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Abstract

RNA is one of the most important molecules in living organisms. One of its main
functions is to regulate gene expression. This involves binding to and forming a
joint structure with a messenger RNA. An RNAs functions is determined by its
sequence and the structure it folds into. Accordingly, the prediction of individual

as well as joint structures is an important area of research.

In this thesis a method for the prediction of RNA-RNA joint structure using their
minimum free energy (mfe) structures was developed. It is able to extensively ex-
plore the joint structural landscape of two interacting RNAs by taking advantage
of the locality of changes in the RNAs structures as well as natural and energetic

constraints.

The method predicts the mfe joint structure as well as alternative stable joint
structures while also computing non-optimal folding pathways from the unbound
individual mfe structures to the predicted joint structures. It is shown how an
enumeration approach is used which is able to deal with the enormous search
space as well as to avoid any cyclic behaviour. The method is evaluated using

two standard datasets of known interacting RNAs and shows good results.
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Chapter 1

Introduction

RNA is one of the most important molecules in living organisms. It is built from
a single-stranded chain of nucleotides - Adenine, Cytosine, Guanine and Uracil
[28].

The nucleotides can form base pairs with each other, where the possible pairs
are G-C, A-U and G-U. These base pairs form the secondary structure of an
RNA molecule. How the RNA folds and which bases form pairs is guided by the
molecule’s need to reach a energetically favourable state of low free energy. The
lowest or minimum free energy (mfe) structure is, in general, the most stable

structure, so RNA molecules should fold into their mfe structures [27].

While double-stranded DNA folds into a typical helix, single-stranded RNA folds
into much more diverse structures, enabling the wide variety of functions RNA
plays in organisms. These functions vastly exceed the role RNA plays as messen-
ger RNA (mRNA), transfer RNA (tRNA) and ribosomal RNA (rRNA) in protein
biosynthesis [44, 19]. Functional RNA that is not coding for a protein, is also
known as non coding RNA (ncRNA). A common function of these ncRNAs is to
regulate other RNAs, mostly mRNA.

Since the discovery of ncRNA, it has become apparent that they play a vital role
in organisms. They fulfil a wide range of important functions, such as regulating

gene expression by binding to an mRNA. These regulatory ncRNAs interact with



their target by folding into a joint structure complex through forming mutual base
pairs in specific binding sites [41]. These binding sites depend on the individual
structures of the interacting RNAs as they need to be unpaired in order to allow

the mutual base pairs to be formed.

1.1 Motivation

An important task for the research of regulatory RNA interactions is to predict
the structure for two interacting RNAs. This allows finding potential binding
sites as well as determining whether the regulatory RNA inhibits or promotes the
expression of its target, by analysing the structural changes in combination with

the location of the binding sites. This will be explained further in section 2.1.1.

There exists a range of well-established methods in this area that can predict
duplex structure in the binding site or the entire mfe joint structure. However,
these only predict the optimal or a subset of suboptimal solutions. While the
prediction of the mfe joint structure is a difficult and important problem in itself,
it does not allow exploring the structural landscape of joint structures or to permit

researchers to get insights about how the folding takes place.

Another characteristic of these methods is that their structure prediction does not
substantially consider the individual structures each RNA was folded into before
they formed a joint structure. The analysis of known interactions has shown,
however, that the structural changes caused by the binding process are only of
local nature. This means that the incorporation of the individual structures could

greatly enhance a predictive method.

The goal of this work is to not only predict the mfe joint structure but also
to predict a large part of the structural landscape for two RNAs with given
structures. This allows researchers to study the joint structural landscape to
better understand the interaction between two RNAs and how the RNAs fold from

their individual structures into their joint structure. It will also help researchers



to derive folding pathways and energy barriers as well as possibly gain insights
on where prediction algorithms might have shortcomings like the over-prediction

of base pairs.

1.2 Problem Description

The problem covered in this work can be described as the prediction of all feasible
joint structures for two RNAs with given individual structures. A joint structure
is considered feasible, if it is stable and if there exists one or more adequate
binding sites to initiate the folding into the joint structure. A binding site is
adequate, if a large enough part of it is accessible and hence unpaired in the
individual structures for both RNAs and a stable initial binding stem can form
in this accessible part of the binding site. This constitutes a model for the initial
stage of binding between two RNAs before any structural change in the individual

structures is caused by the binding process.

This work provides a solution for this problem by developing a method that
first predicts all adequate binding sites, for which an enumeration-based method
then predicts all feasible joint structures. This method is designed by modelling
several important characteristics of RNA folding to predict both the binding sites
and the corresponding feasible joint structures for every predicted binding site.
Section 4 will give a more detailed specification for this problem. In addition, the
analysis of the interaction data used in this works provides valuable insights on

the interaction and folding mechanics of interacting RNAs.

1.3 Outline of Thesis

This thesis is structured as follows. After the introduction in this Section 1, the
necessary background information on RNA, RNA (joint) structures as well as

state-of-the-art predictive methods is described in Section 2.



The preliminary work to this thesis is illustrated in section 3.

Section 4 then defines the enumeration problem for which this work provides a
solution and gives an overview over the methods that were used to develop this

solution. The main work done in this thesis is then described in Sections 5 to 7.

First, the datasets that were used to develop and evaluate the method presented
in this work as well as a statistical analysis of these datasets are described in
Section 5. In Section 6 the developed method as a solution to the enumeration
problem is then presented and illustrated in detail. The solution and its results

are then evaluated and discussed in Section 7.

The last Section 8 summarizes the work done in this thesis and gives a perspective

for possible future improvements and extensions.



Chapter 2

Background

2.1 RNA - Structures, Folding and Binding

Ribonucleic acid (RNA) is one of the essential biological molecules in living or-
ganisms together with DNA and proteins. RNA is a single-stranded chain of
nucleotides. These nucleotides are adenine, cytosine, guanine and uracil. While
DNA is double-stranded and folds onto each other to form a double helix struc-
ture, RNA is single stranded and folds onto itself in a wide range of diverse

structures.

RNA was originally thought to function mainly as a part of protein biosynthesis.
In the biosynthesis of protein, messenger RNA (mRNA) is an intermediate step
between DNA and protein. This process is assisted by other non-coding RNAs
(ncRNA) like transfer RNA (tRNA) and ribosomal RNA (rRNA). There are also
other ncRNAs like small nuclear RNA (snRNA) for splicing and small nucleolar
RNA (snoRNA) for rRNA modification.

Recent research has shown, however, that ncRNA has a much wider range of
structural, catalytic and regulatory functions in organisms [44, 19]. In addition,
new types of ncRNA have been discovered and studied [18]. These newly dis-
covered types of ncRNAs are micro RNAs (miRNA) and small interfering RNAs

(siRNA) in eukaryotes as well as small regulatory RNA (sRNA) in bacteria. In



the following, regulatory RNA (regRNA) is used for any ncRNA that directly
regulates another RNA. The regulated RNA is referred to as the target RNA or

just the target.

One of the main functions of these ncRNAs is to regulate gene expression. Gene
expression is the process of expressing the information from a single gene on the
genome of an organism into a new biological molecule. These molecules can be
proteins or also any kind of ncRNA. Simplified, the process of gene expression
consists of two basic steps, transcription and translation. In transcription, the
information stored in the form of DNA is transcribed into RNA in the form
of mRNA. This mRNA is then translated into a chain of amino acids which

constitutes a protein.

2.1.1 RNA-RNA Regulation

In the translation step, an mRNA molecule is read by the ribosome, which then
links amino acids together according to the sequence of nucleotides. Three nu-
cleotides, a codon, encode one amino acid. In order to be able to read the mRNA
sequence the ribosome needs to be able to bind to the region of the mRNA which
encodes the protein sequence. This encoding region is called the coding sequence
and it is flanked by the 5’UTR, the untranslated region directly in front of the
coding sequence, and the 3’'UTR, the untranslated region directly after the cod-
ing sequence. Therefore the immediate surrounding of the start and end of the
coding sequence is usually unstructured [58]. This allows the ribosome to start
reading and translating the mRNA. The coding sequence starts with the three
nucleotides AUG, which form the start codon.

If this region is obstructed by structural elements of the mRNA or a regulatory
RNA that binds to or near this region the translation of the mRNA and thus
the expression of the respective gene is downregulated. On the other hand, if the

obstruction of this region is decreased or dissolved, e.g. by a regulatory RNA



that changes the structure of the mRNA, it is easier for the ribosome to read this
mRNA and therefore the regulation is upregulated. How this upregulation works
is displayed in Figure 2.1, which shows how DsrA, a regulatory RNA, changes the
structure of the rpoS mRNA to increase its translation, in the Escherichia coli

bacterium, by making the start codon less obstructed by the structure of rpoS.

2.1.2 Individual RNA Structures

As described above, different RNAs have different structures, which determine
the function of an RNA together with its sequence [28, 61]. The structure of an
RNA is formed by folding of its single-stranded chain of nucleotides. This folding
is caused by base pairs being formed between the nucleotides, also called bases,
which stabilize the structure. There are the Watson-Crick pairs, also known from
the DNA structure, G- C and A-U. There are also wobbly pairs, GG - U, that are

less stable than classic Watson-Crick pairs.

These intramolecular pairs form the secondary structure of an RNA molecule.
The tertiary structure is determined by the 3D formation of an RNA. However,
RNA folding is a hierarchical process, and its secondary structure is much more
stable than its tertiary structure, with the secondary structure accounting for
most of the properties and functions of an RNA molecule. As this work is only
concerned with the secondary structure, structure is used synonymously with

secondary structure.

An RNA chain of nucleotides has two distinct ends, the 5 and 3’ end. RNA
sequences and structures are conventionally given in the 5" — 3’ direction. This
work follows this convention with the exception of joint structures. Here the
regulatory RNA is given in the 5" — 3’ direction while the target RNA is given

in the 3" — 5’ direction because RNAs always bind in the opposite directions.

A continuous number of stacked base pairs form a stem and every stem causes a

hairpin loop at its end. This can be seen in Figure 2.2 which displays an example
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Figure 2.1: Regulation of rpoS by the regulatory RNA DsrA. Translation of rpoS
gene starts at the green highlighted AUG start codon. A) The structure of rpoS
makes the AUG codon not easily accessible, causing a low translation. B) The
start codon is made accessible through the binding of DsrA, leading to a higher
translation. (taken from [41])



110

bulge

external loop

dangling bases

multi-loop internal loop

Figure 2.2: Secondary structure of a RNA molecule with all its basic components.
Grey circles depict bases and bold black lines show pairs. (taken from [2])

secondary structure with all the structural elements.

In addition to hairpin loops there are a variety of other kinds of loops. There are
external, internal loops as well as multi-loops and bulges. An external loop is a
series of unpaired bases in between two stems. An internal loop is a loop in a stem,
that is a series of unpaired bases on both sides of a stem, an internal loop can be
symmetric or asymmetric depending on whether the number of mismatches on
one side equals the number of mismatches on the other side. A bulge is a special
case of an internal loop, in which only one side of the stem contains one or more

unpaired bases.

There are also natural constraints on possible RNA secondary structures. In a
structure with length n, it must be that 1 <17 < j < n for every base pair 7 - j.

Each base is either unpaired or only allowed to be part of exactly one pair, so



Vi-j,k-1l:1=k< j=1 Finally, a hairpin loop at the end of a stem must at

least contain 3 bases, so Vi-j: |j — i > 3.

An RNA structure can also be described in a more compact way compared to the
graph-like description in Figure 2.2. The dot bracket notation (DBN), shown in
Figure 2.3, is another way of displaying RNA structures. It is a more compact

notation where dots represent an unpaired base and brackets represent pairs.

- ||||||:||| ||||||:>

Figure 2.3: Secondary structure represented as a graph and in the corresponding
dot bracket notation. (taken from [20])

Every stem in an RNA stabilizes its structure. On the other hand, any form
of loop destabilizes the structure. The stability of an RNAs structure can be
expressed by its free energy, each stacked pair reduces the free energy whereas
every loop increases the energy. The free energy of a structure can then be
calculated as the sum of negative and positive energy contributions from each
stem and loop in the structure. In order to calculate this a suitable energy model
is needed to determine these energy contributions from the different structural

elements.

10



2.1.3 Joint RNA Structures

When a regulatory RNA interacts with an mRNA they fold into a joint structure
by forming intermolecular base pairs with each other [41]. These intermolecular
base pairs form the duplex structure and the joint structure is the entire complex
of intra- and intermolecular base pairs for two RNAs. Depending on where these
duplex base pairs are formed, the translation of the mRNA can either be inhibited
or promoted.

An example for a promotion was described in section 2.1.1 in Figure 2.1. Figure
2.4 on the other hand displays an example for a joint structure that leads to an
inhibition of the translation. It shows how FhlIA and OxyS interact with each
other through the formation of two kissing hairpins. This restricts the access to
the translation start site, the underlined AUG codon in Figure 2.4, which inhibits

the translation of FhIA.

OxyS
GAARUCAAUAAGCGAGC G §'
c Ua UK OxyS
c CG UA :
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G A A A U gcC
4 40-ceG 80-C C U cg
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UG G 40
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g c jct GC
3 c 90 UA gg
« Ei e
cG AU 3 cg W0 UA
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102C <€ 5 L v cg A[U
G c
T CG u
AcC9U 25G <€ C A7 ua 8 AU u-20
—i- CG AU U
13G€C U AG > 37C e ¢G GC
G A G- 38C uA_ GC_
uG cG > 39C GC GC
- 7] GC UA
A A o AU A
.2|0 Uk > 86 ég 20 ga__1 A uG;xU
|
Ugcgaug G, 30-AU UgcggugC 6 30-Ay——
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Figure 2.4: Example of a joint structure complex forming between the FhlA
mRNA and OxyS regulatory RNA. Individual structures shown on the left and

joint structure on the right (taken from [3])

The regions in which duplex pairs are formed are called binding sites. In contrast

to the term binding site, in this work the term binding region does not refer to
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specific duplex pairs in an exact location, but rather to an approximate location,

where duplex pairs could be formed.

The joint structures of interacting RNAs can have one or multiple binding sites.
Furthermore, the duplex structures have a wide variety of complexities. In the
example shown in Figure 2.4 there are two stable duplex stems, but there can

also be less stable internal loops and bulges in a duplex structure.

A joint structure can be looked at as the combination of inter- and intramolec-
ular pairs. The intermolecular pairs form the duplex structure whereas the in-
tramolecular pairs constitute the individual structures of each interacting RNA.
The duplex structure in itself can be looked at in its entirety or individually per

binding site as necessary.

In the same way as individual structures, joint structures also seek a state of
high stability and low free energy. The stability of a joint structure can again
be expressed as the sum of positive and negative energy contributions from all

structural elements in the individual and joint structures.

The DBN for individual RNA structures can be extended for joint structures by
using square brackets, ”[” and ”]”, as notation for duplex pairs. An open bracket,
”[7, stands for a base in one RNA paired with another base, which is noted with
a closing bracket, ”]”, in a second RNA. As there are no knots allowed in the
duplex structure, the open and closed brackets are paired in chronological order,
the first 7 [” with the first ”]” and so forth. An example for this notation is shown

in Figure 2.5.

GAGCCCUGGGAGGCUC
(CCCCOOLLrm D))

(CCCCrITI11)))))
CGACAGACCCUUGUCG

Figure 2.5: Example of a joint structure in dot bracket notation
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2.1.4 Structural Distance

When working with RNA structures it is useful to be able to express the similarity
of structures through a distance measurement. In this work a pair-based distance
is used, defined as the number of pairs that are not shared between two structures.
Formally this distance between two RNA structures Sp, with a set of pairs Py, and
Sy, with a set of pairs P, can be defined as Dist(Sy, S2) = [(PLUP2) \ (PN By),
where the union, intersection and difference set operations U, N and \ work on the
set of pairs in each structure. For individual RNA structures only the individual
pairs are considered, while for joint structures the set of pairs include the set
of pairs in both individual as well as the duplex structure. In this context two

structures are considered neighbours if they have a distance of 1 to each other.

Consider the two structures S; = .((...)). and Sy = (.(...).) with the sets of pairs
P ={2-8,3-7} and P, = {1-9,3- 7}, then Dist(S1,S2) =2 as S; and Sy have
one common pair, 3 - 7, which does not increase the distance, and two distinct
pairs, 1-9 and 2 - 8, which each increase the distance by 1. Formally, this can be

expressed as:

2.1.5 Folding Pathways

A folding pathway is the path between two structures consisting of every interme-
diate structure between these two structures [17]. Each structure in the sequence
of such a folding pathway differs from its next and previous structure in exactly
one pair. For joint structures this can be either a single pair in one of the indi-
vidual structures or a duplex pair. Figure 2.6 shows an example folding pathway
for the interaction between the two bacterial RNAs tar - tar*, the pathway leads
from the first joint structure with the initial binding stem to the reported binding

structure for this interaction.
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Free Energy (kcal/mol)

Joint regRNA Target Duplex

1) S5T=(((C(.ILILILra))yYyn -20.03 -6.8 -4.6 -8.63
3= (CCCCaIIDHIN))

2) S5T=(((C(.LILLra))yYyn -19.63 -6.8 -4.2 -8.63
37 (((((.111100))

3) ST=((CCCLreereLa)yYyn -21.71 -6.8 -4.2 -10.71
3= (111119

4) 5 —((((([II[[-))))) -20.51 -6.8 -3 -10.71
3= ((((.11117..00))

Figure 2.6: Folding pathway for tar - tar*. Free energy values are displayed for
the joint structure as well as the individual structures of both RNAs and their
duplex structure.

The energy barrier of a folding pathway is the difference in free energy between
the starting structure and the intermediate structure with the highest free energy
on the pathway. As this is a global energy barrier for the entire pathway, here
local energy barriers are introduced. A local energy barrier is the difference in

free energy between a structure S; on the folding path and its previous locally

optimal structure 5;,7 < j on the pathway.

The maximum local energy barrier (MLEB) for a structure in a folding pathway
is the maximum incline of free energy between two consecutive structures on the
pathway for this structure. The MLEB for a folding pathway P = (.Sy, S, ..., Sn)
with NV structures and an energy function £ the maximum local energy barrier

is then defined as

In the example of the folding pathway tar - tar*, the global energy barrier for
the joint structure is 0.4 kcal/mol and the barrier for the target structure is 1.3.
There is no global energy barrier for the regRNA structure or the duplex struc-

ture, as their free energy is only decreased on the folding pathway. Accordingly,
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there are also no local energy barriers for these two structures. In contrast, the
target structure has a local energy barrier of 1.2. The local energy barrier for the
joint structure is always the maximum of the local energy barriers for the two
individual structures and the duplex structure. This is because two consecutive
joint structures on a folding pathway can only differ in one of the three compo-
nent structures and therefore the energy difference between two consecutive joint
structures equals the energy difference of the individual or duplex structure that

has been changed.

2.2 RNA - Computational Methods

2.2.1 Structure Prediction

As described above, an individual RNA structure folds onto itself so that it reaches
a stable structure, which is equivalent to a structure with a very low free energy.
Therefore, the basic idea used in secondary structure prediction is that RNA will
fold into the structure with the lowest free energy, which is called the minimum
free energy (mfe) structure [27]. In order to model this free energy, different
energy models are employed. The parameters for these models have been de-
termined in experiments or estimated based on known structures. The most
established energy model takes into account both the stabilizing energy contri-
butions from stacked base pairs as well as the destabilization caused by unpaired

loops in order to model the thermodynamics of RNA molecules.

The prediction of unconstrained RNA secondary structure has been proven to be
NP-complete, if all classes of pseudoknots are allowed [39]. Two pairs 7 - j and
k -1 form a pseudoknot if ¢ < k < j < [. Without knots, two base pairs 7 - 7 and
k -l must either be disjoint, + < 7 < k <[ or nested, + < k <[ < j. This means
that it is not possible to predict an optimal mfe structure in polynomial time!,

unless the possible structures are restricted in some way, e.g. not allowing all or

1Unless P = NP.
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some sorts of pseudoknots.

