helix positive. The ten hits share two
criteria: they are of vertebrate origin and their gene class is AGO-like Argonautes: Bos
taurus Agol and Ago2 (two variants), Mus musculus Ago2 (two variants) and Ago4, Rat-
tus norvegicus Ago4, Pan troglodytes two Ago-like (Transcriptome Shotgun Assembly),
as well as, Gallus gallus Ago4. As there exist only few complete non-human Argonaute
mRNA sequence files, additionally 13 predicted sequences were evaluated. However, since
they were not determined experimentally, but are estimated from homologue sequences by

GNOMON, these results were separated from the rest: GC-helices were found in four out


http://www.ncbi.nlm.nih.gov/projects/genome/guide/gnomon.shtml
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Figure 5.2 Duplex motifs in RNA control libraries. The occurrence and nucleotide com-
position of long-range duplexes in RNA control libraries.
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RNA library 5'-region rCDS 3’-UTR
and sliding win sliding win sliding win
motif length (nts) (mfold2.3) | mfold3.4 sfold2.2 | (mfold2.3) | mfold3.4 sfold2.2 | (mfold2.3) | mfold3.4 | sfold2.2
human mRNA, n=12 | 0.01 (4) 0.01 (2) 0.01 (2) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
human mRNA, n=11 | 0.02 (9) 0.01 4) 0.01 (4) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
human mRNA, n=10 | 0.02 (9) 0.01 4) 0.01 (4) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
human mRNA, n=9 | 0.05(18) | 0.03 (10) 0.02 (8) 0.00 (1) 0.00 (1) 0.00 (1) 0(0) 0(0) 0(0)

human mRNA, n=8 | 0.1(37) | 0.07(28) | 0.06(20) | 0.01(13) | 0.00(7) | 0.00(6) | 0.00() | 0.00(1) | 0.00(1)
human mRNA, n=7 | 0.2(75) | 0.18(67) | 0.12(42) | 0.02(37) | 0.01(19) | 0.01(13) | 0.00(4) | 0.00(3) | 0.00(3)
human mRNA, n=6 | 0.48 (181) | 0.42 (159) | 0.25(91) | 0.08 (146) | 0.04 (70) | 0.03(51) | 0.02(22) | 0.01(9) | 0.01(9)
human mRNA, n=5 | 1.16 (438) | 1.04 (391) | 0.55 (197) | 0.34(591) | 0.13 (231) | 0.10 (167) | 0.13 (125) | 0.05(51) | 0.04 (34)

shuffled mRNA, n=9 | 0.00 (2) 0.00 (1) n/a 0(0) 0(0) n/a 0(0) 0(0) n/a
shuffled mRNA, n=8 | 0.01 (4) 0.01 (4) n/a 0.00 (1) 0.00 (1) n/a 0.00 (4) 0.00 (1) n/a
shuffled mRNA, n=7 | 0.02 (13) | 0.03 (20) n/a 0.01 (21) | 0.01 (13) n/a 0.02 (23) | 0.01 (10) n/a
shuffled mRNA, n=6 | 0.08 (60) | 0.09 (69) n/a 0.08 (122) | 0.04 (66) n/a 0.06 (81) | 0.03 (40) n/a
shuffled mRNA, n=5 | 0.36 (288) | 0.40 (321) n/a 0.37 (604) | 0.18 (289) n/a 0.31 (403) | 0.12 (151) n/a
RNA library complete sequence
and sliding win

motif length (nts) (mfold2.3) | mfold3.4 sfold2.2

non-coding, n=8 0 (0) 0 (0) 0 (0)

non-coding, n=7 0.00 (2) 0.00 (1) 0.00 (1)

non-coding, n=6 0.01 (23) | 0.02 (14 0.02 (7)

non-coding, n=5 0.05 (160) | 0.12(79) | 0.08 (24)

Table 5.2 Distribution of predicted RNA duplex motifs: GC-duplexes of various length.
RNA sequences were classified in five groups human Ago-like Argonautes, none-human Ar-
gonautes (Ago- and PIWI-like), human mRNAs, non-coding RNAs, and shuffled mRNAs
(for accession numbers of RNA sequences see Appendix Al). Each sequence (except for
non-coding RNAs) is sub-divided into three regions (i) 5‘-region (5°-UTR + 200 nt), (ii)
rCDS (remaining coding sequence), and (iii) 3‘-UTR (see also Figure 5.1B). Analysis of
secondary structure motif abundance is based on three secondary structure prediction ap-
proaches (i) sliding window (window size = 800 nt, step width = 20 nt, based on Mfold 2.3),
(ii) Mfold 3.4, and (iii) Sfold 2.2. Abundance of structural motifs is given in motifs per 100
nt. Numbers in brackets indicate absolute number of helices found in each group. Absolute
numbers are not directly comparable among the three approaches, since not all sequences
could be folded by Sfold 2.2 and Mfold 3.4, respectively, due to length restrictions for input
sequences on the online servers. Parameters for definition of the GC-duplex motif (> n un-

interrupted GC pairs) is provided in Table 5.1. This table is based on Supplementary Table
S4 (p. S10) of[39].
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Figure 5.3 Duplex motifs as a function of mRNA region. The occurrence and nucleotide
composition of long-range duplexes as a function of mRNA region. This figure is based on
Figures 1D-F of[39].

RNA library 5'-region rCDS 3’-UTR
and sliding win sliding win sliding win
motif length (nts) (mfold2.3) | mfold3.4 | sfold2.2 | (mfold2.3) | mfold3.4 | sfold2.2 | (mfold2.3) | mfold3.4 sfold2.2
human mRNA, n=12 0 (0) 0.01(3) | 0.01(4) 0(0) 0.00 (4) 0(0) 0.01 (10) 0.01 (9) 0.00 (4)
human mRNA, n=11 0 (0) 0.01 (3) | 0.01(4) 0(0) 0.00 (4) 0(0) 0.01 (15) | 0.01(13) | 0.01(7)
human mRNA, n=10 0 (0) 0.01 (3) | 0.01(4) 0(0) 0.00 (4) 0(0) 0.02 (20) | 0.02(18) | 0.01(11)
human mRNA, n=9 0.00 (1) 0.01 (3) | 0.01(4) 0(0) 0.00 (4) 0(0) 0.03 (35) | 0.03(29) | 0.02(17)
human mRNA, n=8 0.01(2) 0.02(7) | 0.01(5) 0(0) 0.00 (7) 0(0) 0.06 (71) | 0.05(50) | 0.03 (28)
human mRNA, n=7 0.01 (3) 0.02(9) | 0.01(5) | 0.01(10) | 0.01(19) | 0.00(4) | 0.13(157) | 0.08(92) | 0.05 (48)
human mRNA, n=6 | 0.03 (12) | 0.05(20) | 0.03 (10) | 0.03 (44) | 0.03 (50) | 0.01 (18) | 0.31(378) | 0.16 (180) | 0.10 (98)
human mRNA, n=5 | 0.10(38) | 0.18 (68) | 0.06 (23) | 0.10(174) | 0.11 (189) | 0.04 (63) | 0.71 (860) | 0.33 (370) | 0.19 (182)
shuffled mRNA, n=9 0 (0) 0(0) n/a 0(0) 0(0) n/a 0(0) 0(0) n/a
shuffled mRNA, n=8 0 (0) 0.01 (4) n/a 0.00 (2) 0.00 (1) n/a 0(0) 0(0) n/a
shuffled mRNA, n=7 | 0.00 (3) | 0.01 (10) n/a 0.01 (10) 0.00 (2) n/a 0(l) 0(0) n/a
shuffled mRNA, n=6 | 0.02 (14) | 0.03 (21) n/a 0.03 (41) | 0.01 (15) n/a 0.01 (13) 0.01 (9) n/a
shuffled mRNA, n=5 | 0.11 (84) | 0.10(82) n/a 0.12 (201) | 0.04 (69) n/a 0.09 (117) | 0.04 (48) n/a
RNA library complete sequence
and sliding win
motif length (nts) (mfold2.3) | mfold3.4 | sfold2.2
non-coding, n= 12 0.00 (4) 0.00 (2) | 0.00 (1)
non-coding, n=9 0.01 (34) 0.01(6) | 0.01(2)
non-coding, n= 8 0.03 (104) | 0.03(20) | 0.01(3)
non-coding, n=7 0.09 (281) | 0.07 (43) | 0.01 (4)
non-coding, n=6 0.22 (281) | 0.13(87) | 0.04 (11)
non-coding, n=5 0.60 (1955) | 0.41 (270) | 0.10 (32)

