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Abstract

This thesis presents the development of a computational framework for designing syn-
thetic RNAs that mimic the structural and functional properties of natural flaviviral
exoribonuclease-resistant RNAs (xrRNAs). The design focuses on two subgroups of or-
thoflaviviruses: mosquito-borne flaviviruses (MBFV) and tick-borne flaviviruses (TBFV),
with an emphasis on achieving 5’-3’ exoribonuclease 1 (Xrnl) resistance. The computa-
tional model was built using the Infrared framework and combined sequence constraints
with structural scaffolds to replicate critical elements such as pseudoknots and the unique
ring-like tertiary structure required for resistance. Through iterative refinement, the
model successfully generated synthetic sequences that demonstrated strong similarity to
natural xrRNAs in both secondary and tertiary structure analyses. In particular, the
MBFV-based model produced sequences that exhibited resistance to Xrnl, validated by
experimental testing, while the TBFV-based model showed only partial success. This
study demonstrates the possibility of computationally designing RNA sequences with
specific resistance properties. Future work aims to integrate synthetic xrRNAs into
functional riboswitches, paving the way for innovative applications in synthetic biology.
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Kurzfassung

Diese Arbeit prasentiert die Entwicklung eines computergestiitzten Modells fiir das Design
synthetischer RNAs, die die strukturellen und funktionellen Eigenschaften natiirlicher
flaviviraler exoribonuklease-resistenter RNAs (xtRNAs) imitieren. Der Fokus des Designs
liegt auf zwei Untergruppen des Orthoflavivirus: Mosquito-borne Flavivirus (MBFV)
und Tick-borne Flavivirus (TBFV), wobei der Schwerpunkt auf der Erreichung der 5’-
3’-Exoribonuklease 1 (XRN1)-Resistenz liegt. Das Modell wurde unter Verwendung des
Frameworks Infrared erstellt und kombiniert Sequenzbeschriankungen mit strukturellen
Vorgaben, um kritische Elemente wie Pseudoknoten und die einzigartige ringartige Ter-
tiarstruktur zu reproduzieren, die fiir die Resistenz erforderlich sind. Durch iteratives
Verfeinern konnte das Modell erfolgreich synthetische Sequenzen generieren, die sowohl in
der Sekundii- als auch in der Tertifirstrukturanalyse eine starke Ahnlichkeit zu natiirlichen
xrRNAs aufwiesen. Insbesondere erzeugte das MBFV-basierte Modell Sequenzen, welche
eine durch experimentelle Tests validierte Resistenz gegen Xrnl zeigten, wiahrend das
TBFV-basierte Modell nur teilweise erfolgreich war. Diese Studie demonstriert die Mog-
lichkeit, RNA-Sequenzen mit spezifischen Resistenzeigenschaften rechnerisch zu entwerfen.
Zukiinftige Arbeiten kdnnten die Integration von synthetischen xrRNAs in funktionale
Riboswitches anstreben und so den Weg fiir innovative Anwendungen in der synthetischen
Biologie ebnen.
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1. Introduction

1.1. Motivation and Research Problem

[Ribonucleic acid (RNA) plays a critical role in cellular processes, with its structural

versatility enabling diverse biological functions. Among these, exoribonuclease-resistant]

IRNA (xrRNA)|represent a unique class of RNA structures capable of resisting degradation

by certain exoribonucleases such as |5’-3’ exoribonuclease 1 (Xrnl)] These structures

are often associated with the virus genus Orthoflaviviruses, as many members of this
group contain one or more xrRNA elements within their genomes. The study of flaviviral
xrRNAs provides significant insight into their structural and functional mechanisms.

Understanding the mechanisms underlying xrRNA structures opens the possibility of
creating artificial RNA elements that exhibit resistance to exoribonuclease while being
able to incorporate additional structural or sequence-specific features. The design and
manipulation of synthetic xrRNAs could enable numerous applications, ranging from the
use as novel tools in synthetic biology and RNA biochemistry to the study of essential
features of xrRNA functionality.

Despite their intriguing properties and potential applications, xrRNAs remain understud-
ied, leaving many questions unanswered. Developing synthetic xrRNAs would not only
help validate assumptions about their structural characteristics but also uncover new
insights into the features critical for their unique resistance property. These investigations
could distinguish essential structural elements from those that are not, paving the way
for more targeted and effective applications.

As part of an international project focused on the design of synthetic RNase resist-
ant structures and their integration in novel riboswitch constructs to regulate mRNA
stability, this master’s thesis builds upon previous work conducted in this field. Within
the scope of the project, various xrRNA sequences from Orthoflavivirus were analysed,
providing valuable information on their key properties and structural characteristics.
This thesis extends this research by attempting to design synthetic xrRNA sequences
that replicate the critical properties of the biological sequences studied previously. In
collaboration with the Mérl Lab in Leipzig, these synthetic sequences can also be tested
i vitro to evaluate their resistance to exoribonucleases.



1. Introduction

1.2. Goals and Objectives

The primary goal of this thesis is to develop and optimize a computational model to
design xrRNA sequences that replicate the structural and functional characteristics of
natural flaviviral xrtRNAs. The computational framework Infrared [1], designed to address

various bioinformatics challenges, including RNA design, is employed for this purpose.

The specific objectives are as follows:

e Develop a model to design xrRNA sequences that demonstrate exoribonuclease
resistance, mimicking the natural behavior of flaviviral xrRNAs.

e Validate the resistance to exoribonuclease of the designed sequences.

e Evaluate the importance of specific structural features by designing xrRNAs with
targeted modifications and testing their resistance properties.

e Benchmark the Infrared-based model against an alternative approach, comparing
the designed sequences from both frameworks to each other and to natural data.

The ultimate goal is to establish a reliable design model capable of producing sequences
that exhibit Xrnl resistance while maintaining sufficient variability for subsequent manip-

ulation.



2. Background

2.1. RNA

RNA is a versatile and essential part of all known life forms, playing a critical role in
various biological processes. RNA is a linear polymer, where the backbone consists of
ribose sugar rings linked by phosphate groups. Each of these sugars is defined by being
connected to one of the four bases: adenine (A), cytosine (C), guanine (G), or uracil (U).
The order of these bases, the sequence, describes the RNA. Unlike DNA, RNA occurs
solely single-stranded, making the RNA more flexible and allowing it to bend back to
itself to form hydrogen bonds. The sequence of the RNA molecule determines these
intramolecular interactions and leads to the formation of different conformations, which
can be divided into secondary (2D) and tertiary (3D) structures [2} 13].

2.1.1. Secondary Structure

The secondary structure of an RNA molecule is defined by the interaction of the RNA
bases that form Watson-Crick canonical base pairs [4]. Additionally, the non-canonical
pair between G and U, called a wobble base pair, contributes to the secondary structure
[2]. These base pairs create two-dimensional conformations through hydrogen bonds,
which are assembled into specific motifs such as helices or stems, loops, and bulges.

A helix or stem within an RNA is formed when two parts of the strand create base
pairs between (nearly) continuous sets of complementary nucleotides. This structure is
primarily stabilized by base stacking, with G-C pairs providing higher stability because of
their three hydrogen bonds, whereas other pairs only form two hydrogen bonds. A bulge
occurs when one or more nucleotides on one side of the helix remain unpaired, causing a
kink in the helix. Hairpin loops consist of a single-stranded loop of nucleotides closed
off by a stem, resembling a hairpin in shape. An internal loop forms when two or more
nucleotides are mismatched within a helix, remaining unpaired and creating symmetric or
asymmetric loops. Multi loops, or multi-helix junctions, are formed when three or more
helices converge. The most common multi loops are three-way and four-way junctions
[5)16]. The graphical representation of these elements of the secondary structure can be

seen in Figure
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G

Stem Hairpin Loop Internal Loop Bulge Multi Loop

Figure 2.1.: Different types of RNA secondary structures. The figure illustrates common
RNA secondary structure motifs formed by base-pairing and unpaired regions.

2.1.2. Tertiary Structure

The tertiary structure of an RNA molecule is defined as the arrangement of single RNA
building blocks in a three-dimensional space. The arrangement is caused by the use of
canonical and non-canonical base pair interaction. It is assumed that the RNA molecule
folds into a stable secondary structure first and afterwards the RNA adopts its tertiary
conformation. The ability to form tertiary structures is believed to be caused by the
flexibility of its unpaired parts [4].

Non-canonical base pair interactions include base triples and pseudoknots. A pseudoknot
minimally consists of two helical elements, where the loop region of one helix is paired
with a complementary region outside of the loop. Pseudoknots can differ in various
characteristics, such as the length and composition of the loop and helix, or the type of
interaction. Therefore, pseudoknots represent a very diverse structural group, creating
complex structures in RNA. They can play a crucial role in the RNA’s function [7].

A base triple is defined by three RNA nucleobases that interact with each other edge-
to-edge by hydrogen bonding, creating a more complex structure than a standard base
pair. They have been found in structured RNA molecules, stabilizing many tertiary RNA
interactions. |[8]

2.1.3. RNA Structure Prediction

The structure of RNA is crucial for understanding both its function and its origin.
Therefore, predicting the most favorable structure into which an RNA molecule folds is
essential. The most thermodynamically stable secondary structure that the RNA can

adopt is known as its [Minimal Free Energy (MFE)| structure. This structure minim-

izes the Gibbs free energy by accounting for contributions from base pairing, stacking
interactions, and loop formation. While the MFE structure is only one of the many
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conformations an RNA can adopt, it has the highest probability within the structural
ensemble, which includes all possible RNA folding configurations. Computational pre-
diction of the secondary structure typically involves calculating the MFE structure for a
given RNA sequence. Various approaches have been developed to address this prediction
problem, leading to the creation of several computational tools [5]. One widely used tool
is ViennaRNA [9], which has been cited more than 5000 times and has demonstrated
its effectiveness in numerous applications over the past several decades. For example, it
has been used to analyse DNA secondary structure formation by Szlachta et al. [10]. A
comparative study further confirmed RNAfold, part of the ViennaRNA package, as one of
the most effective tools for single-stranded nucleic acid secondary structure prediction |11].

Calculating potential RNA structures includes the energetic contributions of different
structural components, such as base pairing, stacking interactions, and others. Several
energy parameters have been developed and are commonly used for RNA structure
prediction. Turner and colleagues developed one of the foundational energy parameters
in the 1980s and 1990s |12} [13] [14]. These were further refined by Mathews et al. in 2004,
incorporating recent experimental results on terminal mismatches, as well as hairpin,
bulge, internal, and multibranch loops [15]. Today, Turner parameters are among the
most widely used energy parameters in RNA structure prediction.

However, other energy parameters also exist. One notable example are the Andron-
escu energy parameters [16], which build on the Turner model by refining its parameters
and addressing some of its limitations, particularly in predicting complex RNA structures.
The Andronescu parameters combine thermodynamic measurements with machine learn-
ing techniques to improve the accuracy of energy parameters. This integration achieves a
closer alignment between the predictions and the experimental RNA folding data. As
shown in Skibinski [17], the Andronescu parameters appear to be better suited to predict
the structure of xrRNA sequences.

2.1.4. Structure Representation

The structure of an RNA molecule can be represented as a dot-bracket notation. In
this notation, matching parentheses indicate base pairs, while dots represent unpaired
bases. This representation is simple and minimalistic, requiring very little space, but only
provides information about the location of the base pairs without further details.

Alternatively, the structure can be described using a dot plot, where each dot indic-
ates a base pair. The intensity of the dot can represent the likelihood of the corresponding
base pair. This method offers insights into the structure and also potential alternative
structures that the RNA can adopt, but it requires more space than the dot-bracket
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notation.

Another way to represent RNA structures is through graph-based representations, where
each node corresponds to a base, and each edge represents an interaction between two bases.
This method allows for visualization of both the sequence and the structure of the RNA.
Additional information, such as the type of base pairs or complex interactions such as
base triples, can also be included, providing a more detailed view of the RNA structure [5].

Figure [2.2 illustrates an example of the aforementioned representations, depicting the
identical RNA structure using three distinct visual formats.

dotplot dotbracket

UAGGUAGGUUAUUACCAAGCGCGCUGCA

graphical representation

i

09N0HD0D0HBVYIIVYNNYNNODYNOHOVN

f

>
UAGGUAGGUUAUUACCAAGCGCGCUGCA

VOONOODODODVVYIOVNNYNNODOVYNODYN

Figure 2.2.: Different types of RNA representations. The figure displays the same RNA
sequence and secondary structure using three distinct representations, each presenting
varying levels of structural and positional information.

2.1.5. RNA Design

RNA design is the process of creating RNA sequences that fold into specific secondary
and potentially tertiary structures. This approach reverses the problem of RNA folding
in which, given a sequence, the corresponding structure is predicted. Instead, starting
with a desired secondary structure, the aim is to predict a sequence that adopts this
structure, ideally as its MFE configuration. Therefore, RNA design is also called the
inverse folding problem [18]. If there is a sequence that folds into the given secondary
structure, it is called a design. Since the secondary structures of RNA sequences can play
very functional roles, solving the inverse folding problem has applications in various fields
such as pharmaceutics, biochemistry and synthetic biology.
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The RNA design process can be divided into two principal paradigms: positive design
and negative design. Positive design focuses on maximizing the sequence’s affinity for
the target structure. This involves increasing the stability and consequently lowering
the sequence’s free energy. In contrast, negative design aims to optimize the sequence
by minimizing the formation of unwanted outcomes, such as unintended interactions or
alternative structures. A robust design must integrate both paradigms: it should exhibit
high affinity, ensuring strong thermodynamic stability within the target structure, and
high specificity, meaning that the sequence is highly likely to fold exclusively into the
target structure while energetically disfavoring alternative folds [19, [20].

Different approaches exist to solve the inverse folding problem. One promising method
involves constraining the RNA sequence by specifying certain features, such as specific
base pairs. These specified base pairs guide the RNA in folding into the desired structure.
By progressively constraining the sequence, one can create a design with the desired
structure as its MFE configuration [21].

2.1.6. Covariance Model

A |Covariance Model (CM)|is a statistical model that analyses RNA sequences and

structures. It employs stochastic context-free grammars [22| and extends the concept of
Hidden Markov Models 23] to RNA sequences. The primary goal of CMs is to identify
covariances within an RNA group by analyzing a [Multiple Sequence Alignment (MSA)| of

homologous RNAs. These covariances refer to compensatory mutations between paired
bases in the RNA secondary structure, where changes in one nucleotide are often coupled
with changes in its pairing partner to maintain the base pairing. Such simultaneous
mutations reflect evolutionary pressures to preserve base pairing and overall structural
conservation. These covariances are used to construct and train the CM. Once trained,
the model can be applied to identify new RNA sequences that match its characteristics.
This process enables the discovery of novel RNA sequences that fit the patterns observed
in the MSA [24].

2.2. RNA Metrics

When RNA molecules are compared to each other, it can be helpful to obtain a numerical
measurement to quantify the similarity or difference between the molecules. This task is
inherently challenging due to the complexity involved in comparing three-dimensional
objects, which can differ in shape and also in size. As a result, various metrics have been
developed, each focusing on different aspects of the RNA structure.

Some methods rely on aligning the molecules as accurately as possible before com-
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paring their shapes, which can become even more challenging when the objects are of
different sizes. These alignment-based approaches, such as the root mean square deviation,
ensure that structural features are optimally matched, enabling a more direct comparison.
Other methods do not require alignment and instead compare RNA structures based on

intrinsic properties.

Given that each metric targets different RNA characteristics, combining multiple met-
rics provides a more comprehensive understanding of molecular similarity. Metrics may
evaluate aspects such as base-pairing interactions, the overall 3D conformation, or local
structural motifs. Using a variety of metrics allows for a robust determination of similarity.

2.2.1. RMSD

The [Root Mean Square Deviation (RMSD) [25] of atomic positions is a commonly used

metric for structural comparison. Using the Kabsch Algorithm [26], the selected atoms of
two (or more) molecules are aligned. Then, the Euclidean distance of the aligned atoms
is calculated. The formula of RMSD is defined as:

1 N

RMSD(X,Y) = EVZXXFJQ (2.1)
=1

where X is the reference and Y the predicted structure, and X; or Y; is the position of
the i-th atom.

The resulting value, represented in Angstrom (A), ranges from 0 (all atoms are per-
fectly aligned) up to infinite, since the metric has no upper bound. Although RMSD can
provide a fast intuition of conformational similarity, it does not provide any information

about the discrepancy of local structures.

2.2.2. GDT_TS

The [Global Distance Test Total Score (GDT TS) [27] determines the similarity between
two molecule structures by evaluating the extent to which the predicted structure aligns

with the reference structure. The GDT measures how many alpha carbon atoms line up
by superimposing the two structures. Using a specified distance cutoff, the percentage of
superimposed atoms that fall into this cutoff is determined. The GDT TS is the average
of the percentages at four different cutoffs.