For these restricted structures there are a number of different dynamic program-
ming algorithms for individual structure prediction, which can be differentiated
by the class of structures they are capable to predict and their resulting complex-
ity [16]. Structures without pseudoknots can be optimally predicted in O(n?)
time. Structures with certain classes of pseudoknots can be optimally predicted
with algorithms whose complexity range from O(n?) to O(n°) time, depending

on what classes of pseudoknots they allow.

The prediction of joint structures works similar to the prediction of individual
structures as it is also a free energy minimization problem. The difference is how
the problem is modelled. These different approaches are described in Section

2.2.3.

As all energy minimizing prediction algorithms predict the structure with the
minimum free energy they tend to have the weakness of overpredicting base pair-
ing. If possible they will close a stem as far as possible as each stacked base pair
reduces the free energy, while the actual biological 2D or 3D folding of the RNA
might cause these base pairs to remain open in order for the RNA to fold in a
certain way. This can not be predicted by regular methods, that are based solely

on the free energy of an RNA and needs to be considered if necessary.

2.2.2 Energy Model

As described in Section 2.1.2, stacked base pairs in a structure decrease its free
energy and thus stabilize the structure, while any kind of loop increases the free
energy and hence destabilizes the structure. The free energy of an RNA structure

is then the sum of these positive and negative energy contributions.

The values for these energetic contributions must be experimentally determined in
order to produce adequately realistic energy models for RNA structures. However,

it is not possible to determine these energy values for all possible loops, therefore
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only the values of a subset of very common loops are determined and other loops

have to be approximated.

The energy model used in this work was compiled by Mathews et al. [43] and
is the most commonly used energy model for work on RNA folding. It builds
up on the work by Xia et al. [66] who compiled a nearest-neighbour model for
stacked base pairs and completed the model with energy values for stacked GU
pairs and experimentally determined values for loops as well as approximations

for unmeasured loops.

The energy for a given individual or duplex RNA structure can then be calculated
by adding up the energy values for all structural elements, stacked pairs and all

forms of loops, from the energy model.

The energetic values and equations themselves are omitted in this work but can

be found in the respective publications [43, 66].

2.2.3 Joint Structure Prediction Methods

There has been a lot of research in the field of RNA-RNA interactions focusing
on different aspects. The main interests are the prediction of joint structures of
interacting RNA pairs and the prediction of interaction sites and targets. There

are four main types of methods dealing with these interaction problems:

e The first approach is to concatenate two sequences and then use a regular
structure prediction method, adapted to specially handle the concatenation

site, to predict its joint structure [2, 5].

e The next approach is to neglect intramolecular base pairs and only pre-
dict the intermolecular base pairs forming the duplex of two interacting

sequences [29, 38, 52].

e In the third class of methods the interaction is predicted by calculating a

combined score of the energy needed to make a binding site accessible and
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the free energy gained from hybridization of the two sequences [7, 51, 47].

e The last class is able to predict the mfe joint structure or joint partition
function of the most general class of interactions, e.g. interactions with

multiple interaction sites and kissing hairpin interactions [50, 32, 13, 55].

Examples of concatenating the sequences and predicting its structure are the
PairFold 2] and RNACoFold [5] algorithms. The linkage location is memorized
after concatenating both sequences and is then handled as a special external loop
with a penalty for intermolecular interactions. The drawback of these concate-
nating approaches is, that they are not able to predict any joint structures with
kissing hairpins or similar interactions because these would form pseudoknots in

the concatenated sequence.

RNAduplex 29, 38] and RNAhybrid [52] are examples of neglecting intramolecular
pairs in favour of a fast prediction of intermolecular pairs forming the hybridiza-
tion usually between miRNAs and their targets. Assuming that the miRNA is
much shorter than its target these algorithms have a complexity which is linear
in the length of the target and are therefore efficient for screening large databases

for miRNA targets.

Both the IntaRNA [7] as well as the RNAup [47] are examples of methods that
predict the interaction by calculating a combined energy score of both the hy-
bridization energy gained from binding and the energy needed to make the binding
sites accessible. Both use the partition function in order to evaluate accessibility

and pairing probabilities of potential binding sites.

IRIS [50], inteRNA [32], RIG [13] and inRNA [55] are examples of methods
that compute either the mfe joint structure or the joint partition function. These
exact algorithms have a complexity of O(n%). However it has been shown that it is
possible to take advantage of the sparseness of the dynamic programming tables

to reduce the complexity of predicting general joint structures to O(n'v(n)),
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whereas the average v(n) = O(n) if the polymer-zeta?® property holds [56].

In order to deal with very long RNAs it can be desirable and necessary to have
heuristic methods that compute approximate solutions generally much faster than
an exact method. The work on inRNA [55] does not only describe an exact com-
binatorial approach but also a fast heuristic, which exploits the observation that
the structure of an RNA is mostly preserved after binding except for some local
changes in the binding area. This allows the prediction of the interacting regions
in O(n') for at most 2 binding sites. However, inRNA only predicts binding
sites and does not predict the actual joint structures. RactIP [33] models the
RNA-RNA interaction prediction as an integer programming problem and uses
pre-computed binding and hybridization probabilities to predict joint structures
while maintaining a very low runtime. However, Ract/P can not guarantee an

optimal solution as solving integer programming problems is in general NP-hard.

RIPGA [12] and GRNA [46] are two heuristic methods using a genetic algorithm
for predicting joint structures for two RNAs. While both methods achieve good
performance with a very low runtime they are not guaranteed to produce optimal
results. In addition RIPGA employs a completely new approach by analyzing the
reported binding sites for interactions in the sRNATarBase database to derive a
set of rule-based penalty factors which are used to augment the standard Turner
energy model. A similar analysis of binding sites is done in this work to improve

and gain insights about the binding site prediction.

All of these methods to predict joint structures have in common that they neglect
the structures of the two interacting RNAs except to predict the initial binding
sites. However, as the individual structures change only locally in the binding
process, which is shown for several examples in Section 5.2.2, the method pre-
sented in this work will exploit this to limit the necessary computations to the

environment of the binding sites which makes its performance dependent only on

2The polymer-zeta property basically states that a base pair is less likely to form as the
distance between the two bases increases.
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the number of binding sites and not the length of the individual sequences. That
being said, longer sequences naturally tend to contain more possible binding sites
and do therefore indirectly increase the runtime of the method presented in this

work.

In addition, these well-established joint structure prediction methods only predict
the optimal mfe joint structure. Accordingly, this does not allow to predict
joint structures that do not fold into their mfe structure. Table 2.1 displays
the positive predictive values for three methods to illustrate this problem. The

positive predictive values (PPV) is defined as

TP

PRV =0p _Fp

with T'P being the number of correctly predicted pairs and FP the number
of incorrectly predicted pairs [33]. While these methods perform perfectly for
the Ri1inv - R2inv and DIS - DIS interaction they fail to predict the actual
binding structure for the other three interactions. These three interactions have
in common that their actual joint structure deviates from the optimal mfe joint
structure because of how they need to fold (in space), which will be be discussed

in more detail in Section 5.2.2.

Positive Prediction Value
Interaction RactIP | inRNA | inteRNA
tar-tar* 0.875 0.875 0.875
Rlinv-R2inv 1.0 1.0 1.0
DIS-DIS 1.0 1.0 1.0
RepZ-IncRNA5, || 0.736 0.792 0.836
CopA-CopT 0.754 0.846 0.655

Table 2.1: Comparison of positive predictive values for three state-of-the-art joint
structure prediction methods. Values are taken from [33].

Therefore this work presents how exploiting the locality of the structural changes
allows the enumeration of a much larger amount of possible joint structures. This
allows the prediction of the mfe joint structure and alternative joint structures

as well as the exploration of the enumerated part of the joint structure folding
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landscape. This approach will be illustrated in the following Section 4.
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Chapter 3

Preliminary Work

This preliminary work solved a simplified version of the general problem, de-
scribed in section 1.2. In this simplified problem the structure of the target
mRNA is neglected, as it is only represented by a set of binding profiles, and only

the binding structure of the regulatory RNA is predicted.

Such a method can be used to quickly evaluate if a given regulatory RNA is able
to bind to a known binding site for a target RNA and as such is a potential

interacting RNA for this target.

Finding potential interacting RNAs for a known target can be of interest, for
example, in the field of drug design, discovery and screening. In this area it is
important to find agents, e.g. regulatory RNA, that are able to interact with a
specific target which has been found to be involved with a disease or any other

process of interest in an organism.

An RNA is able to interact with a target if it can bind to this target. This
requires that the RNA has mostly accessible binding sites for the target’s binding
profiles, which means that the RNA’s structure is mostly unpaired for near-
complementary regions of its sequence which match the target’s binding profiles.
Because the mfe structure is not necessarily able to bind to a target, it is necessary
to find a structure which can bind to the target and is also easy to reach from

the mfe structure.
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A structure is considered to be easy to reach from the mfe structure if only
a low degree of transformation is required to transform the mfe structure into
this structure. The difference in free energy between two structures does not
express the needed degree of transformation to transform one structure into the
other as two structurally very different structures can have a very similar free
energy. Therefore a simple structural distance is used to measure the degree of

transformation.

Two methods are proposed which are able to find binding structures for a given
RNA and a specific target. The stability of these binding structures and the
necessary degree of transformation are the indicators for the likelihood of the

RNA to interact with the target.

3.1 Problem Definition

The goal of this work is to solve the problem of transforming an mfe structure
into a binding structure which is able to interact with a specific target, while
minimizing the required degree of transformation. The degree of transformation
is the structural distance between the mfe structure and the resulting binding

structure. This problem can be formally defined as:

Definition (Minimum Distance Binding Structure (MINDIST-BIND)):
Given a RNA sequence, its mfe structure and a set of binding profiles for a spe-
cific target, find a structure that has accessible binding sites for all given binding

profiles and minimizes the distance to the given mfe structure.
A binding profile is a short subsequence of the target’s sequence to which the
interacting RNA can theoretically bind.

It will be shown that this can be solved with a combination of an alignment-based
method to match the binding profiles to specific binding sites in the sequence and

a simple approach for opening up these binding sites in the structure.
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However, this approach is not capable of finding actual binding structures for
more complex interactions requiring a significant structural change or alterna-
tive binding structures. Therefore a second method is proposed which extends
the previous method with a tabu search heuristic to find a set of local optima
structures in the structural neighbourhood of potential binding structures with

opened binding sites. This problem can be defined as follows:

Definition (Local Optima Binding Structures (LOCALOPT-BIND)):
Given a RNA sequence, its mfe structure and a set of binding profiles, find a set
of energetically locally-optimal structures that have accessible binding sites for all

given binding profiles and maintain a low distance to the mfe structure.

The distance constraint ensures that every locally optimal binding structure is
still easy and thus realistically reachable from the mfe structure. This means
however, that not every possible locally optimal binding structure or the global
optimum is necessarily a desired solution as they might be structures that are

too hard to reach from the mfe structure.
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3.2 Background Material

3.2.1 Methods

Pairwise Alignment

Homology of biological sequences is one of the most important concerns in biology
and bioinformatics. The homology between two sequences, or how closely these
are biologically related to each other, can be expressed in terms of the necessary
modifications to one sequence to transform it into another. These modifications
can be the deletion, addition or mutation of an element in a sequence. In a
sequence alignment two sequences are aligned by aligning similar or equal ele-
ments in the two sequences and adding gaps to model insertions and deletions in
one or both sequences. A common approach to calculate this similarity between
sequences are sequence alignments [48, 60]. For this work only pairwise align-
ments are of concern and therefore no further specific information on alignments

of multiple sequences will be provided.

Needleman and Wunsch were the first to present a general method based on
dynamic programming to calculate an global alignment in O(m?n) runtime [48].
Because an optimal alignment of a subsequence will be contained in an optimal
alignment of an entire alignment, a dynamic programming technique can be used
to calculate an optimal alignment by iteratively elongating previously calculated

alignments and thereby avoiding unnecessary recomputations.

Given two sequences A = ajasas...a,,, B = bibybs...b, of length m and n, the func-
tion s(a;, b;) measuring the similarity of two elements and the function wy, > 0
defining the cost for a gap of length k. D is defined as the distance matrix con-
taining the alignment scores, D, ; is then the score for the alignment between
A = ajas...a; and B = byby...b;. The recursion for filling the dynamic program-

ming tables is then defined as:
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D;j = Min{S;_1;-1+ s(as,b;), P j,Qi;}, with
Pm‘ == IJSWkZSCLn {S@j_k — wk} and

Qi = {\éflgbl {Sij—1 —wi}

This has been proven to calculate an optimal alignment of A and B by Smith

and Waterman' [60)].

Gotoh has later shown that, for a gap cost function in the form of wy = uk + v,
the two inner minimum calculations can be reduced from m — 1 and n — 1 cal-
culations to a single calculation and thereby a O(mn) running time is achieved

[25]:

Di,j = M’M’L {Si—l,j—l + S(ai, bj), HJ, Qi7j}’ Wlth
Pm‘ = Min {Sz'—l,j + wy, Pi—l,j + U} and

Qij = Min{S; ;-1 +wy, Pij_1 +u}

To calculate the global alignment the tables have to be initialized by setting
Diy=Qio=w;,1 <i<mand Dy; =Fp; =w;,1 <j<n.

After the distance matrix has been filled the score of the optimal global alignment
between A and B is D,, ,,. The actual alignment can be extracted by backtracking

the calculation of the score from D,,, to D; .

If two sequences of very different length are aligned it can be helpful not to
penalize gaps at the start and end of the alignment. This does not overly penalize
short sequences compared to longer ones when aligning them to a much longer
sequence. This can be achieved by using the calculation of the global alignment
but initializing the tables by setting D;y = Qo = 0,1 < i < m and Dy ; =

Py; = 0,1 < j <n. The score for such an optimal free-shift alignment is then

"'While here a distance-based notation is used, their proof uses an equivalent similarity-based

notation: S; ; = Max {Sil,jl + s(a;, by) ngc%%n {Sij—k —wi}, IJMSZ%%L {Si -1 — wl}}

1
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A. Global B. Free-Shift

GCCAAAAGCUCUUC GCCAAAAGCUCUUC

N || NN
GC--AAA--—-- UC  GC--AAA--UC ---

Figure 3.1: Alignments between the two sequences GCCAAAAGCUCUUC and
GCAAAUC. - represents a gap and red highlighted gaps are not penalized.

the minimum value in the first row and column of the distance matrix and the
alignment can be backtracked from there until the last row or column is reached.
The start and end of the alignment is then filled with gaps until Dy, and D,, ,

is reached.
Figure 3.1 shows global and free-shift alignments between two example sequences.

How such an alignment can be adapted to match binding profiles to certain

binding sites is explained in section 3.3.2.

Hill-Climbing

A Hill-Climbing heuristic is a method used to find a local optimum starting
from any feasible solution. It gradually changes the initial solution to reach a
better solution until no better solution can be found, and thus a local optimum

is reached.

This method can be used for any problem for which there exists a function ¢
to evaluate a candidate solution z, ¢(x) — R, and a neighbourhood function
to determine all new solutions S(x) reachable from a current solution x. The
method then works in such a way that for a solution z, it searches all neighbours
S(z) for a new solution z’ for which ¢(z’) < ¢(x). This iteratively improves the
current solution until a locally optimal solution is reached for which no better

solution in S(z) exists [22].
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As described, this method will find a local optimum but is not necessarily guar-
anteed to find a global optima, unless for a problem with a convex solution space.
One meta-heuristic capable of overcoming this limitation is described in the fol-

lowing section.

Tabu Search

As introduced by Glover [22, 24, 23], the basic idea for tabu search is to use a
memory structure to prevent a search process from cycling or oscillating between
solutions. Tabu search is hereby considered a meta-heuristic because it can be
employed on top of a wide range of different search methods. The only require-
ments on the underlying search method is that it is able to transform one solution
into another using a set of moves and that it provides a function to evaluate the
quality of a single solution. Both requirements are fulfilled by the hill-climbing

heuristic described in the previous section.

Figure 3.2 shows the basic concept of tabu search, employing a short-term flexible
memory allowing the underlying search to be more aggressive. The memory is
used to store a fixed number of the last moves during the search process. These
moves are hence forbidden and form the tabu restriction, or tabu list, which
limits the amount of admissible moves to generate a new solution. However, in
order to balance the tabu restriction a forbidden move can become admissible if
it satisfies an aspiration criteria. A possible aspiration criteria could be that a
forbidden move becomes admissible if it generates a new solution that is better

than every other solution previously found.

Starting from an initial solution the tabu search continuously creates a new so-
lution by choosing the best admissible candidate. The move creating this new
solution is then added to the tabu list. If it is an improvement over the current
overall best solution it is stored as the new best solution and thus the aspiration
criteria is updated. This process continues until the stop criterion is reached.

This might be the number of iterations in total or since a new best solution has
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Begin with a starting current solution

Obtain the solution from initialization or from an
intermediate or long-term memory component

!

Create a candidate list of moves

(If applied each move would generate a new
solution from the current solution)

!

Choose the best admissible candidate

(Admissibility is based on tabu restrictions and aspiration criteria)
Designate the solution obtained as the new current solution.
Record it as the new best solution if it improves on the current best

!

Stopping criterion

Stop if a specified number of iterations has
elapsed in total or since the last best solution was

found

Stop

Continue

Terminate globally or transfer

A transfer initiates an intensification or
diversification phase embodied in an
intermediate or long-term memory component

Update admissibility conditions

Update tabu restrictions and aspiration criteria

Figure 3.2: Basic concept of tabu search (redrawn from [23])
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been found.

How this basic concept of tabu search is implemented in this work is described

in section 3.3.2.

This is only a basic implementation of tabu search, and there are some more
advanced concepts in tabu search that were not discussed or implemented in this

work.

Tabu Search and RNA folding As will be shown in section 3.4.2, there is
a strong resemblance between the sequence of solutions visited by tabu search
and the sequence of intermediate structures on an RNA folding pathway. The
reason for this is that the basic mechanics of tabu search are similar to the basic

properties of RNA folding.

Tabu search is guided by the quality of the solutions. This is very similar to how
the process of RNA folding follows the RNA molecule’s tendency to reach a state
of low free energy [27]. Tabu search also always moves from a current solution to
a direct neighbour which is consistent with how each intermediate structure is a

neighbour to its previous and next structure on an RNA folding pathway.

In most cases an RNA folding pathway leads from a locally optimal structure at
the bottom of an energy valley opposite to the energy descent toward a saddle
structure from which the path ascends again to a local optimum at the bottom
of a different energy valley. The tabu list enables the tabu search to show a very
similar behaviour as it forces the search away from a local optimum and searches
for a different local optimum. Accordingly, if the tabu search reaches a new local
optimum it had to visit and pass a saddle point which separates the two optima

from another. This behaviour is illustrated in figure 3.17 in section 3.4.2.

The limited size of the tabu list allows the tabu search to implicitly incorporate
the aspect of reachability while searching for locally optimal solutions. It has to
be stressed that the goal is not necessarily to find a global optimum, as this might

be a solution which is hard to reach and therefore not immediately relevant, but
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instead to find one or more reachable local optima. Therefore tabu search is used
in this work as it matches not only the properties of the problem but also the

natural properties of RNA folding very well.

An alternative to tabu search could be Simulated Annealing. It is a meta-heuristic
approach that allows the underlying search to choose new solutions, which can be
worse than the previous solution with a certain probability that decreases with
time. This slowly decreasing probability for choosing worse solutions is again
similar to how RNA can fold into suboptimal structures on a folding pathway
and it allows the search to focus on reachable solutions as well. However, simu-
lated annealing, and possible other techniques which are capable of finding local
optima and match the properties of RNA folding, are not covered in this work.
Alternative techniques, e.g. an evolutionary strategy or other local search meth-
ods, might be capable of solving the problem but show no immediate relation to

RNA folding or the problem properties.