Table 5.3 Distribution of predicted RNA duplex motifs: AU-duplexes of various length.
Please refer to the legend of Table 5.2 for more information. Parameters for definition of the
AU-duplex motif (> n uninterrupted AU pairs) is provided in Table 5.1. This table is based
on Supplementary Table S4 (p. S11) of[39].
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5’-region rCDS 3’-UTR
RNA library sliding win sliding win sliding win
(mfold2.3) | mfold3.4 | sfold2.2 | (mfold2.3) | mfold3.4 | sfold2.2 | (mfold2.3) | mfold3.4 | sfold2.2
hAgo 0.24 (7) 0.07 (2) | 0.03(1) 0(0) 0.01 (1) | 0.01 (1) 0(0) 0(0) 0(0)
none-h Argo 0.07 (12) | 0.06 (11) | 0.04 (7) 0.00 (2) 0(0) 0(0) 0(0) 0(0) 0(0)
human mRNA | 0.08 (32) | 0.06 (23) | 0.04 (15) | 0.01(11) | 0.00(6) | 0.00(5) | 0.00(2) 0.00 (1) | 0.00 (1)
shuffled mRNA | 0.01 (4) 0.01 4) n/a 0.00 (1) 0.00 (1) n/a 0.00 (4) 0.00 (1) n/a
complete sequence
RNA library sliding win
(mfold2.3) | mfold3.4 | sfold2.2
non-coding 0(0) 0(0) 0(0)

Table 5.4 Distribution of predicted RNA motif GC-helix. RNA sequences were classified
in five groups human Ago-like Argonautes, none-human Argonautes (Ago- and PIWI-like),
human mRNAs, non-coding RNAs, and shuffled mRNAs (for accession numbers of RNA
sequences see Appendix Al). Each sequence (except for non-coding RNAs) is sub-divided
into three regions (i) 5‘-region (5°-UTR + 200 nt), (ii) rCDS (remaining coding sequence),
and (iii) 3‘-UTR (see also Figure 5.1B). Analysis of secondary structure motif abundance
is based on three secondary structure prediction approaches (i) sliding window (window
size = 800 nt, step width = 20 nt, based on Mfold 2.3), (ii) Mfold 3.4, and (iii) Sfold 2.2.
Abundance of structural motifs is given in motifs per 100 nt. Numbers in brackets indicate
absolute number of helices found in each group. Absolute numbers are not directly compar-
able among the three approaches, since not all sequences could be folded by Sfold 2.2 and
Mfold 3.4, respectively, due to length restrictions for input sequences on the online servers.
Parameters for definition of the GC helix motif (> 8 uninterrupted GC pairs, strand distance
> 40 nt, > 16 nt in linker region involved in base pairings) is provided in Table 5.1. This
table is based on Supplementary Table S4 (p. S9) of[39].

5'-region rCDS 3.UTR
RNA library | sliding win sliding win sliding win
(mfold2.3) | mfold3.4 | sfold2.2 | (mfold2.3) | mfold3.4 | sfold2.2 | (mfold2.3) | mfold3.4 | sfold2.2
hAgo 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0.03 (3) 0.02(2) | 0.03(2)

none-h Argo | 0.01(1) | 0.01(1) | 0.01(1) | 0.00(3) | 0.00(5 | 0.004) | 0.02(10) | 0.00(2) | 0.00(6)
human mRNA | 0.00(1) | 0.02(7) | 0015 | 00 0.00(7) | 0@ | 0.03@35) |0.03@33)|0.02017)

shuffled mRNA 0 (0) 0.01 (4) n/a 0.00 (1) 0 (0) n/a 0 (0) 0 (0) n/a
complete sequence
RNA library sliding win
(mfold2.3) | mfold3.4 | sfold2.2
non-coding 0.02 (70) | 0.03 (15) | 0.02(2)

Table 5.5 Distribution of predicted RNA motif AU-helix. Please refer to the legend of
Table 5.4 for more information. Parameters for the definition of the AU helix motif (> 8
uninterrupted AU pairs, strand distance > 40 nt, > 16 nt in linker region involved in base
pairings) is provided in Table 5.1. This table is based on Supplementary Table S4 (p. S9)
of[39].
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of twelve 5'-UTR-regions of predicted AGO-like mRNAs in Pan troglodytes.

5.2.5 Compatibility with different secondary structure prediction al-

gorithms

Compared to the sliding window approach based on Mfold 2.3 (as described in Section 3.7,
p. 46), Sfold 2.2 and Mfold 3.4 predicted 48% and 31% less GC-duplex motifs of 8 or more
base pairs in the investigated mRNA collection, respectively (compare Tabel 5.2). However,
the qualitative finding of this study was independent of the kind of secondary structure
prediction algorithm. All three compared algorithms predicted that 5’-regions of human and
non-human mRNAs are rich in GC-helices compared to rCDS’s and 3/-UTRs, while AU-
helices are most abundant in 3’-UTRs. In technical terms, on a PC with Intel®Core™?2 Duo
CPU E4500 @ 2.20GHz and 2 GB memory, running openSUSE 11.1 (x86 64) folding of
a 9,000 nt sequence by Mfold 2.3 took on average 206 min. At a step width of 20 nt and
a window size of 800 nt a RNA sequence of 9,000 nucleotides in length means 410 Mfold
runs which all together took about 60 min on the same system. This is in accordance with
the fact that the underlying Mfold algorithm computes in time proportional to the cube of the
folded length of sequence. Because Mfold 3.4 and Sfold 2.2 computations were performed
on online servers, their performance was not directly comparable. However, in the case of
Sfold 2.2 calculations of 9,000 nt sequences took several days (mainly due to queuing) and

in the case of Mfold 3.4 the results were ready for download after 43 min.

5.2.6 A GC-helix within the 5'-region of the Ago2 mRNA is involved in

post-transcriptional regulation of Ago2 gene expression

In order to shed more light on the existence of the predicted GC-helix in the 5’-region of
mRNA48%2 the local folding potential was calculated. This parameter is often correlated
with biologically functional and stably folded domains [98, 109]. The local energy min-
imum related to the folding unit between positions 20 and 80 (minimum at position 20 at a
window size of 60 nt; (Fig. 5.4) coincided with the 9 bp GC-helix depicted in Fig. 5.5. In
order to test whether this GC-helix could be involved in regulation of Ago2 gene expression
in functional terms, the role of this element in gene expression studies in cell culture as well
as its characteristics in protein binding studies in vitro was analysed. The conduct of the
following experiments were performed by experimental collaborators under the guidance of

Georg Sczakiel and were not part of this doctoral study:
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Firstly, recombinant plasmids containing the Renilla luciferase open reading frame fused
downstream to the 5'-UTR of mRNAA¢°? termed pRL-Ago2 were cloned (Fig. 5.6 A). For
control purposes parental luciferase-harbouring plasmid (pRL) as well as a variant of pRL-
Ago?2 in which the GC-helices were destroyed by nucleotide exchanges was used (please
see Appendix A, p. 172 for the plasmids’ sequences). In order to study possible effects of
over-expression of Ago2 on the 5'-UTRA4°2-Juciferase fusion mRNA, either of these plas-
mids was co-transfected together with an established recombinant eukaryotic expression
plasmid for Ago2 (pNHA-Ago2;[166]) into human ECV304 cells. The results shown in
Fig. 5.6 B indicate an up-regulation of the 5'-UTRA%°%-luciferase fusion by over-expressed
Ago?2 protein but not in the presence of the parental Ago2-negative plasmid termed ’contr’.
Further, basal expression levels of the 5'-UTRA%°%-luciferase fusion seem to be higher than
the levels of controls (Fig. 5.6 B, open bars) which is consistent, to a certain extent, with the
assumption that endogenous Ago2 increases its expression via the 5-UTRA8¢2,

Secondly, binding studies were performed with HeLa cell extracts and in vitro transcribed
Ago2 mRNA 5’-sequences or control sequences depicted in Fig. 5.6 A. These studies in-
dicated increased binding of proteins involved in RNA interference including Ago2 itself
with the GC-duplex-containing sequences of Ago2 mRNA. This observation was consistent
with the involvement of the GC-duplex of the Ago2 mRNA in post-transcriptional control

of gene expression (Sczakiel, unpublished data).
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Figure 5.4 The folding potential of the 5'-region of 5'-UTRA%°2, This figure is based on

Figure 2A of[39].
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Figure 5.5 The predicted 2D structure of the 5¢-region of 5'-UTRA3°2 suggests two GC-
helices. This figure is based on Figure 2B of[39].
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Figure 5.6 Experimental evidence for the involvement of the GC-helix in the regulation
of Ago2 gene expression: a luciferase gene containing the mRNAA4%°% 5'-region (pRL-
Ago2) but not a derivative mutated in the GC-helix region nor the wt gene indicate Ago2-
mediated up-regulation of gene expression (NHA-Ago2). This figure is based on Figure

2C&D of[39].