P+P+ P+ Py
4

GDT_TS = (2.2)
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where P, represents the percentage of residues within the distance cutoff d in A [28]. A
higher GDT TS score indicates a closer match to the reference structure, with a score of
1 indicating perfect alignment. Random predictions typically score around 0.2, while a
score of 0.5 suggests a roughly correct topology of the molecule.

2.2.3. TM-Score

The [Template Modeling Score (TM-score) [29] is a normalized metric designed to consider

the residual alignment and also the distances between the two RNA molecules. Normalizing
the distance makes it less sensitive to the size of the molecules, which has been shown to
be a problem in the GDT and RMSD metrics. The TM score can be calculated as follows:

1 Lo 1
TM-scoregna = 7 Z o3 (2.3)
=1 1 + CTS

Where L is the length of the target RNA, L,; the number of aligned nucleotides, d; the
distance between the i-th pair of aligned residues, and dy a normalization factor, which
prevents the score from being dependent on the RNA length. This scaling factor is defined
as:

do = 0.6VL —0.5— 2.5 (2.4)

The parameters for calculating dy were obtained from a vast PDB dataset of random
pairs. The TM-score ranges from 0 to 1, where 1 indicates a perfect match between the
two structures, and scores closer to 0 indicate little to no similarity.

2.2.4. CAD Score

The [Contact Area Difference Score (CAD-score) [30] quantifies the similarity of in-
tramolecular contacts between two molecules. Let the contact between residues ¢ and j

in the target structure be (4, j), with the corresponding contact area denoted as T'(, j),
and let M (i, j) represent the contact areas in the model structure. The set of all contact
areas in the target structure 7T is denoted as G. By calculating the absolute difference
between the contact areas of the target T and the candidate structure M, the CAD gets
determined:

CAD; 5y = T3 — M ) (2.5)

To prevent any overestimation or underestimation of contact areas, a bounded version of

the CAD is used:
CAD(" = min(CAD ), Ty; ) (2.6)
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The final CAD score is formulated as follows:

bonded
2 ijec CADE

CAD-score =1 —
Z(i,j)eG Tt 5)

2.7)

Ranging between 0 and 1, a higher CAD score implies a good prediction, with a CAD
score of 1 indicating that the prediction and the target are identical. In contrast, a lower
CAD score indicates a significant discrepancy between the reference structure and the
model structure.

2.3. Orthoflavivirus

|Orthoflavivirus (FV)| formerly known as Flaviviruses, are single-stranded RNA viruses

belonging to the family Flaviviridae |31]. FVs can infect birds and vertebrates, including
humans [32]. Due to their high morbidity and mortality rates, they are significant human
pathogens responsible for various epidemics in recent history [33|. Flaviviral infections
can have various results, ranging from asymptomatic cases to severe diseases such as
hemorrhagic fever or meningoencephalitis. The prominent members of FVs include
Dengue virus, Yellow fever virus, and West nile virus [34]. Due to the
2016 outbreak, the World Health Organization declared that Zika-related microcephaly
is a public health emergency of international concern [35]. Since then, the ZIKV has
spread rapidly, causing outbreaks worldwide [34]. ZIKV infections have been linked
to severe neurological diseases such as Guillain-Barré Syndrome and congenital Zika
syndrome, and infections can lead to severe complications during pregnancy [36]. Several
factors contribute to the potential for F'V epidemics, including the unique characteristics
of their vectors, urbanization that creates ideal breeding habitats, and climate change.
In addition, extensive global travel facilitates the spread of viruses and vectors. These
conditions lead to the expansion of arthropods into new areas, bringing along the virus [34].

FVs are transmitted primarily through various vectors, with mosquitoes being the most
important. Mosquitoes acquire the virus from a host during blood feeding and spread it
to other hosts, often humans. In addition to mosquitoes, other species can also act as
transmitters. Certain FV members can be transmitted among humans through blood
transfusion or oral transmission, but the primary vectors remain invertebrates [37]. Or-
thoflaviviruses can be grouped by their transmission vector, such as mosquito-borne
(mosquito borne flavivirus (MBFV)), tick-borne (tick borne flavivirus (TBFV))), insect-
specific (finsect-specific flavivirus (ISFV)|) and those with unknown vectors
vector flavivirus (NKV)) [38].

10
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2.3.1. Genome Organization

FVs are enveloped, positive-sense (+) single-stranded RNA viruses with a genome size of
10-11 kb. The RNA genome comprises a single open reading frame flanked by 5’ and 3’
untranslated regions. The open reading frame is translated into three structural proteins
and seven non-structural proteins [34].

During viral replication, the host’s Xrnl degrades the vVRNA. Xrnl belongs to the
family of 5 — 3’ exoribonucleases and is highly conserved across species. Most eukaryotic
mRNAs are degraded by Xrnl [39]. This degradation by the Xrnl proceeds until the
enzyme encounters a specific region in the 3’ UTR of the virus, where it stalls and appears
to dissociate, leading to the production of shorter viral RNAs known as subgenomic
flaviviral RNAs (sfRNAs) [40]. These sfRNAs are directly linked to diseases and play
a crucial role in pathogenicity in fetal mice and in the occurrence of cytopathic effects
in cultured cells through several proposed mechanisms [41]. sfRNAs can also bind to
host proteins, potentially indicating their role in intervening in the infection process,
including inhibiting the interferon response [42]. The RNA sequences responsible for the
stalling of Xrnl and the generation of sfRNAs are referred to as xrRNAs. Various studies
have shown that this region of resistance to Xrnl is present in several members of the
FV genus, and alignments of xrRNA sequences have revealed high conservation |17, 41].
Furthermore, a single FV member can have multiple xrRNAs, producing varying sfRNAs
[43].

2.4. xrRNA

The conserved structure of xrRNA has been classified into two distinct classes. Class
1 xrRNAs mainly include members of MBFVs, some NKVs, and potentially one ISV
member, while Class 2 xrRNAs are predominantly found in TBFVs and some NKVs.
This classification is based on their proposed secondary structures, the halt point of Xrnl
relative to these secondary structures, and the conservation patterns of the sequence [44].
Further refinement of this classification can be achieved by comparing tertiary structures,
particularly for Class 1, as no three-dimensional structures are available for Class 2 [42].

Despite their differences, both classes share several similarities. Each class has three
stems: «, £, and . The stems 8 and ~ form a hairpin loop and, together with the stem
«, these stems create a three-way junction. An illustration of these features is shown in
Figure a). The size of individual parts, such as the stem « or 3, varies between the
two classes.
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(a) Visualization of the Class 1 xrRNA secondary (b) Visualization of the Class 1 xrRNA tertiary
structure. structure.

Figure 2.3.: Structural example of Class 1 xrRNA member. Panel (a) shows the secondary
structure of xrRNA of ZIKV, a Class 1 xrtRNA member of the MBFV group. Panel
(b) presents the tertiary structure of xrtRNA of ZIKV. Key structural elements are
highlighted. The color coding indicates distinct structural features: the ring-like
topology is shown in cyan, while pseudoknots PK1 and PK2 are highlighted in
magenta and orange, respectively. The three conserved structural elements, «, 3,
and ~, are shown in yellow, red, and blue, respectively.

Both classes also display tertiary interactions that form two pseudoknots. These pseudoknots
differ between the two classes. In class 1, the first pseudoknot (PK1) forms between the
5" end of the structure and a region within the multi loop, whereas in class 2 PK1 ranges
from the multi loop to the 3’ end. The second pseudoknot (PK2) spans from the hairpin
loop of the v stem to the unpaired 3’ end of the sequence in both classes. The difference
in PK2 between the two classes is defined by the number of unpaired nucleotides between
the stem a and PK2 [45] 42]. It is noteworthy that, despite the presence of pseudoknots,
the structure of xrRNA remains knot-free. This implies that during folding, no topological
knot is formed within the RNA strand. Consequently, when enough tension is applied
to both ends of the RNA strands, the structure unwinds completely, leaving a linear strand.

In addition to pseudoknots, significant tertiary interactions have been identified that
contribute to the structural stability of the xrRNA. Among these, conserved base triples
within the FV groups are particularly notable due to their potential role in xrRNA.
Specifically, in MBFV xrRNA species, a highly conserved U-A-U base triple has been
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identified. This base triple is involved in the mechanism to stall Xrnl, thereby preserving
the functional RNA structure [44].

Moreover, a vital characteristic of the FV xrRNA structure has been observed, which
could be essential for its resistance. The xrRNA forms a unique ring-like structure as a
result of various tertiary interactions through which the 5’ end of the RNA passes. This
conformation is illustrated in Figure b)7 where the ring-like structure is highlighted in
cyan. This conformation is formed by structural elements from the v and « stems, as
well as one half of PK1. This structure is believed to be the main factor in resistance
to xrRNA, as it mechanically blocks the Xrnl, preventing it from moving any further.
This blockage causes Xrnl to stall and eventually dissociate from the RNA, protecting
the remaining sequence [44].

xrRNA or xrRNA-like structures are found in nearly all known FVs and can appear
multiple times within a single virus. The xrRNAs located downstream of the primary
xrRNA (xrRNA1) appear to function as a backup mechanism, ensuring resistance if the
first xtRNA does not provide sufficient protection. Although some FV members have
only one additional xrtRNA (xrRNA2), others contain up to five xrtRNA structures [46].

Sequential conservation has been observed alongside structural conservation. Based
on the findings of Skibinski [17], highly conserved regions were identified within the FV
groups. These conserved regions likely indicate essential characteristics of the sequence, as
these motifs have been preserved over time. Consequently, these motifs are also significant
for RNA design, as they can represent key properties of xrRNA.

2.4.1. MBFV xrRNA1

As previously described, MBFV xrRNAs belong to class 1. Comparative analyses of
various MBFV sequences have revealed notable features of the secondary structure of
MBFV xrRNA1. An exemplary MBFV structure is depicted in Figure 2.4} with highly
conserved regions highlighted in red. The structure includes a fully conserved stem «,
followed by a three-way multi loop that connects the stems «, £, and . This multi
loop region is also highly conserved [17]. A notable conserved nucleotide is located
between the § and v loops, which may play a critical role in structural stability [45]. The
MBFV xrRNA1 structure contains two pseudoknots. The first pseudoknot, which extends
from the 5" end of the structure to the multi loop, is highly conserved. In contrast, the
second pseudoknot exhibits less conservation and spans from the ~ hairpin loop to several
nucleotides at the 3’ end of the structure |17].
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Figure 2.4.: Secondary Structure of Members from Class 1 xrRNAs. Depicted is a
representative secondary structure of xrRNA1, including pseudoknots and highly
conserved regions highlighted in red. These conserved regions exhibit at least 90%
sequence identity, based on the sequence alignment presented in Figure 4.3 of [17].

2.4.2. TBFV xrRNA1

The xrRNAs of TBFV are classified as Class 2. Comparative analyses of TBFV sequences
have identified conserved and likely essential features of the secondary structure of TBFV
xrRNA1. An example of this structure is shown in Figure [2.5, where conserved regions
are marked in red. A key feature of TBFV xrRNA1 is a highly conserved motif that forms
a three-way junction. Pseudoknot 1 spans from this conserved motif to the unpaired 3’
end of the structure. Furthermore, the stem + is highly conserved and consists mainly of
GC pairs, contributing to its stability. The second pseudoknot spans from the + hairpin
loop to the unpaired 3’ end of the structure. Both PK1 and PK2 include highly conserved
sequence motifs [17].
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Figure 2.5.: Secondary Structure of Members from Class 2 xrRNAs. Depicted is a
representative secondary structure of xrRNA1, including pseudoknots highly conserved
regions highlighted in red. These conserved regions exhibit at least 90% sequence
identity, based on the sequence alignment presented in Figure 4.16 of [17].

2.5. Software Tools

2.5.1. ViennaRNA

ViennaRNA [9] is a comprehensive software package designed to analyse and predict
RNA secondary structures. It is widely used in computational biology for RNA research
because of its robust algorithms and versatility in handling various RNA-related tasks. The
primary function of ViennaRNA is to predict the secondary structures of the RNA based on
thermodynamic models. RNA secondary structure prediction involves calculating the MFE
structure for a given RNA sequence. The software can also compute the thermodynamic
ensemble of possible structures, offering insight into the range of structures an RNA
sequence can form. Furthermore, the package offers the computation of the partition
function, which quantifies the probabilities of different structures in the ensemble and

can be used to calculate the [Base Pairing Probability (BPP)|of a certain sequence. In

addition to these core functionalities, ViennaRNA provides an extensive range of tools and
functions, making it a versatile solution for addressing a variety of RNA-related problems.
Its wide applicability has made ViennaRNA a cornerstone tool in computational RNA

biology.

2.5.2. Infrared

Infrared [1] is a versatile framework designed to address a broad range of bioinformatics
problems and can also be used for non-biological applications, enhancing its utility and
power. Infrared uses tree decomposition techniques to efficiently solve declaratively
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modeled problems. The framework provides an easy-to-use Python interface for problem
modeling. Users can describe their problems using simple Boolean constraints, allowing
them to focus on biological questions without the need to understand the underlying
algorithmic implementations. This abstraction simplifies defining bioinformatics problems,
streamlining the problem-solving process. Infrared also offers extensive documentation,
with comprehensive tutorials and examples, making it highly user-friendly and easy to
adopt. In general, Infrared simplifies the development of bioinformatics applications,
enabling rapid and efficient problem solving. Its ability to handle complex data structures
and its user-friendly Python interface make it a powerful tool for researchers.

2.5.3. SimRNA

SimRNA [47] is a powerful computational tool designed to predict and model the three-
dimensional structures of RNA molecules. It uses a coarse-grained model in which the
representation of the RNA is simplified to five atoms per ribonucleotide residue. Sim-
RNA uses knowledge-based potentials, derived from statistical analyses of known RNA
structures, along with Monte Carlo simulations, to explore the conformational space of
an RNA sequence. This approach helps identify the most likely 3D configurations of the
RNA. During Monte Carlo simulations, the RNA sequence undergoes a series of random
movements and structural changes to achieve energetically favorable foldings. Through nu-
merous iterations, the simulation converges on the most stable and probable 3D structures.

SimRNA does not produce a single outcome but generates an ensemble of RNA structures.
This ensemble provides further insight into the nature of the RNA molecule, representing
the range of structures the RNA sequence can fold into.

A useful feature of simRNA is its ability to incorporate constraints into the simulation.
These constraints, which can be derived from computational data or other predictions,
help refine the RNA structure by restricting the conformational space explored during

the MC simulations.

2.5.4. QRNAs

QRNAs [48] is a computational tool designed to refine nucleic acid structures, focusing
primarily on RNA molecules. Predictions of 3D RNA structures produced in silico
often suffer from inaccuracies due to the simplifications used in these methods, such as
coarse-grained simulations. The simulation can seem broken or be biologically impossible.
Therefore, the initial structure of the prediction needs refinement to achieve a physically
reasonable result. By incorporating detailed energetic and structural information, QRNAs
enhance the precision of RNA models, making them more reliable for subsequent biological
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analyses and applications.

2.5.5. PyMOL

PyMOL [49] is a powerful and widely used molecular visualization tool that allows the user
to view, analyse, and manipulate structures of biological molecules such as proteins, small
molecules, and nucleic acids. A key feature of PyMOL includes the ability to align RNA
molecules or specific RNA regions, which is crucial for comparative studies of different
molecules. Moreover, PyMOL can calculate the RMSD, providing a fast quantitative
measure of the structural similarity between two molecules. These functionalities make
PyMOL an essential tool for gaining insights into the structural relationships and dynamics
of biological macromolecules. Furthermore, PyMOL can visualize molecular dynamics
simulations, allowing one to observe molecules’ conformational changes and dynamic
behavior over time. In addition, hydrogen bonds can be identified and displayed, which
are essential for understanding interactions within a molecular structure and its stability.
In general, PyMOL is a vital tool for analyzing the structural relationships, dynamics,
and interactions of biological macromolecules.

2.5.6. Infernal

Infernal ("'INFERence of RNA ALignment’) [50] is a bioinformatic tool used to analyse
RNA sequences and find similarities. Unlike other tools that focus only on RNA sequence
conservation, Infernal also considers the conservation of RNA secondary structure, which
provides important insights into their relation. Infernal creates a CM that captures the
secondary structure and sequence consensus of a group of aligned RNAs. This model can
then be used to search databases for RNAs with similar properties. Infernal also includes
additional tools for enhancing or using CM in various ways. For example, the program
cmemit can generate new RNA sequences based on a provided CM, producing sequences
that reflect the key characteristics of the original RNA group used to build the model.