Related Work An example for using tabu search for exploring RNA energy
landscapes is the work from Dotu et al. [17]. Their RNArapypary algorithm em-
ploys a semi-greedy tabu search heuristic to find nearly optimal folding pathways
between two secondary structures. The results reported in their work show that
a method based on tabu search is a suitable approach for exploration of RNA en-
ergy landscapes. The main difference between their approach for exploration and
the approach proposed in this report, is that they have not only a start structure
but also an end structure and are therefore able to use this as trajectory to guide

their search.

While there has been work on elaborate distance measures between RNA se-
quences and structures, like the general edit distance presented by Jiang et al.
[31] or the tree-based distances proposed by Allali and Sagot [1], these distances
are mostly motivated from an evolutionary view. For this work the simple dis-

tance described in section 2.1.4 was sufficient to compare structures.
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3.3 DMaterial and Methods

3.3.1 Data

The dataset used to test the proposed method originates mainly from a commonly
used dataset in RNA-RNA interaction work. This dataset contains 18 RNA-RNA
interactions compiled by Busch et al. [7] and 5 RNA-RNA interactions compiled
by Kato et al. [32]. From this dataset 15 RNA sequences with a total of 24
interactions could be compiled using the NCBI Nucleotide and Gene database, a
database for bacterial small regulatory RNA database [37] or manually copying
the sequences from the reference literature. If there was a difference between a
sequence from a database and the corresponding sequence in the original liter-
ature, the sequence from the original literature was chosen in order to allow a
better comparison between the results produced by the proposed method and the

original results presented in the literature.

For every sequence the mfe structure was computed using the Vienna RNA web
server with default parameters for the RNAFold method [26]. Then the interac-
tion binding profiles and the locations of the binding sites were determined by
hand from the original literature describing the respective interaction. In addi-
tion, in order to evaluate the binding structures found by the proposed method,
the known binding structures were copied from the original literature. This was
not possible for every interaction in the dataset as the known binding structure

were not always displayed in the respective literature.

The resulting dataset and the reference to the original literature for every inter-

action is shown in table 3.1.
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RNA ‘ Target H Binding Sites ‘ Binding Structure ‘ Reference

dsrA rpoS [10:32] Yes [53, 36]
dsrA hnS [31:54] Yes 36]
micA ompA [8:24] Yes 63]
micA lamB [8:36] Yes 6]
micF ompF [1:33] Yes [57]
ompF micF [95:120] Yes [57]
oxyS fhlA [22:30], [98:104] Yes 3]
A | oxyS [39:45], [87:95] Yes 3]
micC ompC [1:30] No [11]
gevB argT [75:91] No [59]
gevB dppA [65:82] No [59]
gevB gltl [68:77] No [59]
gevB livlJ [63:87] No [59]
gevB livK [68:77] No [59]
gevB oppA [65:89] No [59]
gevB | STM4351 [70:79] No [59]
ryhB sodB [38:46] Yes [21]
ryhB sdhD [9:50] No [42]
Spot42 GalK [1:61] No [45]
copA copT [1:33], [48:56], [63:68] Yes [35]
copT copA [24:29], [36:44], [59:91] Yes [35]
DIS DIS [15:20] Yes [49]
tar tar* [6:10] Yes 9]
tar* tar [7:11] Yes 9]

Table 3.1: RNA-Target Dataset. Some pairs interact via multiple binding sites.
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3.3.2 Algorithm

The proposed algorithm finds the set of lowest energy binding structures for
a given RNA sequence, its mfe structure and a set of binding profiles which
represent the RNA’s target. To achieve this the binding profiles are aligned to
the sequence to find the position of the binding sites. The aligned binding sites
are then used to construct seed structures by opening the structure and making
the binding sites accessible. The seed structures serve then as initial starting
points for a further exploration of the neighbourhood of each seed structure. As
described in section 2.1.4, a structure is the neighbour of another structure if
their structures differ in exactly one pair. This basic algorithm is shown in figure
3.3.

Input: RNA sequence and its (near-)mfe structure, set of binding profiles
Output: Set of best binding structures
find best alignments for all binding profiles
for every alignment do
construct seed structure by opening binding sites
open binding stems in seed structures
end for
for every seed structure do
explore neighbourhood of seed structure for potential binding structures
end for
return set of lowest energy binding structures

Figure 3.3: Algorithm: Basic Overview

This basic approach can be divided into three main steps, which will be further

explained in the following sections:

1. Structure annotated binding alignment
2. Construction of seed structures

3. Exploration or search.

Derived from this basic algorithm, two methods are proposed for the two problems

described in section 3.1. One is based on a simple neighbourhood search while
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the other employs a more complex technique based on tabu search for a more

extensive exploration.

Structures are compared using their free energy. The free energy of a structure
is determined using the Turner energy model as implemented in the ViennaRNA

package [38] and described in section 2.2.2.

Structure Annotated Binding Alignment

An analysis of the binding interactions, found in the described dataset, shows
that the interaction is not always formed through perfect complementary RNA
strands. There can be mismatches, bulges and small loops in the interacting
region of the sequence as well as its target. Therefore a simple exact matching
technique is not sufficient and a more elaborate approach is needed to allow for

these imperfect matchings.

Using an alignment based technique is a powerful as well as flexible but still
efficient solution for this. In contrast to the traditional approach described in
3.2.1, where similar regions between sequences are aligned, here a target binding
site is aligned to the sequence in a complementary way. This binding alignment
aligns nucleotides that can bind, while still allowing for mismatches and gaps, or
rather loops, in the sequence and target. Figure 3.4 shows such a complementary

binding alignment.

CUCGGCUUGCUGAGGUGCACACAGCAAGAGGCGAG
HREEN

Figure 3.4: Alignment between the DIS RNA and its target

The alignment tables for the free-shift global alignment between the RNA se-
quence and a binding profile are calculated and filled as described in section

3.2.1. The scoring of aligned bases is based on the scoring scheme suggested in
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the work by Tjaden et al. [62], G-C and A-U/T pairs have a score of —5, a
G-U/T pair has a score of +1 and all other combinations of bases that are not
able to form pairs have a score of +6. Loops and bulges have an initial opening
cost of +12 and their extension costs +3. The scoring scheme was determined by
exploring the parameter space and choosing the set of parameters that delivered

the best results.

After the alignment table has been calculated, only the first row but not the first
column is searched for the lowest scores as starting point for the best alignments.
This is because the entire binding profile, which is in general much shorter than
the sequence, needs to be aligned to the sequence as it is the known interacting
region.

This binding alignment technique can be extended to a structure annotated bind-
ing alignment by including information about the structure of the RNA to which
a target is aligned. It is an effective way to favour aligning the target to unpaired

and thus accessible regions of the interacting RNA.

The structure annotated binding alignment works by annotating the sequence of
a RNA with its structure and then adding a penalty for every base of the target
which is aligned to a paired base. A sequence is annotated with a structure by
using lower and upper case letters to differentiate whether a base is paired or
unpaired. Figure 3.5 shows an example for such a structure annotated sequence,

bases in upper case are unpaired and bases in lower case are paired.

A. CUCGGCUUGCUGAGGUGCACACAGCAAGAGGCGAG

= O O O O G O N G O O (PP ))))))) -a))))
C. cucgGcuugcugAGGUGCACAcagcaagAGGecag

Figure 3.5: A. Sequence of the DIS RNA. B. Structure. C. Structure Annotated
Sequence.

Annotating the sequence with its structure only affects the scoring scheme which

needs to be extended to accommodate for the lower and upper case symbols for
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each nucleotide. The calculation of the binding alignment on the other hand

remains unchanged.

As described in the work by Tjaden et al.[62] and Wenzel et al.[65] it is also
possible to use a stacking base pair model for computing a binding alignment.
While this certainly provides a more accurate model of the actual hybridization its
computation is also more costly. The single base pair alignment can be computed
in O(nm) while the stacking base pair alignment needs O(n*m?), n and m being
the length of sequence and target. With an upper bound on the length of the loops
a performance of O(nm) can be achieved for the stacking base pair alignment as

well, however with a much higher constant factor.

Seed Structures

In order to find an initial solution in the binding region, seed structures are
introduced. Seed structures serve as starting points for further exploration and

are constructed for every possible alignment of binding sites.

In its most simple form, a seed structure is constructed from the given mfe struc-
ture by removing every base pair for which one or both of the bases are in a
binding site.

Such a simple seed structure serves as a feasible starting point for the explo-
ration of the binding region. In section 3.4 it will be shown that while these
seed structures are located in the binding region they are not necessarily optimal.
Furthermore, the analysis of the binding structures of the dataset described in
section 3.3.1 revealed that a simple modification to the construction of the seed
structures would provide a better model of the real binding process. When the
target binds to the structure it can partly open the stem which closes the loop
where the binding takes place. This depends on how close to the stem the binding
takes place. Therefore, if the start or end of a binding sites lies in a region of
stacked base pairs or stem, this stem will be partly opened. The three possible

types of binding stems are no stem, continuous stem and opposing stem. Con-
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structed examples for these cases are shown in figure 3.6. A continuous stem can
be opened as far as necessary while an opposing stem on the other hand can only

be opened until its opposing stem, displayed black in figure 3.6, is reached.

CI))...... No stem
(((( ........ )))) ..... Continuous Stem
(()((( ....... )))) ..... Opposing Stem

Figure 3.6: Possible types of binding stems. The binding sites are shown as grey
boxes. The arrows depict the opening of stems and the pairs that can be opened
are coloured red.

If a binding site is located in a loop it is directly accessible and there is no need
for opening the binding stem. In case the binding site is at least partly in a stem,
this stem is pulled opened, as shown by the arrow in figure 3.6. An opposing
stem will not be opened if it is adjacent to a binding site and it will also stop the
opening of a continuous stem if it reaches an opposing stem, as shown in figure

3.6.

Figure 3.7 shows a basic example of the described construction of seed structures.
It can be seen how the original structure is opened to allow another RNA to bind

to the binding site and thus to interact with the target.

(((((( ..... )))))) Original Structure
((((( ....... ))))) Opened Binding Site

((( ........... ))) Opened Binding Stem

Figure 3.7: Simple example of constructing a seed structure from an initial struc-
ture with one binding site, shown as grey box.

How far a binding stem will be opened is adjustable and the method can also be
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adjusted to open the entire binding stem and not only a certain number of pairs.

Seed structures constructed in the described way are not only simple feasible
starting points for the exploration, but they also provide a high similarity to the
mfe structure as was required in the problem definition in section 3.1. In simple
cases this seed structures even match the real binding structures if the binding

sites have been correctly aligned.

Exploration

Based on the basic algorithm shown in section 3.3.2, two different methods are
proposed which differ in the employed technique for the exploration of the neigh-
bourhood of the seed structures. The first one is depicted in figure 3.8. The idea
of this approach is that for simple cases it is sufficient to create a seed structure
by partly opening the loops, or stems containing a binding site and search for any
base pairs to add or remove which lower the free energy of the seed structure.
This leads to a local optimum with accessible binding sites so no extensive further

exploration is necessary.

The output of this algorithm is both the seed structures as well as any lower free

energy structures found.

Such an approach might not be sufficient for finding structures with a more
complex binding interaction. In order to deal with more complex interactions
a second method is proposed, which is capable of finding alternative binding
structures. The method searches the neighbourhood of every seed structure for
locally optimal binding structures, using a basic implementation of tabu search.
As described in section 3.2.1, tabu search fits the properties of RNA folding very
well and is capable of finding locally optimal binding structures while respecting
the aspect of finding structures which are realistically reachable from the mfe

structure.

This second algorithm is shown in Figure 3.9.
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Input: RNA sequence and its mfe structure, set of binding profiles
Output: Set of best binding structures
align all binding profiles to sequence
calculate best combination(s) of alignments for every binding profiles
for every combination of alignments do
construct seed structure by opening binding sites
open binding stems in seed structures
end for
for every seed structure do
add seed structure to result set
candidate = seed structure
find every possible neighbour of current candidate
while exists new neighbour with lower energy than current candidate do
current candidate = new neighbour
end while
add current candidate to result set
end for
combine result sets for all seed structure to overall result set
sort overall result set by free energy
return set of lowest energy binding structures over all seed structures

Figure 3.8: Algorithm: MINDIST-BIND

As described earlier, this method differs from the previously described method in
its technique for exploring the neighbourhood. Because it does not stop when it
reaches a local optimum it needs to employ a tabu list in order to avoid getting
stuck in a local optima of the structural neighbourhood or any other cycling

behaviour.

The exploration works as follows. For a given candidate structure, the lowest en-
ergy admissible neighbour is searched out of every possible neighbour. A feasible
neighbour is a neighbour for which neither of the bases which form the base pair
that differs between the current structure and the neighbour are in the tabu list.
This ensures that a recent move can not get reverted too soon. If a base pair is
in the tabu list but the respective neighbour has a new overall lowest free energy
the aspiration criteria makes this neighbour feasible although its base pair is in

the tabu list.

The lowest free energy neighbour that is admissible is now the new candidate

structure and the base pair which defines the move to this new candidate is
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Input: RNA sequence and its mfe structure, set of binding profiles
Output: Set of best binding structures
align all binding profiles to sequence
calculate best combination(s) of alignments for every binding profiles
for every combination of alignments do
construct seed structure by opening binding sites
open binding stems in seed structures
add opened base pairs to tabu list
end for
for every seed structure do
add seed structure to result set
steps = 0
overall lowest energy = energy of seed structure
current candidate = seed structure
while steps < MAX _STEPS do
compute all neighbours of current candidate
for every neighbours do
find best admissible neighbour
if energy of current candidate < overall lowest energy then
update overall lowest energy
current candidate = new overall best solution
end if
end for
if energy of current candidate < energy of best neighbour then
add current candidate to set of local optima
end if
new candidate = best admissible neighbour
add base pair belonging to new candidate to tabu list
steps = steps + 1
end while
end for
combine result sets for all seed structure to overall result set
sort overall result set by free energy
return set of lowest local optima energy binding structures over all visited
local optima candidates

Figure 3.9: Algorithm: LOCALOPT-BIND
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added to the tabu list. If there is more than one lowest energy neighbour the new
candidate structure is chosen randomly out of them. If there is no neighbour with
a lower free energy than the current candidate structure, than a local optima is
reached and the current candidate is added to the set of local optima candidates.

This continues until a defined number of steps is reached.

The exploration stops after a pre-defined number of steps or if there are no

admissible neighbours for the current structure.

The performance of the search is mainly influenced by the number of neighbours
for which the energy has to be calculated. In the following an upper bound on

the number of possible neighbours will be given.

Assuming a sequence of length n consisting of an equal number of |G| = |C| =
and p existing pairs forming its structure. The number of possible new pairs is
then (% —p)®. A structure is a neighbour if it has exactly one more or exactly
one less pair than the current structure. Therefore the total number of possible
neighbours is the sum of possible new pairs to be added and existing pairs to be

broken which leads to a total number of (2 —p)? +p=1-n®>—p-n+p* +p.

For real RNA sequences and their structures the number of possible neighbours
will be much lower for two main reasons. First, a real sequence will not only
consist of G and C but will also contain A and U, and the number of different
bases will not necessarily be balanced. Second, there are natural and artificial
constraints on RNA structures that limit possible new pairs, as described in
section 2.1.2. In the context of the proposed method the possible neighbours are
then further restricted by the binding sites in which no new pairs are allowed to
form. Accordingly, experiments with the used dataset show an average number
of neighbours in a range from %n to %n, excluding the very short tar, tar’ and

DIS sequences for which the numbers were even lower.
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Implementation

ViennaRNA Package In order to use the ViennaRNA package, which is im-
plemented in C, a Java interface has been implemented using JNI. While this is
currently only an interface for the energy evaluation function, it can be easily

extended to allow the execution of any function in the package from Java.

Representation of Structures Dot-Parentheses notation makes structures
easy to read and is therefore a convenient way for printing them, but it is not
very useful for processing. The internal representation for structures is thus based

on how it is done in the ViennaRNA package.

A one-dimensional array of the length of the structure is used in which the index
corresponds to each base pair, starting with 0 from the 5’ end. The value in the
array at position ¢ is then either —1 if base 7 is unpaired or the value is j if the
pair (i - j) exists.

The method to transform a structure from the Dot-Parentheses notation into
the array-based internal representation was rewritten in Java with minor alter-
ations, indexing from 0 instead of 1 and using —1 for unpaired bases, from its

implementation in C in the ViennaRNA package.

Tabu List As a move in the LOCALOPT-BIND tabu search is a single pair
that is added or removed, the tabu list contains the base pairs and not the entire
structure. This makes the check whether a move is in the tabu list much faster as

only integers need to be compared instead of strings in the length of the structure.

The implementation of the tabu list implements the Queue interface from Java
and uses a LinkedList for storing the elements in the tabu list. The tabu list is
initialized with a fixed maximum size and the standard implementation of the
add-method has been altered to remove the last element of the list when a new

element is added, if the list reached the maximum size.
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3.4 Results and Evaluation

In order to assess the proposed methods, both the quality of the binding site

location and the resulting binding structures have to be evaluated.

Although the structure annotated binding alignment uses only a simple single
base pair energy model, it can be expected to find the correct region for the
binding sites if not exactly the correct position. Therefore the distance of the
best found binding sites to the actual known binding sites has to be considered
for the evaluation as well as whether the best mapping for the binding sites

matches the known binding sites

Binding structures strongly depend on the position of the binding sites and the
resulting seed structures. While this is mitigated to some extent by using more
than one possible mapping of binding sites, a poor performance of the binding

alignment is still very likely to result in a lower quality of binding structures.

The quality of binding structures is evaluated considering their free energy, their
distance to the mfe structure and their distance to the reported binding structure,
if there is a reported binding structure. There might be a conflict between the goal
of minimizing the free energy and minimizing the distance to the mfe structure.
So a smaller distance to the mfe structure can lead to a higher free energy or vice
versa. This can be the case if the seed structure is in a different energy valley
than the mfe structure. This has to be considered, especially for evaluating the
results for the MINDIST-BIND problem where the distance to the mfe structure

is an essential objective.

3.4.1 Evaluation of Binding Site Locations

The structure annotated binding alignment was tested for the dataset in order
to evaluate its performance. For each interaction pair the 10 best alignments for
each binding profile were calculated and then the 10 best complete matchings

out of all possible combinations of all aligned binding sites were computed and
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ranked according to their combined alignment score. Table 3.2 shows the results
of this test, showing the interaction pair, the best scoring mapping of the binding
profiles as well as the rank of the known binding sites compared to the 10 best

mappings, and the distance between the best mapping and the known binding

site.
RNA ‘ Target H Best Mapping ‘ Distance to Known Site
dsrA rpoS [10:32] —
dsrA hnS [31:54] —
micA ompA 8:24] —
micA lamB 8:36] —
micF ompF [1:33] —
ompF micF [95:120] —
oxyS fh1A [22:30], [98:104] —
fhl1A oxyS [39:45], [87:95] —
micC ompC [1:30] —
gcvB argT [75:91] —
gevB dppA [65:82] —
gevB gltl [66:76] —
gevB liv] [63:87] —
gcvB livK [68:77] —
gcvB oppA [65:89] —
gcvB | STM4351 70:82] [0,-3]
ryhB sodB [38:46] —
ryhB sdhD [9:50] —
Spot42 GalK [1:61] —
copA copT [1:33], [48:56], [63:68] —
copT copA [24:29], [36:44], [59:91] —
DIS DIS [15:20] —
tar tar* [6:10] —
tar* tar [7:11] —

Table 3.2: Results of the benchmark for the structure annotated binding align-
ment

The structure annotated binding alignment is able to find the correct binding
site for 23 out of 24 interaction pairs, which is a success rate of in 95.7% for the
prediction of the binding sites. The only case where the best found binding site
does not match the known binding site is for the gcvB-STM/45351 interaction pair,
where the prediction for the end of the binding site is wrong by 3 base pairs. This
leads to an average error of 0.0625 between the predicted and the actual known

start and end of the binding sites of all 24 interaction pairs.
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The reason why the position of the binding site for gcvB-STM4351 is not correctly
predicted is the energy model used by the structure annotated binding alignment.
Figure 3.10 shows both the predicted and the correct alignment. In comparison
to the correct alignment the predicted alignment has one additional G-C pair,
highlighted in red, for the cost of one extended gap, also highlighted in red. This
leads to a higher score of the predicted alignment because a G-C pair adds +5

while the extension of the gap only costs —3.