Chapter 6
Discussion and Conclusion

This study was able provided insights into RNAI in the human system by applying theor-
etical methods to aspects of the biological process that is otherwise inaccessible to experi-

mental methods and whose behaviour is hard to predict, i.e. due to nonlinear effects.

6.1 In sillico modelling of RNAi in Homo sapiens

The aim of this study was to fit different models of the siRNA-mediated RNAI in the human
system to empirical observations, but also to extrapolate the system’s behaviour beyond the
given data to situations that are difficult to access experimentally. The evaluation of the
models provided an understanding of the RNAi process beyond what is already known from

direct investigation of the experimental observations.

Experimental findings that were performed both before and in parallel to this doctoral study

(with reciprocal influences), suggest that:

» gene silencing rates can be increased by raising the target mRNA concentration, at

constant siRNA and hAgo2 concentrations[40]

* the release of the target RNA strand within a RISC bound RNA duplex is accelerated
in the presence of free target RNA[32].

On basis of these findings, the following questions were raised and addressed by this mod-

elling study:
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* Isit possible to model the adaptability of RNAi-based knockdown to changes in target
mRNA level over several magnitudes?

* How can target mRNA-dependent enhancement of gene silencing via RNAi in Homo

sapiens be explained mechanistically?

* What implications does an associative strand-exchange mechanism (between products

and next target mRNA) have in terms of RNAI efficacy?
* How does target mRNA metabolism influence RNAI efficacy?
* How does siRNA delivery influence RNAI efficacy?

* What implications does an associative strand-exchange mechanism have on the de-

velopment and the application of RNAi-based diagnostics and therapeutics?

In order to answer these questions three differential equation-based modelling approaches
with different levels of complexities and slightly different focuses were built, analysed and
evaluated in order to investigate target mRNA-dependent enhancement of gene silencing via
associative strand-exchange versus the dissociative strand-exchange mechanism suggested

by current literature.

6.1.1 A minimalistic modelling approach to the dissociative and as-
sociative strand-exchange pathways of single-stranded siRNA-
mediated RNAI

At first, two minimalistic mathematical models of siRNA-mediated RNA1 were created in
order to link empirical observations with a quantitative and time-resolved understanding of
the RNAi mechanism. Mechanistic details like RISC co-factors, passenger strand cleavage
and passenger strand release during complex formation involving ds siRNA, target mRNA
metabolism and siRNA transfection were omitted intentionally. This was decided to re-
duce model complexity to a minimum while keeping the focus on the modelling objective,
i.e. the strand-exchange mechanism between products and next target mRNA. Some of these
aspects were included in later modelling approaches (i.e. passenger strand cleavage and pas-
senger strand release during complex formation involving ds siRNA) or modelled separately
(i.e. target mRNA metabolism and siRNA update). Other details were determined as essen-
tial but had to be omitted due to a lack of reliable physical data in this first modelling

approach: rate laws and rate constants of the modelled biochemical reaction steps. These
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limitation were already faced by other previously discussed RNAi modelling studies.

It was not possible to find a set of unambiguous values for the missing and inaccurate model
parameters by parameter estimation methods due to combinatorial explosion as there were
still too many unknown quantities in the system.

Nonetheless, the minimalistic modelling approach was able to describe the available time-
resolved experimental data (i.e. knockdown of target gene activity for different initial sSiIRNA
concentrations) fairly well. Time course simulations were identified as a meaningful tool to
ensure comparability between experiments and models. The time courses based on the asso-
ciative model resembled the experimental data (cytosol-extract-based RNA1 assay) slightly
closer than those based on the dissociative model. The difference was not enough to to
fully settle whether the associative or the dissociative strand-exchange mechanism better

describes the experimental observations.

6.1.2 An extension towards ds siRNA and accounting for target siRNA

affinity modes

The structures of the previously discussed minimalistic models were revised aiming at bet-
ter accounting for the RNAI process in vivo and a more homogenous parametrisation: no
precise reaction rate constants existed for the kinetics of ss siRNA binding; while siRNA
binding was identified as one of the main reasons for an insufficient adaptation of the onset
of the simulation trajectories to the time courses of the validation data sets. This led to an
extension of the RNA1 models towards ds siRNA binding with more homogenous of model
parameters from one single source.

Two different sets of parameters were available: one for a biological active siRNA with high
target affinity, as well as, one for an inactive siRNA with low target affinity. An analysis
of the degrees of freedom of the available model parameters suggested that the formation
of collision complexes between RNA molecules and RISC was diffusion controlled (as op-
posed to the involvement of an active delivery mechanisms). Thus, the introduction of
further complexity into the modelling regarding collision complex formation could be omit-
ted.

Besides time course simulations, the ICsy (which is very common for describing inhibit-
ory potentials of biological or biochemical functions) was identified as a key quantitative
measure for comparability between experiments and models. The associative model had a
higher robustness against variations in target mRNA concentration in a range between 1 and
30,000 mRNA/cell. Especially at higher concentrations (i.e. above 2,000 mRNA/cell), the
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associative model showed more realistic target knockdown rates within physiological mean-
ingful parameter ranges compared to the dissociative model. This led to the conclusion that
the associative model explained experimentally observed robustness (or adaptation) of the

RNAIi machinery to higher levels of target mRNA.

6.1.3 An excursion towards target mRNA metabolism

The previously discussed modelling approaches excluded the effects of RNA metabolism
on the knockout efficacy of RNAIi, while transcription of eukaryotic genes is fairly complic-
ated. Two important modi of RNA metabolism were identified and modelled: transcriptional
bursting (long periods of inactivity are followed by bursts or pulses of activity) and homo-
genous synthesis.

The previous modelling approaches assumed a target mRNA concentration without taking
into account synthesis or degradation rates. Thus, they were compatible to the knockdown
of mRNA species that are transcribed in a burst of activity and of those that are homogen-
eously transcribed but have a relatively high half time of several hours (i.e. housekeeping
transcripts). To be able to work against homogeneously transcribed transcription factor
transcripts with low half times, the RNAi machinery required a fast and efficient turnover

mechanism compatible with the associative pathway but not with the dissociative one.

6.1.4 An excursion towards the delivery of small RNAs

It was possible to model the cellular uptake of siRNAs via the common transfection reagent
Lipofectamine 2000 with an analytical solvable two step reaction kinetic. The first step ac-
counted for the Liposome-facilitated spacial re-location of siRNA between an extracellular
compartment (i.e. the transfection buffer) and the cell; a second step had to be added, pos-
sibly accounting for the re-location of, so-called, trapped siRNA to freely available siRNA
in the cell’s cytoplasm. From here, diffusion controlled collision between RNA and RISC

components could occur as described in the RNAi models.

6.1.5 Drawing up an interim balance

Both of the above discussed RNAi modelling approaches indicated an associative strand
exchange mechanism between the cleaved product fragments and the next incoming target

mRNA over an dissociative mechanism:
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* as opposed to the dissociative mode, the associative model was able to describe the
experimentally observed time courses of the siRNA-mediated knockdown of target

gene activity for different initial siRNA concentrations

* the associative model described experimentally determined concentration response
curves and ICs values of the siRNA-mediated knockdown of target gene activity at a

range of different basal target mRNA concentrations

* the associative model was able to explain the knockdown of target mRNA of a wide

range in half times and of different modi of RNA metabolism

* an extension of the model was able to account for siRNA uptake via the common

transfection reagent Lipofectamine 2000.

However, the simulations based on the model approaches described the experimental valid-
ation data only qualitatively, not quantitatively: the associative model provided meaningful
results within physically meaningful parameter ranges; while in the case of the dissociat-
ive model, this was not possible. Several shortcoming of the modelling approaches were
identified:

* due to the lack of reliable parameter values, the models remained minimalistic in
terms of model structure, e.g. intermediate steps of binding between RNA and RISC
and the release of cleaved RNA product had to be omitted due to the lack of available

parameters

* the available parameters lacked in precision and were a patchwork from heterogen-

€ous sources.

6.1.6 A refined model based on precise quantitative data

New, precise quantitative kinetic data of the fundamental reaction steps of siRNA-mediated
RNAI provided the opportunity for a revised modelling approach of the two competing
models of the dissociative and associative strand-exchange pathways, respectively. Like the
first minimalistic modelling approach, the new approach targeted single-stranded siRNA-
mediated RNAi. Mechanistic details like RISC co-factors, passenger strand cleavage and
passenger strand release during complex formation involving ds siRNA, target mRNA meta-
bolism and siRNA transfection were omitted to reduce model complexity. However, the new

quantitative kinetic data made it possible to precisely model rate laws and parametrise rate
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constants of the biochemical reaction steps of the core RNAi process. All reaction step were
modelled as elementary reaction equilibrium with either a pair of forward and backward re-
action rate constants, or in the case of quasi-irreversible steps, with a forward rate constant.
Thus, the new modelling approach overcame the main shortcomings of previous attempts
(both, from literature and the ones build during this study).