2.5.7. LocARNA

LocARNA [51) 152l 53] is a software package designed for fast and high-quality alignment
of RNA sequences. The package consists of several tools for the structural analysis of
RNAs. One of these tools, called MLocarna, can be used to generate MSA from several
unaligned RNAs and produce a consensus structure based on the MSA. MLocarna’s
strength lies in incorporating RNA secondary structure additionally to the sequence into
the alignment and allowing users to extend the alignment by specifying structures or

anchoring constraints.
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3.1. Workflow

An overview of the xrRNA design workflow is illustrated in Figure The RNA design
model was iteratively developed, and the newly designed sequence offered insights that
refined the model. The process began by creating and integrating a sequence and structure
scaffold based on biological data, as described in Sections [3.4.143.4.3. This step enabled
the model to generate sequences that reflect the characteristics of the biological data.
Next, the generated sequence was optimized using a Monte Carlo approach, described in
Section After optimization, the sequence should satisfy all the criteria set for the
secondary structure of the xrRNA.

Since, at this stage, no information about the tertiary structure of the design is available,
further investigation was needed to confirm the similarity of the design to the biological
xrRNA structures. Using SimRNA simulation and QRNAs refinement, a 3D model of the
designed sequence was obtained. Various metrics were then used to assess the differences
between the RNA design and the target structure. Analyzing the optimized sequence
and comparing it with a reference structure revealed potential problems of the model
and led to further refinement. If available, comparisons were made with experimentally
obtained data; if not, the design was compared to an optimized artificially generated
reference structure. Visualization of the RNA structure using PyMOL helped determine
the presence of the ring-like structure and other important structural features.

If the designed RNA did not fulfill the xrRNA condition, such as the absence of a
ring-like structure or a missing pseudoknot, the design process was revisited for further
optimization. Insights gained from the identification of design issues were used to adapt
the Infrared model, further constraining or refining the RNA layout. This iterative process
continued until a satisfactory RNA sequence was obtained displaying the desired tertiary

structure.

Once the 3D simulation of the RNA sequence appeared satisfactory, the stability of

the design was evaluated through [Molecular Dynamics (MD)|simulations. These simula-

tions, provided by Leonhard Sidl, were analysed and compared to simulations of reference
structures.
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The analysis of MD simulations provided further insight into discrepancies between the
designed sequence and the reference sequence. These observations were then incorporated
into the Infrared model, further optimizing the xrRNA design. If the results of the MD
simulation were comparable to those of biological sequences, the designed sequence was

ready for in vitro experiments.

Before conducting experiments, a leader sequence had to be designed. This leader
sequence is necessary to allow efficient loading of Xrnl, which degrades the RNA in the
5" to 3’ direction. This leader had to meet specific constraints to prevent complications
during the experiments. Once a satisfactory leader was designed and added to the se-
quence, the sequence was sent to the partner laboratory for experimental validation of its
resistance to Xrnl, as described in Section
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Figure 3.1.: xrRNNA Design Workflow. A flowchart representing the iterative process of
creating the xrRNA design model.

3.2. Materials

The data used in this study was collected and provided by Denis Skibniski, who, as part
of his master’s thesis 'Computational studies of exoribonuclease-resistant rna structures
in flaviviruses’ |17], computationally analysed xrRNA sequences within the FV family. In
his study, he identified FV sequences along with their corresponding xrRNA structures.
For each FV subgroup, a single sequence was selected to generate an MSA, from which
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a consensus structure was predicted. This procedure was performed for all ecological
FV groups. For each FV group, the sequences, MSA, and structure predictions were
made available for further use. These files enabled the study of the structural properties
of xrRNA. Furthermore, the consensus sequence and structure for each FV group, as
provided by Skibniski, were incorporated into the RNA design process.

Most of the currently available information on xrRNA is related to the subgroups MBFV
and TBFV. Consequently, this study focuses on these two groups. Ideally, biological
data, such as tertiary structures of certain xrRNAs, would be available to aid in the
quantification and evaluation of designed sequences. However, only four crystal structures
of flaviviral xrRNA have been resolved to date: [Murray Valley Encephalitis virus (MVEV)|
[Tamana Bat Virus (TABV)| and two structures of ZIKV, with the corresponding PDB IDs
4PQV, 7K16, 5TPY, and TU4A, respectively. The structure of ZIKV has been determined
from both a wild-type sequence (5TPY) and an xrRNA1 mutant (7U4A). In the xrRNA1
mutant (7U4A), pseudoknot 2 was weakened by replacing the second and fourth G-C

base pairs with wobble G-U pairs, achieved through changing the C residues at positions
55 and 57 to U [54]. The crystal structure of TABV was obtained from a wild-type RNA
sequence [42], while the MVEV structure includes a single mutation at the start of the
sequence, as indicated in the PDB entry [41].

MVEYV and ZIKV are classified within the MBFV family, while TABV does not ap-
pear to align with these clusters and is proposed to be assigned to its own distinct cluster
[55]. The crystal structure of ZIKV was mainly used as reference for comparison with the
MBFV-based designs.

Unfortunately, no equivalent data was available for TBFV or other Orthoflavivirus

families. Therefore, an in-silico generated and refined structure of [Deer Tick Virusd
(DTV), which belongs to the TBFV family, was used as a reference for the TBFV-based
designs.

3.3. xrRNA Analysis for RNA-Design

After obtaining the corresponding Orthoflavivirus subgroup data, the data set was cleaned
and filtered to include only sequences associated with xrtRNA1. To create an average xr-
RNA structure, non-conforming xrRNA structures to the conserved xrRNA1 were removed.

Next, the lengths of the characteristic parts of xrRNA1 for the MBFV family were

analysed, specifically examining the following regions: stem « , stem 3, hairpin loop S,
stem -y, hairpin loop «v , multi loop, length of PK1 and PK2, nucleotides between the «
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stem and PK2 (spacer), and the positioning of the PK2 within the « hairpin loop. The
corresponding data can be found in Section Table and a representation of these
structural regions can be seen in Figure (3.2

Stem a
@ stemp
Loop B
@ stemy
Loop y
Multi Loop

@® spacer
PK1
PK2

Figure 3.2.: Segmentation of MBFV xrRNA structures into distinct regions. Each panel
displays the xrRNA structure divided into individual regions, with each segment
highlighted in a different color to provide a clear overview of the specific structural
parts. The coloring scheme is consistent with that used in the visualization of ZIKV

in Figure

Similarly, for the TBFV family, the lengths of the corresponding regions of xrRNA1
were analysed, including stem « and its internal loops or bulges, stem [ and its internal
loops or bulges, hairpin loop 3, stem - and its internal loops or bulges, hairpin loop ~,
multi loop, nucleotides between stem « and PK1 (spacer), nucleotides between PK1 and
PK2, positioning of the PK2 within the hairpin loop «, length of PK1 and PK2. The
corresponding data can be found in Section Table and a representation of these
structural regions can be seen in Figure |3.4
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Figure 3.3.: Structural parts of TBFV.

Figure 3.4.: Segmentation of TBFV xrRNA structures into distinct regions. Each panel
displays the xrRNA structure divided into individual regions, with each segment
highlighted in a different color to provide a clear overview of the specific structural
parts. The coloring scheme is consistent with that used in the visualization of ZIKV

in Figure

The minimal and maximal lengths for each of these characteristics were determined to
construct the xrRNA design scaffold. Additionally, Spearman rank correlation coefficients
were calculated between individual features to identify any correlations between the distinct
parts of the xrRNA. The analysis was performed using the lengths of the individual
structural parts of the xtRNAs, as presented in Table[A.T. The Spearman rank correlation
test [56] is a nonparametric measure used to assess the strength and direction of a
monotonic relationship between two variables. When calculating the Spearman rank
correlation coefficient (p), each value in the data set is replaced by its rank. Tied values
receive the average rank. The differences between the ranks of corresponding values (d;)
are computed, and the coefficient is calculated using the formula:

M (3.1)

—1—
P n(n? —1)

where n is the number of observations. The coefficient ranges from —1 to 1, with 1
indicating a perfect positive monotonic relationship, —1 indicating a perfect negative
monotonic relationship, and 0 indicating that there is no monotonic relationship. These
correlations, if present, can be incorporated into the xrRNA design to enhance its precision
and reliability.
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3.4. xrRNA-Design

The implementation aims to generate sequences with the same properties as natural xrRNA
structures. The initial step involved collecting all available information on the existing
xrRNA structures and their corresponding sequences, which was described in Section
Since xrRNA structures vary between groups, each RNA design model focuses solely on a
single group. Separate scripts were created for the two groups MBFV and TBFYV to design
RNA sequences that exhibit the specific xrRNA characteristics of the corresponding group.

The general framework of the xrRNA design is based on the structures and sequences of
the Orthoflavivirus species. The model scaffold should contain the necessary essential
features of the conserved region, but still have enough variability to create sequences
significantly distinct from the available Orthoflavivirus sequence data.

3.4.1. Infrared Modelling

Infrared offers several advantages for defining detailed and customized problems as models.
It uses variables, domains, constraints, functions, and features to construct a network
model. The model is set up by first specifying the variables and their corresponding
domains. A domain is the set of possible values that a variable can take within the
model. In the context of this design problem, the possible values for each variable are
the four RNA nucleotides A, C, G, U plus a gap -. To create the model, we define N
variables, where N represents the length of the sequence. FEach variable can take one of five
values (A, C, G, U, -), forming the sample space for the model. Next, we can further
refine this sample space by introducing constraints. Constraints are logical expressions
that restrict variables to take certain values. These constraints can represent various
structural or functional requirements of the RNA sequence, such as specific base pairs
or specific sequential motifs. Infrared further allows for the integration of functions that
compute values based on the model’s variables. For example, a function could output
0 if the given variable is a gap (-) and 1 otherwise, enabling the computation of the
sequence length. These functions form the foundation for defining features. A feature
represents a measurable property or characteristic of a sequence and can group together
one or more functions. Each feature can be assigned a specific weight, allowing weighted
sampling. By adjusting the function’s weight, we can influence the sampling process,
thereby manipulating the sequence design to meet desired properties. Using the example
from before, a feature could evaluate the length of the sequence by grouping functions
that count non-gap bases across all variables. The assignment of a specific weight to this
feature allows the model to control the sequence length, thereby adjusting the design
process to meet the desired specifications.
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3.4.2. Sequence and Structural Constraints

Sequence constraints consist of the IUPAC code and an additional token X, which can be
replaced by any of the four RNA nucleotides or a gap. The framework for the sequence
then consisted of hard constraints and variable parts. The hard constraints are derived
from conserved sequences in xrRNA structures within each specific family, based on
the work of Skibinski [17] and also mentioned in Sections [2.4.1| and [2.4.2] These hard
constraints enforce specific motifs in certain regions of the sequence. For example, the

stem « in the MBFV family is highly conserved; therefore, it is hard constrained into the
sequence scaffold. Other parts of the sequence are less conserved and show high variability.
Therefore, these regions are filled with the N and X tokens and can be replaced by any of
the four nucleotides.

The overall xrtRNA structure consists of both secondary and tertiary interactions. As
shown in Figure and Figure the characteristic structure of xrRNA can be divided
into the following regions: stem «, stem [, hairpin £, stem -, hairpin v, PK1 and PK2.
The region between the stem « and the 3’ end can be further divided into three sections:
nucleotides up to PK1 or PK2, nucleotides between PK1 and PK2, and nucleotides after
PK2. The part within the hairpin v can also be divided into three parts: PK2, unpaired
nucleotides towards the 5’ end and towards the 3’ end of PK2. Together, these regions
make up the complete structure of the xrRNA.

Since the lengths of these structural elements vary between species, the model must
account for this variability. To accomplish this, the structural scaffold must exhibit
flexibility in length. Based on data from FV, each structural element is constrained by the
minimum and maximum lengths observed. This flexibility is modeled using the predefined
X and N tokens. For each structural segment, the token N is used to reach the minimum
length for a particular family, followed by the addition of X tokens to reach the maximum
observed length for each segment. This approach allows for variable lengths between the
observed minimum and maximum values for each region. By applying this method to
each defined structural segment, we create a flexible framework in which each structural
element obeys the observed length range for a given FV subgroup. However, since the 8
and v structures are subdivided into stems and hairpin loops, the total length of these
structures may occasionally exceed the observed range. Thus, additional constraints are
applied to ensure that the total length of the structures 5 and + falls within the correct
range. These constraints are implemented directly within the Infrared model.

The overall sequence length is controlled by a function integrated into the Infrared

model. It can be fixed to a specific value, constrained within a defined range, or left
unspecified. When no explicit length is provided, a targeted sampling approach is used to
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determine the relevant parameters for the function. In this process, the design length is
derived by sampling from the model with a set target length and a specified tolerance.
This sampling generates a weight, which is then used in the length function, resulting in
sequences that maintain a length distribution similar to those in which a specific length
and tolerance were initially set.

Furthermore, structural constraints, comprising secondary structure and pseudoknots,
are added to the Infrared model. This structure is derived from the conserved structure
of the corresponding FV family. These structural constraints ensure that the nucleotide
positions intended to form a base pair can do so, allowing canonical Watson-Crick pairs
and the non-Watson-Crick pair G-U.

3.4.3. Further Constraints

Since gaps can be inserted at any position marked by X in the sequence, it is possible
to generate the same sequence with gaps at different positions. For example, sequences
such as -GAC- and G-A-C are distinct in terms of gap placement, but yield the same
sequence GAC, once the gaps are removed. To avoid redundant representations of identical
sequences, specific constraints on gap positioning have been implemented in the Infrared
model. Within a loop region, gaps are permitted only at the 3’ end and must be con-
tinuous, with no nucleotides interrupting the sequence of gaps. For example, NNN- is
allowed, but configurations like -NNN or N-N- are not. In stem regions, gaps are allowed
only on the 'inner’ side, where a gap is acceptable if the complementary nucleotide in
the base pair is also a gap. As a result, each base pair in the stem consists of either
two nucleotides or two gaps. Consider the secondary structure ((.)) as an example,
assuming this is purely illustrative. With the specified gap constraints, the model could
produce sequences such as NNNNN or N-N-N. However, sequences with gaps on the outer
side of the helix or with gaps on only one strand, such as -NNN- or N-NN-, are not permitted.

These constraints ensure that the Infrared model generates unique sequences. Moreover,
these constraints are also crucial for ensuring the correctness of uniform Boltzmann
sampling. By enforcing these constraints, the model prevents depicting the same se-
quence in multiple ways, which would otherwise bias the sampling process. Thus, the
gap-placement constraints ensure accurate and unbiased sampling.

The predicted energy of PK2 was included in the MBFV-based model to ensure stable base
pairing. A function was added to the Infrared model to calculate the base pairing energy
of PK2. By assigning a negative weight to this function, the model aims to minimize the
energy, thus generating sequences that form a stable pseudoknot 2.
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If significant correlations between different regions of the xrRNA were identified, as
described in they were incorporated into the model. The interquartile range of length
ratios between corresponding RNA regions was calculated for these correlations. When
designing a new sequence, the ratio between these lengths was checked and the design was
accepted if the ratio fell within the interquartile range. This method allowed for further
refinement of the RNA design based on available data.

3.4.4. Optimization

Using Infrared and the method described earlier, we defined a sample space for possible
RNA sequences. Infrared can generate samples from this space until it meets a specific
criterion or iteratively optimize a given sample within the defined sample space until it
satisfies the requirements. Given the complexity of our design problem, simply drawing
samples from the space was unlikely to yield satisfactory results. Therefore, an optimiza-
tion approach was chosen. Specifically, a Monte Carlo approach was employed, a method
widely used in computational biology to solve complex optimization problems.

Monte Carlo simulations use random sampling to explore possible solutions to prob-
lems, such as in simulations or optimizations. In this context, the sequence is iteratively
modified, and an objective function evaluates the ’fitness’ or quality of each new sequence.
Based on this fitness score, the modified sequence is either accepted as the current solution
or rejected. The general structure of this MC approach is adapted from the Infrared
tutorial [57]. In this MC method, two parameters must be defined: the step size and
the temperature. The size of the steps sets the number of sequence modifications made.
The temperature controls the likelihood of accepting a sample with a lower fitness score,
enabling exploration of diverse possible solutions rather than getting stuck in local optima.

The MC algorithm can start from a predefined sequence. If no starting sequence is
provided, a random sequence is drawn from Infrared’s sample space, set as the current
sequence, and saved as the initial 'best sample’. For each MC step, a part of the current
sequence is randomly selected and altered to generate a new sequence. This new sequence
is evaluated by the objective function to determine its fitness score. If the fitness of the
new sequence is better than that of the current sequence, it is accepted as the new current
sequence. If the new sequence also has a better fitness than the ’best sample’ so far, it is
saved as the ’best sample’.

If the fitness of the new sequence is lower than that of the current sequence, it may still
newval—curval

be accepted with a probability defined by the function e temr  where newwval is the

fitness of the new sequence, curval is the fitness of the current sequence, and temp is the

temperature parameter. This acceptance probability allows for occasional acceptance of
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lower-fitness solutions, which helps avoid getting trapped in suboptimal solutions.

If a new sequence is accepted, the current sequence is updated to this new sequence. If it
is rejected, the process restarts from the current sequence to create a new variation. This
iterative process continues for a specified number of steps, usually between 50,000 and
250,000 iterations, until a satisfactory solution is achieved.