A. Predicted Alignment B. Correct Alignment
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Figure 3.10: A. Predicted Alignment for gcvB-STM4351. B. Alignment corre-
sponding to the known binding structure of gcvB-STM4351.

While the performance of the structure annotated binding alignment is very good
in regards to finding the correct position of the binding sites, the reported align-
ment does not necessarily match the known binding structures. Which means
that the aligned bases and gaps might not match the actual base pairs and loops

in the real binding structure.

The reason for this is that not all possible optimal alignments are calculated,
as the alignment is only used to determine the optimal position of the binding
sites and the actual alignment is not needed. An example for this is shown in
3.11. The computed alignment does not match the known binding structures.
However, the alternative alignment matches the known binding structures except
for the base pair highlighted in red. This base pair is not in the known binding

structure but it is in the alignment because it improves its score.

This does not affect the performance of the proposed methods because only the
position of the binding site is needed for them. However, it needs to be considered
for any future work in which the information of the alignment is used, e.g. for

predicting the joint structure in the binding regions.
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A. Alignment

CGA-AGUAGU-----~- AAUAAAUAAUGGGAGUA (ompF)
LEE T PEEEEEEEr e i
GCUAUCAUCAUUAACUUUAUUUAUUACCGUcau (micF)

B. Corresponding Binding Structure

G

CGAAGUAGU AAUAAAUAAUGGA AGTUA (ompF)
I O O e A A O O O
GCUUCAUCA UUAUUUAUUACCUCGCau (micF)
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C. Alternative Alignment
CGA-AGUAGUAAU---—-- AAAUAAUGGGAGUA (ompF)
e Tt FEEErrrrr el
GCUAUCAUCAUUAACUUUA UUUAUUACCGUcau (micF)

D. Actual Binding Structure

A G
CGAAGUAGUAATU AAUAAUGGAGUA-A (ompF)
e e L e e I O B
GCUUCAUCAUUA UUAUUACCUCau (micF)
A A U G
C A
UUU

Figure 3.11: Structure annotated binding alignment for micF-ompF. A. shows the
computed optimal alignment. B. shows how the structures would bind according
to A. C. shows an alternative optimal alignment, nearly matching the known
binding structures shown in D, with the differences highlighted in red. (Known
binding structure redrawn from [57))
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3.4.2 Evaluation of Binding Structures
MINDIST-BIND

The benchmark for the MINDIST-BIND method tests the method on the de-
scribed dataset. Hereby only the best matching for the binding site is used as
this best mapping has been shown in the previous section to be an excellent

representation of the known binding sites for all interacting pairs.

The lowest free energy binding structures found by the MINDIST-BIND method
are shown in table 3.3. Their free energy is shown as well as the distance to
their mfe structure, distance to their reported binding structure and for which

configuration of how far to open the binding stems this solutions were found.

RNA ‘ Target H Free Energy ‘ mfe-Dist. ‘ bind-Dist. ‘ Stem Open

dsrA rpoS -17.00 14 0 0,1,2,3
dsrA hnS -26.50 18 0 0,1,2,3
micA ompA -15.10 4 22 0,1,2
micA lamB -11.70 16 0 0,1,2,3
micF ompF -13.00 16 0 2,3
ompF micF -40.20 8 2 0,1,2,3
oxyS fh1A -21.60 10 4 0,1,2
fh1A oxyS -27.80 16 4 1,2,3
micC ompC -15.70 30 — 0,1,2,3
gcvB argT -51.40 8 — 0,1,2,3
gcvB dppA -49.50 4 — 0,1,2,3
gcvB gltl -49.50 4 — 0,1,2,3
gcvB livJ -46.80 8 — 0,1,2,3
gcvB livK -50.40 6 — 0,1
gcvB oppA -49.50 4 — 0,1,2,3
gcvB | STM4351 -51.40 8 — 0,1
ryhB sodB -20.90 0 0 0,1,2,3
ryhB sdhD -11.80 24 — 0,1,2,3
Spot42 GalK -27.30 41 — 0,1,2,3
copA copT -19.80 34 0 0,1,2,3
copT cOpA -14.20 32 0 0,1,2,3
DIS DIS -12.00 0 0 0,1,2,3
tar tar* -6.80 0 0 0,1,2,3
tar® tar -4.60 2 2 0,1

Table 3.3: Lowest free energy structures found by the MINDIST-BIND algorithm

For 9 out of 14 interacting pairs the known binding structure is identified as the
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lowest free energy binding structures. For 4 pairs the best predicted binding
structure differs from the known binding structure in 1 or 2 pairs. The reason for
this is the tendency of predictive methods to predict more pairs than the actual
structure has because these pairs would lower the free energy. These pairs are,
however, not in the actual structure because of reasons unrelated to minimum
free energy, e.g. the stability and kinetics of how the RNA actually folds in the

three dimensional space into its tertiary structure.

The only interacting pair for which there is a significant difference between the
predicted and the known binding structure is the micA-ompA pair. Both binding
structures are shown in figure 3.12. The known binding structure differs strongly
from the mfe structure of micA. The loop next to the binding site completely
refolds when micA binds to ompA [63]. The MINDIST-BIND method is not
capable of finding binding structures with such a significant structural change,

which however does not occur for any of the other interacting pairs.

Figure 3.12: Alternative binding structures for micA-ompA. A. mfe structure.
B. binding structure as reported in the literature. C. binding structure found by

the MINDIST-BIND method

Table 3.4 shows the same information as shown in table 3.3 for interesting alterna-
tive solutions found by the method. These can be either a solution with a smaller
distance to the mfe or the known binding structure. These alternative binding
structures are found whenever the seed structure has one or more neighbouring
binding structures with lower free energy. The MINDIST-BIND method follows
this energy trajectory toward the nearest locally optimal binding structure and

reports both this structure as well as the seed structure.

The importance of how far the binding stems are opened depends on the energy

landscape surrounding the binding structures. Figure 3.13 shows an example for
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RNA |

Target H Free Energy ‘ mfe-Dist. ‘ bind-Dist. ‘ Stem Open

micF ompF -12.40 10 0,1
ompF micF -39.50 6 0,1,2,3
oxyS fh1A -19.30 6 0
gevB arg’T -47.30 0 0,1,2,3
gcvB dppA -47.30 0 0,1,2,3
gcvB gltl -47.30 0 0,1,2,3
gcvB livJ -44.60 4 0,1,2,3
gcvB livK -47.30 0 0,1,2,3
gcvB oppA -47.30 0 0,1,2,3
gevB | STM4351 -47.30 0 0,1,2,3
ryhB sodB -20.90 0 0,1,2,3
ryhB sdhD -11.80 24 0,1,2,3
Spot42 GalK -25.00 40 0
tar® tar -3.20 4 2

Table 3.4: Alternative solutions found by the MINDIST-BIND algorithm

this using the micF-ompF' interacting pair. There exists an energy valley in the
landscape separating the binding structure for which only the binding site but
not the binding stem is opened and the actual known binding structure. The
known binding structure has the lowest free energy, however the method can only
reach it if the stem is opened far enough. In this case this means at least the first
2 bases of the binding stem need to be opened to reach a structure for which the

best neighbour is the known binding structure.

A. Minimum Free Energy Structure
—16. 3 e (CCCCCCCaaa)))))) e

B. Energy Valley in Binding Structures

1204 e ((( D)) e *
—10.8 e e e (( )) e *
< ( ) e *
0 T *

Figure 3.13: Energy valley for different binding structures for the micF-ompF
pair. Binding site is highlighted in red. * marks where structures are cut off

There is also the opposite problem of opening the binding stem too far, which
can cause the method to be trapped in a energy valley far or even energy descent

leading to an unwanted binding structure. While this has not occurred during
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the testing of the method it is still an important aspect to be kept in mind for

future work.

LOCALOPT-BIND

For 9 out of the 24 tested interacting pairs the LOCALOPT-BIND method does
not find any alternative locally optimal binding structures. For the other inter-
acting pairs the locally optimal binding structures found include slight variations
of their loops and stems as shown in figure 3.14 for the oxyS-fhlA pair or they
include an additional small loop outside of the binding sites as for the ryhB-sdhD
pair.

A.  oxyS-fhIA

-22.20
-21.90
-21.60
-19.30

* %k o X

-11.80 K e e it et e e e e e e e e e ((
-10.40 K e e e e e e (CCoaa))) . (

Figure 3.14: Local optima structures found by the LOCALOPT-BIND method
for A. oxyS-fhlA and B. ryhB-sdhD. Structures are cut off at the *.

The only pair for which significantly different binding structures are found is the
micA-ompA pair. This known binding structure differs strongly from the mfe
structure, as described in the previous section 3.4.2 and shown in figure 3.12.
The binding structures found for this pair are shown in figure 3.15. While the
method was not able to find the exact binding structure, it is able to find an
alternative structure, marked by (*), which shares the main loop and part of its

stem with the actual binding structure.

=15.10 i OGO ))) ) e enes COCCCCCe ..
—13.20 e e (CCCCeeea))))eeeen CCCCCCCeann
PN e
= 0.00 e e et e e e (Cowea COCCCCLC

Figure 3.15: Local optima structures found by the LOCALOPT-BIND method
for the micA-ompA interacting pair.
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The reason why the LOCALOPT-BIND method is not able to find the known
binding structure lies in the property of the search to choose the best admissible
neighbour. However, the folding pathway between the mfe structure of micA and
its reported binding structure, shown in figure 3.16, only allows pairs to be added
or removed which are either included in the start or the end structure. Because
the LOCALOPT-BIND algorithm has no end structure to reach it leaves the
folding pathway at the structure highlighted in red in figure 3.16 and instead
follows the steepest energy trajectory which leads to the local optimum shown in

figure 3.15.

Energy Barrier: 12.30 Route Length: 16
...................... CCCCC.( . )) -22.20 kcal/mol
)) -20.40 kcal/mol
)) -17.60 kcal/mol
)) -16.40 kcal/mol
)) -14.80 kcal/mol
)) -15.30 kcal/mol
) eenn -12.50 kcal/mol
)) e -10.70 kcal/mol
))
))
))
))
))
))
))
))

-13.20 kcal/mol
-10.80 kcal/mol
-12.00 kcal/mol
-9.90 kcal/mol
-10.70 kcal/mol
-11.30 kcal/mol

-12.30 kcal/mol
-13.40 kcal/mol

Figure 3.16: Folding pathway between the mfe and the reported binding structure
of micA, computed by the RNApathfinder web service [17].

The complete exploratory path through the energy landscape for the micA-ompA
pair is shown in figure 3.17. The structure highlighted in red shows the beginning

and end of a cycle the search gets trapped in at the end.

As described in section 3.2.1, there exists a strong resemblance between the me-
chanics of tabu search and RNA folding. This can be illustrated with figures
3.16 and 3.17, which show that the sequence of visited solutions is very simi-
lar to a folding pathway. However, folding pathways are computed between two
given start and end structures whereas the tabu search has no given end structure
which explains why the sequence of visited solutions is not as straightforward and

directed as the folding pathway in figure 3.16.

Avoiding cycling behaviour of the search process is one of the main benefits of
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Figure 3.17: Intermediate structures computed by the LOCALOPT-BIND algo-

rithm for the micA-ompA interacting pair. Structures marked by (***) are local

optima.
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tabu search. The example shown in figure 3.17 illustrates though that the basic
implementation used in this work can still get trapped in a cycle. The reason
for this is the structure of the energy landscape. The search can get trapped in
an energy valley if the tabu list is not big enough to force the search out of the
valley. However, if the tabu list is too big the search can become too restricted

and in the extreme case it can run out of new admissible neighbouring structures.

Examples for both a too big and too small tabu list are shown in figure 3.18. The
exploration for the tabu list of size 30 is forced out of any energetically stable
region in the energy landscape until there are no more admissible neighbour-
ing structures. In the second example a small tabu list causes a strong cyclic

behaviour of the search, the start and end of the cycle is highlighted in red.

The possibility of cycling in the search has to be considered carefully when using
this approach. However, the fact that the search is likely to start cycling before
reaching any structure that is vastly different from the initial starting point means

that the method is able to include the aspect of finding reachable structures.

The method did not find any binding structures that differed strongly from their
respective seed and mfe structures except for the micA-ompA pair. Interestingly,
this pair is the only pair for which the known binding structure differs signifi-
cantly from its mfe structure. Apparently this is the only pair from the dataset

for which an alternative binding structure is realistically reachable and relevant,

which corresponds to the results of the LOCALOPT-BIND algorithm.

This leads to the assumption, that the basic implementation of tabu search in
this work can serve as a simple model for how an mfe structure can change into
a binding structure with accessible binding sites and what binding structures are
realistically reachable. This would mean that if the LOCALOPT-BIND algorithm
does not find any binding structures for an RNA and a target then it is very

unlikely that this RNA would interact with the target.
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Figure 3.18: Intermediate structures computed by the LOCALOPT-BIND algo-

rithm for the micA-ompA interacting pair for a size of the tabu list of A. 30 and

B. 4.
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3.5 Conclusion

In this work two algorithms were proposed for finding potential binding structures
for a RNA to enable it to interact with a target represented by a set of binding
profiles. While both methods use the structure annotated binding alignment
introduced in this work to find binding sites and open these binding sites as well
as potential binding stems to create seed structures as starting points for further

exploration, they employ a different approach for this further exploration.

The MINDIST-BIND algorithm uses a simple local neighbourhood search tech-
nique to find the nearest lowest free energy structure with open and thus accessible
binding sites. This results in binding structures with a minimum distance from
the mfe structure of the RNA. These binding structures are therefore likely to be

easy to reach from the mfe structure.

The LOCALOPT-BIND method, on the other hand, employs a basic tabu search
technique to find a set of reachable, locally-optimal binding structures. For all
except one of the interacting RNA pairs tested, the method did only find slightly
different locally-optimal binding structures. For these RNA pairs it appeared
that the energy landscape is dominated by the main binding structure and no
other significantly different locally optimal binding structures were reachable.
Only for the micA-ompA pair was a significantly different alternative binding
structure found. Significantly, this pair is the only pair for which the known
binding structure differs strongly from its mfe structure.

It has been discussed and shown that tabu search fits the mechanics of RNA fold-
ing very well and is a viable strategy for finding locally optimal binding structures
for an RNA that are realistically reachable from its mfe structure.

The structure annotated binding alignment performed very well for the tested
dataset. It predicted the correct binding sites for 23 out of 24 interacting pairs

and only made a small mistake for one pair where it incorrectly predicted the end

of the binding site by 3 bases. This result is of course strongly influenced by the
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use of binding profiles.

By using binding profiles only the binding regions for the interacting RNA needs
to be predicted and not for the target or for both in the RNA-RNA complex.
Furthermore, the use of binding profiles makes it easy to find the binding sites
for interacting pairs with multiple binding regions, so without binding profiles
it would be necessary to determine whether there are multiple binding sites and

predict their position.
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Chapter 4

Problem Definition

and Incorporated Methods

The goal of this thesis is to extend the previous work to a more general approach
considering both the interacting RNA’s and its target’s mfe structure to predict

the interacting joint structure of both RNAs.

There are several well established methods for the prediction of mfe joint struc-
tures, which are described in more detail in Section 2.2.3. However, these methods
only predict the mfe joint structure without taking extensive advantage of the

1

existing structural information" about the individual structures. These methods

are also unsuitable for an extensive exploration of possible binding structures.

A naive solution to this problem is to enumerate all possible joint structures, but
this seems practically impossible to actually enumerate all possible joint struc-
tures in reasonable time or memory for the enormous solution space of all joint
structures. This work will show however, that it is possible to use constraints,
modelling biological RNA properties as well as folding mechanics, to restrict the

solution space sufficiently to allow its enumeration.

The purpose of this work is therefore to explore the possibilities for a flexible

If no structural information exists for an RNA then state-of-the-art structure prediction
methods perform well enough to predict the individual structure to provide the necessary struc-
tural information for this RNA.
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method that is based on an enumeration process, which models the natural prop-
erties of RNA folding. Such a method would allow researchers to thoroughly
explore the interaction between two RNAs, how this interaction occurs and to
get a comprehensive insight on the different possible binding structures. In addi-
tion, folding pathways can be derived from the enumerated structures. This can
help to study why two RNAs fold into a certain structure and not into a different

possible joint structure.

A method based on enumeration strategy poses significant challenges to the com-
putation with regards to performance and required memory. This work explores
how the enumeration space can be reduced to make such a strategy suitable. It
can still be expected, that such a method will be slower than other predictive
methods because of the large number of enumerated structures for which the

energy has to be calculated.

4.1 Problem Definition

The problem solved in this work is then to enumerate all stable binding struc-
tures that two interacting RNAs with given structures can realistically fold into.
Two RNAs can fold into a joint structure, if its folding pathway only contains
sufficiently small energy barriers and if there exists a proper accessible binding
site for both RNAs in which the initial binding takes place. The limits for these
energy barriers will be discussed in Section 5.2.3. The enumeration process then
needs to continuously enumerate possible binding structures by modifying already
enumerated structures to generate new stable joint structures that have not been

enumerated before.

An adequate binding site needs to have a certain length [,,,;,, and the [,,;, bases
in this binding site need to be unpaired in both individual structures and be able

to form [,,;, duplex pairs without modifying the individual structures of either

RNA.
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The enumeration problem can then be formally defined as follows. Given two
RNAs, with structures R = r1,79,...,7, and T = ty,t,...,t,,, and a minimum
length for the initial binding site [,,;,, enumerate all joint structures R - T, for
which there exist an initial binding site b; ; of length [ > [,,,;, in which the bases
Tiy...,Tipr and ¢;,...,t;4; are unpaired in the individual structures, so that the

initial duplex binding stem can form.

4.2 Incorporated Methods

4.2.1 Basic Outline of Developed Method

As illustrated in Section 4.1, the general problem covered in this work is the
prediction of a joint structure for two interacting RNAs, using the known mfe
structures for each RNA. This section provides a brief overview over the developed
solution, followed by the necessary background information on the incorporated

methods.
The developed method consists of three main aspects:
1. Prediction of potential binding sites or regions
2. Enumerate all joint structures starting from an initial joint structure

3. Reduce all structures to a meaningful set of representative structures

This results in a set of representative low free energy binding structures.

4.2.2 Homology Search and Spaced Seeds

The prediction of potential binding regions requires us to find regions in both
RNA with a very high complementarity, making these regions more likely to form
duplex pairs. While this work is concerned with complementarity the general

problem is very similar to homology search.
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Homology search aims to find either entire sequences or subsequences that are
very similar to each other. A popular approach is to search for initial seeds, which
can then be extended into longer similar subsequences. Such a seed can be, for
example, a series of k£ continuous matches. Depending on the length of k the
search can either be likely to miss less similar homologies for higher k or is going
to produce a very high number of hits for small k£ which slows down the search

significantly [40].

A different approach is to search not for continuous but for discontinuous matches
which allows the method to space out the k£ matches. These spaced seeds have
been shown to increase sensitivity, while reducing the overall number of expected
hits [40, 34, 14, 15].

In the methods employing such spaced seeds they are commonly defined by a
series of 0 and 1, whereas a 1 requires a match and a 0 can be a match or a
mismatch. For example, 111010010100110111 would be a spaced seed with 11

required matches in specific positions and length 18.

It is important to note that the £ matches in a seed are required in specific
positions given by the pattern of the seed. Section 6.2 describes how this is
adapted to a more flexible seed based approach, which is used in this work to

predict binding regions for two interacting RNAs.