The associative model involved the association of an incoming ligand with the enzyme /
substrate complex before departure of the leaving ligand. The model was based on the the-
ory that Ago?2 facilitates the interaction of an incoming target strand with a ternary Ago2 /
guide / product complex by a strand invasion mechanism. The model accounted for the ex-
perimentally observed target concentration-dependent acceleration of product release from
the ternary complex and was compatible with the high multiple turnover rate of RNAi-based
gene silencing in living cells. The experimental observations for all available sets of in vivo

validation and evaluation experiments, i.e.

* time courses and t; , (the time of half-maximal knockdown) of the siRNA-mediated

knockdown of target gene activity for different initial sSiRNA concentrations

* concentration response curves and ICsg values of the siRNA-mediated knockdown of

target gene activity at different basal target mRNA concentrations

could be entirely explained by the associative model parametrised with independently meas-
ured in vitro reaction rate constants, physiological species concentrations and cellular reac-
tions volumes. In contrast, the model structure of the dissociative pathway was not suffi-
ciently consistent with the experimental data and the fit could not be improved by merely
adjusting the model parameters within physiological meaningful boundaries. For example,
a 20-fold increase of the measured in vitro constants of the two most sensitive parameters
(i.e. product release III k1o and target binding III k), which may be justified by facilit-
ating cofactors in vivo, was not sufficient to solve the discrepancy. The discrepancy to the

dissociative model was observed for all experimental validation data sets.

6.1.7 Implications of an associative strand exchange mechanism

Thus, this study proposes an associative mechanism of target recognition by a duplex of
guide and cleaved target possibly facilitated by Ago2 during siRNA-mediated RNAi. The
associative mechanism is further compatible with Wiinsche & Sczakiel 2005[226] who
quantified the increased kinetics of RNA-RNA recognition that occurred via facilitated

strand exchange between RNA duplexes and target RNA strands in vitro.
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To further verify the general validity of these findings, it is proposed to parametrise the two
competing models for further combinations of target mRNA and effector RNA (i.e. siRNA).
The pairs should be selected in a way that guarantees a wide variation of knockdown effic-
acy, binding site sequences and structural motifs compared to the already investigated pair
of target mRNA and siRNA.

siRNAs typically induce strong silencing by cleavage of their perfectly complementary tar-
gets, whereas miRNAs are guided by imperfect complementarity to induce deadenylation
and subsequent degradation. Nevertheless, the mode of action is similar enough to suggest
that an associative mechanism could also be present in miRNA-mediated RNAi. This would

haven e.g. implications on the use of biomarker miRNAs.

6.1.8 Effect of an associative pathway on target selection

siRNA-base drugs are currently being developed and tested for therapeutic use, e.g. for
lowering LDL-cholesterol by targeting of APOB and PCSKO9 transcripts[51, 239]. Ques-
tions like What determines the cellular response to an siRNA or miRNA stimulus? and How
can the response be quantitatively predicted? are sought after for improved and secure ap-
plication of RNAI in medicine and life science. It is generally known that properties of the
sequence match between effector RNA (i.e. siRNA or miRNA) and target mRNA, i.e. the
binding site, are essential for RNAi efficacy. However, there are many examples, where
the RNA binding site is not sufficient to describe or predict RNAi knockdown[59, 101].
Recently, further factors which possibly effect the outcome of RNAI efficacy were iden-
tified, such as: RNA-binding protein (RBP) motifs[83], local RNA sequence context[59],
local RNA structure[93], cellular target RNA levels[3] and the basic dynamics of target
turnover[104]. However, even after taking these factors into account Larsson et al.[104]
still failed to quantitatively predict RNAI efficacy by several magnitudes. The acceptance
of the associative RNAi model and its analyses strongly support Larsson’s et al.[104] hy-
pothesis that siRNA efficacy is correlated with target transcript stability. However, Larsson
et al.[104] used a phenomenological model to account for additive and synergistic (none-

linear) interactions between mRNA turnover by RNAi and other mRNA decay.

The approach of this doctoral study took a step forward and explicitly modelled the underly-
ing biochemical reaction steps of RNAi1 (which was impossible with a mere phenomenolo-
gical approach). The comparison between simulations and experimental ICsq studies, sug-

gested that the associative mechanism interlinks target mRNA loading with acceleration of
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unloading of cleaved product fragments from RISC at multiple turnover conditions. These
data also showed that the abundance of target mRNA rather than the single factor of a syn-
ergistic combination of RNAi-unrelated target mRNA turnover (as suggested by Larsson’s
et al. model[104]) was a, previously unknown, key factor of RNA1i efficacy. Nonetheless,
the experimental part of Larsson’s et al.[104] (i.e. the analysis of qPCR-based siRNA val-
idation data) supports the findings that a high abundance of target transcript leads to an
improved RNAI efficacy of the target, while it is in contradiction with the results of two
earlier studies[65, 101]. Furthermore, this implies that low abundant mRNAs are more res-
istant to siRNA off-target effects. For typical target concentrations of 1-100 copies/cell the
increase of siRNA concentration from 30 to 300 siRNAs/cell does not lead to better target
knock-down efficacy. Thus, it is not worth risking off-target and the side effects associated

with transfection of high amounts of siRNA (compare: sensitivity analysis, 4.24.

6.1.9 Overcoming transcriptional bursting related resistance of microbes

and cancer cells

Transcriptional bursting, as opposed to homogenous transcription, accounts for the high
variability, also called transcriptional noise, in gene expression between isogenic cell po-
pulations[174]. This transcriptional variability in turn can have a great (negative) impact
on cellular behaviour[26]. On the other die, in certain contexts, e.g. the survival of mi-
crobes under rapidly changing stressful conditions, a wide transcriptional variability may
be essential[118]. For cells to be able to deal with transcriptional bursting, it must be pos-
sible to selectively and efficiently regulate transcriptional variability by post-transcriptional
processes such as RNAi. Variability also impacts the effectiveness of medical treatment
against antigens; e.g. bacterial resistance against antibiotics may be caused by non-genetic
transcriptional variability [113, 146]. Likewise, variability in gene expression may contrib-
ute to the resistance of sub-populations of cancer cells to chemotherapy[196]. Robustness
of RNAI drugs to transcriptional variation as shown in ICsy experiments and modelled by
the associative model, may be an important property of RNAi-based drugs to overcome

microbial and cancer cell resistance to conventional drugs.

6.1.10 Suggestions for target-prediction

Recent work has suggested a move away from the binary distinction between mRNAs as
targets or non-targets, towards a more context-dependent and quantitative approach([3, 168,

193]. The work in this thesis supports this view, in which an mRNA in one cell type may
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not be targetable by an effector RNA to the same extent in another cell type, depending
on the turnover rate of the mRNA in that context. This suggests that a new generation of
bioinformatics tools for siRNA (and in the broad sense, miRNA) target prediction should
be developed using system-level properties such as target transcript abundance and mRNA

decay rates.

6.2 Conclusion of the computational identification of bio-
logically functional non-hairpin GC-helices in human
Argonaute mRNA

The regulation of the level of gene-specific RNAs, both in post-transcriptional gene regula-
tion and in viral functions, usually comprises structural elements and functional domains of
cellular mRNAs or viral transcripts, respectively. Structural and functional RNA modules,
located upstream of the translational initiation site (e.g. the AUG codon) or overlapping with
it, are often involved in the regulation of protein biosynthesis. Such regulatory local RNA
folding elements may interact with modulators such as complementary RNA sequences in
the case of microRNA or antisense RNA-mediated control of gene expression (for review
see:[148]), RNA-binding proteins (for review see:[38]), or low-molecular metabolites like
in the case of ribo-switches[236]. In most cases regulatory RNA elements are composed of
consecutively neighbouring sequence segments. Only in rare cases long-range interactions
seem to be involved in the formation of regulatory local structures like in IRES elements
(e.g. [63, 181]) or certain classes of catalytic RNA (e.g. [134]). Particularly simple regu-
latory modules of limited length such as the TAR element, the RRE element, or packaging
signals of the human immunodeficiency virus type 1 (HIV-1) often adopt structural domains

that coincide with local minimal energy states[219, 233].

This doctoral study provides a software tool to identify consecutive RNA structural ele-
ments at any given length and nucleotide content formed by distant sequences taking into
account local minimal energy states. The tool was used to investigate duplex RNA elements
formed by distantly located segments (> 40 nt) of complementary RNA in a non-hairpin
fashion. Within a systematic study, coding and non-coding RNA sequences of human and
non-human origin were investigated and analysed. The software tool identified structural
elements with prominent non-hairpin GC-helices within the 5'-region of mRNAs of many

different species. Phylogenetic analyses indicated an evolutionary conserved occurrence of
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these structural elements in mRNAs transcribed from certain genes and gene families, in-

cluding the Argonaute genes of vertebrates.