The objective function used in MC optimization has been continuously refined to improve
the RNA design. Ward et al. [58] provide an overview of fitness functions for RNA design,

recommending the use of [Equilibrium Probability (EP) and [Ensemble Defect (ED) as

objective functions in the optimization process.

The primary goal of the optimization is to generate a sequence that reliably folds
into the desired target structure. Thus, maximizing the equilibrium probability is an
effective approach to achieving this goal. The EP represents the probability of a sequence
folding into the specified structure, with values ranging from 0 to 1, where 1 indicates the
highest likelihood of correct folding. Calculating EP involves using the thermodynamic
equilibrium partition function for RNAs within a thermodynamic model [59]. The formula
of the equilibrium probability P(s) is given as [60]:
—E(s)

e RT —E(s)

P(s) = 7 with Z = Ze RT

Here, P(s) denotes the probability of observing a specific RNA secondary structure s in
the thermodynamic ensemble. F(s) is the free energy of structure s, R is the universal
gas constant, T is the absolute temperature in Kelvin.

The optimization also utilizes ensemble defect, a measure first described by Dirks et al.
[19]. The term ’ensemble’ refers to the set of all possible secondary structures an RNA
sequence can form, along with their associated probabilities. ED quantifies the average
number of nucleotides that fail to pair as intended in the target structure, taking into
account the probabilities of all possible structures in the ensemble. The formula of the
ensemble defect ED(s) is given as [60]:

1 1
ED(s)=1- - > i - - > (1= s)a
if,(4,5)E€s i

Here, s denotes the target secondary structure, and n is the length of the sequence. The
term p;; represents the probability of the base pair (7,7) in the ensemble, and g¢; is the
probability that nucleotide i is unpaired. The indicator variable s; is defined such that
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s; = 1 if nucleotide i is paired in the target structure s, and s; = 0 otherwise.

The optimization process occurs in two stages: minimizing the ED and maximizing
the EP. In the first stage, ED is minimized over the initial half of the total optimization
steps. The sequence resulting from ED minimization serves as the starting point for the
second stage. In the second stage, the EP is maximized over the remaining steps. By the
end of these two optimization stages, the final sequence should ideally exhibit a low ED
and a high EP.

The following functions of the ViennaRNA package [9] were used to calculate the EP and
ED:

e fold_compound(): This class initializes a fold compound object for a given RNA
sequence, providing the necessary data for subsequent calculations.

e pf(): This function computes the partition function for a given RNA sequence,
enabling the calculation of the probabilities of all possible secondary structures

within the structure ensemble.

e pr_structure(): This function calculates the equilibrium probability from a given
secondary structure, providing insights into the likelihood of specific secondary
structure.

e ensemble_defect(): This function computes the ensemble defect for a given RNA
sequence and target structure, estimating the average number of incorrectly paired
nucleotides in the structure ensemble compared to the target structure.

3.5. Tertiary Structure Analysis

After creating a design using the model described above, the next step is to determine
its tertiary structure. To achieve this, SImRNA is used to generate a three-dimensional
simulation of the design. As explained in SimRNA produces a 3D model of an
RNA molecule by processing the input sequence, while incorporating structure constraints
to guide the simulation. The input sequence is derived from the designed sequence by
removing all the gaps. The structural constraints include the secondary structure and the
two pseudoknots. These constraints are also based on the designed sequence, ensuring
consistency with the input sequence. Specifically, the gaps removed from the sequence
are also removed from the target structure, resulting in an input structure that aligns
with the input sequence used for the SImRNA simulation.

The simulation is then configured with the following parameters:
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e NUMBER_OF_ITERATIONS: 20000000
Specifies the number of iterations for the annealing simulation.

e TRA_WRITE_IN_EVERY_N_ITERATIONS: 20000
Sets the number of iterations that must pass before appending the conformation to
the trajectory file.

e INIT_TEMP: 1.65
Defines the starting temperature of the simulation.

e FINAL_TEMP: 0.60
Defines the ending temperature of the simulation.

e BONDS_WEIGHT: 1.0
Controls the strength of the bonds holding the structure together.

e ANGLES_WEIGHT: 0.60
Regulates the response of planar angles to bending forces.

e ETA_THETA_WEIGHT: 0.40
Influences helical orientation of the RNA strand.

The configurations for BONDS_WEIGHT, ANGLES_WEIGHT, and ETA_THETA_WEIGHT are set to
their default values. Furthermore, simulations are conducted using the Replica Exchange
Monte Carlo method, activated with the flag -E. The number of replicas is set to 16,
which results in the following command:

Listing 3.1: SimRNA simulation
SimRNA -s inputSequence -S inputStructure -c configFile -E 16

-o outputFile 2> errorFile

This command creates 16 parallel trajectories based on the specified configuration and
input sequence with the corresponding structural constraints. For each input, the simula-
tion is run 25 times, producing multiple trajectories. After all simulations are completed,
the trajectories are clustered using a clustering program provided by SimRNA. This
program group similar structures together.

Listing 3.2: SiImRNA clustering
clustering all.trafl 0.01 5

Here, all.trafl is a concatenated file of all generated trajectory files. The argument
0.01 specifies that only 1% of the the lowest energy frames from the input all.trafl
will be used for clustering, while 5 is the RMSD threshold for the clustering.

After clustering, each cluster’s trajectory files are converted to PDB format using the
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SimRNA_trafl2pdbs command. This step results in several clusters, each containing the
trajectory and PDB files that belong to that cluster.

Once the clustered structures from the SiImRNA simulation have been obtained, they are
further analysed. Clusters are ordered by the number of structures they contain, with the
first cluster holding the largest number of conformations. The relative frequency of each
cluster is calculated to gain deeper insight into the distribution and stability of structural
variations.

Using PyMOL to visualize the 3D simulation, an intuition can be obtained about the
potential of the design. The absence or presence of the ring-like structure can be easily
determined without comparison to a reference structure. Afterward, the designed sequence
is aligned with a reference structure, either to experimentally obtained data in the case of
MBFYV designs or to an optimized artificially generated reference structure in the case of
TBFYV designs. The differences between the designed sequence and the reference show
essential insight into the current model problems. Depending on the relative frequency of
the clusters, additional simulations of the top clusters were visualized to further analyse
the results. The different metrics described the Chapter 2.2 gave a numerical meas-
urement of the difference between prediction and target structure. The TM-Score and
RMSD were calculated using the SWISS-MODEL Structure Assessment tool [61], while
the CAD-score was determined using the web tool provided by the Vilnius University
Institute of Biotechnology [62]. Using the metrics together with the visualization and the
characteristic of the design contributed to an analysis that led to further restrictions and

improvements incorporated into the design model.

3.6. Stability Analysis

Various MD simulations were provided to analyse structural stability. These simulations
aim to mimic the Xrnl degradation process by applying a pulling force to the 5" end
of the xrRNA structure. Given the knot-free nature of the structure, as mentioned
earlier, pulling on the 5’ end is expected to lead to its unwinding. The force required
to initiate this unwinding is therefore a key factor to examine. The simulations were
conducted using a range of constant forces (CFMD) or a gradually increasing force
(GFMD). Comparing these simulations with reference simulations provided more pro-
found insights into the stability of the design and helped assess whether it is Xrn1 resistant.

CFMD simulations were performed with pulling forces of 200, 300, 350, 400, and 500 pN.
For each force, four simulations were generated. In each simulation, the initial position
of the 5’ end was determined and monitored throughout the process. At each time step,
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the distance between this initial point and the current position of the 5’ end was calcu-
lated. The distances from all four simulations for each force level were then compiled into
histograms. These histograms provide insight into the RNA behavior at each pulling force.

A peak in a histogram indicates a distance that frequently occurred during the sim-
ulation, suggesting a conformational state that the RNA adopted for an extended period.
Thus, such peaks can serve as indicators of structural configurations. The area of each
peak provides additional information, with taller peaks indicating longer-lasting configur-
ations and shorter peaks pointing to short, transient states. The peaks appearing within
a distance range of 0 to 10 A indicate that the RNA remained in its initial configuration.
The presence and height of other peaks at greater distances suggest whether the RNA
refolded into alternate configurations or unfolded. Therefore, by examining these peaks,
the structural stability of the RNA can be estimated, as well as its resistance to unfolding.

Furthermore, the distances between specific base pairs provided additional informa-
tion on structural stability. Special attention was paid to crucial base pairs, such as those
involved in PK1 and PK2. These distances indicate how long the base pair remains intact
and when the bond starts to break. Combining these analyses with visualizations of
the simulations helps identify potential problems in the design. It provides insights into
possible solutions, which could then be included again in the design model.

Since the histograms are less intuitive to interpret, making it challenging to analyse
structural dynamics, also GFMD simulations were employed to gain deeper insights into
the structural behavior. During these simulations, the position of the 5’ end was tracked
continuously. The distance between the initial position of the 5’ end and its position at
each time step was computed and used for subsequent analysis. Distances below 10 A were
interpreted as the molecule retaining its initial conformation, indicating that there were
no significant structural rearrangements. Conversely, abrupt increases in this distance
were indicative of refolding or unfolding events within the RNA structure. Monitoring
the 5’ end provides an intuitive and efficient way to assess the stability of the structure.

3.7. xrRNA Resistance Testing

If the designed sequence satisfies the requirements of the secondary and tertiary structure,
and the MD simulation yielded satisfactory results, it can be sent to the lab for in
vitro tests to determine its resistance to Xrnl. A leader sequence must be added to the
designed RNA sequence for these experiments. This leader must meet specific criteria
to be considered suitable. One requirement is that the leader must start with a specific
sequence. Additionally, the leader should not consist of a simple PolyA strand. Most
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importantly, the leader sequence must not interact with the xrRNA sequence. After
creating a leader, which meets the set requirements, it can be sent to the partner lab,
where the resistance of the Xrnl sequence is tested. For this, in-line probing [63] and
Xrnl resistance assays |41] were used.

3.8. Design Comparison

The primary goal of this study is to demonstrate how RNA can be designed to possess
specific structural and functional characteristics. Therefore, it is essential to highlight how
the choice of tools improved the design process. For this purpose, the Infrared software
tool was chosen because of its user-friendly interface and the ability to generate precise,
custom solutions for complex RNA design challenges. The RNA designs generated with
Infrared were compared to those generated using a CM-based approach, implemented
through the Infernal software. Infernal was selected for this comparison because of
its capability to produce sequences based on a CM. By comparing these models with
biological data, we can assess how well each model performs in replicating real-world
RNA structures and characteristics and its potential flexibility for further RNA design
applications, particularly in future xrRNA design.

3.8.1. Covariance Model Design

The CM was created to generate sequences based on the structural and sequential
characteristics of a specific RNA group. To construct this CM, the sequences and their
corresponding secondary structures of an xrRNA group were aligned to create an MSA.
The MSA was generated using mlocarna from the LocARNA package [51, [52] 53], which
aligns the sequences by integrating both sequential and structural information, which is
crucial for building a precise CM. Consistent with previous steps, the same sequences
used for the Infrared model’s xrRNA scaffold were employed. Using this MSA, the CM
was constructed with cmbuild. The CM can then generate sequences using the cmemit
function, with the -a flag added to store the sequences in an aligned format for subsequent
analysis.

3.8.2. Sequence Diversity

Sequence diversity is a critical factor in comparing RNA design approaches. To evaluate
this, the designed sequences generated by the Infrared and CM-based methods were aligned
to create MSAs. For the Infrared-generated sequences, two alignments were prepared: one
directly based on structural information derived from the target structure, and another
using mlocarna, which incorporates both structural and sequential information to create
the alignment. In contrast, the RNA sequences designed using the CM approach did not
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require additional alignment adjustments, as they were already in MSA format due to
the appropriate flag being applied during the design process. From the CM MSA and
the Infrared MSA generated using mlocarna, sequence logos were created to visualize
nucleotide diversity at each position. In these plots, the height of each nucleotide at a
given position represents its frequency, providing a clear representation of the variability of
the designed sequences. Additionally, using the CM MSA and the target-structure-based
MSA of Infrared designs the Shannon entropy was calculated for each position in the
alignments using the method described by Schmitt [64]:

H(z) = — sz‘ log p; (3.2)

where i represents all possible symbols in the alignment (A, C, G, U), and p; is the
probability of symbol ¢ occurring at position .

A high entropy value at a given position indicates high variability, which means that
different nucleotides frequently appear across the alignment. The maximum entropy,
2, occurs when all symbols are equally likely. Conversely, a low entropy value suggests
conservation at a position, with one nucleotide consistently appearing. The minimum
entropy, 0, represents positions where only a single nucleotide appears in all sequences.

3.8.3. Structure Diversity

The structural diversity of the predicted RNA designs was analysed to evaluate the
performance of the two design approaches. First, the lengths of the structural parts
were compared, as described in Section [3.3. This analysis aims to determine whether
the models successfully capture the length distributions of different structural components.

In addition, the base pairing probabilities for each design were calculated using Vi-
ennaRNA. These probabilities were visualized as heat maps, illustrating the likelihood of
each potential base pairing. By comparing these probabilities, we gain insight into the
structural stability and diversity of RNA designs from both approaches, thereby providing
a comprehensive evaluation of the performance of each method. Additionally, this analysis
highlights alternative structures that frequently emerge in the model designs, offering
further insights into their structural variability and potential conformational landscapes.

Given the importance of pseudoknots in the formation of the xrRNA structure, they were
specifically analysed. To focus on pseudoknot formation, regions that did not contribute
to the base pairing of pseudoknots were constrained to remain unpaired using ViennaRNA,
allowing only potential pseudoknot regions to form base pairs. The MFE structure of
the constrained sequences was then calculated to assess whether a design could form
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base pairs between these regions. The occurrence of base pairs and the number of base
pairs formed were recorded. Special consideration was given to pseudoknot 1 in MBFV,
which consists of only two base pairs. Since ViennaRNA can fail to predict such short
base-pairing interactions, each design was manually evaluated to determine whether the
nucleotides at the PK1 position could form Watson-Crick pairs or wobble base pairs.

Finally, the distribution of design lengths was analysed and compared to the length

distribution of the original dataset, adding another metric to evaluate the similarity of
the designs to the biological data.
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This chapter presents the results of the analyses and simulations conducted during this
master’s thesis. The workflow outlined in Section serves as the basis for the following
discussions. First, structural and sequence analyses of the xrRNAs from the MBFV and
TBFYV subgroups are presented. These analyses provide the foundational information
necessary for the RNA design model. The resulting data are then used to develop the
Infrared RNA design model.

Next, the construction of the RNA design model is described, detailing the specific
constraints applied for MBFV and TBFV xrRNAs. In addition, the methodology for
generating new RNA sequences using the design model is explained.

Finally, the generated sequences are analysed to evaluate their mimicry of the structural
and functional properties of the MBFV and TBFV xrRNAs. This includes an assessment
of tertiary structure and structural stability using 3D and MD simulation. After the
model’s capability to produce sequences exhibiting xrRNA-like properties was validated,
the proposed design approach was compared to an alternative RNA design method. This
comparison aims to evaluate the different design models and their similarities to natural
sequences.

4.1. xrRNA Analysis

An analysis of xrRNAs was performed for the MBFV and TBFV groups. The goal was to
identify the structural features shared by each group and use this information to develop
group-specific RNA design models.

4.1.1. Structural Characteristics of MBFV xrRNAs

To obtain a representative structure for the MBFV group, outliers were excluded from
the analysis. For example, the structure of the Yellow fever virus was removed due
to its distinct consensus structure, which includes a significantly larger 8 hairpin loop
compared to other members of MBFV. The lengths of each structural component were
determined for the remaining sequences. In addition, the total lengths of the structural

components «, 3, and vy were calculated by summing all corresponding subelements,
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including stems, hairpin loops, and bulges. A box plot summarizing these lengths can be

seen in Figure [L.1|(b).

The stem « is fully conserved at a length of 10 nucleotides in all sequences. In contrast,
the 8 and v regions exhibit more variation. The length of the 8 stem ranges from 2 to 10
nucleotides, with the hairpin loop spanning 3 to 7 nucleotides, resulting in a median total
length of the g region of 11.5 nucleotides. In comparison, the v region is larger, ranging
from 20 to 23, with a median length of 22 nucleotides.

Additional details on pseudoknots and unpaired nucleotides are presented in Figure a).
Pseudoknot 1 is fully conserved, consistently forming two base pairs, while pseudoknot
2 varies in size, ranging from 3 to 8 base pairs. On average, three nucleotides remain
unpaired within the v loop preceding PK2, with another three unpaired nucleotides typic-
ally following PK2. These observations provide valuable information on the positioning
of PK2 within the ~ hairpin loop.

The total length of MBFV xrRNA structures ranges from 50 to 62 nucleotides, with an
average of 57 nucleotides.

37



4. Results

24
Components

2 Bl o
s
20 =i
i}

-

K

10 — —

Number of Nucleotides

Structural parts

(a) Distribution of structural region lengths in MBFV xrRNAs.
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(b) Schematic scaffold of MBFV-based xrRNA structures.