4.2.3 Enumeration

The optimization of a joint structure aims to minimize the free energy of the
joint structure complex. While there are energy models that model the energy
of a joint structure itself, it is also reasonable to view the free energy of a joint
structure complex as the sum of the free energy of the duplex and the free energies

of each RNAs structure separately:

E(Complex) = E(Duplex) + E(RNA,) + E(RNA,)
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The corresponding optimization problem can then be formulated as:

OPT(Complex) = MIN(E(Duplex) + E(RNA;) + E(RN Ay))

This problem could be solved by enumerating every possible joint structure, but
the number of possible structures would be exponential and extremely high, a
problem commonly known as combinatorial explosion. This would make this
approach infeasible and too slow for any practical application. There are however
dynamic programming methods that can predict the mfe joint structure optimally

for a given energy model in polynomial time, as described in Section 2.2.3.

Table 4.1 shows an example for this problem, it displays the average number
of possible structures for 100 RNAs with randomly generated sequences. The
individual structures include pseudoknots but only pairs i-j so that Vi-j : [j—i| >
3. The duplex structures do not contain knots but are otherwise unrestricted.
The numbers show that even very small RNAs have a high number of possible
structures. It has to be considered that the number of possible joint structures
for two RNAs is even higher as each possible duplex structure can be combined

with every possible combination of individual structures that allow these duplex

pairs.
Number of
Length | Individual Structures | Duplex Structures
5 1.34 33.7
6 2.48 155.68
7 5.96 448.06
8 18.6 3000.92
9 59.45 11037.08
10 318.48 50649.36
11 1182.25 379727.34
12 8279.97 2013845.82

Table 4.1: Number of possible individual and duplex structures for random RNA
sequences of variable length

Nonetheless, this work shows that it is reasonable to enumerate joint structures

by significantly reducing the number of solutions to be enumerated by using the
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existing individual mfe structures. This of course still result in very high numbers
of solutions, which makes it necessary to again reduce this number to be able to
analyze and evaluate the results. In order to achieve this a clustering strategy is

used to summarize all enumerated solutions.

In this work joint structures are enumerated, which makes it necessary to spec-
ify some relevant terminology in this context. The enumeration is based on the
neighbourhood relationship between structures. Two structures are neighbours if
each can be transformed into the other by using a single operation. This opera-
tions can either modify a single pair or an entire stem in one of the two individual
structures or in the duplex structure. These operations will be described in detail

in Section 6.3.

Starting from a certain joint structure s the enumeration method can then enu-
merate all neighbours N for the structure s. In the next step for every structure
in N again all neighbours are enumerated. This can be repeated until no new

structures can be enumerated.

A characteristic of the neighbourhood relationship for structures is that it can
contain cycles which means that at any point in the process a previously enumer-
ated structure can be visited again as a new neighbour. This is a major challenge

for the enumeration and will be further discussed in Section 6.3.

4.2.4 Clustering

Clustering is a method for exploratory data analysis [30]. Its goal is to classify
data elements in meaningful groups based on their similarity, therefore similar
elements should be assigned to the same cluster. It is important to note that
this classification is unsupervised and only driven by the inherent structure of

the data itself.

Each data element is considered a pattern in the clustering terminology. These

patterns are usually multidimensional and can contain multiple different features
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from different domains, which makes pattern representation an important aspect
of clustering. However, as in this work only different joint structures of the same
pair of RNAs are clustered, the representation of the patterns is already given by

these joint structures.

In order to cluster a set of patterns by their similarity a metric must be defined
to measure this similarity. Most commonly a distance measurement, like the

Euclidean distance?

, is employed to express this similarity of two patterns as the
distance between these two patterns. Since in this work the patterns are joint
structures, the similarity between two patterns is their structural distance. As

described in Section 2.1.4, the distance between two joint structures is the number

of pairs that are not shared between the two structures.

While there are a multitude of different strategies to compute the actual as-
signment of the clustering, in this work only the general idea and strategy of
incremental clustering will be discussed as it is suitable for clustering very large

datasets.

Incremental clustering allows the computation to go through a set of patterns
once and present the patterns one by one to the method, which will update its
clustering with every presented pattern [30, 10]. Each pattern is either assigned
to an existing cluster or creates a new cluster if the pattern is too dissimilar to
all existing clusters. This reduces the number of necessary distance calculations
significantly as only the distance between every new pattern and each cluster
needs to be computed. A cluster can thus be represented by a single pattern,

which is considered the cluster center or centroid.

The objective of this method can either be to minimize the radius of a specific
number of clusters or to minimize the number of clusters for a given radius. The
radius of a cluster is the maximum distance between its center to each member.
However, specifying the number of clusters requires a priori knowledge about

the structure of the data. The method proposed in this work therefore aims to

2d(p,q) = /(01 — @1)? + (P2 — @)> + -+ (D0 — @n)?
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minimize the number of clusters for a given cluster radius which is the maximum
distance between the RNA joint structures in a cluster. It will be described in

Section 6.4.

A clustering of a large set of joint structures results in a much smaller set of
representative cluster centers. These cluster centers can then be analyzed much
easier, especially if done manually, and the clustering then essentially provides a

summary of the large set of clustered structures.
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Chapter 5

Characterization and Analysis of

Sample Data

There are two datasets used in this work. The first dataset is based on the
interactions compiled in the sRNATarBase database [8]. The second dataset
is compiled from the two standard datasets, which were originally compiled by
Busch et al. [7] and Kato et al. [32]. These two datasets are used in most work
on the prediction of binding sites and RNA joint structures and contain several

verified joint structures for interacting RNAs.

5.1 Interaction Datasets

The sRNATarBase dataset, referred to as the interaction dataset, consists of
53 pairs of interacting RNAs. For each of these interactions the sRNATarBase
contains the complete interaction, consisting of the position of both the binding
site in the sSRNA and mRNA as well as the reported duplex pairing between both
RNAs. For each pair of these RNAs the dataset contains the sSRNA sequence
and respective mfe structure as well as two sets of sequences and respective
mfe structures for the target mRNA. The sRNA sequence is extracted from the

sRNATarBase and the mfe structure predicted using RNAFold from the Vienna
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RNA package [38]. For the mRNA sequences only the coding sequences are
referenced in the database, however, as the interaction is commonly found up to
200 nucleotides in front of the coding sequences, a sequence is constructed for each
mRNA that included the coding sequence as well as the 500 nucleotides before
and after in the genome sequence. This guarantees that the interacting region is
included in the sequence without creating a bias of constructing the sequences just
to include the interacting regions. In addition to this constructed longer sequence
another sequence is downloaded for each mRNA from the sSRNATarBase web site.
These sequences are, in most cases, the regions from 250 nucleotides before and
100 nucleotides after the start codon of the mRNAs coding sequence. For both
the shorter and longer mRNA sequence the mfe structure was predicted using

the RNAFold algorithm from the Vienna RNA package [38].

In the following, the interaction dataset can also be referred to as the short mRNA
dataset or the long mRNA dataset if a specific set of mRNA sequences is being

used.

Sequence Lengths The 53 interactions in the interaction dataset consist of
26 distinct sSRNAs and 48 distinct mRNAs. The lengths of the sSRNA sequences
range from 53 to 514 nucleotides, with a mean of 145.7. For the short mRNA
sequences, the lengths range from 241 to 311 nucleotides. The mean length is
251.1, as all sequences are 250 nucleotides long except for two, which are the
minimum and maximum length sequences. The lengths of the sequences in the
long mRNA dataset are not as evenly distributed because they contain the entire
coding sequence. They range from 1090 up to 3262 nucleotides with a mean of

1955.3.

5.1.1 Interaction Statistics

Several statistical properties were calculated for the 53 complete interaction en-

tries. These properties are:
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Length of interaction

Number of pairs forming the interaction

Ratio of interacting pairs per length

Energy of interaction

The length of interaction sites ranges from 7 to 82 nucleotides, while most sites
are between 10 and 40 nucleotides long. Figure 5.1 shows a histogram of the

distribution of these interaction lengths in the dataset.
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Figure 5.1: Histogram of Interaction Length

The number of pairs in each interaction is naturally strongly correlated to the
length of the binding sites as a longer binding site is more likely to have more
pairs as well. The distribution of interacting pairs is shown in Figure 5.2. It can
be seen that the number of pairs ranges from 7 to 55. The average number of

pairs is between 10 to 25.

Figure 5.3 shows a histogram of the distribution of the ratio of pairs per length in
the interactions. The ratio between number of pairs and length of an interaction
ranges from about 0.45 to 1.0. There are two peaks in the distribution around
0.65 to 0.8 and 0.9 to 1.0; this might be caused by shorter interactions having a

very high pair per length ratio, while the ratio of pairs per length can be lower
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for longer
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Figure 5.2: Histogram of Interacting Pairs

interactions because they are more likely to include bulges and internal

Interaction Pair/Length Ratio

15

10

T T T T T T 1
0.4 0.5 0.6 0.7 0.8 0.9 1.0

Pairs/Length Ratio

Figure 5.3: Histogram of Interaction Pair per Length Ratio

Figure 5.4 shows the distribution of the free energy of the duplex structures in

all interactions. It ranges from only about —2 kcal/mol to —45 kcal/mol. The

average free energy is between —14 kcal/mol and —34 kcal/mol.
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Figure 5.4: Histogram of Free Energies, in kcal/mol, for all Interactions

5.2 Structure Dataset

While the above described interaction datasets allow testing of the performance
of predicting correct binding sites, it is lacking any information about the joint
structure besides the duplex pairing. Therefore, the second dataset, in the fol-
lowing referred to as the structure dataset, contains 8 interactions with a known
interacting joint structure. It consists of two datasets commonly used to test the
performance of joint structure prediction algorithms and allows the comparison of
the method developed in this work with other standard joint structure prediction

methods.

5.2.1 Overview

The structure dataset contains 8 different pairs of interacting RNAs. For each
of these interactions there exists a publication from which the experimentally
determined individual structures as well as joint structures were copied to compile
this dataset. The dataset is presented in Table 5.1 with the length of each RNA

and the number of binding sites for each interaction.

In addition, Table 5.2 shows statistical values for each binding site in the inter-

actions. These values are the length of a site, the number of duplex pairs in this
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regRNA ‘ Length ‘ Target ‘ Length ‘ Binding Sites ‘ Reference

tar 16 tar* 16 1 9]
Rlinv | 21 R2inv 19 1 [54]
DIS 35 DIS 35 1 [49]
RepZ 76 IncRNAz, 54 1 4]
MicA | 72 OmpA | 137 1 [63]
MicF | 93 OmpF | 213 1 [57]
OxyS | 109 FhlA 113 2 3, 64]
CopA 91 CopT 115 2 (35, 64]

Table 5.1: Overview over interacting RNAs in the structure dataset.

site, the ratio of pairs per length for the site as well as the length of the initial

accessible binding stem.

Binding Site

Interaction Length ‘ Pairs ‘ Pair\ Length Ratio ‘ Initial Stem
tar - tar” 5 5 1.0 4
Rlinv - R2inv 7 7 1.0 7
DIS - DIS 6 6 1.0 6
RepZ - IncRNA3, 27 24 0.89 4
MicA - OmpA 17 16 0.94 10
MicF - OmpF 33 24 0.73 9
OxyS - FhlA 7 7 1.0 4
9 9 1.0 3
CopA - CopT 34 34 1.0 4
21 15 0.71 4

Table 5.2: Binding site statistics for the structure dataset. The CopA-CopT and
OzyS-FhlA interactions contain two seperate binding sites.

5.2.2 Joint Structures

While some of these interactions are fairly simple and do not pose a big challenge
for a prediction algorithm there are other interactions that are more interesting
and more challenging. In the following all of these interactions will be described
individually with special regard to the joint structure and the structural change
caused by the binding process. Further information on the RNAs and the biolog-

ical nature of the interaction can be found in the corresponding publications.
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tar - tar* The interaction between these two RNAs is shown in Figure 5.5. It
is a fairly simple interaction that is formed through a kissing hairpin, with two
minor intricacies. Figure 5.5 shows that there are two pairs, one duplex pair and
one pair in the individual structure of tar*, that are not part of the reported
binding structure although they could lower the free energy. The reason for this
is most likely the biological folding in space that forces these bases to remain
unpaired so that the RNAs can fold into its binding structure.

@ Base pair

3' side of hairpin stem

Figure 5.5: Joint structure for the interacting tar and tar* RNAs, (taken from

[9)

Rlinv - R2inv This interaction, shown in Figure 5.6, is very similar to the
previous tar - tar® interaction. The difference to the previous interaction is that
there are no possible additional pairs that could lower the free energy but do not

actually form due to reasons unrelated to the free energy.
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Figure 5.6: Joint structure for the interacting Rlinv and R2inv RNAs. A) indi-
vidual mfe structures B) joint structure complex, (taken from [54])

DIS - DIS This simple interaction does also form through a kissing hairpin.
However there was an extended duplex proposed for this interaction [49], which
would be possible to form if both RNAs unfold completely. This is shown in
Figure 5.7. While the work on this interaction concluded that the extended
duplex does in fact not form, it is desirable for this method to not only generate
the actual binding structure but also the extended duplex. This would enable
searching for why this extended duplex does not form in the structure landscape

and its folding pathways.
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Figure 5.7: Joint structure for the DIS RNA interacting with itself, (taken from
[49])
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RepZ - IncRNA;, Similar to the first interactions this interaction initially
forms in a kissing hairpin. However, as the duplex extends the folding of the
joint structure complex causes the middle of the duplex to unfold and form a loop.

This results in a joint structure that resembles a needle eye which is displayed in

Figure 5.8.
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Figure 5.8: Joint structure for the interacting Repz and IncRNA5; RNAs, (taken
from [4])
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MicA - OmpA In contrast to the previous interaction the duplex for these
interacting RNAs is formed in a unpaired region that is not inside a hairpin loop.

The joint structure is shown in Figure 5.9.
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Figure 5.9: Joint structure for the interacting MicA and OmpA RNAs, (taken
from [63])

Comparing the structure of MicA in Figure 5.9 to its secondary structure previous
to the binding process, shown in Figure 5.10, shows that the stem nearest to the
5" end completely refolds while the stem at the 3’ end remains unchanged. This
is, as far as the author is aware of, the only prominent example in which such a

major structural change takes place.
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MicF - OmpF Similar to the MicA - OmpA interaction, this interaction is

formed in a mostly unpaired region that only contains one small stem and hairpin

loop in the OmpA structure. For the MicA structure the formation of the duplex

eventually causes a stem in its structure to unfold completely.
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OxyS - FhlA This is one of two examples for which there are two completely

separate binding sites. Each binding site for itself is formed through a kissing

hairpin and is fairly simple as displayed in Figure 5.12.
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from [3])
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CopA - CopT The interaction shown in Figure 5.13 is similar to the RepZ
- IncRNAs, and one of the most interesting interactions in this dataset. The
binding is initiated by two kissing hairpins, one of them extends into a long
duplex, shown at the bottom in Figure 5.13 while the other one extends as well
but is forced to split up or rather form a long internal loop that allows the two

RNAs to fold into the needle eye shape at the top of the displayed structure.

Interestingly, the sequence of CopA is perfectly complementary to the sequence of
CopT. This perfect complementarity could be a problem for predictive methods,

as it is possible to extend the duplex to a very long stem with very low free energy.

1
o)
c O
(@]
>

c
cco>?oC

p3
\
<

)
COOQOOC)CC>Q>>D>>QCCO> >

CopT CopA

LOOOOOO0>CCIOP> PPO0PCO>O O
0000MRCPPCOCC CCOVCPOCO ®
® o000 cr>»coc

>
>
>
O
O
1
C

\
\

(4]
-8-Q>Qo
--§--0COO

w

@
3}

Figure 5.13: Joint structure for the interacting CopA and CopT RNAs, (taken
from [64])
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5.2.3 Analysis of Folding Pathways

The folding pathways leading from the unbound structures before binding to the
reported binding structures have been manually compiled in this work for each
pair of interacting structures and are therefore not guaranteed to be optimal.
For joint structures with multiple binding sites two separate pathways have been

compiled for each binding site as these form independent from each other.

For each of these pathways the free energies for every intermediate structure
were calculated for the joint structure, the individual structures and the duplex
structure. Based on these free energies, the global and maximum local energy

barriers were then computed for each of the structures.

The length and global energy barriers are displayed in Table 5.3. The minimum
length of the pathways is 2 for the R1inv - R2inv and DIS - DIS interactions, for
which no further structural changes occur after the initial binding. The CoPA
- CopT interaction has the longest pathways for one of its binding sites with a

length of 50.

The data shows that there exists no global energy barrier for the joint structure
for all interactions except OxyS - FhIA with a very small barrier of 0.29. For the
duplex structures none of the interactions have an energy barrier. The energy
barriers for the regulatory RNA structures that have a barrier above 0 range from
4.5 to 13, while three interactions have no barrier. For the target structures the
energy barriers above 0 range from 1.6 to 17.7, where two interactions have no
barrier. For the duplex structures there are no global energy barriers because all
duplex structures on its folding pathway have a lower free energy than the initial

duplex structure.

Table 5.4 shows the calculated maximum local energy barriers for all interactions
in the structure dataset. The data provides some interesting insights into folding
mechanics for joint structures. The local energy barriers on the pathways for the

individual structures do not exceed +5 kcal/mol for any pathways. While the
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Pathway Global Energy Barrier for

Interaction Length || Joint ‘ RNA ‘ Target ‘ Duplex
tar - tar* 5 0 0 1.6 0
Rlinv - R2inv 2 0 0 0 0
dis - dis 2 0 0 0 0
RepZ - IncRNA3, 42 0 7.8 8.9 0
MicA - OmpA 23 0 12.6 0 0
MicF - OmpF 29 0 8.5 4.4 0
OxyS - FhlA 12 0.29 | 4.5 10.6 0
10 0 5.1 1.4 0
CopA - CopT 50 0 13 17.7 0
40 0 8.3 6.4 0

Table 5.3: Length and energy barriers for the structure dataset folding pathways.
Free energy values are in kcal /mol.

local energy barriers for the duplex structures do not exceed +7 kcal/mol.

Max Local Energy Barrier for
Interaction regRNA ‘ Target ‘ Duplex

tar - tar® 0 1.2 0
Rlinv - R2inv 0 0 0
DIS - DIS 0 0 0

RepZ - IncRNAs5, 3.7 4.6 6.42
MicA - OmpA 4.3 0 2.8

MicF - OmpF 3.2 2.9 6.93
OxyS - FhlA 4.5 4.1 0
3.5 1 0
CopA - CopT 3.5 3.9 0

4.1 4.3 6.42

Table 5.4: Maximum local energy barriers for the structure dataset folding path-
ways. Free energy values are in kcal /mol.

These insights about the global and maximum local energy barriers will be used
in the design of the enumeration method, presented in the following Section 6, to

guide the enumeration to feasible parts of the joint structural landscape.
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5.3 Implications of the Data Analysis for the

Developed Method

The analysis of known binding sites and verified joint structures allows incorpo-
rating the attained insights into the design of the predictive method presented in

this work.

It has been shown, that binding regions have a typical length, ranging from 5
to 82, a pair per length ratio of above 0.45, a initial accessible binding stem
of at least length 3 as well as a duplex energy of below 0 kcal/mol. Based on
this, a seed-based approach has been developed that allows finding accessible
binding stems in binding regions with appropriate pair per length ratio. The
analysis of the characteristics of predicted binding regions allows finding proper
configurations for this approach, e.g. by choosing only configurations that do not
predict binding regions of a length that is significantly larger any known binding

site. This is described in Section 7.1.1.

The findings on the maximum local energy barriers and free energy of duplex
structures allow restricting the enumeration of new structures. Any joint struc-
ture, that exceeds a local energy barrier of +7 kcal/mol and that contains an
instable duplex structure with a free energy above 0 kcal/mol, can be discarded

as unsuitable structure.