Studies on the biological role of Argonaute genes in human cells indicate a potential post-
transcriptional control step involved in regulating endogenous levels of the family member
Ago2[132]. Further, preliminary experimental studies by George Sczakiel indicated spe-
cific binding of RNA sequences surrounding the AUG start codon of the Ago2 mRNA with
proteins involved in RNA interference[39].

It was proposed that these evolutionarily conserved structural elements have a potential bio-
logical role. In conjunction with the above mentioned preliminary biological observations,
validation experiments indicated a potential role of GC-rich helices for post-transcriptional

regulatory processes within the mRNAs of the Argonaute gene family.

A short excursion towards binding site prediction in nucleotide sequences

The here developed software tool can be furthermore helpful to generally predict structural
elements in nucleotide sequences possibly preventing or facilitating nucleotide binding sites.
It has been successfully applied to diagnostic tools such as PCR (e.g. [103]) and the predic-
tion of miRNA binding sites (e.g. [66]).

6.3 Linking of identification of an associative RNAi path-
way and identification of new regulatory elements in
Ago2 mRNA

Based on the revised modelling approach, the associative model of siRNA-mediated RNAi
described the experimentally observed time courses, ICso values and t, /, values reasonably
well. It was possible to select the newly proposed associative strand exchange mechanism
over the hitherto well-established theory of a dissociative mechanism. Numerical simula-
tions and analysis of the model gave new insides into the kinetics of the RNAi pathway in
the human system. Nonetheless, a discrepancy remains: all simulations showed a slightly
lower RNAI efficacy compared to the experimental observations. This hints towards the

existence of yet-to-be-identified details within (or connected to) the RNAi mechanism.
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In the second part of the thesis, a bioinformatics tool for RNA motif prediction was de-
veloped and successfully used (in complementation to experimental methods) for the iden-
tification of biologically functional non-hairpin GC-helices in human Argonaute mRNA.
These findings further showed that RNA1 in the human systems is a complex process with

many unknowns yet to discover.

Both of the two very different computational approaches to RNAi showed that additional
unravelling of the RNAI process is essential before a safe introduction of RNAi-based thera-
peutics will become possible. Furthermore, the development of RNAi-based diagnostics and
other tools will largely benefit from a better understanding of the mechanistic details. The
two studies also showed that computational methods can be a useful complement to experi-
mental biology for the investigation of RNAI.

There are several conceivable advancements for the here developed RNAi modelling ap-
proaches and bioinformatics tool for RNA motif prediction. The incorporation of sequential
and structural information about RNA binding sites in combination with the newly proposed
associative model could bring kinetic modelling of RNAI to a whole new level. This would
be a further step towards a more precise prediction of RNAI efficacy as it would account for
concrete pairs of target mRNA and effector RNA (i.e. siRNA or miRNA). It is proposed to
select a set of target-effector pairs with a wide range of different knockdown efficacies and
diverse features (with an affect on RNAI efficacy), such as: binding sites, local sequence
context[59], local RNA structure[93], RNA-binding protein (RBP) motifs[83], total target
abundance[3] and basic dynamics of target turnover[104]. In this context, the bioinform-
atics tool for for structural motif prediction (developed within the scope of this doctoral
study) is recommended as it provides flexible configuration options and the option for pro-
cess automatisation. Experimental set-ups for the determination of knockdown efficacies
by time courses, ICso values and t; , values are described e.g. in Dornseifer et al.[40]. To
be able to computationally model the RNAi knockdown of a target-effector pair, new in
vitro-derived pre-steady state kinetic data is needed for parametrisation of the biochemical
reaction steps. The experiments necessary to extract the data are fairly time consuming[32].
To avoid this bottleneck, it is proposed to replace the experimental calculation of some of
the rate constants with predicted values from machine learning approaches. It is suggested
to either predict parameters that are experimentally expensive to measure or those that were
identified as less influential on the simulation outcome (see: sensitivity analysis results,
pp- 134), i.e. where inaccuracies are tolerable. If successful, the new combination of kinetic

modelling and machine learning will be able to predict time-resolved RNAI efficacy based
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on targeted mRNA and effector RNA.



Appendix A

Computational identification of
biologically functional non-hairpin
GC-helices in human Argonaute mRNA

— additional data

A.1 RNA sequences used in this study

name origin Accession
ACINI1 Homo sapiens NM_014977
ALDH7A1 Homo sapiens NM_001182
API5-1 Homo sapiens NM_001142930
APP-2 Homo sapiens NM_201413
ATG13-1 Homo sapiens NM_001142673
ATP1A1-4 Homo sapiens NM_001160234
BCKDHB-1 Homo sapiens NM_ 183050
CCDC120-1 Homo sapiens NM_001163321
CD36 Homo sapiens NM_001001548
COL2A-1 Homo sapiens NM_001844
CcCOx2 Homo sapiens NM_000963
CP-2 Homo sapiens NM_000096
DMD-Dp71b Homo sapiens NM_004016

Continued on next page
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Table A.1 — continued from previous page
name origin Accession
E2F3 Homo sapiens NM_001949
FGFR2-7 Homo sapiens NM_001144917
FGFR3-1 Homo sapiens NM_000142
GRM7-1 Homo sapiens NM_000844
HIV-1-pNLA4-3 Homo sapiens AF324493
ICAM1 Homo sapiens P05362 (SwissProt)
INPPL1 Homo sapiens NM_001567
IPO13 Homo sapiens NM_014652
ITG-AV Homo sapiens NM_002210
ITGAM Homo sapiens NM_001145808
KTN-1 Homo sapiens NM_182926
LAMB3 Homo sapiens NM 001127641
LAP2-1 Homo sapiens NM_001017963
MANEA Homo sapiens BC146671
MYB Homo sapiens M15024
MYB-1 Homo sapiens NM_001130173
NHES Homo sapiens NM_004594
NOS3-1 Homo sapiens NM_ 000603
PGY1 Homo sapiens M14758
PLOD2 Homo sapiens NM_000935
PRKDI1 Homo sapiens NM_002742
PROM1 Homo sapiens NM_006017
RADA4-2 Homo sapiens NM_001145769
RAF1 Homo sapiens XM _051583
Rab11-FIP3-1 Homo sapiens NM_014700
SAPS3-2 Homo sapiens NM_001164163
SCIDA-2 Homo sapiens NM_022487
SELE Homo sapiens XM_057446
SLC25A12 Homo sapiens NM_003705
SLC6A4 Homo sapiens NM+AF8-001045
SLCO2B1 Homo sapiens NM_007256
STOX?2 Homo sapiens BC146754

Continued on next page
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Table A.1 — continued from previous page
name origin Accession
STXBP1-1 Homo sapiens NM_003165
TCF7L2-2 Homo sapiens NM_030756
TIAL1-2 Homo sapiens NM_001033925
TMEM?2 Homo sapiens BC146780
TRP3-1 Homo sapiens NM_001130698
UNC51-2 Homo sapiens NM_001142610
USP19 Homo sapiens BC146752
WES1 Homo sapiens NM_001145853
ZNF828 Homo sapiens NM_ 001164145
hAGO1 (EIF2C1) Homo sapiens NM_012199
hAGO2 (EIF2C2) Homo sapiens NM_012154
hAGO3-1 (EIF2C3) Homo sapiens NM_024852
hAGO3-2 (EIF2C3) Homo sapiens NM_177422
hAGO4 (EIF2C4) Homo sapiens NM_017629
phosphodiesterase Homo sapiens L20971

PIWIL1 (HIWI) Homo sapiens NM_004764
PIWIL2-1 (HILI-1) Homo sapiens NM_001135721
PIWIL2-2 (HILI-2) Homo sapiens NM_018068
PIWIL3 Homo sapiens NM_001008496
PIWIL4 (HIWI2, HILI2) Homo sapiens NM_152431
DCRI1-T1 Homo sapiens NM_030621
DCR1-T2 Homo sapiens NM_ 177438
RNASEN-T1 Homo sapiens NM_013235
RNASEN-T?2 Homo sapiens NM_001100412
TP53-ISOA-T1 Homo sapiens NM_000546