Figure 4.1.: Structural length evaluation of MBFV-xrRNAs. (a) Boxplot showing the
distribution of lengths for different structural regions in MBFV xrRNAs. (b) A
schematic scaffold illustrating conserved structural features in the MBFV subgroup.

The Spearman correlation coefficients between the lengths of different structural regions
in MBFV are shown in Figure Correlations involving the structure o and PK1 were
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excluded, as there is no variation in their length. There is a strong positive correlation
between the length of the stem 3 and the total length of the region (3, indicating that the
length of the stem significantly contributes to the overall size of 5. A negative correlation
is observed between the lengths of the stem and the hairpin loop of the structure S,
suggesting a compensatory relationship that maintains the length of 8. Similar trends
are observed in the « region, where a strong negative correlation can be seen between the
~ stem and its hairpin loop. Positive correlations are also observed between PK2 and the
lengths of the stem and the total structure of 5.
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Figure 4.2.: Correlation analysis of MBFV xrRNAs. Spearman correlation coeflicients
between the lengths of different structural regions in MBFV xrRNAs.

4.1.2. Structural Characteristics of TBFV xrRNAs

Certain members of the TBFV group were excluded from the analysis due to their distinct
structural characteristics. For example, Tyuleniy virus and Saumarez reef virus lack a (8
structure, while Xinyang flavivirus and Meaban virus exhibit unusual secondary structures
with shorter stems «, 8 and . Furthermore, PK1 data was unavailable for Meaban virus

and Xinyang flavivirus.

The remaining sequences were analysed and Figure a) summarizes the lengths of the
structural regions with a schematic representation of the conserved secondary structure
of the TBFV members in Figure b). The stem « ranges from 22 to 28 and, including
bulges or internal loops, the structure spans 24 to 30 nucleotides. In contrast, the 3 region
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has a more compact length of 10 to 15 nucleotides. The ~ region is nearly conserved,
with a length of 18 to 20 nucleotides, consisting on average of 8 nucleotides in the stem
and 11 in the hairpin loop.

The pseudoknot regions exhibit greater variability. The unpaired region between the stem
a and PK1 ranges between 8 and 15 nucleotides. Between the two pseudoknots, there
can stay between 0 and 2 nucleotides unpaired. PK2 consists of 4 to 7 base pairs. The
number of unpaired nucleotides between PK2 in the loop = ranges from 0 to 5 before
PK2 and from 0 to 3 after PK2.

The total length of TBFV xrRNA structures ranges from 84 to 90 nucleotides, with an
average length of 86 nucleotides.
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(a) Distribution of structural region lengths in TBFV xrRNAs.
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(b) Schematic scaffold of TBFV-based xrRNA structures.

Figure 4.3.: Structural length evaluation of TBFV-xrRNAs. (a) Boxplot showing the
distribution of lengths for different structural regions in TBFV xrRNAs. (b) A
schematic scaffold illustrating conserved structural features in the TBFV subgroup.
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Figure illustrates the correlations between the lengths of the structural regions in the
TBFV xrRNAs. A negative correlation is observed between the lengths of « and 3, while
« is positively correlated with . This suggests a trade-off between the sizes of o and
B and a concurrent increase in « and « length. Similarly, within the v region, a longer

stem is associated with a shorter hairpin loop.
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Figure 4.4.: Correlation analysis of TBFV xrRNAs. Spearman correlation coefficients
between the lengths of different structural regions in TBFV xrRNAs.

4.2. RNA Design Model

4.2.1. Design Constraints for the MBFV-Based Model

The structural constraints of the MBFV model based on the analysis described before is
defined as follows: The « structure is restricted to a stem length of exactly 5 base pairs.
The S structure has a total length of 7 to 15 nucleotides, its stem consisting of 1 to 5
base pairs and its hairpin loop of 3 to 7 nucleotides. The structure - is constraint to be
within a length of 20 to 23 nucleotides, with a stem of 4 to 8 base pairs and a hairpin
loop spanning 5 to 15 nucleotides.

Pseudoknot 1 consists of two base pairs. It spans from upstream of the alpha stem, leaving
one unpaired nucleotide between the alpha stem and PK1, to two nucleotides within
the multi loop located between the gamma structure and the alpha stem. Pseudoknot 2
consists of 3 to 8 base pairs. The region between the stem a and the downstream base
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pairs of pseudoknot 2 can include 0 to 6 unpaired nucleotides. Within the v hairpin
loop, the positions of the upstream base pairs of pseudoknot 2 are also constrained.
Specifically, the model permits 0 to 7 unpaired nucleotides before pseudoknot 2 and 1 to 5
unpaired nucleotides after it. These constraints ensure that pseudoknot 2 is appropriately
positioned within the « hairpin loop, while allowing for some structural flexibility.

From the MBFV correlation analysis, only the significant correlation between the lengths
of the « hairpin loop and its stem was incorporated into the model. This was achieved by
constraining the relationship between the two structures to fall within the interquartile
range, as determined from the biological data. The other structural constraints built
into the model should account for the relationship between the total length of 8 and its
stem, as well as the total length of v and its hairpin loop. In contrast, other observed
correlations were excluded because they fell below a defined threshold and were likely
incidental. Such correlations were believed to not provide additional predictive value
to the model. The structural and sequence constraints combined ensure the model’s
robustness and functionality in achieving the desired xrRNA structure.

Based on the work of Skibinski [17], the conserved sequence of MBFV xrRNA was
incorporated into the design process. By integrating structural and sequence constraints,
the fundamental parameters of the model were established, as depicted in Figure The
RNA sequence in the figure is represented in [UPAC code, which defines the sequence
constraints that serve as the scaffold for the model. These constraints enforce specific
nucleotide assignments in conserved regions, such as the stem «, while also imposing
length restrictions on structural components by using the tokens N and X. Additional
length restrictions for the 8 and v regions were applied to achieve the desired structural
specificity. To ensure a sufficiently long 5" end, two extra nucleotides were added at the
5" end. The base pairing shown in the figure represents the structural constraints that
describe the target secondary structure. This representation ensures that the designed
sequences can form the required base pairs, including those within the stems and the two
pseudoknots.

Most of the designs were created without specifying a target length, leading to the
calculation of weights for the length function. In this case, the target mean was first
set to 56 nucleotides with a tolerance of 7, resulting in sequences ranging from 49 to
62 nucleotides (excluding the two additional nucleotides at the 5’ end). This range was
intended to reflect the true sequence length distribution, which spans 50 to 62 nucleotides,
with a mean of 57. However, the model tended to generate longer sequences. As a result,
the set length for the weight calculation was adjusted to 54 nucleotides with a tolerance
of 7, yielding sequences ranging from 48 to 62 nucleotides, with a median length around
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55-56 nucleotides.

Figure 4.5.: Design scaffold of the MBFV-based model. The constraints guiding the RNA
design process for the Infrared model based on the subgroup MBFV. Conserved
sequence motifs and ITUPAC codes define the sequence constraints, while structural
constraints ensure accurate base-pair formation to achieve the xrRNA target structure.

4.2.2. Design Constraints for the TBFV-Based Model

The structures in the TBFV model are constrained as follows: The stem « consists of 11
to 14 base pairs, with up to four nucleotides allowed to remain unpaired within the stem.
The total length of the «a structure ranges from 24 to 30 nucleotides. The 8 structure
has a stem comprising 3 to 5 base pairs and a hairpin loop containing 3 to 9 nucleotides.
The total length of the g structure ranges from 10 to 15 nucleotides. The structure ~
has a total length of 18 to 20 nucleotides, with the stem ~ consisting of 4 to 7 base pairs.
Between the stem and pseudoknot 2, there are 4 to 12 unpaired nucleotides. One segment
of pseudoknot 2 is located within the « hairpin loop, consisting of 4 to 7 base pairs.
Depending on its position, there may be 0 to 3 unpaired nucleotides preceding PK2 and
0 to 2 unpaired nucleotides following it, allowing PK2 to be flexibly positioned within
the 7 hairpin loop. Following the stem «, there are 8 to 15 unpaired nucleotides before
pseudoknot 1 starts, which is composed of three base pairs. Between PK1 and PK2, there
can be up to two unpaired nucleotides.
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The observed correlations in the lengths of the TBFV xrRNA structures led to the
incorporation of the following correlation into the model:

e Correlation between « and S.
e Correlation between v and ~.
e Correlation between § and ~.

In addition, the relationship between the length of the stem and the hairpin of + was
included in the model. This was achieved by constraining the relationship to fall within
the interquartile range, calculated from biological data.

The conserved nucleotides of the TBFV xrRNA sequence, derived from Skibinksi [17],
were incorporated into the Infrared design. The combination of structural and sequence
constraints resulted in the design scaffold shown in Figure [4.6. The sequence depicted
includes conserved motifs along with tokens N and X for variable regions, representing the
sequence constraints in [UPAC code. The base pairs in the figure illustrate the structural
constraints, ensuring compatibility with the target structure. Sequential constraints
were used to enforce the inclusion of specific motifs and impose length restrictions on
structural components. Additional length constraints within the Infrared model were
applied to the 8 and ~ regions to ensure structural specificity. The total sequence length
was modeled as normally distributed around the mean length of the TBFV sequences,
approximately 86 nucleotides. Together, structural and sequence constraints ensure that
the generated sequences meet both functional and structural requirements, including the
proper formation of stems and pseudoknots.
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Figure 4.6.: Design scaffold of the TBFV-based model. The constraints guiding the RNA
design process for the Infrared model based on the subgroup TBFV. Conserved
sequence motifs and IUPAC codes define the sequence constraints, while structural
constraints ensure accurate base-pair formation to achieve the xrRNA target structure.

4.2.3. Objective Function for Sequence Optimization

The objective function was iteratively refined to optimize the generated sequences while
maintaining simplicity. Initially, the objective function included only the equilibrium
probability. However, as additional constraints were incorporated, further improvements
in EP became increasingly challenging during optimization. To address this, the final
strategy employed a two-stage approach: first, minimizing the ensemble defect, followed
by maximizing the equilibrium probability.

Maximizing EP is particularly challenging for longer sequences, as small sequence changes
often do not immediately improve EP, leaving it at zero. If no improvement is observed,
the sequence remains unchanged, leading to the risk of becoming trapped. In contrast,
the ensemble defect responds more sensitively to sequence modifications, providing imme-
diate feedback on improvements or deteriorations. This sensitivity allows for rapid and
consistent adjustments to the sequence. Therefore, the adopted strategy leverages the
strengths of both approaches. In the first stage, ED is minimized to achieve rapid initial
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progress. In the second stage, the process aims to maximize the EP, refining the sequence

to meet the desired structural requirements more precisely.

4.3. Tertiary Structure Evaluation

Sequences were generated and optimized using the Infrared model. Sequences exhibiting
promising properties, such as high equilibrium probability and low ensemble defect,
were selected for further analysis through 3D simulations. These simulations were
primarily evaluated using structural visualization in PyMOL. Due to the distinct and
well-characterized configuration of xrRNA structures, the evaluation of simulation results
was relatively straightforward. It was possible to visually determine whether a simulation
successfully achieved the desired target conformation or deviated significantly from it.
For designs that did not fold into the target conformation, a more detailed analysis was
conducted. This analysis primarily involved identifying incorrectly paired nucleotides as
well as base pairs that were expected to form but did not. These evaluations provided
valuable information on potential challenges in the design process, highlighting specific
features or constraints that may require adjustment to improve the model.

4.3.1. Predicted Tertiary Structures of MBFV-Based Designs

The initial 3D-simulated designs generated using the MBFV-based model demonstrated
promising results. Visualization of the SImRNA simulations revealed the characteristic
ring-like structure, an indicator of the target conformation. Alignment of the simulated
structures with the available crystal structure showed a high degree of similarity, suggesting
that the model is capable of producing sequences that reliably fold into the desired target
structure. This alignment is illustrated in Figure [4.7, where the reference structure is
depicted in blue, and the 3D simulation of the design is shown in red. To further evaluate
the flexibility and reliability of the model, variations in specific structural characteristics
in the design model, such as the length of the stem [, were introduced and tested. Notably,
designs with a significantly shortened § stem, consisting of only a single base pair, were
still able to fold into the desired tertiary structure. These outcomes highlight the flexibility
of the design process and the ability of the model to produce sequences that fold as
intended.

After multiple sequences were successfully generated that folded into the reference struc-
ture, further experiments were conducted to explore the importance of specific structural
features for the xrRNA fold. Given that variations in S stem length did not significantly
affect the tertiary structure, and considering that some xrRNA structures of FV do not
have the 5 stem altogether, the first experiment involved completely removing the [ stem.
Two designs were generated and simulated using SimRNA. Visualization in PyMOL
revealed that both simulations retained the ring-like structure and were highly similar
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Figure 4.7.: 3D Alignment of Wild-Type and Synthetic Design. The figure shows the
alignment of the wild-type reference structure (ZIKV) in blue with the 3D simulation
of the artificial design in red, illustrating their structural similarity.

to each other. Alignment with the ZIKV crystal structure again demonstrated strong
similarity, suggesting that the stem § may not be as critical for proper folding as other
regions. One of these two designs was selected for further MD analysis to investigate the
role of the stem [ in greater detail, as discussed in Section

Another variation tested the role of base triples by using them as sequence constraints
while removing all other constraints. Two sequences were created and simulated. Of
these, one design formed a well-defined ring-like structure, while the other adopted a
conformation that showed a high similarity to the reference structure but without a clearly
defined ring. The design that successfully formed a ring was further analysed to gain
insight into the role of the base triples, as discussed in Section

Further findings suggested the importance of a conserved cytosine residue located within
the multi loop between the 8 and ~ stems. To test this, a single nucleotide variation
was introduced, which replaced cytosine with another nucleotide. Two experiments were
conducted: one with all remaining sequential constraints removed and another with those
constraints preserved. The resulting designs retained a well-defined ring-like structure
upon visualization and exhibited high similarity to reference structures, ZIKV. These
designs were selected for the subsequent MD analysis, as discussed in Section

Furthermore, a set of 10 designs was generated using the standard RNA design model to
evaluate the model’s ability to produce functional xrRNA sequences. These 10 designs
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were 3D-simulated and analysed. Each design was compared to the ZIKV reference
structure using metrics such as RMSD, GDT, TM score, and CAD score, with the results
summarized in Table [4.1]

Table 4.1.: MBFV designs metrics table

design | RMSD | GDT | TM | CAD
1 12.13 | 0.36 | 0.30 | 0.48
2 8.03 0.32 | 0.34 | 0.47
3 6.95 0.25 | 0.33 | 0.49
4 7.76 0.38 | 0.28 | 0.48
5 7.34 0.37 1 0.32 | 0.46
6 8.64 0.28 | 0.27 | 0.45
7 4.55 0.30 | 0.34 | 0.48
8 6.46 0.24 | 0.31 | 0.49
9 8.93 0.30 | 0.24 | 0.39
10 8.22 0.25 | 0.32 | 0.52

RMSD analysis showed scores ranging from approximately 4.5 to 12 A, indicating varying
levels of performance between designs. Design 1 exhibited the highest RMSD, while
Design 7 had the lowest, suggesting a closer structural alignment to the reference struc-
ture. In contrast, the GDT and TM scores provided a different perspective. GDT scores
highlighted Design 1, Design 4, and Design 5 as the top-performing designs. Notably,
Design 7 and Design 2 achieved the highest TM-scores, followed by Design 3, although
the TM-scores across all designs remained within a similar range. CAD scores showed
low variability, with Design 10 attaining the highest value. In general, the results from
CAD, TM, and GDT indicate nearly equal structural similarity between the designs and
the reference structure. Although the CAD scores show intermediate alignments, the low
TM and GDT scores suggest a restricted degree of similarity between the designs and the
reference.

Despite this, visualization revealed that most designs folded into a similar structure, with
the ring-like feature observed in nearly all simulations, except for two designs. These two
designs (Design 4 and Design 6) exhibit structures resembling the reference; however, the
ring-like feature fails to assemble correctly, instead forming a convex-like opening. This
leads to issues where the 5" end of the RNA fails to pass through the ring-like structure.
Interestingly, these two designs do not show poor scores in the metrics compared to the
other designs, highlighting the importance of visualization in the evaluation of designs,
as metrics alone may not capture structural anomalies. An example of a poor design
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(Design 4) is shown in Figure where panel (a) demonstrates that the 5” end does not
pass through the ring-like structure (highlighted in cyan). Instead, the structure formed
in this design resembles an ellipse rather than a proper ring. In contrast, Figure a)
illustrates a well-structured ring-like conformation, with the 5’ end passing through the
ring. Four designs following this structural pattern, with a well-defined ring-like structure,
were selected for further MD analysis, as discussed in Section

(a) 3D simulation. (b) Predicted structure.
AGU CCAGUUAAUGCUGGCCACGGUAUUCCCCAACCGUGCU UGGAAUUU
CCLRC. .- 2220 CLRCCCLELE L. . 22202)%>
Loiws s, T0: v s vz 20: ¢ sen aa s € 40. ... ... 1510 R 58

(¢) RNA sequence and secondary structure

Figure 4.8.: Visualization of MBFV Design 4. (a) The 3D simulation of the RNA structure.
(b) The predicted structure of the RNA. (¢) The RNA sequence alongside its corres-
ponding dot-bracket notation for the structure.
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(a) 3D simulation. (b) Predicted structure.
IGU CUAGGAAAAGACUAGCCACGGAU AAUUCGUGCA UUUGAG uu
LA s o )))) . CCCCCCCLE <3023 ¥3)»>
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(c) RNA sequence and secondary structure

Figure 4.9.: Visualization of MBFV Design 2. (a) The 3D simulation of the RNA structure.
(b) The predicted structure of the RNA. (¢) The RNA sequence alongside its corres-
ponding dot-bracket notation for the structure.