The following Section 6 describes a method, which incorporates these findings to
reduce the enumeration space. This allows using an enumeration-based method

to predict suitable joint structures for two interacting RNAs.
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Chapter 6

Method and Implementation

6.1 Outline of Method

The method proposed in this work consists of three main tasks:

1. Prediction of all potential binding regions
2. Enumeration of all binding structures for a predicted binding region

3. Incremental clustering of all enumerated structures into a meaningful set of

representative structures

The main reason for the separation of the prediction of binding regions and the
enumeration is the intricate nature of the binding regions themselves. As de-
scribed in the previous Section 5.1.1, the binding sites can be very diverse in
length but most importantly in number of pairs and the ratio of pairs per length.
If the enumeration would start with the two individual mfe structures and would
enumerate every structure which is reachable by adding one or a stem of all pos-
sible duplex pairs this would lead to an extremely high number of joint structures
in the enumeration that are not suitable to be realistic binding structures. For
example, two RNAs might have a large number of possible short duplex stems

but only a small part of these might actually be extendable into a duplex struc-
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ture that has similar characteristics than described for the known interactions in

Section 5.1.1.

The flexible seed method, described in the following Section 6.2, is able to deal
with these interaction characteristics and to predict the most probable initial

duplex stem inside such a potential binding region.

Another important aspect is the clustering so that all enumerated structures can
be represented by a much smaller number of representative structures. This de-
cision was made mainly for practical reasons. If there are billions of enumerated
structures it is impossible to manually analyze these as well as to efficiently ma-
nipulate the data, e.g. sort them to find the lowest free energy binding structures,

as at some point the entire data can not be kept in main memory.

6.2 Prediction of Potential Binding Regions

The first step of the method presented in this work is to find all positions where
the two RNAs can form an initial binding stem. This initial binding stem is
a continuous sequence of stacked duplex pairs that are unpaired in both mfe
structures. However, as described in Section 5.1.1, binding sites do not only
consist of one short stem but have more complex structures, and they have a
range of typical lengths as well as pairs per length ratios. It is therefore important
to find not all possible initial binding stems but only those stems that are in
a region that has the necessary characteristics to form a binding region. The
energy of the initial binding stem is hereby not considered for the prediction as
the nature of the prediction guarantees that each predicted binding region has
an unpaired and thus accessible duplex stem without any bulges or loops, such
a duplex stem consists of a continuous series of stacked duplex pairs which are

therefore guaranteed to have a stable low free energy.

In my previous work, a structure annotated binding alignment was used to predict

binding sites and subsequently to predict the individual binding structure of a
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regulatory RNA [67]. The binding sites were predicted by aligning pre-determined
binding profiles instead of a complete target RNA to its regulatory RNA. This
allowed using a simple scoring function which worked very well for this problem
of finding a set of suitable binding locations for a set of binding profiles. This
is a simplified version of the general problem covered in this present work which
aims to predict all possible binding regions for two interacting RNAs as well as

predict all joint binding structures by enumerating them.

An alignment based technique, especially with a realistic energy model as its
scoring function, allows the computation of the mfe duplex structure between
two RNAs. For interacting RNAs with highly complementary sequences, even a
local alignment is going to span the entire or a very large part of the sequences
if no structural information is used to prevent the extension of the alignment.
This would make it necessary to include such structural information in order to
keep the alignment from extending too far by e.g. penalizing the alignment of
bases paired in the individual structure. It is however very difficult to adapt such
an energy model to consider structural information, as there are very different
sequences, individual and duplex structures for which a suitable set of structure
penalty parameters would need to be compiled. This would leave the solution
to allow the alignment only in unpaired regions, which offers no advantage over
the less complex seed based approach used in this work. In addition, interactions
with more than one binding site make it necessary to extract not only the optimal
local alignment but other suboptimal alignments that could constitute different
binding sites.

Therefore, a less complex but more suitable approach is presented in the following
by using a seed-based approach that operates on a pairing matrix to predict all
regions between two RNA that satisfy the necessary requirements to be considered
a potential binding region. This seed based approach is motivated by the spaced

seeds often employed in homology search, as described in Section 4.2.2.

For the interactions studied in this work, the spaced seed was found to be not
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flexible enough. For example, we can consider four possible duplex pairings ..|||||..,
A s e, for which a . denotes a mismatch and a | stands for a
possible pair, and two different spaced seeds 10111 and 11101, which require
both a duplex stem of length 3 that can be extended in one direction by a pair
or a mismatch followed by another pair. Then both spaced seeds match the first
structure pattern, the second and third pattern is matched by one but not the
other seed and the last pattern is matched by neither seed. In order to find a seed
that matches all patterns, the spaced seed would need to be generalized more and

more, in this case to a not very specific 101 pattern.

All of the above described example structure patterns could be matched by a seed
of length 5 that requires 4 pairs in any position. The flexible seed approach is
therefore a generalization not through a less specific pattern but by eliminating

the restriction of having to have pairs in specific positions for a spaced seed.

Flexible Seed based Prediction

As described above, the flexible seed based prediction operates on a pairing ma-
trix. This pairing matrix PM,; is a binary matrix which specifies at what posi-
tions, ¢ for one RNA sequence and j for a second RNA sequence, two sequences
can form a pair. Formally this matrix is constructed for two sequences S1 and 52
by setting PM;; = 1 if the bases at S1; and S2; can form a pair and otherwise
setting PM,; = 0. As this matrix contains n - m values and the value for each

position is calculated in constant time, the pairing matrix is calculated in O(nm).

After the pairing matrix is calculated the potential binding regions are found by
sliding a window of length [ diagonally over the matrix and checking whether the
values in the window meet a set of given requirements to be considered a binding
region. These requirements are the number of pairs p where the two RNAs are
able to form a pair and the number of required consecutive open pairs o, which
are unpaired in both mfe structures and can form the initial binding stem. These

three values, [, p and o, are called the configuration for the flexible seed and they

86



can be adjusted to control the prediction of binding regions. In the following such
a configuration is also written as [-p-o0, e.g. a configuration of length 10, requiring
5 pairs and 2 open bases can be written as 10-5-2 configuration. An analysis of

reasonable configurations can be found in Section 7.1.1.

In Figure 6.1, the described approach is illustrated for a window of length 4 that
requires 3 pairs, while the structure is ignored to simplify the example. There
are three example positions for the sliding window; the first two, highlighted in
green, include one mismatch and three pairs, while the last position, highlighted
in red, includes two mismatches and only two pairs and hence does not meet the

necessary requirements to be considered a binding region.
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Figure 6.1: Example for the window based prediction of binding regions. Win-
dows highlighted in green show potential binding regions while the window high-
lighted in red does not qualify as binding region.

In regions with a high complementarity which are also partially unpaired in their
mfe structures it is likely to find several overlapping regions. Two regions i, j, k, [
and 7', 7', k', ' are overlapping if they are intersecting so that, without loss of
generality, i < i’ < j for the regulatory RNA and k < k' < [ for the target as
well as |t —i'| = |k — k|. If two regions overlap they are merged into a single new

extended region.

It is also possible for a region to not only intersect another region but to be
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entirely included in another extended region. A region 4,7, k,[ is included in
another region ¢/, j/ k', I'if ¢/ <i<j<jand k' <k <I<!and|i—i| =|k—FK|.
This makes the included region redundant and it can therefore be discarded.

This merging of overlapping regions significantly reduces the number of potential
binding regions, while it does not increase the risk of missing any binding regions
in the correct locations of an actual binding site for two interacting RNAs. How-
ever, if the chosen parameters for the prediction are not restrictive enough there
will be a high number of stacking overlapping regions that are extended into one
very long stacked binding region. The longer these stacked binding regions get
the less valuable they are, e.g. a stacked binding region that is almost as long
as one or both RNAs provides only the information that the RNAs are highly

complementary but no information on likely binding sites.

In order to reduce these, possibly problematic, stacking binding regions, any new
region that is found is pruned by cutting of all leading and trailing mismatches
before it is merged with any overlapping regions that were found previously. For
example, a region as 0011101100, with two leading and trailing mismatches, would
be pruned to 171011. This conserves all relevant information while compacting

the region and therefore reducing overly aggressive stacking.

The runtime for this flexible seed prediction depends on the size of the pairing
matrix and thus the length of both RNA sequences as well as the length of the
sliding window. The number of positions for which the window has to be checked
is (n —1) - (m —[) as the outer areas of the matrix can not fit the entire window
and therefore do not need to be checked. For each of these (n—1)-(m —1[) window
positions [ binary values need to be checked. The length of the window can be
considered a constant and therefore ((n—1)-(m—1)-l can be reduced to a runtime
of O(nm).

This flexible seed approach for predicting binding regions performs very well
to identify potential binding regions that contain a stable and accessible initial

binding stem, as well as meet the required pair per length ratio. Except for some
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very simple duplex structures most interactions do have more complex duplex
structures containing different loops, so it is therefore necessary to extend the
duplex structure and if necessary modify and open the mfe structures of both

interacting RNAs.

Therefore the next step is to iteratively enumerate all possible neighbouring struc-
tures starting from a set of initial solutions. One initial solution is constructed

for each predicted binding region.

Construction of Initial Solutions

A single initial solution is created by combining a binding region with the two
given structures for both RNAs. In this way a initial joint structure complex is

constructed that mimics the initial stage of two RNAs binding to each other.

For each predicted binding region one initial solution is created. An initial solu-
tion is created by adding the longest unpaired duplex stem in the binding region
to the already existing mfe structures of each RNA. As the added duplex stem is
unpaired in the mfe structures, the mfe structures do not need to be modified.
This represents the first step of both RNAs binding to each other and forming
the first duplex pairs before any structural changes are caused by the formation

of the duplex.

Starting from each of these initial solutions, the enumeration process aims to find

all possible binding structures for two interacting RNAs.

6.3 Enumeration of Joint Structure Complexes

The predicted potential binding regions are used to construct the initial solutions

used as starting point for the enumeration of binding structures.

As described in Section 4.2.3, the number of overall possible binding structures

would be too high to be handled in an efficient way. Therefore the enumeration
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space has to be restricted in a way so that all meaningful binding structures will
be enumerated while structures that are very unlikely to be potential binding

structures can be neglected.

Reduction of Enumeration Space

The most important aspect in the reduction of the enumeration space is the local-
ity of changes in the individual structures in the binding process. The formation of
a duplex structure between two RNAs is only able to produce structural changes
in the local environment of these duplex pairs. This significantly reduces the
number of binding structures to be enumerated. This has an especially strong
implication for very long RNAs, as the number of solutions to be enumerated
is not directly dependent on the length of the RNAs. However, the longer two
RNAs are the more potential binding regions will be predicted, which leads to

more initial solutions from which the enumeration has to start.

Another possible restriction of the enumeration space is the stability of the in-
dividual structures and the duplex structures. If one of these gets to unstable,
e.g. has a free energy above 0, in the enumeration process, the solution should
be discarded. Therefore individual and duplex structures need to keep a free
energy below 0 kcal/mol; this ensures that all joint structures maintain stable
individual and duplex structures. While this is a reasonable constraint for small
RNAs and duplex structures, the locality of the structural changes in long indi-
vidual structures makes it very likely, that this structure keeps a energy below 0
kcal /mol even when a highly unstable structural element has been created in the

enumeration process in one of the structures.

A better restriction of the enumeration space is to consider the reachability of
the individual structures and the duplex structures. The reachability is measured
by the local energy barriers for an enumerated solution. If these are too high for
one of the individual structures or the duplex structure then the solution is not

considered for a further enumeration. This prevents the enumeration from making
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structural changes that are too energetically unfavourable. The maximum local
energy barriers allows measuring this and the analysis in Section 5.2.3 allows

setting a threshold of +7 kcal/mol for these barriers.

Representation of Solutions

There are two main challenges in the enumeration of binding structures. The
first one is cycling behaviour of the enumeration. This can occur because the
same structure can be reached either from different initial solutions or from one
initial solution through a different sequence of operations on this initial solution.
This makes it necessary to detect a solution that has been previously visited in
order to avoid repeatedly enumerating the same solutions in order to reduce the
necessary computations and the memory for stored solutions. A solution for this
problem is to store every visited solution, so any new solution can then be easily
checked whether it has been previously visited. These solutions do not need to
be stored in a way that allows them to be used for further processing but it needs

to uniquely identify a specific binding structure.

Implementation If collisions could be avoided, a simple hash code would be
sufficient as unique representation. However, not only are hash functions not
guaranteed to be collision free but in Java hash codes are 32 bit integer values that
range from —2,147,483,648 to 2,147,483,647, which results in 4,294,967, 296
unique hash values. If there are more visited unique solutions than possible
existing hash values, collisions can not be avoided no matter how good the hash
function is. Therefore the hash code alone is not sufficient as representation.
This makes it necessary to find a more complex but unique representation of
visited solutions that needs to be as memory efficient as possible. The sequence
of operations that lead to a specific solution however is not unique as the same

solution can be constructed with different sequences of operations.

Therefore for each visited solution only the part of each individual structure that
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has been modified is stored together with the start index of the two regions. Each
modified region itself is stored as a byte array. A byte is sufficient to store the
structural information for each position, because in the DBN notation there are
only 5 different possible configurations for a position in the structure: unpaired
7.7 open round bracket ” (", closed round bracket ”)”, open square bracket ”[” and
closed square bracket ”]”. This representation is very memory efficient especially
for larger structures where only a small part of the structure is actually modified
and it is unique for every possible joint structure. Checking equality, in case
two solutions have the same hash code, can be performed efficiently for this
representation, as first only the start and end of the modified regions have to be
compared and only if these are equal then each position of the modified region for

each RNA has to be compared and the modified regions are much smaller than

the entire structures.

The second challenge is that although the enumeration space is significantly re-
duced by the restrictions described in Section 6.3, the number of enumerated
solutions can still be extremely high. Therefore, in each step of the enumera-
tion an increasingly larger amount of new solutions need to be stored in the main
memory. This makes it necessary to find a representation of these solutions that is
very memory efficient. In contrast to the unique representation, described above,
uniqueness is no concern but this representation must allow further processing by
storing all necessary information to generate all possible neighbouring solutions
for the enumeration process. This can be achieved by storing the sequence of
operations that generated this solution. This allows to reconstruct the binding
structure for such an operation based representation while avoiding the storage

of unnecessary information like the complete joint structure.

In addition to these two representations, a third representation is needed that
allows the computation of all possible operations on a solution to generate all
neighbouring structures for the enumeration. For this purpose the operation

based representations must be converted into an array based representation.
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In this array based representation a single solution is represented by two pair
arrays for the individual structures. A pair array is an integer array in the
size of the RNAs length. If a base i is unpaired the value at index i is —1,
if it is paired with base j then the value at index ¢ is j. This allows for much
easier and more efficient addition and removal of pairs compared to a string based
representation of structures. The duplex structure is represented by an additional
two pair arrays, which are each indexed by one of the two RNAs. This allows it
to check efficiently whether a base is open in the duplex for each RNA as well as
updating them according to any operations made on a solution. While this could
be designed to be more memory efficient, this is not necessary at this point as

only one array based representation is used at any given time in the computation.

Operations on Solutions

The following basic operations on solutions are necessary for the enumeration:

1. Adding a single pair in one of the individual structures
2. Removing a single pair in one of the individual structures
3. Adding a single pair in the duplex structure

4. Removing a single pair in the duplex structure

For each of these operations the integrity of the overall solutions with regard to
the above defined constraints must be guaranteed. For example, it needs to be
ensured that a pair is only added if both bases forming this pair are unpaired
in the individual structure as well as the duplex structure and that no knots are

produced in any structure.

The pair array based representation makes all of these operations very efficient,
as they can all be done in constant time, without needing to iterate over any

more complex data structures.
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The removal of previously added duplex pairs seems unnecessary at first, because
the enumeration process will enumerate the structures for which these pairs have
not been added as well. However, there is a important reason why including
these operations is still necessary. The interactions for CopA - CopT as well
as RepZ - IncRNAs, show that the duplex pairs in the binding spot, where the
RNAs first started to bind, unfold again in the process of extending the duplex
and establishing the final binding structure. This is described and illustrated
in Section 5.2.1. This means that it is not only possible for previously formed
duplex pairs to open again in the binding process, but that it is crucial to include

these operations to be able to predict the actual binding structures.

Computation of Possible Operations

The possible operations on a given solution are restricted to the local environment
of the duplex structure. The local environment is specified by how far away from
the duplex structural changes are allowed to occur. As described earlier, this
reduces the complexity significantly depending on the size of the environment.
It is also a natural constraint as structural changes are local in nature because
they are driven by the formation of the duplex and therefore occur only in the

neighbourhood of the newly formed duplex pairs.

The computation of possible operations on an individual RNA and the duplex
structure for a given solution are depicted in algorithms 1 and 2. The possible
operations are generated by first checking the individual structures in the envi-
ronment of the existing duplex pairs for paired and unpaired bases. Only the next
pair on either side of the duplex, that is still in its environment, will be added
as a removal operation. Then all stackable individual and duplex base pairs that
can be formed from the unpaired bases in the environments of both RNAs duplex
structures are added as add operations. In addition all existing duplex pairs are
added as removal operations. The possible operations for an example joint struc-

ture are illustrated in Figure 6.2. The environment of size 2 is highlighted as grey
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box around the duplex pairs in both structures. The possible removal operations
are highlighted in red, it has to be noted that in the bottom structure a pair
can be removed for which one of its bases is outside of the duplex environment.
The unpaired bases in the environment are highlighted in green and have to be

checked whether they can pair and would be stackable pairs.

aaaagcguuucgcaaa

<o CCEEDY ) - -
VeIl ((C...)))

accaaagggaaaaucc

Figure 6.2: Possible operations for an example joint structure. The environment
is highlighted as grey box, the removal operations are highlighted red and the
add operations are highlighted in green.

Two bases a; and b; can stack if either the bases a;—; and b;_; or the bases a;;4
and b,y can pair. While this is a constraint on the generation of solutions and
thus on the enumeration, it is reasonable as the structures that were analyzed in
this work do not contain any single pairs that can not stack. On the other hand
this provides a major advantage for the enumeration by avoiding the unnecessary
enumeration of structures that contain unstable single pairs and instead direct

the enumeration in the direction of feasible, stable and realistic joint structures.
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Algorithm 1 Computation of possible basic RNA operations
Input: Solution s, Size of environment ENV
Output: Set of possible operations on an individual RNA

for every base b in environment FNV of duplex pairs in s do
if b is paired then
get paired base b’ for base b
save operation (REMOVE, b-b') to set of operations
else
save base b to list of unpaired bases
end if
end for
for every combinations of base b and b’ in list of unpaired bases do
if b and b’ can form a new pair AND b and b’ can stack then
save operation (ADD, b- ') to set of operations
end if
end for

return Set of possible operations to modify an individual RNA

Algorithm 2 Computation of possible basic duplex operations
Input: Solution s, Size of environment NV
Output: Set of possible operations on a duplex structure

add each outer pair of the duplex as individual REMOVE operation
for every base b in environment ENV of duplex pairs for first RNA in s do
if b is unpaired then
save base b to list of unpaired bases in first RNA
end if
end for
for every base b in environment FNV of duplex pairs for second RNA in s
do
if b is unpaired then
save base b to list of unpaired bases in second RNA
end if
end for
for every base b in list of unpaired bases in first RNA and b’ in list of unpaired
bases in second RNA do
if b and b’ can form a new pair then
save operation (ADD, b-b') to set of operations
end if
end for

return Set of possible operations to modify a duplex structure
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Enumeration Algorithm

The enumeration process starts with a set of initial solutions and ends either if
a number of maximum iterations has been reached or if all new solutions in an
iteration of the enumeration have already been visited. The enumeration works
by generating all neighbouring structures for a given set of solutions based on
the possible operations for these solutions. All of these generated neighbouring
structures that have been previously visited are discarded, while the rest is added
to the visited solutions. Then the free energy is calculated for each of the new
solutions that has not been enumerated so far. Afterwards all of the solutions
are discarded, for which the duplex structure has a free energy above 0 kcal/mol
or the current local energy barrier exceeds a threshold of 47 kcal/mol, described
in Section 6.3, for one of the individual structures or the duplex structures. The
remaining stable solutions are taken into the next iteration of the enumeration
to be the foundation for generating new neighbouring structures for them. This
process is repeated until there are no new stable solutions generated or a max-
imum number of iterations has been reached. This method for enumerating all

binding structures is depicted in Algorithm 3.