TP53-ISOA-T2
TP53-ISOB-T3
TP53-ISOC-T4
TP53-ISOD-T5
TP53-ISOE-T6
TP53-ISOF-T7
Ago3b

Homo sapiens
Homo sapiens
Homo sapiens
Homo sapiens
Homo sapiens
Homo sapiens

Danio rerio

NM_001126112
NM_001126114
NM_001126113
NM_001126115
NM_001126116
NM_001126117
NM_001160028

Continued on next page
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Table A.1 — continued from previous page
name origin Accession
Ago4d Danio rerio NM_001252559
ZILI (piwil2) Danio rerio NM_001080199
ZIWI (piwill) Danio rerio NM_183338
AGO1 Rattus norvegicus NM_001191765
AGO2 Rattus norvegicus NM_001271193
AGO4 (Eif2c4) Rattus norvegicus NM_001106686
PIWILL1 Rattus norvegicus NM_001108853
PIWIL2-2 Rattus norvegicus NM_001107276
MILI (PIWIL2) Mus musculus NM_021308
MIWI (PIWIL]1) Mus musculus NM_021311
MIWI2 (PIWIL4) Mus musculus AB258534
AGOlclone (Eif2cl, melF2C1) Mus musculus AKO080954
AGO?2 (Eif2c2, GERp95, melF2C2) | Mus musculus NM_153178
AGO?2 (alternative) Mus musculus NM_153178
AGO3 (Eif2c3) Mus musculus NM_153402
AGO4 (Eif2c4) Mus musculus NM_153177
AGO1-A Drosophila melanogaster | NM_166020
AGOI1-B Drosophila melanogaster | NM_079010
AGO1-C Drosophila melanogaster | NM_166021
AGO2-B Drosophila melanogaster | NM_140518
AGO2-C Drosophila melanogaster | NM_168626
AGO2-C (alternative) Drosophila melanogaster | NM_168626
AGO2-E Drosophila melanogaster | NM_001274953
AGO3-D Drosophila melanogaster | NM_001043162
AGO3-E Drosophila melanogaster | NM_001043164
AGO3-F Drosophila melanogaster | NM_001043163
AUB-A Drosophila melanogaster | NM_057386
AUB-C Drosophila melanogaster | NM_001103674
PIWI Drosophila melanogaster | NM_057527
AGO2 (EIF2C2) Oryctolagus cuniculus NM_001082710
PIWIL2-t2 (predicted) Canis lupus familiaris XM_853957

EIF2C1-t1 (predicted)

Pan troglodytes

XM_001167251

Continued on next page
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EIF2C1-t2 (predicted)
EIF2C1-t3 (predicted)
EIF2C1-t4 (predicted)
EIF2C2-t1 (predicted)
EIF2C2-t2 (predicted)
EIF2C3-t1 (predicted)
EIF2C3-t2 (predicted)
EIF2C3-t3 (predicted)
EIF2C3-t4 (predicted)
EIF2C3-t5 (predicted)
Agol

Ago2

Ago?2 (alternative)
Ago3

Ago4

Ago (TSA)

Ago (TSA)

Ago?2

Agol

Ago2

Ago3

Ago4

Agol (clone)

Ago2

Ago?2 (clone)

Agod

HOTAIR-t1
HOTAIR-t2

JPX

PCAT1

Pan troglodytes
Pan troglodytes
Pan troglodytes
Pan troglodytes
Pan troglodytes
Pan troglodytes
Pan troglodytes
Pan troglodytes
Pan troglodytes
Pan troglodytes
Bos taurus

Bos taurus

Bos taurus
Gallus gallus
Gallus gallus
Macaca mulatta
Mustela putorius furo
Oryctolagus cuniculus
Sus scrofa

Sus scrofa

Sus scrofa

Sus scrofa
Xenopus laevis
Xenopus laevis
Xenopus laevis
Xenopus laevis
Homo sapiens
Homo sapiens
Homo sapiens

Homo sapiens

XM_001167312
XM_001167349
XM_513312
XM_001142838
XM_001143064
XM_001167488
XM_001167515
XM_001167651
XM_001167675
XM_524664
NM_001205899
BT030588
BC151491
NM_001030900
NM_001039276
JU475189
JP009204
NM_001082710
NM_001194976
NM_001194975
NM_001194974
NM_001194972
BC077863
NM_001093519
CR761661
NM_001096105
NR_047517
NR_003716
NR_024582
HQ605084

Table A.1 — continued from previous page
name origin Accession

Ago (TSA) Pan troglodytes GABF01000457

Ago (TSA) Pan troglodytes GABD01009992

Continued on next page
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Table A.1 — continued from previous page
name origin Accession
PCAT14 Homo sapiens HQ605085
SUZ12 Homo sapiens NM_015355
Tsix Homo sapiens NR_003255
lincRNA-ST8SIA3 Homo sapiens HQ315778
intergenic non-protein coding RNA | Homo sapiens JX088243
Tsix Homo sapiens NR_002844
Xist-tl Mus musculus NR_001463
Xist-t2 Mus musculus NR_001570
AIR-t1 Mus musculus DQ275619
AIR-t1b Mus musculus DQ275617
AIR-t2 Mus musculus DQ275620
AIR-t3 Mus musculus DQ275618
lgf2r-as-Airn-tl Mus musculus NR_027773
lgf2r-as-Airn-t2 Mus musculus NR_027772
lgf2r-as-Airn-t3 Mus musculus DQ220013
lgf2r-as-Airn-t4 Mus musculus NR_027784
lgf2r-as-tl Mus musculus DQ220010
1gf2r-as-t2 Mus musculus DQ220012
lgf2r-as-t3 Mus musculus NR_002853
lgf2r-as-t4 Mus musculus DQ220011
lgf2r-as-t5 Mus musculus DQ220014
Xist Bos taurus NR_001464

Table A.1 List of mRNA sequences included in RNA motif prediction. mRNAs with
intact 3’-UTR, CDS, and 5-UTR. 77 sequences of human origin, including 10 mRNAs
of the Argonaute gene family. 49 sequences of non-human Argonaute orthologs plus 13
predicted ones. 28 non-coding RNA transcripts from Homo sapiens and Mus musculus. All
sequences are freely available online at resources like EMBL Nucleotide Sequence Database
and NCBI Nucleotide. This Table is based on Supplementary Table S2B of[39].

A.2 Sequences of pRL-Ago2 and pRL-Ago2" plasmids

This Section is based on Supplementary Table S3 of[39].


http://www.ebi.ac.uk/embl/
http://www.ncbi.nlm.nih.gov/nuccore

Plasmid pRL-AGO2 (pRL-CMV_Ago2_244_ SacI_NhelI)
AGATCTTCAATATTGGCCATTAGCCATATTATTCATTGGTTATATAGCATAAATCAATATTGGCTATTGGCCATTGCATA
CGTTGTATCTATATCATAATATGTACATTTATATTGGCTCATGTCCAATATGACCGCCATGTTGGCATTGATTATTGACT
AGTTATTAATAGTAATCAATTACGGGGTCATTAGTTCATAGCCCATATATGGAGTTCCGCGTTACATAACTTACGGTAAA
TGGCCCGCCTGGCTGACCGCCCAACGACCCCCGCCCATTGACGTCAATAATGACGTATGTTCCCATAGTAACGCCAATAG
GGACTTTCCATTGACGTCAATGGGTGGAGTATTTACGGTAAACTGCCCACTTGGCAGTACATCAAGTGTATCATATGCCA
AGTCCGCCCCCTATTGACGTCAATGACGGTAAATGGCCCGCCTGGCATTATGCCCAGTACATGACCTTACGGGACTTTCC
TACTTGGCAGTACATCTACGTATTAGTCATCGCTATTACCATGGTGATGCGGTTTTGGCAGTACACCAATGGGCGTGGAT
AGCGGTTTGACTCACGGGGATTTCCAAGTCTCCACCCCATTGACGTCAATGGGAGTTTGTTTTGGCACCAAAATCAACGG
GACTTTCCAAAATGTCGTAATAACCCCGCCCCGTTGACGCAAATGGGCGGTAGGCGTGTACGGTGGGAGGTC
CAgagctcGTTTAGTGAACC