4.3.2. Predicted Tertiary Structures of TBFV-Based Designs

The design process for TBFV presented more challenges compared to MBFV. The initial
designs exhibited substantial deviations from the reference structure, with the ring-like
configuration often missing or poorly defined. Despite adjustments to the system and
insight into the design process achieved, significant differences between designs and the
reference structure persisted.

To better understand the design process and identify its limitations, 10 designs were
generated and subsequently simulated in 3D using SimRNA. Although most of the designs
formed a ring-shaped structure, many appeared to be loosely organized. This is also
evident in Figure which shows a design with a ring-like structure; however, the
remaining elements appear to be poorly organized. Among these, two designs (Design 8
and Design 9) seem the most promising, as they showed the highest similarity to the
reference structure.
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(a) 3D simulation. (b) Predicted structure.
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(c) RNA sequence and secondary structure

Figure 4.10.: Visualization of TBFV Design 1. (a) The 3D simulation of the RNA structure.
(b) The predicted structure of the RNA. (¢) The RNA sequence alongside its
corresponding dot-bracket notation for the structure.

The results of various structural metrics, including RMSD, GDT, and TM scores, are
summarized in Table [4.2. Design 9 emerged as the best performing structure, with the
lowest RMSD and the highest scores for GDT, TM, and CAD. A visualization of this
sequence can be seen in Figure Consequently, Design 9 was selected for further MD
analysis. In addition, Design 8 was manually adjusted to correct for a few mispaired
nucleotides within the ring-like structure and was subsequently used for further MD
analysis.
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Table 4.2.: TBFV designs metrics table

design | RMSD | GDT | TM | CAD
1 15.76 0.20 | 0.24 | 0.50
2 18.24 0.13 | 0.26 | 0.51
3 15.27 | 0.14 | 0.23 | 0.46
4 22.24 0.14 | 0.22 | 0.49
5 18.05 0.15 | 0.22 | 0.52
6 19.40 0.12 | 0.20 | 0.52
7 16.40 0.17 | 0.25 | 0.46
8 16.20 0.16 | 0.25 | 0.50
9 11.68 0.27 | 0.37 | 0.54
10 14.98 0.14 | 0.25 | 0.47

(a) 3D simulation. (b) Predicted structure.
cc GCAGCACGCGAAAUUAGGCGACGGGAGA GGAUCCCGA AAUUUGUAAUUUGUGA
- .y 4| N 33 L UCGK. . L i ) e >>>, .
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(c) RNA sequence and secondary structure

Figure 4.11.: Visualization of TBFV Design 9. (a) The 3D simulation of the RNA structure.
(b) The predicted structure of the RNA. (¢) The RNA sequence alongside its
corresponding dot-bracket notation for the structure.

4.4. Structural Stability Evaluation

To evaluate the stability of the designed sequences and their potential resistance to Xrnl,
MD simulations were conducted. The initial 3D model generated by SImRNA was used
as input for these simulations, following the methodology outlined in Section Two
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distinct approaches were used: pulling with a range of constant forces (CFMD) and pulling
with a gradually increasing force (GFMD). The MD simulation results were visualized
using PyMOL, enabling detailed tracking of the unfolding process and identification of
structural deviations over time.

As an additional analysis, histograms from the CFMD simulations were generated. These
histograms depict the distance of the 5" end throughout the pulling process, providing
insight into structural stability. A structure is assumed to remain stable if the 5’ end main-
tains a distance under 10 A relative to its original position. These histograms illustrate the
frequency with which the structure retains similarity to the original configuration. Frames
with larger distances indicate potential unfolding events or structural rearrangements.
Furthermore, monitoring the distances between specific base pairs provides information
about the persistence of base pairing during simulations. By combining these histograms
with base-pair distance data and visual analysis, valuable insights into the RNA stability
were obtained.

GFMD simulations revealed the force threshold at which the structure begins to unfold.
By monitoring the position of the 5’ end throughout the simulation, significant increases in
distance were identified as markers of refolding or unfolding events. This approach enabled
the determination of the maximum force at which the design retained its initial configura-
tion. Comparisons with a reference structure provided insight into the likelihood that the
design exhibits Xrnl resistance. These analyses offer a comprehensive understanding of
the stability of the designed RNA sequences under varying force conditions.

4.4.1. MBFV reference structure

Figure 4.12(a) presents the distance histograms from the CEFMD simulations of the ref-
erence ZIKV structure, based on the crystal structure with PDB ID 5TPY. To improve
visibility across all pulling forces, the histograms are divided into two separate plots.
These results offer insights into the behavior of an xrRNA-resistant structure in MD

simulations.

The top plot in Figure m(a) presents histograms for pulling forces of 200, 300, and
350 pN. All three histograms show a peak at or below 10 A, suggesting that the structure
remains predominantly folded throughout the simulations. As the pulling force increases,
the peak shifts slightly to the right. However, the histograms indicate that the structure
largely retains its initial configuration during the MD simulation for pulling forces between
200 and 350 pN.

The bottom plot shows histograms for pulling forces of 400 and 500 pN. For the 400 pN
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simulation, the primary peak remains near 10 A, indicating that the structure is mostly
stable. Secondary local maxima are observed around 60 and 80 A, suggesting that at
certain time points the structure changes into alternative configurations. Despite these
transitions, the majority of frames show the 5" end remaining close to its original position.
In contrast, the histogram for the 500 pN pulling force reveals a significant shift to the
right, with the peak centered around 65-70 A. Most frames in this simulation exhibit
distances within the range of 60-75 A, indicating that the structure is unfolded or refolded
in nearly all frames. These results suggest that the structure remains intact up to a
pulling force of 400 pN, beyond which it no longer retains its initial configuration.

The results of the GFMD simulations show a similar trend. Figure [£.12(b) illustrates
the distance between the initial position of the 5’ end and its current position during
simulations using a gradient force. In all simulations, the 5’ end remains close to its
original position up to a pulling force of 300 pN, indicating that the RNA sequence
retains its initial configuration up to this point. Around 300 pN one simulations shows
an increase in distance. Beyond 350 pN, two other simulations exhibit an increase in
distance, while one simulation shows an increase just before 400 pN. These increases in
distance correspond to refolding or unfolding events. Three simulations plateau around
70 A, indicating an alternative stable configuration adopted by the RNA sequence.

In summary, the GFMD results demonstrate that the RNA structure remains stable under
pulling forces up to 300 pN, similiar to the distance histogram results from the CFMD
simulations. At a pulling force of 350 pN, the structure begins to transition, and forces
beyond this threshold result in significant structural changes, suggesting re- or unfolding
events.

The results of the GFMD simulations show a similar trend. Figure (b) illustrates
the distance between the initial position of the 5’ end and its current position during
simulations using a gradient force. Across all simulations, the 5’ end remains close to
its original position up to a pulling force of 300 pN, indicating that the RNA sequence
retains its initial configuration within this range.
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Figure 4.12.: MD Analysis of MBFV reference structure. (a) displays two histograms of
distances calculated from CFMD simulations under different pulling forces of ZIKV.
(b) shows the distance between the 5’ end initial position and its current location
during GFMD simulations of ZIKV.

4.4.2. MBFV design lacking a g structure

First, we examined sequences modified to meet specific constraints, testing the significance
of certain sequence features. Figure presents the results of the MD simulations for
a sequence designed without the stem 8. The tertiary structure of this design closely
resembles the ZIKV reference structure, showing a well-defined ring-like structure when
simulated using SImRNA. However, analysis of the MD simulations reveals that the
structure is relatively unstable. The histograms of the CFMD simulations are shown in
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Figure a). Under a pulling force of 200 pN, a peak is observed around 25 A, while
for 300 pN, the peak shifts to approximately 30 A. Pulling with a higher force shifts the
peak further to the right, indicating greater structural displacement with greater force.
These results suggest that the structure begins to unfold under a force as low as 200 pN.
Furthermore, the results of the GFMD simulation in Figure (b) show a rapid increase
in distance. The 5’ end can hardly contain its original positional, and even when pulling
with a force of 75 pN an increase can be seen, indicating an unstable structure. Compared
with the reference structure, this design, which lacks the stem 3, exhibits significantly
reduced structural stability.

Although the stem [ appears to play a critical role in maintaining the stability of
the structure, there are biological structures that naturally lack this feature. It is possible
that such structures compensate for the reduced stability through other mechanisms,
which remain to be explored. Further experiments would be necessary to uncover how
these structures adapt to ensure stability in the absence of the stem £.
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Figure 4.13.: MD simulation analysis of a MBFYV design lacking § stem. The two figures
illustrate the distance measurements obtained from MD simulations of an MBFV
design lacking a 8 stem. Figure (a) presents two histograms of distances from
CFMD simulations conducted under different pulling forces. Figure (b) shows the

distance between the 5 end initial position and its current location during GFMD
simulations.

4.4.3. Importance of base triples in MBFV designs

Figure shows the histograms of the simulations in which only the base triples were
conserved within the sequence. No additional sequence constraints were applied beyond
the conservation of base triples. At the lowest pulling force, the structure remains largely
intact. However, as the force increases to 300 pN, a large fraction of the frames begins to
exhibit RNA unfolding. This fraction grows further with increasing forces, and by 500 pN,
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nearly all frames indicate a fully unfolded RNA structure. Although some resistance
to unfolding is observed, it is quickly overcome with small increases in pulling force. A
similar trend is seen in the distance between a base pair of PK1. At low forces, the base
pair remains stable, but as the force increases, the nucleotide distance rapidly exceeds
10 A, indicating bond rupture. These results demonstrate that conserving only base
triples does not provide sufficient sequential and structural information to achieve stability
comparable to that obtained with xrRNA sequences.
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Figure 4.14.: MD simulation analysis of a MBFV design with only base triple con-
straints. The two figures illustrate the distance measurements obtained from
MD simulations of an MBFV design, where only the base triple was sequentially
constrained. Figure (a) presents two histograms of distances from MD simulations
conducted under different pulling forces. Figure (b) shows the mean distance between
a PK1 base pair during CFMD simulations conducted under different pulling forces.

4.4.4. Importance of conserved cystosine in MBFV designs

Figure presents the CFMD simulations performed with sequences lacking the con-
served cytosine within the multiloop. Panel (a) shows simulations for the sequence
in which no additional sequential constraints were applied, which means that TUPAC
information was not included except for the absence of the conserved cytosine. In contrast,
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panel (b) shows simulations of the sequence without the conserved cytosine but with the
remaining sequential constraints preserved.

In panel (a), the sequence demonstrates low stability. Even with a pulling force of
300 pN, a second peak begins to emerge, indicating structural disruption. At higher
forces, such as 400 pN, the structure can no longer maintain its initial configuration and
rapidly unfolds. Panel (b), however, reveals a different trend. When pulled with forces
up to 350 pN, the maxima remain between 0 and 15 A, reflecting a structure that closely
resembles its initial configuration. Beyond 400 pN, a shift to the right is observed in the
histogram, suggesting a partial refolding of the structure.

When we compare these results, it becomes evident that removing sequential constraints
leads to a more unstable molecule. This observation aligns with the findings for sequences
in which only the base triple information was conserved, as shown in Figure Both
sequences — those lacking conserved cytosine and those with only base triple constraints —
exhibit low stability and rapid unfolding. This instability could arise from the lack of
sufficient sequential constraints, which allows the remaining sequence to be randomized.

In contrast, adding back the sequential constraints, as seen in panel (b), partially restores
the molecule’s stability. The resulting histograms indicate a certain degree of structural
stability; however, it remains inferior to that of the reference structure, which exhibits a
higher level of stability. This suggests that the conserved C within the sequence plays a
critical role in contributing to the stability of the molecule. However, the stability observed
in panel (b) is notably greater than that in panel (a). Sequences lacking comprehensive
sequence constraints demonstrate pronounced structural instability, emphasizing that
structural constraints alone are insufficient. Therefore, both structural and sequential
constraints are essential to achieve stability and behavior comparable to the reference
structure.
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Figure 4.15.: CFMD simulation analysis of MBFV designs without conserved cytosine.
Panel (a) shows the MD simulations for a sequence where no sequential constraints
were applied, except for the absence of the conserved cytosine. Panel (b) displays
the MD simulations for a sequence lacking the conserved cytosine but retaining all
other sequential constraints.

4.4.5. Stable Pseudoknot 2 in MBFV designs

A key observation from these MD analyses is the importance of pseudoknot 2. Figure[4.16
shows the distances between the base pairs of PK2 during MD simulations in which
the pulling force was gradually increased. The two plots show two different designs, in
(a), an earlier design is shown in which certain constraints were not yet applied. We
can see that the distance between base pairs increased significantly in three out of four
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simulations. This trend is also seen in another MD simulation of a similar design. In
contrast, Figure [4.16|(b) shows simulations of a different design where the distance remains
constant around 10 A. These observations show that the PK2 bond breaks in some

simulations but remains stable in others.

Analysis of the base-pairing energy of PK2 reveals distinct differences between stable and
unstable configurations. In simulations where PK2 dissociates, high energy values (+4.3,
+4.6) are observed, indicating instability. In contrast, simulations where the distance of
PK2 remains low show negative energy values, suggesting a stable base pairing. These
findings indicate that pseudoknot 2 must exhibit negative energy to ensure structural
stability. To address this, the energy of pseudoknot 2 was incorporated as a constraint
into the MBFV-based Infrared model. Incorporating this insight into the model led to the
generation of designs in which pseudoknot 2 remains stable under simulation conditions.

63



4. Results

100

Simulation
1
2
80+ 3
4

60 -

Distance [4]

40

20 A

T T T T T T
0 100 200 300 400 500
Force [pN]

(a) Distance between base pair in PK2 with positive energy.

100

Simulation

80 -

60 -

Distance [A]

40

20 A

T T T T T T
0 100 200 300 400 500
Force [pN]

(b) Distance between base pair in PK2 with negative energy.

Figure 4.16.: PK2 Distance During MD Simulations. The plots depict the distances between
a base pair of PK2 during GFMD simulations.

4.4.6. Consistency of the MBFV-Based Design Model

In addition to analyzing specific features of the xrRNA structure, a total of 10 sequences
were designed to evaluate the reliability of the design process. After filtering the designs
based on their SIMRNA 3D simulation results, four designs (Design 2, 3, 7, and 10) were
selected for further analysis using MD simulations.

The tracking of the 5’ end distance during the GFMD simulations is shown in Fig-

ure In all four plots, the distance remained low up to a force of 500 pN. In some
simulations, such as Simulation 1 of Design 10, the distance remained low even at forces
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of 700 pN or nearly 800 pN. However, between 500 and 800 pN, all designs exhibited
a significant increase in distance, representing the refolding or unfolding of the RNA
sequence.

Comparison of these results with the reference structure, shown in Figure (b), reveals
that the selected designs exhibit structural stability equal to or greater than the reference,
as determined by the GFMD simulations. Given that the reference structure is known
to exhibit resistance to Xrnl, these results strongly suggest that the designed sequences
may also demonstrate resistance to Xrnl.
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Figure 4.17.: GFMD Analysis of MBFV designs. The plots show the distance between the
initial and current positions of the 5’ end during MD simulations of four selected
MBFYV designs.
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4.4.7. TBFV Reference structure

No experimental structure was available to serve as a reference for the TBFV sequences.
Therefore, as in the tertiary structure analysis, a reference structure was derived from a
TBFYV sequence of DTV. This structure was computationally modified and optimized to
align with structural assumptions and subsequently used for GFMD simulations. The
results of the simulations of this reference structure are shown in Figure The data
indicate that the structure exhibits limited stability. Early in the simulation, the distance
between the current position of the 5’ end and its initial position increases consistently.
Upon applying forces in the range of 250-300 pN, a pronounced increase in distance is
observed, indicating a structural transition. Some simulations temporarily stabilize at a
distance around 80 A, suggesting the presence of an alternative configuration. However,
certain simulations move beyond this state with further increases in the pulling force.
In particular, Simulation 2 demonstrates a rapid increase in distance after exceeding a
pulling force of 300 pN without achieving a stable intermediate configuration, unlike the
other simulations.