In order to handle the enormous number of generated solutions it makes sense to
perform the enumeration process not with all predicted initial solutions but to
divide the initial solutions in smaller chunks. The enumeration process can then
be executed for each chunk individually. This, however, creates the problem of
consolidating the enumerated binding structures for every chunks into one result
set of binding structures. In the next section it is described how a clustering

method can be used to solve this problem.
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Algorithm 3 Enumeration of binding structures starting from a set of initial

solutions.
Input: Set of initial solution, maximum allowed steps MAX_STEPS

Output: Set of binding structures reachable from initial solutions

steps = 0
add all initial solutions to set of new solutions
while set of new solution is not empty AND steps < MAX _STEPS do
for every new solution S,., do
generate all possible operations on S,
for every possible operations OP on S, do
generate new neighbour solution s’ by applying OP to S,e.
if s’ has not been previously visited then
add ¢ to visited binding structures
if s’ is stable then
add s’ to new solutions
end if
end if
end for
remove S, from new solutions
end for
steps = steps + 1
end while

return Set of binding structures
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6.4 Clustering of Enumerated Joint Structures

The enumeration process generates a very high number of structures that can
easily amount to more than a billion structures. This number is too high to effi-
ciently analyze these results, especially if a researcher wants to do this manually,
e.g. to get a quick impression over how the enumeration performed for a specific
configuration. A clustering of these generated structures allows to reduce the high
number of enumerated structures to a set of representative structures that are
better suited for a practical analysis. In order to cluster such an amount of struc-
tures efficiently, an incremental clustering strategy is very capable as it does not

operate on the entire set but includes structures in the clustering incrementally.

An incremental clustering strategy is also very suitable to deal with the problem
of consolidating the results for the separately processed chunks of initial solutions.
While the enumeration starts new for every chunk of initial solutions, the clus-
tering is continuously updated with every generated new solution. This allows it
to save memory in the enumeration process while still maintaining a valid set of

representative solutions for the entire set of enumerated binding structures.

The incremental clustering algorithm developed in this work is shown in Algo-
rithm 4. A new solution is added to the clustering by first finding the cluster
center with the smallest structural distance to the new solution. If this distance
is lower than the chosen cluster radius, the new solution is added to this cluster.
If the new solution is better than the existing cluster center it is assigned as
new cluster center and the previous center is discarded. If there exists no cluster
with sufficiently small distance to the new solution, a new cluster is added to the

clustering represented by this new solution.

Choosing a proper cluster radius has a strong impact on the resulting clustering,
if it is very small there will be a lot of clusters and, in the extreme case, if the
radius is very large then there might just be one cluster containing all enumerated

structures. This is a choice that a researcher using this method has to make and
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possibly refine over multiple runs of the method depending on the wanted results.

Algorithm 4 Incremental clustering method
Input: Clustering C', new solution s, cluster radius cr
Output: New Clustering C’

for every cluster center cluster do
find cluster’ with smallest distance to s
end for
if distance(cluster’,s) < cr then
add s to cluster cluster’
if score(s) is better than score(cluster’) then
s replaces cluster center cluster’
end if
else
add s as new cluster to C'
end if
MERGE existing clusters into new clustering C”

return Clustering C’ including new solution s

A disadvantage of this strategy is that by replacing cluster centers the clustering
can contain increasingly similar clusters. Therefore after a solution has been
added to the clustering the existing clusters are merged if the distance of their
centers is smaller than the chosen cluster radius. To illustrate this problem,
Figure 6.3 shows a very simplified but demonstrative example of clustering integer
numbers. For this example the distance between two solutions a, b is |a — b], the
maximum distance for cluster membership is 4 and the score of a solution is its
numeric value. The example shows how in the first step 5 is added to the existing
clustering of 1,10, 5 then replaces 1 as cluster center and is again replaced when
7 is added. This leaves the two cluster centers 7 and 10 for which the distance
is below the maximum distance for cluster membership. It would therefore be
desirable for these two cluster to be merged again. While this is of course a very

simplistic example it is still able to show the core of the problem.

A solution to this problem is to check all cluster centers if they need to be merged
after a new solution has been added. This merging process is shown in Algorithm

5. This ensures that there all cluster centers have a distance to each other that
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Add 5
2) 1 5 10

5 >1
3) 5 10

Add 7/
4) 5 7 10

7 > 5
5) 7 10

Figure 6.3: Example clustering of integer numbers. Cluster radius is 4. The score
of a solution is given by its value

is at least as big as the specified maximum distance for cluster membership.

Algorithm 5 Merging of similar clusters in an incremental clustering
Input: Clustering C', cluster radius cr
Output: New Clustering C’

while clusters are merged do
for every cluster center cluster do
Find the cluster center cluster’ with the smallest distance to cluster
if distance(cluster, cluster’) < cr then
if score(cluster) is better than score(cluster’) then
merge clusters by removing cluster’ from C
else
merge clusters by removing cluster from C
end if
exit for loop
end if
end for
end while

return Clustering C’

The result of this clustering is essentially a reduction of all solutions to its nearest
enumerated local optimum in a given radius of the structural distance. This
could also be done without clustering by using a simple greedy search strategy
that gets from a given solution to a near local optimum, by iteratively visiting

a lower free energy neighbouring structure until a locally optimal structure is
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reached. However, using a clustering technique has significant advantages when
dealing with the high amount of solutions generated by the enumeration process.
The clustering strategy does not need to compute any neighbouring structures
as the enumeration process is already presenting all of these structures to the
clustering algorithm. In addition no free energy values need to be calculated and
the clustering can process solutions incrementally while they are generated by
the enumeration process. This makes it possible to cluster millions of structures

very efficiently which would be impossible for a local search strategy.

6.5 Extending the Enumeration

Although the enumeration space was significantly reduced the enumeration pro-
cess is still very time and memory consuming. This can be a problem for reaching
binding structures with a long folding pathway, e.g. for the interactions, described
in Section 5.2.3, with a folding pathway of length 30 and longer. Therefore, two
solutions are presented that can achieve a much further enumeration needing sig-
nificantly less time and memory. On the other hand, these solutions result in an

enumeration which is not as broad and extensive.

The first solution is to start the method not with the prediction of possible
binding sites but to provide a list of starting structures which serves as initial
solutions for the enumeration process. This allows us to select interesting joint
structures as starting point for a further exploration with this method. Such an
interesting joint structure could be a specific initial binding solution or a solution
of the enumeration for which a further exploration is desired. This is also a good
alternative for studying possible binding structures for two RNAs with known
binding sites.

The second solution is to use an incremental enumeration. This means that the
enumeration process is reset at specific points, e.g. when a maximum number of

enumerated solutions is exceeded. The enumeration is then restarted using the
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current cluster centers as new initial solutions. While this is a similar strategy

than the first one it does not require any continuous manual input.

Figure 6.4 shows an example for such an incremental enumeration for the CopA -
CopT interaction. The predicted binding structure is continuously improved over
40 iterations. The enumeration is restarted when more than 250000 solutions have
been enumerated, this allows the enumeration to progress quickly on the folding
pathway to the actual binding structure, without the risk of producing a number
of enumerated solutions that causes memory problems or the enumeration to slow

down significantly.

6.6 Summary of Method

The combination of the flexible seed based binding region prediction, enumer-
ation of binding structures and incremental clustering in one method allows us
to enumerate potential binding structures for two RNAs with a given structure,
while maintaining a set of representative clusters as descriptive result. This en-
ables a researcher to extensively explore possible binding structures for a pair of
interacting RNAs. This includes the mfe as well as alternative binding structures

and allows a researcher to gain insight into the joint folding process of two RNAs.

The configuration of the three parts should not be seen separately but as the
configuration of the method as a whole as the enumeration heavily depends on
the binding region prediction as well as the enumeration and the clustering be-
ing strongly interdependent. For example, a very unspecific and unrestrictive
configuration for the flexible seed is going to predict a large set of potential bind-
ing regions and hence a large set of initial solutions for the enumeration. If the
enumeration then uses pair based operations with a very large environment to
be affected by the binding duplex an extremely high number of structures will
be enumerated. In this case a small cluster radius results in an also very high

number of clusters which slows down the enumeration and results in too many
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Iteration Clusters New Solutions Visited Time Total Time

1 1 5 6 Os Os

2 1 10 19 Os Os

3 1 22 48 Os Os

4 1 38 114 Os Os

5 1 73 252 O0s Os

6 1 154 519 O0s Os

7 1 290 1026 Os 1s

8 1 483 1924 Os 2s

9 1 749 3384 1s 3s

10 1 1124 5593 2s S5s

11 1 1663 8836 3s 8s

12 1 2469 13634 4s 13s

13 2 3802 20884 6s 19s

14 1 5672 31822 9s 29s

15 2 8480 47883 13s 43s

16 2 12615 71632 20s Ilmin 4s
17 2 18666 106883 30s Imin 35s
18 3 27315 158841 44s 2min 20s
19 3 39624 234733 Imin 5s 3min 25s
Restart

20 2 39 39 O0s 3min 25s
21 3 223 288 Os 3min 26s
22 3 846 1306 Os 3min 26s
23 2 2470 4540 2s 3min 29s
24 2 6027 13135 Ts 3min 37s
25 2 13602 33851 17s 3min 54s
26 3 29001 79997 40s 4min 35s
27 2 56966 174264 Imin 21s Smin 57s
28 2 102553 350652 2min 34s 8min 31s
Restart

29 2 31 31 Os 8min 31s
30 2 228 275 Os 8min 31s
31 2 1090 1546 1s 8min 32s
32 2 3972 6573 4s 8min 37s
33 2 11775 22510 14s 8min 51s
34 2 29612 64694 36s 9min 28s
35 2 64922 160670 Imin 25s 10min 54s
36 2 123866 352400 2min 53s 13min 47s
Restart

37 2 34 34 Os 13min 47s
38 2 282 337 Os 13min 47s
39 2 1608 2164 1s 13min 49s
40 2 6810 10558 Ts 13min 56s

Figure 6.4: Example of an incremental enumeration for CopA - CopT.
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clusters to be analyzed efficiently.

On the other hand, a very specific seed with a moderate environment size and
pair based enumeration can justify a small cluster radius as the enumeration
will generate a fine grained and narrow set of binding structures that might get

merged into only one or two clusters if the radius is too big.

In general, the method is able to deal with different goals of the exploration,
depending on its configuration and the existing information on the interaction
to be studied. If no information exists except the RNAs sequence and structure
then it is recommended to start with the default parameters and, if needed, to
iteratively refine the parameters depending on the results. For example, using
unspecific seeds first to get an impression of where potential binding regions
are located and then increasing the restrictiveness of the seed and the depth of
the enumeration to focus the exploration on a smaller set of most interesting
binding regions. This is also an aspect to consider for a further development of
this method, as it might be desirable to restrict the binding region prediction to

certain areas in a longer RNA, e.g. near the start codon for a long mRNA.

One weakness of the method is that the enumeration process can be very time and
memory consuming. Therefore, a variation of the method allows to perform an
incremental enumeration, which is able to significantly extend the enumeration

but reduces its comprehensiveness.

6.7 Free, Fixed and Default Parameters

An overview over all configuration parameters of the entire method are displayed
in Table 6.1. The default values were determined empirically and from the results
presented in Section 7, to offer reasonable results without being too restrictive.
The two fixed parameters were derived from the findings in Section 5.2.3, without
being over-fitted to the structure dataset. Naturally, these parameters need to be

updated as more interactions and joint structures are experimentally identified
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and verified. The parameter recommendations are based on the results achieved

for different parameter configurations. These results are presented in the following

Section 7.
Parameter H Type ‘ Default ‘ Recommended Range
Seed Length Free 10 8-15
Seed Pairs Free 5 4-10
Seed Open Pairs Free 3 3-8
Environment Free 10 5-10
Max Iterations Free 15 10 - 20
Max Solutions Free | Unlimited | Unlimited / 500000
Cluster Radius Free 15 5-25
Data Chunk Size Free 5 1-10
Max Local Energy Barrier || Fixed 7 -
Max Free Energy Fixed 0 -

Table 6.1: Parameter Configuration
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Chapter 7

Results and Discussion

7.1 Predicted Binding Regions and Initial Solu-

tions

The flexible seed prediction was tested for different configurations on both the
short mRNA sequence dataset as well as the long mRNA sequence dataset. The
tested configurations were compiled in the following way. For the length a range
from 10 to 20 in steps of 5 was tested. For each length the required number of
pairs was chosen as 40% as well as 50% of the length, rounded down to the next

integer number. For the required open bases a range from 1 to 5 was chosen.

This configuration scheme was used to run tests to determine several properties

of the flexible seed prediction.

7.1.1 Flexible Seed Prediction of Binding Regions

For the prediction of binding regions using a flexible seed approach tests were run

to determine three main aspects:

1. Reduction of predicted regions through merging and extending overlapping

regions
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2. Lengths of regions after merging and extension

3. Number of predicted regions with success rate and number of failures

For each of these aspects a test was run for every configuration for the flexible
seed, as described above in Section 7.1. The findings are summarized in tables

7.1 to 7.4, which will be presented in the following.

Reduction of predicted regions through merging and extending over-
lapping regions As described in Section 6.2, if two predicted regions overlap
they are merged into a new extended region. This reduces the overall number
of predicted binding regions without risking to miss the correct binding region if

they would have been predicted without merging overlapping regions.

Tables 7.1 and 7.2 display the number of predicted distinct and merged regions
and the overall reduction of predicted regions, in case that overlapping regions are
getting merged, for both interaction datasets. The data shows a very high num-
ber of potential binding sites for some configurations even for the short mRNA
sequence dataset. For example, the 10-4-1 configuration, which specifies a seed
of length 10, requires 4 pairs, and 1 consecutive open pairs, has a maximum
number of distinct predicted regions of 41574 for the short interaction dataset.
By merging overlapping binding sites this can be reduced to a maximum of 4387.
However, this can be explained by looking at the actual number of overall possible
positions for which the flexible seed is checked. Given two sequences of length
n and m respectively, the overall number of positions to be checked for a seed
that requires p pairs is (n — p) - (m — p), because all positions need to be checked
for which the remaining sequence is long enough to contain at least p pairs. The
longest regulatory RNA in the dataset is 514 nucleotides long and the longest
mRNA in the short interaction dataset is being 311 nucleotides long. For a seed
that requires 4 pairs this results in 156570 positions for which the seed pattern
has to be checked.
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For both datasets the lowest reduction is caused by the 10-5-5 configuration, with
78.33% for the short and 77.01% for the long interaction dataset. Accordingly,
the highest reduction occurs for the 20-8-1 configuration, with 94.7% and 94.97%

for the short and long interaction datasets.

Distinct Regions Extended Regions

Seed Min ‘ Max ‘ Average || Min ‘ Max ‘ Average || Reduction
10-4-1 || 4200 | 41574 | 9858.19 || 474 | 4387 | 1134.96 88.49%
10-4-2 724 | 10519 | 3045.15 123 | 1428 | 446.19 85.35%
10-4-3 || 131 | 2676 | 788.51 18 | 358 | 123.34 84.36%
10-4-4 0 941 197.92 0 128 35.62 82%
10-5-1 || 2540 | 27075 | 6067.15 | 434 | 4163 | 993.21 83.63%
10-5-2 || 461 | 7751 | 2148.68 || 109 | 1365 | 406.43 81.08%
10-5-3 94 | 2370 | 634.83 18 | 355 | 122.89 80.64%
10-5-4 0 872 178.55 0 139 34.13 80.88%
10-5-5 0 361 52.06 0 55 11.28 78.33%
15-6-1 || 4842 | 52261 | 11279.19 || 349 | 3066 | 820.79 92.72%
15-6-2 || 985 | 14690 | 3833.28 || 112 | 1257 | 386.25 89.92%
15-6-3 || 196 | 3800 | 1049.72 19 | 313 1154 89.01%
15-6-4 0 1374 | 282.43 0 123 31.08 89%
15-6-5 0 590 84.25 0 70 10.19 87.91%
15-7-1 || 3207 | 36489 | 7412.09 || 329 | 3014 | 756.19 89.8%
15-7-2 649 | 11223 | 2776.4 112 | 1177 | 353.06 87.28%
15-7-3 || 140 | 3242 | 828.51 17 | 320 | 110.91 86.61%
15-7-4 0 1202 | 238.77 0 123 32 86.6%
15-7-5 0 496 73.7 0 59 9.87 86.61%
20-8-1 || 4988 | 60040 | 11894.08 || 281 | 2228 | 630.28 94.7%
20-8-2 || 1141 | 18463 | 4373.6 95 | 1139 | 341.09 92.2%
20-8-3 || 239 | 4626 | 1226.74 18 | 307 | 107.74 91.22%
20-8-4 0 1631 | 336.11 0 122 30.02 91.07%
20-8-5 0 661 100.38 0 55 9.51 90.53%
20-10-1 || 1685 | 28403 | 4949.94 || 227 | 2189 | 496.26 89.97%
20-10-2 || 502 | 10236 | 2129.62 81 971 257.3 87.92%
20-10-3 || 83 | 3055 | 690.83 15 | 295 87.49 87.34%
20-10-4 0 1193 212.89 0 132 27.32 87.17%
20-10-5 0 488 69.75 0 59 8.94 87.18%

Table 7.1: Reduction of predicted seed through merging and extension of over-
lapping seeds for the short mRNA sequence dataset. The first column specifies
the configuration of the flexible seed. Columns 2 to 4 display the number of pre-
dicted distinct regions. The next three columns display the number of merged
and extended regions. The last column shows the percentage of reduction from
all predicted distinct to extended regions.

The smallest reduction in both datasets occurs for the most restrictive and short-

est seed configuration. A shorter seed results in shorter regions, and the shorter
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Distinct Regions Extended Regions

Seed Min ‘ Max ‘ Average || Min ‘ Max ‘ Average || Reduction
10-4-1 || 20506 | 322758 | 71075.55 || 3095 | 36850 | 8221.32 88.43%
10-4-2 || 4876 | 100709 | 19663.87 || 746 | 14187 | 2903.83 85.23%
10-4-3 683 | 22726 | 4498.06 92 | 3262 | 688.49 84.69%
10-4-4 96 4616 987.68 13 788 180.77 81.7%
10-5-1 || 12372 | 193092 | 43687.87 || 2530 | 32200 | 7306.53 83.28%
10-5-2 || 3364 | 68974 | 13831.19 || 730 | 13054 | 2686.55 80.58%
10-5-3 567 | 18304 | 3622.26 98 | 3327 | 701.79 80.63%
10-5-4 92 4285 891.85 13 702 170.96 80.83%
10-5-5 12 952 208.4 2 247 4791 77.01%
15-6-1 || 24790 | 389691 | 84405.53 || 2497 | 26294 | 6029.04 92.86%
15-6-2 || 6256 | 134888 | 25534.42 || 707 | 12319 | 2553.42 90%
15-6-3 932 | 32898 | 6164.42 94 | 3005 | 648.85 89.47%
15-6-4 150 7346 | 1452.32 13 660 154.19 89.38%
15-6-5 16 1693 345.3 2 152 37.36 89.18%
15-7-1 || 16183 | 251450 | 55537.91 || 2099 | 24743 | 5668.06 89.79%
15-7-2 || 4527 | 96332 | 18458.34 || 667 | 11655 | 2376.45 87.13%
15-7-3 758 | 26131 | 4857.13 92 | 3131 | 639.23 86.84%
15-7-4 134 6452 1232 16 719 159.92 87.02%
15-7-5 11 1568 305.15 4 157 39 87.22%
20-8-1 || 26881 | 431370 | 91816.58 || 1931 | 18851 | 4621.51 94.97%
20-8-2 || 7215 | 163209 | 29996.58 || 657 | 10751 | 2277.04 92.41%
20-8-3 991 | 41566 | 7423.42 97 | 2900 | 614.28 91.73%
20-8-4 151 9641 1782.81 15 643 150 91.59%
20-8-5 9 2327 430.28 1 159 36.28 91.57%
20-10-1 || 8973 | 171381 | 37966.19 || 1169 | 16212 | 3769.32 90.07%
20-10-2 || 3329 | 75612 | 14355.25 || 455 | 8486 | 1752.09 87.79%
20-10-3 || 615 | 22968 | 4092.83 77| 2621 520.4 87.29%
20-10-4 || 107 6216 | 1113.96 14 641 137.09 87.69%
20-10-5 6 1632 294.21 1 169 35.89 87.8%

Table 7.2: Reduction of predicted seed through merging and extension of over-
lapping seeds for the long mRNA sequence dataset. The first column specifies
the configuration of the flexible seed. Columns 2 to 4 display the number of pre-
dicted distinct regions. The next three columns display the number of merged
and extended regions. The last column shows the percentage of reduction from

all predicted distinct to extended regions.
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a region is the less likely it is that there exists a second overlapping region that
can extend the first region. The restrictiveness of the seed reinforces this even
more as it causes the predicted regions to be more sparsely distributed and thus
less likely to overlap. This pattern is visible over all tested seed configurations,
with longer seeds resulting in an overall higher reduction and more specific seed

configurations resulting in a lower reduction of predicted regions.