ttgctagcCACCATGACTTCGAAAGTTTATGATCCAGA
ACAAAGGAAACGGATGATAACTGGTCCGCAGTGGTGGGCCAGATGTAAACAAATGAATGTTCTTGATTCATTTATTAATT
ATTATGATTCAGAAAAACATGCAGAAAATGCTGTTATTTTTTTACATGGTAACGCGGCCTCTTCTTATTTATGGCGACAT
GTTGTGCCACATATTGAGCCAGTAGCGCGGTGTATTATACCAGACCTTATTGGTATGGGCAAATCAGGCAAATCTGGTAA
TGGTTCTTATAGGTTACTTGATCATTACAAATATCTTACTGCATGGTTTGAACTTCTTAATTTACCAAAGAAGATCATTT
TTGTCGGCCATGATTGGGGTGCTTGTTTGGCATTTCATTATAGCTATGAGCATCAAGATAAGATCAAAGCAATAGTTCAC
GCTGAAAGTGTAGTAGATGTGATTGAATCATGGGATGAATGGCCTGATATTGAAGAAGATATTGCGTTGATCAAATCTGA
AGAAGGAGAAAAAATGGTTTTGGAGAATAACTTCTTCGTGGAAACCATGTTGCCATCAAAAATCATGAGAAAGTTAGAAC
CAGAAGAATTTGCAGCATATCTTGAACCATTCAAAGAGAAAGGTGAAGTTCGTCGTCCAACATTATCATGGCCTCGTGAA
ATCCCGTTAGTAAAAGGTGGTAAACCTGACGTTGTACAAATTGTTAGGAATTATAATGCTTATCTACGTGCAAGTGATGA
TTTACCAAAAATGTTTATTGAATCGGACCCAGGATTCTTTTCCAATGCTATTGTTGAAGGTGCCAAGAAGTTTCCTAATA
CTGAATTTGTCAAAGTAAAAGGTCTTCATTTTTCGCAAGAAGATGCACCTGATGAAATGGGAAAATATATCAAATCGTTC
GTTGAGCGAGTTCTCAAAAATGAACAATAATTCTAGAGCGGCCGCTTCGAGCAGACATGATAAGATACATTGATGAGTTT
GGACAAACCACAACTAGAATGCAGTGAAAAAAATGCTTTATTTGTGAAATTTGTGATGCTATTGCTTTATTTGTAACCAT
TATAAGCTGCAATAAACAAGTTAACAACAACAATTGCATTCATTTTATGTTTCAGGTTCAGGGGGAGGTGTGGGAGGTTT
TTTAAAGCAAGTAAAACCTCTACAAATGTGGTAAAATCGATAAGGATCCAGGTGGCACTTTTCGGGGAAATGTGCGCGGA
ACCCCTATTTGTTTATTTTTCTAAATACATTCAAATATGTATCCGCTCATGAGACAATAACCCTGATAAATGCTTCAATA
ATATTGAAAAAGGAAGAGTATGAGTATTCAACATTTCCGTGTCGCCCTTATTCCCTTTTTTGCGGCATTTTGCCTTCCTG
TTTTTGCTCACCCAGAAACGCTGGTGAAAGTAAAAGATGCTGAAGATCAGTTGGGTGCACGAGTGGGTTACATCGAACTG
GATCTCAACAGCGGTAAGATCCTTGAGAGTTTTCGCCCCGAAGAACGTTTTCCAATGATGAGCACTTTTAAAGTTCTGCT
ATGTGGCGCGGTATTATCCCGTATTGACGCCGGGCAAGAGCAACTCGGTCGCCGCATACACTATTCTCAGAATGACTTGG
TTGAGTACTCACCAGTCACAGAAAAGCATCTTACGGATGGCATGACAGTAAGAGAATTATGCAGTGCTGCCATAACCATG
AGTGATAACACTGCGGCCAACTTACTTCTGACAACGATCGGAGGACCGAAGGAGCTAACCGCTTTTTTGCACAACATGGG
GGATCATGTAACTCGCCTTGATCGTTGGGAACCGGAGCTGAATGAAGCCATACCAAACGACGAGCGTGACACCACGATGC
CTGTAGCAATGGCAACAACGTTGCGCAAACTATTAACTGGCGAACTACTTACTCTAGCTTCCCGGCAACAATTAATAGAC
TGGATGGAGGCGGATAAAGTTGCAGGACCACTTCTGCGCTCGGCCCTTCCGGCTGGCTGGTTTATTGCTGATAAATCTGG
AGCCGGTGAGCGTGGGTCTCGCGGTATCATTGCAGCACTGGGGCCAGATGGTAAGCCCTCCCGTATCGTAGTTATCTACA
CGACGGGGAGTCAGGCAACTATGGATGAACGAAATAGACAGATCGCTGAGATAGGTGCCTCACTGATTAAGCATTGGTAA
CTGTCAGACCAAGTTTACTCATATATACTTTAGATTGATTTAAAACTTCATTTTTAATTTAAAAGGATCTAGGTGAAGAT
CCTTTTTGATAATCTCATGACCAAAATCCCTTAACGTGAGTTTTCGTTCCACTGAGCGTCAGACCCCGTAGAAAAGATCA
AAGGATCTTCTTGAGATCCTTTTTTTCTGCGCGTAATCTGCTGCTTGCAAACAAAAAAACCACCGCTACCAGCGGTGGTT
TGTTTGCCGGATCAAGAGCTACCAACTCTTTTTCCGAAGGTAACTGGCTTCAGCAGAGCGCAGATACCAAATACTGTTCT
TCTAGTGTAGCCGTAGTTAGGCCACCACTTCAAGAACTCTGTAGCACCGCCTACATACCTCGCTCTGCTAATCCTGTTAC
CAGTGGCTGCTGCCAGTGGCGATAAGTCGTGTCTTACCGGGTTGGACTCAAGACGATAGTTACCGGATAAGGCGCAGCGG
TCGGGCTGAACGGGGGGTTCGTGCACACAGCCCAGCTTGGAGCGAACGACCTACACCGAACTGAGATACCTACAGCGTGA
GCTATGAGAAAGCGCCACGCTTCCCGAAGGGAGAAAGGCGGACAGGTATCCGGTAAGCGGCAGGGTCGGAACAGGAGAGC
GCACGAGGGAGCTTCCAGGGGGAAACGCCTGGTATCTTTATAGTCCTGTCGGGTTTCGCCACCTCTGACTTGAGCGTCGA
TTTTTGTGATGCTCGTCAGGGGGGCGGAGCCTATGGAAAAACGCCAGCAACGCGGCCTTTTTACGGTTCCTGGCCTTTTG
CTGGCCTTTTGCTCACATGGCTCGAC




Plasmid pRL-AGO2mut (pRL-CMV_Ago2_244_SacI_NheI_D1/D2mut)
AGATCTTCAATATTGGCCATTAGCCATATTATTCATTGGTTATATAGCATAAATCAATATTGGCTATTGGCCATTGCATA
CGTTGTATCTATATCATAATATGTACATTTATATTGGCTCATGTCCAATATGACCGCCATGTTGGCATTGATTATTGACT
AGTTATTAATAGTAATCAATTACGGGGTCATTAGTTCATAGCCCATATATGGAGTTCCGCGTTACATAACTTACGGTAAA
TGGCCCGCCTGGCTGACCGCCCAACGACCCCCGCCCATTGACGTCAATAATGACGTATGTTCCCATAGTAACGCCAATAG
GGACTTTCCATTGACGTCAATGGGTGGAGTATTTACGGTAAACTGCCCACTTGGCAGTACATCAAGTGTATCATATGCCA
AGTCCGCCCCCTATTGACGTCAATGACGGTAAATGGCCCGCCTGGCATTATGCCCAGTACATGACCTTACGGGACTTTCC
TACTTGGCAGTACATCTACGTATTAGTCATCGCTATTACCATGGTGATGCGGTTTTGGCAGTACACCAATGGGCGTGGAT
AGCGGTTTGACTCACGGGGATTTCCAAGTCTCCACCCCATTGACGTCAATGGGAGTTTGTTTTGGCACCAAAATCAACGG
GACTTTCCAAAATGTCGTAATAACCCCGCCCCGTTGACGCAAATGGGCGGTAGGCGTGTACGGTGGGAGGTC]
CAgagctcGTTTAGTGAACC