When comparing the stability of the DTV structure with the GFMD analysis of the ZIKV
structure (Figure [4.12b)), it is evident that the ZIKV structure exhibits greater stability,
maintaining its conformation over more simulation steps than the DTV structure. This

disparity could be attributed to the absence of an experimentally validated structure for

DTV.
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Figure 4.18.: GFMD Analysis of TBFV reference structure. The plots show the distance

between the initial and current positions of the 5’ end during MD simulations of
DTV
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4.4.8. Consistency of the TBFV-Based Design Model

As was also done for the MBFV-based design model, ten sequences were generated and
simulated for the TBFV-based model to evaluate the reliability of the design process. Of
the 10 generated sequences, only two showed potential resistance to xrRNA and were
selected for MD simulations, as shown in Figure One of these designs exhibited
low structural stability, while the other demonstrated limited pulling stability. Despite
manual attempts to improve the sequences, the modifications did not lead to significant
improvements in stability.

In Figure b), Design 9 shows greater stability compared to Design 8, as seen
in panel (a). However, both designs exhibit a steady increase in distance with increasing
force, even with low pulling forces, indicating structural instability. In contrast, the
MBFV-based designs, shown in Figure [£.17, display a different behavior, where increases
in pulling force do not consistently correlate with increases in distance at low pulling forces.

In panel (a), a steep increase in distance is observed even with a pulling force of only
250 pN. The remaining simulations show unfolding occurring at forces around 300 and
350 pN. In the other design (panel (b)), a sharp increase in distance is observed between
400 and 450 pN across the four simulations. Although this might suggest some degree of
stability, the distance steadily increases to 20-30 A up to a pulling force of 400 pN, which
already indicates early signs of instability.

These results demonstrate that, although the TBFV-based designs exhibit some res-

istance to pulling, their stability is noticeably weaker compared to the MBFV-based
designs.
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Figure 4.19.: GFMD Analysis of TBFV designs. The plots show the distance between the
initial and current positions of the 5’ end during MD simulations for two selected
TBFYV designs.

4.5. Experimental Results

One designed sequence from the TBFV-based model and two sequences generated from
the MBFV-based model were selected for laboratory testing. For the TBEFV design, Design
9 was chosen, with GFMD results shown in Figure b). However, no experimental
results for the TBFV design were available at the time of completing this master’s thesis.
The two MBFV-based designs exhibited stable structures comparable to the reference
structure in the GFMD analysis, with one example shown in Figure a). Both designs
demonstrated partial resistance to Xrnl, although this resistance was significantly lower
than that of the wild-type sequence, as shown in Figure c). Manual optimization
at the nucleotide level was performed on one of the two sequences, which improved its
reliability. After these modifications, the sequence achieved resistance values consistently
in the range of 250-300 pN across all four simulations, as illustrated in Figure b).
These modifications ultimately improved the sequence’s performance, achieving resistance
levels comparable to those of the wild type, as seen in Figure d). In addition,
in-line probing further validated that the structure matched the expected conformation,
providing greater confidence in the design and its functionality.
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Figure 4.20.: GFMD and in vitro Testing Results of MBFV Designs. Panel (a) shows
GFMD analysis of the MBFV design before manual optimization, demonstrating
partial stability. Panel (b) presents GFMD analysis after optimization, showing
improved stability. Panel (c) displays the results from the Xrnl resistance assay,
comparing the two MBFV designs (d1 and d2) with the wild-type (wt) sequence.
In panel (d) we see the results after one of the design got further manually modified
to improve its resistance (d2-alt).
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4.6. Design Comparison

The dataset described in Section [4.1 was utilized to generate a CM. From this, CM
sequences were created and used for this analysis. Since the Infrared model based on the
MBFYV group demonstrated highly promising results, with experimental validation that
confirmed the resistance to Xrnl, the comparison focuses exclusively on designs derived
from the MBFV model. This analysis aims to evaluate and compare the different design
approaches, emphasizing differences in sequence composition and structural properties.

4.6.1. Sequence Diversity

Figure shows the sequence logo counts for three datasets: biological data from MBFV
members, the mlocarna alignment of the designs produced using the Infrared model and
the designs generated by the CM model. The MBFV dataset consists of 20 biological
sequences, the Infrared dataset includes 1,000 designed sequences, and the CM model
dataset contains 100 designed sequences. In addition, the proposed structural motif is
displayed. To improve alignment between the datasets, the logo counts were manually
adjusted. Specifically, columns with predominantly gaps (> 95%) were removed from the
Infrared and CM alignments. In addition, gaps (highlighted in gray) were introduced
to create a more comparable plot. The black underlined regions correspond to sequence
positions that were completely or partially fixed by constraints in the Infrared design
model.

A strong similarity is observed between the CM designs and the biological MBFV data,
which can be attributed to the methodology used for the CM generation. Completely
conserved positions in the MBFV alignment are also reflected in both the CM and the
Infrared models. Notably, a highly conserved pattern, highlighted in yellow, is visible in
the MBFV and CM alignments, but not in the Infrared model. This region corresponds
to part of PK2. Although this specific sequence motif was not included in the Infrared
constraints, the structural constraints in the Infrared model ensure that these positions are
capable of base pairing, effectively yielding a similar result as if the motif were explicitly
included.

A similar observation can be made for the cyan-highlighted positions, which are again
conserved in the MBFV and CM alignments but not in the Infrared alignment. These
positions correspond to an extension of the « helix. Again, the structural constraints in
the Infrared model ensure that these nucleotides can form base pairs, replicating similar
functional requirements of the conserved positions.
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Figure 4.21.: Sequence Analysis of MBFV models. Sequence logo counts for MBFV sequences
and designs created using the Infrared and CM models based on MBFV data. Gray
regions represent manually introduced gaps for alignment purposes. Cyan or yellow
highlighted regions indicate interesting positions in the comparison. Black underlined
regions correspond to positions that were fixed by sequence constraints in the Infrared
RNA design model.

Upon examining the two graphs showing the consensus structure and the Shannon entropy
of the different designs (Figure , we observe a high degree of similarity in both the
structural elements and the conserved regions. The CM captures the conservation within
the stem « and the multi loop, both of which show low entropy in the CM designs while
being entirely fixed in the Infrared model. However, regions such as the structure
display a high entropy in both design models, indicating a variability in the sequence.
CM introduces unpaired nucleotides into various stems, a feature that does not align with
the biological data. However, these inserted bulges exhibit high entropy associated with
gap characters, suggesting that they are rarely incorporated into the sequence. Overall,
both models demonstrate comparable consensus structures and Shannon entropy patterns,

with only minor differences between them.
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Figure 4.22.: Conservation analysis of MBFV models. Shannon entropy and consensus
structure comparisons of CM and Infrared designs based on MBFV data.

4.6.2. Structure Diversity

Figure presents a comparison of the structural length distributions for different
structural parts of the xrRNA sequences, based on the same analysis as in Section
For the CM-generated designs, pseudoknot information was derived from an analysis
using ViennaRNA. Only sequences with predicted pseudoknot interactions were included
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in the comparison of the CM pseudoknot lengths. Specifically, 78% of the CM sequences
were included in the PK1 analysis, while 60% of the total CM designs were included in
the PK2 analysis.

The Infrared and CM models effectively mimic the MBFV data for many structural
parts. The Infrared model generally produces lengths within the observed biological
ranges, as these ranges are explicitly built into the model. However, the CM model
occasionally generates outliers typically shorter than the observed lengths. For example,
in the a region, CM designs show greater variability than Infrared designs or the biological
data.

Infrared tends to generate shorter structural parts, particularly for the S region. For
example, the stem of 8 has a mean length of 6 nucleotides in the MBFV data, whereas
Infrared designs have a mean of 2 nucleotides. In contrast, CM designs for the stem
exhibit a mean length of 8 nucleotides with no observed variance, indicating that the
model does not capture this structural diversity. Both models also struggle to replic-
ate the variability in the stem . For both Infrared and CM designs, the length of the
stem -y is nearly invariant at 10 nucleotides, whereas the biological data range from 8 to 15.

When examining the pseudoknot, we observe that CM also generates sequences capable of
forming only one base pair for pseudoknot 2. The formation of base pairs for pseudoknot 2
in both Infrared and CM designs shows high similarity to the biological data. However, the
CM design appears to partially miss the accurate positioning of PK2 within the + hairpin
loop and after the stem «, as it shows longer unpaired regions compared to biological data.

Although both models successfully reproduce many characteristics of the MBFV data, they
exhibit limitations in capturing the full variability of specific structural parts, particularly
in regions such as stem [ and stem ~. Regarding reliability, the CM model shows a higher
frequency of generating sequences outside the observed biological ranges, whereas the
Infrared model enforces stricter adherence to these constraints.
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Figure 4.23.: Structural part analysis of MBFV-models. Box plot comparing the structural
lengths of different xrRNA parts from MBFV biological data, Infrared model designs,
and CM model designs.

The base pairing probabilities of the three datasets, comprising natural MBFV sequences,
Infrared model designs, and CM designs, were calculated and visualized as heat maps
(Figure [4.24). Panel (a) shows the base pairing probabilities of the natural xrRNA se-
quences from the MBFV group. Panel (b) depicts the probabilities for sequences designed
using the Infrared model, with the lower triangle of the matrix highlighting the expected
base pairing. Panel (c) presents the probabilities for CM designs, where the lower triangle
again represents the expected or desired structure. In all panels, diagonal lines indicate
helices or continuous base pairing.

The BPPs of MBFV sequences show three distinct diagonal lines, representing the stems
a, 8 and 7. The a stem (starting around position 5/55) and the 7 stem (starting around
position 25/48) exhibit high base pairing probabilities, both reaching approximately 0.8.
The stem [ shows lower probabilities, around 0.6. Pseudoknots cannot be clearly identified.

In panel (b), corresponding to Infrared model designs, the three stems are visible alongside
an additional diagonal line, which represents pseudoknot 2 (extending from approximately
Position 50/80 to 40/90). These helices show lower base pairing probabilities compared
to the MBFV sequences, with a maximum probability of around 0.4. Additionally, some
base pairing probabilities between Positions 60 and 70 suggest unwanted interactions.
Pseudoknot 1 remains undetectable in the heat map, consistent with the MBFV sequences.

The BPP heat map for CM designs exhibits several diagonal lines, although these are
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much less well defined compared to the MBFV and Infrared datasets. The strongest line,
corresponding to the stem «, reaches a maximum base pairing probability of 0.35, while
the other stems exhibit probabilities of only 0.10 to 0.15. Despite the low probabilities,
faint patterns that resemble the stems of v and «y can still be discerned, although these
patterns are unclear and poorly defined.

In summary, all three data sets exhibit the motif of three stems, but the clarity and intens-
ity of these features vary significantly. The natural MBFV sequences display the highest
base pairing probabilities, followed by the Infrared designs with moderate probabilities,
and finally the CM designs, which exhibit low probabilities and less defined structures.
Notably, pseudoknot 2 is visible only in the Infrared designs, whereas pseudoknot 1
is absent in all three datasets. This absence may be attributed to the small size of
pseudoknot 1, which consists of only two base pairs, making it unlikely that ViennaRNA
would accurately capture these interactions.
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Figure 4.24.: Base pairing probabilities of MBFV-models. The plots show heat maps of
the BPPs. (a) uses biological data of MBFV members. (b) uses sequences created
from the Infrared design model. (c) uses sequences created from the CM model.
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As explained in Section the ability to create pseudoknots was also analysed, the
results can be seen in Table Examination of the BPPs of designed sequences revealed
that the Infrared model reliably builds pseudoknot 2, whereas the CM model showed no
clear evidence of pseudoknot formation. However,also the biological data did not show

evidence of any pseudoknots. Notably, no signs of pseudoknot 1 were observed in the
BPPs of either model.

Each design was subsequently evaluated to determine whether the nucleotides within the
pseudoknot 1 regions could theoretically form two base pairs. For the Infrared designs,
all sequences exhibited the ability to form the two base pairs required for pseudoknot
1, which is unsurprising given that this feature was explicitly included in the model. In
contrast, only 58% of the sequences designed using the CM model were able to form both
base pairs that comprise pseudoknot 1. The ability to form pseudoknot 2 was further
analysed using ViennaRNA. Among Infrared designs, 89.7% were able to form base pairs
between the two pseudoknot 2 regions, with an average of approximately 5 base pairs per
pseudoknot. By comparison, CM designs formed pseudoknot 2 in 60% of the cases, with
an average of 5 base pairs per pseudoknot 2 as well.

In general, 89.7% of the Infrared designs were able to form both pseudoknot 1 and
pseudoknot 2, while only 34% of the CM designs achieved this. These results demonstrate
that the Infrared model reliably produces the pseudoknots required for the characteristic
xrRNA structure. Although the CM model, by capturing conserved sequential information,
occasionally generates sequences capable of forming one or even both pseudoknots, the
Infrared model ensures consistent pseudoknot formation across nearly all designs.

Table 4.3.: Fraction of sequences that can form pseudoknots in Infrared and CM designs
based on ViennaRNA analysis

model PK1 | PK2 | both PKs
Infrared | 1 0.897 | 0.897
CM 0.58 | 0.6 0.34

In Figure the sequence length distributions of three datasets are shown: biological
MBFYV data, designs generated using the Infrared model and designs created using the
CM model. Both models are able to approximate the sequence length range of biological
data; however, the CM model occasionally generates sequences exceeding the observed
biological lengths, some reaching up to 69 nucleotides.
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Figure 4.25.: Length Distribution of MBFV Sequences. Histograms showing sequence
length distributions for MBFV biological data, Infrared model designs, and CM
model designs.

In summary, the comparison between the Infrared and CM models highlights significant
differences in sequence composition, structural stability, and the ability to replicate the
features of natural MBFV xrRNA sequences. Both models effectively capture many
aspects of the biological data; however, a key advantage of the Infrared model is its
reliable formation of pseudoknots. In particular, the Infrared model achieves superior
accuracy in forming both pseudoknots, with a success rate of nearly 90%. In contrast,
the CM model successfully forms both pseudoknots in only about one-third of the cases,
highlighting its limitations in this use case. A key drawback of the CM model is that it
can only include information about sequence and secondary structure, lacking the ability
to incorporate tertiary structural features such as pseudoknots. This constraint represents
a significant disadvantage when trying to replicate the complex structural characteristics
of natural MBFV xrRNA sequences.

Sequence diversity analysis revealed that both models replicate conserved elements,
such as the stem « and multi loop, while allowing variability in other regions, such as
stems 8 and 7. The base pairing probability analysis further demonstrated the Infrared
model’s reliability in producing sequences that form the desired base pairs, a feature not
consistently observed in the CM designs.

Another key advantage of the Infrared model lies in its ability to optimize a designed
sequence efficiently. The Infrared approach builds a design scaffold that allows for iterative
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modification of sequences while ensuring the preservation of critical features, such as
base-pairing compatibility and conservation of important motifs. In contrast, the CM
model generates individual sequences based solely on the provided covariance model.
Adjusting or refining these sequences requires the manual incorporation of additional
constraints, a process that can be laborious and time-consuming, particularly when dealing
with complex RNA structures. This lack of flexibility limits the CM model’s utility for
applications requiring iterative refinement or sequence manipulation.

In conclusion, the Infrared model offers a more robust and adaptable framework for
RNA design, effectively balancing structural accuracy, pseudoknot formation, and se-
quence optimization. Given that pseudoknot formation is a crucial aspect of the unique
xrRNA structure, and considering that Infrared is better equipped to incorporate this
important feature into the design process, it emerges as the more suitable choice for
designing xrRNA structures. Moreover, its ability to preserve critical features while
enabling targeted modifications represents a key advantage over the CM model. In
addition, Infrared enables further manipulation of the sequence or structure to meet
specific requirements, enhancing its utility in RNA design.
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The design and analysis of exoribonuclease-resistant RNA sequences represent a significant
advancement in the understanding of these unique structures and their applications in
synthetic biology. This study aimed to develop a computational framework for designing
synthetic xrRNA sequences that replicate the properties of natural flaviviral xrRNAs,
with a focus on structural stability and resistance to degradation by Xrnl. Here, research
goals, key findings, including limitations, and potential directions for future research are
discussed.

5.1. Research Goal

The goal of this thesis was to create a robust design model based on flaviviral sequences
that exhibit resistance to exoribonuclease. By analyzing biological data derived from two
subgroups, MBFV and TBFV, critical structural and sequential features were identified.
Based on these findings, a scaffold for the two design models was developed. This scaffold
was designed to mimic the biological data while ensuring variability in the design process.
Using this information and the Infrared framework, two xrRNA design models were
created, one for each subgroup.

Within these models, sequences were constrained to meet various structural and se-
quential requirements. Using a Monte Carlo optimization process, the models optimized
sequences to adopt the desired target structures. A two-stage optimization approach
ensured a reliable process capable of generating sequences that accurately fold into the
target secondary structure. Further tertiary structure and stability analyses were conduc-
ted to ensure exoribonuclease resistance. Sequences demonstrating the same structural
features as their biological counterparts were subjected to experimental validation. For
each subgroup, one of these designs was selected and sent to the partner lab in Leipzig
for experimental testing of its resistance to Xrnl.

However, the TBFV model exhibited some unresolved uncertainties by the end of this
thesis and did not reliably generate exoribonuclease-resistant sequences. Nevertheless,
sequences were created that, on the basis of tertiary and stability analyses, exhibited
structural similarities to biological data.
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In contrast, a reliable computational model was developed for MBFV, which is cap-
able of producing synthetic xrRNA sequences with structural features similar to biological
sequences of the MBFV subgroup. Experimental testing validated that a sequence gen-
erated using the MBFV model exhibited resistance to Xrnl. Although the resistance
level was initially lower than that of natural sequences, manual refinements elevated
the resistance to match the level of a biological sequence derived from ZIKV. Notably,
this work represents the first successful creation of an artificially designed, functional
structural non-coding RNA.

5.2. Key Findings

5.2.1. Computational Modeling and RNA Design

The Infrared-based computational model developed in this study demonstrated its ability
to design RNA sequences with structural characteristics that mimic natural xrRNAs.
By incorporating flexible structural scaffolds and constraints derived from conserved
sequences and secondary structures, the model successfully replicated critical elements
such as pseudoknots and the unique ring-like tertiary structure essential for Xrn1 resistance.
These findings underscore the potential of computational design to generate functional

RNA molecules with customizable properties.

5.2.2. Resistance Validation

Different validation methods were used to further ensure the resistance of the designed
sequences. Methods like 3D simulation, as well as MD, gain insight into the similarities
between the designed sequences and a natural reference structure. Furthermore, experi-
mental validation confirmed the effectiveness of the computational designs. These findings
highlight the interaction between computational modeling and experimental validation in
advancing RNA design.

5.2.3. Limitations

This study identified several limitations that affected the reliability of the TBFV-based
model in generating Xrnl-resistant sequences. Although some of the sequences designed
exhibited the desired structural features and partial stability, the model was unable to
consistently produce sequences that reliably folded into the intended tertiary structure.
The evaluation of these structures in three-dimensional space was further constrained
by the limited availability of tertiary structure data for TBFVs, making comprehensive

comparisons challenging.

Furthermore, a limitation arises when using 3D structural simulations for validation.
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Although some sequences appeared to adopt the correct target structure in static 3D
simulations, they exhibited poor structural stability when tested in MD simulations.
Furthermore, the metrics used to evaluate 3D structures are not entirely reliable. Al-
though some metrics indicated a low similarity between the reference and the designs,
the MD simulations revealed that some designs exhibited structural stability similar to
the reference structure. This discrepancy underscores the limitations of relying solely on
3D simulations and static metrics to validate the resistance or structural similarity of
xrRNA; as such methods may not fully capture the dynamic nature of RNAs.

5.2.4. Comparison of RNA Design Models

The selection of an appropriate RNA design approach was critical for generating a model
that is both reliable and variable. To validate the chosen approach, a comparison was
conducted with an alternative RNA design method, specifically the CM. This comparison
highlighted the fundamental differences in how each model addresses the RNA design
problem and provided information on their respective strengths and limitations. Although
CM effectively identifies conserved secondary structures and important sequence motifs,
it struggles to integrate certain complex but essential structural constraints. For example,
the analysis of pseudoknot formation revealed that CM could not consistently generate
sequences capable of forming pseudoknots. In contrast, the Infrared model allows for the
direct incorporation of structural constraints into the design process. As a result, sequences
generated using the Infrared model exhibited a much higher likelihood of successfully
folding into structures containing pseudoknots. The analysis further demonstrated that
pseudoknots could theoretically form in nearly all sequences produced by the Infrared
model. This is not surprising, given that the Infrared model allows for the direct inclusion
of complex structures like pseudoknots as constraints, a feature that is not supported by
the CM model. Moreover, the Infrared model offers significant advantages in sequence
optimization. By providing a flexible design scaffold, the Infrared model allows for targeted
adjustments to the sequence while ensuring that critical base pairs or conserved motifs
remain intact. This flexibility enables fine-tuning of the sequence to enhance its structural
and functional properties. In contrast, sequences generated using CM are less suitable for
optimization, as modifications to improve certain features often risk disrupting conserved
motifs or critical structural elements.

5.3. Future Directions

This master’s thesis was conducted as part of a larger project focusing on the design of
synthetic RNase resistant structures and their integration in novel riboswitch constructs
to regulate mRNA stability. The primary objective of this work was to design synthetic
xrRNA sequences that mimic the RNase-resistant structure, specifically those found
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in orthoflavivirus. This goal was successfully achieved, with the MBFV-based model
developed demonstrating a reliable design process capable of generating sequences that
closely replicate the structural and functional features of natural xrRNAs.

The next step in this project involves the design of xrRNA inducible riboswitches in
silico. This will require further manipulation of the designed sequences to meet specific
structural and functional requirements. The current model has shown sufficient flexibility
to allow targeted modifications, such as altering the stem 3, while retaining secondary
and tertiary configurations. The stem [ exhibits high variability and is therefore a prime
candidate for customization. Furthermore, as mentioned earlier, certain F'V members lack
a whole g structure. Focusing on this region could enable the creation of artificial xrRNA
sequences that either lack the 8 stem or incorporate highly customized versions. Although
completely removing the 5 stem without destabilizing the structure remained unsuccessful,
its relative variability makes it the most feasible region for targeted manipulation.

An important future direction also involves expanding the dataset used to construct
the design scaffold, as only a subset of available xrRNA data was utilized in this thesis.
Incorporating a broader range of sequences could enhance the flexibility of the model by
identifying additional conserved regions that must remain fixed, while also revealing areas
with potential for more variability. This expanded dataset could also highlight new sequen-
tial and structural properties, that contribute to increased stability or to a higher flexibility.
By gathering, processing, and analyzing more xrRNA sequences and their structural
features, the design scaffold could be refined to allow for more versatile applications. This
enhanced model could then be more readily adapted for tasks such as creating riboswitches.

This thesis also provides a framework for developing an Infrared design model based on
the analysis of conserved sequences and structural motifs. This approach can be extended
to other orthoflavivirus subgroups like NKV and ISFV or even to unrelated RNA families
with intriguing structures of interest. Artificially designed RNA sequences can be tailored
to address specific challenges and applied in a variety of novel contexts.

The field of RNA design is rapidly emerging, offering significant potential for applications
in pharmaceutical research, biochemistry, synthetic biology, and nanotechnology. Despite
the challenges, such as complex intramolecular interactions, ensuring thermodynamic
stability, and maintaining functional integrity, overcoming these obstacles enables the
design of highly versatile and specific RNA molecules. Advances in the design of dynamic
and responsive RNAs will further expand the scope of applications, enabling the creation
of molecules that respond to specific environmental cues or stimuli.
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This thesis developed a computational framework for designing synthetic xrRNAs that
mimic the structural and functional properties of natural flaviviral xrRNAs, with a
specific focus on achieving structural stability and resistance to Xrnl. The computational
model was built on the analysis of conserved sequences and structural motifs found
in natural xrRNAs. Using the Infrared framework for model development, as well as
tertiary structure simulations and stability testing, the design process underwent iterative
refinement to generate synthetic RNA sequences that accurately mimic the structural
features of their natural counterparts. By incorporating flexible structural scaffolds and
specific constraints, the model successfully generated sequences that replicate critical
elements, such as pseudoknots and the ring-like tertiary structure, while allowing for
targeted modifications and adaptability to meet specific design requirements.

The designed sequences demonstrated structural similarity to biological xrRNAs in both
secondary and tertiary structure simulations. Experimental validation further confirmed
the capability of the framework to generate synthetic xrRNAs, as a designed sequence
exhibited Xrnl resistance, underscoring the practical applicability of the approach.

This work demonstrates that, with the appropriate computational models and design
strategies, it is possible to recreate the critical structural features of naturally occurring
RNA. The successful development of exoribonuclease-resistant sequences represents not
only an important step toward future applications in RNA design but also a ground-
breaking achievement in RNA biology, being the first instance of a functional structural
non-coding RNA synthesized de novo. Future work could extend this design approach to
other RNA families and explore applications such as riboswitch constructs for mRNA
stability regulation.
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A. Supplementary Resources

A.1. Supplementary Data

This section provides supplementary data from MBFV and TBFV used in the context of
this Master’s thesis.

Table A.1.: Length of structural features of MBFV xrRNAs. The table shows the lengths
of individual structural features of xrRNA1 from members of the MBFV group.
Values represent the number of nucleotides. "Spacer" refers to the number of unpaired
nucleotides located between the « stem and the 3’ end of PK2. Asterisks (*) indicate
unpaired nucleotides located within the ~y loop, upstream of PK2 (towards the 5 end)
and downstream of PK2 (towards the 3’ end).

2 SR

Q g < =]

Sl ] el a3y £lE2
AR IFIFIIE

Virus n | n S wn S = t% A A g § Ho
AROAV |10 | 4 4 101121 9 2141121 3 3 | 54
BAGV 1010 5 |10 12| 9 04116 1 3 | 62
BANV 10 | 4 51149 9 31410 3 1 | 56
DENV1 | 10| 2 71121 9 9 6 | 4 8 5 0 | 56
DENV2 | 10 | 2 71121 9 9 6 | 4 8 5 0 | 56
DENV3 | 10 | 2 71121 9 9 6 |41 6 5 1|55
DENV4 | 10 | 4 4 101101 9 2141 8 3 3 | 50
JEV 10 | 8 4 |10 13| 9 04 ]14]1 3 | 60
KOKV |10 4 |4 |10|10]9]|0]4]12]1]3]51
KOUV 10| 6 6 10|13 ] 9 3141121 4 3 | 60
KUNV 10| 6 71101131 9 04116 1 3 | 61
MVEV 1010 5 |10 12| 9 04116 1 2 | 62
NMV 10 | 2 5110110 9 214110 2 3 | 50
SLEV 10 | 6 6 10|13 ] 9 21411141 3 3 | 60
TMUV 1010 3 |10 12| 9 0141121 5 | 58
UGSV 10| 6 3 8 | 15| 9 0141 8 3 7 | 53
Usuv 10 | 8 4 |10 13| 9 04116 1 3 | 60
WESSV | 10 | 8 4 |12 |11 ] 9 214110 3 3 | 58
WNV 1010 3 |10 13| 9 0416 1 3 | 61
ZIKV 10 | 6 5116 | 5 9 4 | 4 8 1 0 | 56
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Table A.2.: Length of structural features of TBFV xrRNAs. The table shows the lengths of
individual structural features of xrRNA1 from members of the TBFV group. Values
represent the number of nucleotides. "Spacer" denotes the number of unpaired
nucleotides between the o stem and the 3’ end of PK1, or PK2 in the case of MPFV
and XiFV. "Between PKs" indicates the number of unpaired nucleotides between
PK1 and PK2. Asterisks (*) indicate unpaired nucleotides located within the ~ loop,
upstream of PK2 (towards the 5" end) and downstream of PK2 (towards the 3" end).
Double asterisks (**) indicate the number of nucleotides being in a bulge and/or
internal loop within the corresponding stem.
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SGEV |26 |3 |6 |4 0|8 |12]14|10/6|0|10|5]1]86
SREV |20/ 6 | 0|o0o| o128 166 |10/2|14]|0]1]|78
TBEV |22 | 5|6 | 4|0 |8 |12]14]|11]|6|0]|10|5]|1]85
TYUV |28l 0000|128 165 |10|2|8|3]1]|76
XiFv |12/0 6|6 0|8|9]10fl12/0|0o|l10]2]1]62
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A.2. Code

A.2.1. Infrared Model Example

The Python script in Listing demonstrates an example of model creation using
the Infrared framework. The code is based on the MBFV design approach but has
been simplified for demonstration purposes. While the essential scaffold constraints for
sequences and structures are included, more detailed constraints, such as the control of
feature length relations, have been omitted.

import infrared as ir
import infrared.rna as rna

# Define the input sequence

consensus_sequence =

’NNWGUCAGGCCXXXXNNNXXXXXXXXGCYACNXXXXXXXXXXXNNNXXXXXNXXXXXXXXNGUGC
WGCCUGXXXXXXXXXXXNNNNN ’

# Target secondary structure and pseudoknot structures

target_structures = [

® o000 (CCCCCCLLLocccoos D)D) CCCCCCCCe e ))))))))..)))))

9 4 o{cooncooncooacooaconcaonooaanooaoooaoaoeaoooaancooonoaononaos 1D

D 4 60000000000000000000000000000000006000000 0 CCCCCCCCe e
...... )DDDDDDD I

]

# Variable regions in stems and loops (index ranges)

variable_stems = [[(11, 14), (22, 25)]1, [(32, 35), (56, 59)]1, [(46, 50),
(77, 81)11

variable_loops = [(18, 21), (36, 42), (52, 55), (71, 76)]

# Define the Infrared model

model = ir.Model ()

sequence_length = len(consensus_sequence)

; # Set up new variable X with 5 possible values (A, C, G, U, Gap)
7 model.add_variables (sequence_length, 5, name=’X’)

# Mapping from IUPAC symbols to nucleotides + gap

extended_iupac = {
AT vA,
YC,: 7C,’
7G7: ’G,’
U 0U,
JR7: 2AG?,
'Yr: oCuU’,
’w’: )AU),
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’N’: ’ACGU’, # Any base
’X?: ’ACGU-’, # Any base or gap
) _ )_)’ # Gap
P 7_7’ # Gap
}
# Define base-pair compatibility table including gaps
_bpcomp_tab_gap = [
(0, 3), # A-U
(1, 2), # C-G
(2, 1), # G-C
(2, 3), # G-U
(3, 0), # U-A
(3, 2), # U-G
(4, 4) # Gap-Gap
]

# Base pair compatibility constraint

ir.def_constraint_class (

’BPComp’,

lambda i, j: [i,

j];

lambda x,y: 1 if (x,y) in _bpcomp_tab_gap else O,

# Base pair incompatibility constraint

ir.def_constraint_class (

’BPNotComp’,

lambda i, j: [i,

j];

lambda x, y: 0 if (x, y) in _bpcomp_tab_gap else 1,

# Define functions to check if position is a gap or not

70 ir.def_function_class (

71

72

74

7

85

’NotGap’,
lambda i: [i],

lambda x: 1 if x

)

= 4 else O,

s # Define constraints for allowed gap placement in loops and stems

ir.def_constraint_class(

’GapsRight’,
lambda i: [i, i

+ 1])

lambda left, right: 0 if left == 4 and right != 4 else 1,

# NNN-- True
# --NNN False

ir.def_constraint_class(
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86 ’>GapsLeft’,

87 lambda i: [i, i + 1],

88 lambda left, right: 0 if left != 4 and right == 4 else 1,
89 # --NNN True

90 # NNN-- False

91 )

92
93 # Function to convert IUPAC symbol to numerical values

94 def iupac_values (symbol):

95 return [rna.nucleotide_to_value(nt) for nt in extended_iupac[symboll]
9¢

97 # Add sequence constraints (IUPAC)

98 for pos, symbol in enumerate(consensus_sequence):

99 model.add_constraints (ir.ValueIn(pos, iupac_values (symbol)))

100

100 # Add base pair constraints from target structures

102 for structure in target_structures:

103 base_pairs = rna.parse(structure)

104 model.add_constraints (BPComp (i, j) for (i, j) in base_pairs)

105

106 # Gap placement rules to avoid redundant sequences

107 for start, end in variable_loops:

108 model.add_constraints (GapsRight (i) for i in range(start, end))

109

110 for stem_a, stem_b in variable_stems:

111 X, y = stem_a

112 model.add_constraints (GapsRight (i) for i in range(x, y))
113 X,y = stem_b

114 model.add_constraints (GapsLeft (i) for i in range(x, y))

116 # Define objective features (simplified for illustration)

117 # Example: Feature to minimize total sequence length (excluding gaps)

118 model.add_functions ([NotGap(i) for i in range(sequence_length)], °’
totLength?’)

120 # Set weights for the features (illustrative values)
121 model.set_feature_weight(-1.0, ’totLength’) # Minimize total length

123 # Model is set up and can be used for sampling or optimization

125 # Example usage of Model
126 # Initialize a sampler for the model
127 sampler = ir.Sampler (model)

129 # Generate 10 sequence samples

130 samples = [sampler.sample() for in range (10)]

132 # Print the sampled sequences (without gaps)
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133 for sample in samples:
134 sequence = rna.values_to_seq(sample.values () [:sequence_length])
135 print (sequence.replace(’-’, 2’)) # Remove gaps for clean output

Listing A.1: Example model: RNA design with Infrared.

A.2.2. Code Availability

The code and scripts developed as part of this thesis are available at:

e GitHub Repository: https://github.com/GutKat/MA.git
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