ttgctagcCACCATGACTTCGAAAGTTTATGATCCAGA
ACAAAGGAAACGGATGATAACTGGTCCGCAGTGGTGGGCCAGATGTAAACAAATGAATGTTCTTGATTCATTTATTAATT
ATTATGATTCAGAAAAACATGCAGAAAATGCTGTTATTTTTTTACATGGTAACGCGGCCTCTTCTTATTTATGGCGACAT
GTTGTGCCACATATTGAGCCAGTAGCGCGGTGTATTATACCAGACCTTATTGGTATGGGCAAATCAGGCAAATCTGGTAA
TGGTTCTTATAGGTTACTTGATCATTACAAATATCTTACTGCATGGTTTGAACTTCTTAATTTACCAAAGAAGATCATTT
TTGTCGGCCATGATTGGGGTGCTTGTTTGGCATTTCATTATAGCTATGAGCATCAAGATAAGATCAAAGCAATAGTTCAC
GCTGAAAGTGTAGTAGATGTGATTGAATCATGGGATGAATGGCCTGATATTGAAGAAGATATTGCGTTGATCAAATCTGA
AGAAGGAGAAAAAATGGTTTTGGAGAATAACTTCTTCGTGGAAACCATGTTGCCATCAAAAATCATGAGAAAGTTAGAAC
CAGAAGAATTTGCAGCATATCTTGAACCATTCAAAGAGAAAGGTGAAGTTCGTCGTCCAACATTATCATGGCCTCGTGAA
ATCCCGTTAGTAAAAGGTGGTAAACCTGACGTTGTACAAATTGTTAGGAATTATAATGCTTATCTACGTGCAAGTGATGA
TTTACCAAAAATGTTTATTGAATCGGACCCAGGATTCTTTTCCAATGCTATTGTTGAAGGTGCCAAGAAGTTTCCTAATA
CTGAATTTGTCAAAGTAAAAGGTCTTCATTTTTCGCAAGAAGATGCACCTGATGAAATGGGAAAATATATCAAATCGTTC
GTTGAGCGAGTTCTCAAAAATGAACAATAATTCTAGAGCGGCCGCTTCGAGCAGACATGATAAGATACATTGATGAGTTT
GGACAAACCACAACTAGAATGCAGTGAAAAAAATGCTTTATTTGTGAAATTTGTGATGCTATTGCTTTATTTGTAACCAT
TATAAGCTGCAATAAACAAGTTAACAACAACAATTGCATTCATTTTATGTTTCAGGTTCAGGGGGAGGTGTGGGAGGTTT
TTTAAAGCAAGTAAAACCTCTACAAATGTGGTAAAATCGATAAGGATCCAGGTGGCACTTTTCGGGGAAATGTGCGCGGA
ACCCCTATTTGTTTATTTTTCTAAATACATTCAAATATGTATCCGCTCATGAGACAATAACCCTGATAAATGCTTCAATA
ATATTGAAAAAGGAAGAGTATGAGTATTCAACATTTCCGTGTCGCCCTTATTCCCTTTTTTGCGGCATTTTGCCTTCCTG
TTTTTGCTCACCCAGAAACGCTGGTGAAAGTAAAAGATGCTGAAGATCAGTTGGGTGCACGAGTGGGTTACATCGAACTG
GATCTCAACAGCGGTAAGATCCTTGAGAGTTTTCGCCCCGAAGAACGTTTTCCAATGATGAGCACTTTTAAAGTTCTGCT
ATGTGGCGCGGTATTATCCCGTATTGACGCCGGGCAAGAGCAACTCGGTCGCCGCATACACTATTCTCAGAATGACTTGG
TTGAGTACTCACCAGTCACAGAAAAGCATCTTACGGATGGCATGACAGTAAGAGAATTATGCAGTGCTGCCATAACCATG
AGTGATAACACTGCGGCCAACTTACTTCTGACAACGATCGGAGGACCGAAGGAGCTAACCGCTTTTTTGCACAACATGGG
GGATCATGTAACTCGCCTTGATCGTTGGGAACCGGAGCTGAATGAAGCCATACCAAACGACGAGCGTGACACCACGATGC
CTGTAGCAATGGCAACAACGTTGCGCAAACTATTAACTGGCGAACTACTTACTCTAGCTTCCCGGCAACAATTAATAGAC
TGGATGGAGGCGGATAAAGTTGCAGGACCACTTCTGCGCTCGGCCCTTCCGGCTGGCTGGTTTATTGCTGATAAATCTGG
AGCCGGTGAGCGTGGGTCTCGCGGTATCATTGCAGCACTGGGGCCAGATGGTAAGCCCTCCCGTATCGTAGTTATCTACA
CGACGGGGAGTCAGGCAACTATGGATGAACGAAATAGACAGATCGCTGAGATAGGTGCCTCACTGATTAAGCATTGGTAA
CTGTCAGACCAAGTTTACTCATATATACTTTAGATTGATTTAAAACTTCATTTTTAATTTAAAAGGATCTAGGTGAAGAT
CCTTTTTGATAATCTCATGACCAAAATCCCTTAACGTGAGTTTTCGTTCCACTGAGCGTCAGACCCCGTAGAAAAGATCA
AAGGATCTTCTTGAGATCCTTTTTTTCTGCGCGTAATCTGCTGCTTGCAAACAAAAAAACCACCGCTACCAGCGGTGGTT
TGTTTGCCGGATCAAGAGCTACCAACTCTTTTTCCGAAGGTAACTGGCTTCAGCAGAGCGCAGATACCAAATACTGTTCT
TCTAGTGTAGCCGTAGTTAGGCCACCACTTCAAGAACTCTGTAGCACCGCCTACATACCTCGCTCTGCTAATCCTGTTAC
CAGTGGCTGCTGCCAGTGGCGATAAGTCGTGTCTTACCGGGTTGGACTCAAGACGATAGTTACCGGATAAGGCGCAGCGG
TCGGGCTGAACGGGGGGTTCGTGCACACAGCCCAGCTTGGAGCGAACGACCTACACCGAACTGAGATACCTACAGCGTGA
GCTATGAGAAAGCGCCACGCTTCCCGAAGGGAGAAAGGCGGACAGGTATCCGGTAAGCGGCAGGGTCGGAACAGGAGAGC
GCACGAGGGAGCTTCCAGGGGGAAACGCCTGGTATCTTTATAGTCCTGTCGGGTTTCGCCACCTCTGACTTGAGCGTCGA
TTTTTGTGATGCTCGTCAGGGGGGCGGAGCCTATGGAAAAACGCCAGCAACGCGGCCTTTTTACGGTTCCTGGCCTTTTG
CTGGCCTTTTGCTCACATGGCTCGAC

colour coding: blue......ccveeeeeeeeens CMV promoter
TATA-Box / start of transcription for CMV
lowercase underlined... cloning site SacI/NheI

UPPERCASE UNDELINED.... sequence primer

Ago2 (244nt)
mutations Ago2
red background, white. .|:\i[eRFNe[e}]

yellow background...... ORF Renilla-Luciferase
glycin linker




Appendix B

Nomenclature

2D
3D

3/

5/
AGO
Ago2
APOB
asON
asso
AT
AUG
BDF
bp

C
cDNA
CDS
CMV
COPASI
CPU
crtl
CTAB
cyt

d

diss

two-dimensional

three-dimensional

three prime: DNA or RNA strand tail end
five prime: DNA or RNA strand head end
Argonaute

Argonaute 2

apolipo protein B

antisense oligonucleotide

associative

adenine-thymine Watson-Crick base pair
the most common start codon

backwards differential formula

base pair

concentration

complementary DNA

coding sequence, the coding region of a gene
Human cytomegalovirus

Complex Pathway Simulator

central processing unit

control

cetyltrimethylammonium bromide
cytoplasm

day(s)

dissociative
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Nomenclature

DNA
ds

ECV
e.g.

EGFP
Fig.
GA
GB
GC
GHz

hAgo
HDD
HelLa
HIV
ICso
ICAM
ie.
IRES

kcal
LDL
LF

log
LSODA
LU

MCA
n/a

min
miRNA

desoxyribonucleic acids
double-stranded

sensitivity coefficient

an endothelial cell line

for example

equation

enhanced green fluorescent protein
figure

Genetic algorithm

giga byte

guanine-cytosine Watson-Crick base pair
giga hertz

hour(s)

human Argonaute

hard disk drive

an immortal cell line

human immunodeficiency viruses
half maximal inhibitory concentration
intercellular adhesion molecule

that is to say

internal ribosomal entry site

half-time

reaction rate constant

kilo calories

low-density lipoprotein
Lipofectamine

decimal logarithm

livermore solver for ordinary differential equations
lower—upper (decomposition or factorization)
meter(s)

Mole

metabolic control analysis

not applicable

minute(s)

microRNA
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MHz
um
uM

ul
mRNA

mut

NO

ng
nm
NCBI
nM
nt(s)
ODE
pS3

PAZ
PCR
PCSK9
PDE
PDF
piRNA
PIWI
pl

pp.
PRAXIS
PTGS
qPCR
RAM
RBP
rCDS
RISC
RL
RLU
RMSD

mega hertz

micro meter(s)

micro Mole

micro litre

messenger RNA

mutation

natural numbers

natural numbers and zero

nano gram

nano meter(s)

National Center for Biotechnology Information
nano Mole

nucleotide(s)

ordinary differential equation
tumor protein 53

page

PIWI, AGO and Zwille (domain)
polymerase chain reaction
proprotein convertase subtilisin/kexin type 9
partial differential equations
probability density function
piwi-interacting RNA

P-element induced wimpy testis
pico litre

pages

PRincipal Axis (algorithm)
post-transcriptional gene silencing
quantitative polymerase chain reaction
random-access memory
RNA-binding protein

remaining coding region
RNA-induced-silencing-complex
renilla luciferase

relative light unit

root-mean-square deviation
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Nomenclature

RNA
RNAIi
RNAs
RRE

SD

SS

si

sil
si2b
siRNA
siSCR
shRNA
SSA
ti2
TAR
ULTD
UTR

wt

ribonucleic acid

RNA interference

ribonucleic acids

(HIV-1) Rev response element
second(s)

standard deviation

single-stranded

small interfering

a small interfering RNA

a small interfering RNA

small interfering RNA

a small interfering RNA

short hairpin RNA

stochastic simulation algorithm
time of half-maximal target knockdown
trans-activation response (element)
unlimited

untranslated region

volume

wild type
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