However, the more restrictive the seed configurations get this pattern becomes
less pronounced or even disrupted. The 10-5-4, 15-7-4 and 20-10-4 seed config-
urations all have a slightly higher reduction that the 10-5-3, 15-7-3 and 20-10-3
configurations. And while the reduction decreases again for the 10-5-5 configu-

ration it continues to increase slightly for the 15-7-5 and 20-10-5 configurations.

A possible explanation for this are local accumulations of binding regions. The
more restrictive the seed is the fewer binding regions are predicted as there are
only a few areas for both RNAs that satisfy the restrictive seed requirements.
However, the longer a seed is, the more binding regions can be predicted for
such an area, as there are more positions for which the seed will match the
requirements. This local accumulation of binding regions is illustrated in Figure
7.1. As these binding regions all include a common unpaired stem they will get

merged into one extended binding region.

A) 10101010111101010101 Pattern
101010101111 Seeds
101010111101
101011110101
101111010101
111101010101

B) 10101010111101010101 Pattern
101111 Seeds
111101

Figure 7.1: Example for longer seeds resulting in more distinct predicted binding
regions. A) positions for which a seed of length 12 matches the pattern B)
positions for which a seed of length 6 matches the pattern
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The local accumulation of binding regions means that while the overall reduction
increases with more restrictive seeds the length of the regions should decrease.
Table 7.3 summarizes the minimum, maximum and average lengths for both the
short and long interaction datasets for the different configurations of the flexible
seeds. The data in Table 7.3 confirms the previous argumentation as the length
of the predicted regions does in fact decrease with increasing restrictiveness of

the seed.

This corresponds very well with the previous observations and confirms the as-
sumption on local accumulation of binding regions. The more restrictive con-
figurations result in shorter extended regions which means in combination with
the high reduction for these configuration that there are local concentrations of

binding regions that get combined into a few compact extended binding regions.

Table 7.3 also shows the problem of using a seed configuration that is too long
and unrestrictive. For example, the 30-18-1 configuration resulted in a maximum
length of 242 for the short interaction dataset and 379 for the long mRNA dataset.
This is considerably longer than any reported interactions in either interaction
dataset. The longest predicted region for the short interaction dataset spans is
almost as long as the mRNA sequences in this dataset. For the long interaction
dataset the longest predicted region spans about 75% of the longest SRNA in this
dataset. This is detrimental for finding the most likely binding sites and needs

to be avoided.

Considering the previous findings a shorter seed configuration seems to be better
suited for predicting the binding regions as the results are more specific and
also the length of the predicted regions matches the characteristics of the known
binding sites better. In the following it needs to be analyzed if these short seed
configurations also provide a sufficient success rate for predicting binding regions

in the correct reported locations of known binding sites.
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Short Dataset Long Dataset
Seed Min ‘ Max ‘ Average || Min ‘ Max ‘ Average
10-4-1 4 114 16.18 4 119 16.26
10-4-2 4 65 13.3 4 64 13.28
10-4-3 4 44 12.04 4 45 12.25
10-4-4 4 29 10.68 4 37 10.68
10-5-1 5 90 14.24 5 90 14.18
10-5-2 5 56 12.68 5 61 12.57
10-5-3 5 44 11.81 5 40 11.86
10-5-4 5 29 11.13 5 37 11.22
10-5-5 5 19 9.85 5 24 9.69
15-6-1 6 214 27.27 6 217 27.81
15-6-2 6 122 21.6 6 123 21.83
15-6-3 6 68 19.69 6 75 20.25
15-6-4 6 40 18.63 6 58 19.26
15-6-5 6 26 16.64 6 40 17.98
15-7-1 7 159 23.67 7 164 23.82
15-7-2 7 86 20.37 7 123 20.35
15-7-3 7 53 19 7 75 19.28
15-7-4 7 40 18.08 7 58 18.52
15-7-5 7 26 16.88 7 40 17.64
20-8-1 9 242 38.93 8 379 40.54
20-8-2 10 | 134 30.03 8 164 30.63
20-8-3 8 86 27.24 8 92 28.04
20-8-4 10 65 25.78 8 68 26.85
20-8-5 10 61 23.71 10 63 25.67
20-10-1 12 | 146 29.65 10 | 198 30.02
20-10-2 || 12 94 26.61 11 132 26.66
20-10-3 || 13 86 25.39 12 92 25.42
20-10-4 || 12 65 24.4 11 68 25.03
20-10-5 || 13 61 23.38 12 63 24.27

Table 7.3: Statistic on the length of extended seeds for different configurations for
both the short and long interaction datasets. The first column specifies the flexible
seed configuration. The next three columns display the minimum, maximum and
average length of the predicted binding regions for the short interaction dataset.
The last three columns display the minimum, maximum and average length of
the predicted binding regions for the long interaction dataset
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Success rate of prediction Table 7.4 summarizes the success rate and num-
bers of failures for both datasets over all configurations. The success rate is given
by the number of predicted binding regions, that overlap or include the reported
binding site for a given interaction, divided by the total number of predicted re-
gions. The number of failures is the number of interacting RNA pairs for which
no binding region was predicted that includes or overlaps the reported binding

site.

The success rate ranges from 5.51% to 12.97% for the short interaction dataset
and from 0.75% to 2.16% for the long interaction dataset. The data shows that
the success rate generally increases with increasing restrictiveness of the seed. It
can be expected that the less restrictive a seed is, the more noise is generated by
predicted binding regions in areas that are unspecific with regard to the charac-
teristics of binding sites and that are not located near the actual binding sites.
On the other hand a more restrictive seed is going to predict regions in areas that
match the characteristics of a binding site very well and thus are more likely to be
in the location of the actual binding site. The results also clearly show that the
general success rate increases with longer seeds, which makes sense considering
that, as described above, longer seeds result in longer predicted regions which are

then more likely to overlap with the actual binding region.

While the success rate increases, the number of failures increases with the re-
strictiveness of the seed as well. The reason is that there are some interactions
in the dataset where the structures do not have open stems that are longer than
2 nucleotides. This problem arises most likely from the constructed nature of
the datasets. For example, the 10-4-2 configuration has 0 failures in the short
interaction dataset but 2 failures in the long interaction dataset, this means that
the mRNA for at least these two examples have a different structure in the region
of the actual binding site. It is reasonable to assume that this problem is mainly
a problem with the mRNAs in the dataset as these are constructed sequences

that do not necessarily correspond to the actual complete mRNA sequences.
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Short Dataset Long Dataset
Seed Success Rate ‘ Failures || Success Rate ‘ Failures
10-4-1 5.51% 0 0.75% 0
10-4-2 6.63% 0 0.94% 3
10-4-3 7.03% 7 1.12% 9
10-4-4 8.63% 21 1.29% 21
10-5-1 5.72% 0 0.75% 0
10-5-2 6.77% 0 0.95% 3
10-5-3 6.91% 8 1.08% 10
10-5-4 8.49% 21 1.27% 21
10-5-5 11.49% 38 1.08% 40
15-6-1 7.17% 0 0.98% 0
15-6-2 8.01% 1 1.19% 3
15-6-3 8.52% 5 1.44% 7
15-6-4 9.86% 19 1.69% 17
15-6-5 9.25% 38 1.48% 39
15-7-1 7.11% 0 0.93% 0
15-7-2 8.38% 0 1.17% 5
15-7-3 9.04% 6 1.35% 8
15-7-4 9.85% 20 1.61% 18
15-7-5 10.27% 38 1.4% 39
20-8-1 9.28% 0 1.25% 0
20-8-2 9.58% 1 1.43% 1
20-8-3 10.7% 6 1.72% 8
20-8-4 12.33% 14 2.1% 15
20-8-5 10.69% 38 2.1% 37
20-10-1 8.83% 0 1.19% 0
20-10-2 10.3% 0 1.47% 2
20-10-3 11.34% 6 1.73% 9
20-10-4 12.23% 17 2.16% 15
20-10-5 12.97% 38 1.94% 37

Table 7.4: Prediction success rate for the interaction datasets. The first column
specifies the flexible seed configuration. The next two columns display the success
rate, as the percentage of regions that are in or partly in the correct position of
the reported binding site, and the number of interactions, for which no correct
binding site was predicted, for the short interaction dataset. The last two columns
display the prediction success rate and failures for the long interaction dataset.
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Figure 7.2 shows an example where a difference between the constructed and
the experimental structure obstructs a binding site. It can be seen that the
constructed structure contains two paired bases, highlighted in red, that obstruct
the binding site which otherwise would be able to form an initial open stem of
length 3.

OxyS

uuugcggauc uccgcu

OO ))))) .

Ay Lol (( OO )Y ) )
B) . (.. (( ) CCCCCCa.a))))))))))) )

uaaaacaaga uucguggcguuucgccacguuuuce

FhIA

Figure 7.2: Difference between A) the structure in the short mRNA dataset and
B) the reported experimental structure. Binding regions are highlighted in green
and the obstructing base pairs are highlighted in red.

This is of course a major disadvantage of the interaction dataset because it was
compiled from the sRNATarBase, which does not provide verified binding struc-
tures but only verified binding sites and duplex structures. In addition the mRNA
sequences in the interaction dataset are constructed as an interval around the start
codon and are not complete sequences. This means that predicting its structure

is not necessary reliable.

Therefore the method has to be tested on the described structure dataset as well.
This dataset contains only verified individual and joint structures, for which it can
be assumed that the binding sites are sufficiently accessible. Although interaction
dataset has this disadvantage and is therefore less suitable for analyzing the
success rate of the binding region prediction because the target structures in
this dataset are biased, it is still suitable for analyzing other properties of the

prediction, like the above described reduction and lengths of the predicted regions.

Table 7.5 displays the success rate of the prediction for the structure dataset. As
expected the success rate for this dataset is much higher because every binding

site is accessible and the RNAs are much shorter. The tar-tar*, OxyS-FhlA and

116



RepZ-IncRNAs, interactions do not have 5 open pairs in their initial binding
spot which is why the prediction fails for these interactions for any x —x — 5 seed
configurations. In addition the prediction fails for the tar-tar’ interaction when
using a seed configuration that requires 10 pairs, this is because the tar and tar’

RNAs are only 16 nucleotides long and there is no seed position for which 10

pairs can occur.

The success rate for the structure dataset is much better than for the interaction
datasets, which can be expected as the RNAs in this dataset are shorter and their
structures are properly accessible for binding. The success rate ranges from 13.7%
up to 51.79%, although the highest success rate includes three interactions for
which the prediction failed. The highest success rate with no failures is 29.38%

for the 10-4-4 seed configuration.

Recommended Flexible Seed Configuration Choosing a suitable seed con-
figuration is important for predicting the best possible set of potential binding
regions and based on these the best joint binding structures. What is best is not
easily defined as it depends on the motivation and goals of the researcher study-
ing a particular interaction. By choosing a very restrictive seed configuration the
method will produce a smaller set of optimal and near-optimal binding struc-
tures, while a less restrictive configuration will yield a more extensive range of
binding structures that could for example reveal an alternative binding structure

that might be relevant in some cases.

This being said, there can be made some general recommendations for choosing
good seed configurations. First of all, the overall best results were achieved for
configurations that required an initial open stem of length 4; if this appears to
be too restrictive it can be reduced to an required open stem of length 3. Smaller
values will most likely predict too many inadequate binding regions. Longer
values should only be used if there exists a known or assumed interaction of

proper length, otherwise the prediction is likely to miss potential binding regions.
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Number of Regions
Seed Min ‘ Max ‘ Avg. || Success Rate ‘ Failures
10-4-1 5 634 | 230.62 14.13% 0
10-4-2 2 486 | 139.5 14.12% 0
10-4-3 1 223 | 53.62 18.87% 0
10-4-4 1 75 20.5 29.38% 0
10-5-1 5 655 | 208.38 13.7% 0
10-5-2 2 454 | 123.25 14.23% 0
10-5-3 1 221 | 535 17.69% 0
10-5-4 1 76 | 18.25 26.39% 0
10-5-5 0 35 8.38 42.19% 3
15-6-1 9 512 | 172.12 18.39% 0
15-6-2 2 431 | 119.75 15.97% 0
15-6-3 1 194 | 48.12 22.14% 0
15-6-4 1 72 | 16.88 28.91% 0
15-6-5 0 34 7.75 51.79% 3
15-7-1 7 | 496 | 160.5 17.34% 0
15-7-2 2 390 | 105.62 15% 0
15-7-3 1 191 | 46.75 20.11% 0
15-7-4 1 71 17.5 26.47% 0
15-7-5 0 34 6.88 45.83% 3
20-8-1 4 371 | 145.38 26.12% 0
20-8-2 3 337 | 100.12 23.5% 0
20-8-3 1 198 | 48.75 25.78% 0
20-8-4 1 65 | 17.75 27.94% 0
20-8-5 0 34 8.5 40.62% 3
20-10-1 0 302 | 98.38 20.03% 1
20-10-2 0 267 | 725 18.06% 1
20-10-3 0 160 | 37.75 20.95% 1
20-10-4 | O 61 | 15.25 30.83% 1
20-10-5 0 34 6.62 43.75% 3

Table 7.5: Prediction success rate for the structure dataset. The first column
specifies the seed configuration. The second column displays the percentage of
correctly predicted binding regions. The third columns displays for which inter-
actions the prediction failed.
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The required pairs should be chosen depending on the length of the seed, as they
should reflect the characteristics of actual binding sites. Therefore a pair per
length ratio above 40% is recommended. High values of 80% to 100% can be
chosen for RNAs for which existing information about the interaction justifies

such values.

The recommended values for the length depend on the overall desired restrictive-
ness of the seed; for very restrictive seeds for which the required open pairs are
almost or as high as the required pairs, the length does not need to be much

higher than the required pairs.

In general it can be said that the configuration of the seed depends on whether
any information on the characteristics of the interaction exists. If there is no
information then a moderately restrictive seed configuration of length 10 — 15,
requiring 5 — 8 pairs and 3 — 4 open pairs is recommended. If it is likely that
the interaction is initiated between two kissing hairpins, then shorter and more
restrictive configurations are appropriate, e.g. a seed with length 6 — 8, 4 — 6
pairs from which 3 — 4 need to be open. On the other hand, if the interaction
is assumed to be in a long unpaired region, then a longer seed with about 50%

pairs per length and an accessible stem of length 3 — 4 is a good starting point.

7.2 Predicted Binding Structures

In the following the results for the interactions in the structure dataset will be
examined. For each interaction a selection of the most interesting predicted
structures will be presented and discussed. Structures, that are marked with

7 in the figures, are only enumerated, but are not cluster centers for any

an
meaningful clustering, that has a cluster radius larger than 1. This is because

these structures have one or more direct neighbours with lower free energy.

All interactions, except MicA - OmpA and MicF - OmpF, only require a very

small environment for the enumeration to reach the reported binding structure.
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This allows to speed up the enumeration process for these interactions because
a smaller environment enumerates less structures and is therefore faster. For the
other two interactions a larger environment is needed and it will be described
why this can be a problem in case of the MicA - OmpA interaction. The seeds
for the prediction were chosen to model the known binding sites to accelerate the

enumeration and produce the results for this work in time.
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tar - tar* Figure 7.3 displays a selection of three different predicted binding

structures for this interaction. The lowest free energy predicted structure A is

very similar to the reported binding structure B. The difference between these two

structures is that there are two additional pairs in the lowest free energy structure,

that would lower the free energy but that are not part of the reported binding

structure because of the kinetics of the actual biological folding. Structure C is

a possible extended duplex, which could form if the RNAs unfolded completely.

A) 5= (CCCCLIIrrn)))) =37

37=((C((111111)))))-=5"
-24.06 kcal/mol

B) 5/—(((((CLLL[[.)))))=3"
37=((((.11111..))))-5"
-20.51 kcal/mol

C) 5/—..[[.[[C[[LII[..-3"
3'-11...111111..111-5"
-15.85 kcal/mol

tar

tar*

tar

tar*

tar

tar*

Figure 7.3: Selection of predicted joint structures for tar - tar*. A) lowest free
energy binding structure. B) reported binding structure C) possible extended

duplex structure.
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R1linv - R2inv Figure 7.4 displays a selection of three different predicted bind-
ing structures for this interaction. The lowest free energy structure A is an ex-
tended duplex, while the actual reported binding structure B has a slightly higher
free energy. An indication for why the extended duplex might not form, although
it has the lowest free energy, is given by Structure C. This structure is an in-
termediate structure on the folding pathway from the reported structure to the
extended duplex, and its higher free energy leads to the conclusion that there ex-
ists an energy barrier that is too high to transform the reported binding structure

into the extended duplex.

A) 5/ - T[L.TOC0C0eeeee.ore.=3"  Rlinv

3’-111.11111111111.111-=-5" R2inv
-31.28 kcal/mol

B) S5/-((CCC(CLILIIID))))))=3" Rlinv

37=( (111111 )))))) =57 R2inv
-30.19 cal/mol

C) S5'-(CCCCrrrerreeerny))) =3 Rlinv

37=((((11111111111)))) =57 R2inv
-27.12 cal/mol

Figure 7.4: Selection of predicted joint structures for Rlinv - R2inv. A) lowest
free energy binding structure. B) reported binding structure. C) intermediate
structure between A) and B).
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DIS - DIS For this interaction there exists a hypothetical extended duplex
that could form if both RNAs unfold completely. Here, not only this extended
duplex, Structure B, but also an alternative extended duplex, Structure A, with a
slightly lower free energy was predicted. In addition the actual reported binding
structure was predicted as well. These three structures are displayed in Figure

7.5.

A) 5/—[C[[C[.[C0C00C. Q000000000 000.[0[[-3" DIS
3/-1111.111..1111.211110..1111111.1111-5" DIs
-44.00 kcal/mol

B) S/-[C[[.LLCCOCC..CLOCCD.CLOCLI0...0[[[-3" DIS
37-1111...1111111.111110..1110111.1111-5" DIs
-43.34 kcal/mol

C) 5/ = (. (CCCCCCoIIIIra)))))))-.2))))=3" DIS
37 = ((((eve (CCCCCCCLTT11002900)))) ))))=5" DIs

-37.32 kcal/mol

Figure 7.5: Selection of predicted joint structures for DIS - DIS. A) extended
duplex as lowest free energy binding structure. B) reported extended duplex. C)
reported binding structure.

RepZ - IncRNA;, For this interaction two main structures are predicted as
representative joint structures while the reported binding structure is only enu-
merated. These structures are shown in Figure 7.6. Structures A and B in the
figure are the most prominent locally optimal joint structure. The reported bind-
ing structure though, has a significantly higher free energy, which is described in
Section 5.2.2. It is therefore not predicted as suitable binding structure, but is

still enumerated by the method as possible joint structure.
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MicA - OmpA This interaction is arguably the most complex interaction and
therefore the most problematic for the enumeration. The reason is that a long
stem in the structure of the regulatory RNA completely unfolds, although the
duplex does not extend far into this stem. After the stem has been completely
opened, a different stem refolds further away from the duplex. This requires a
large environment in order to allow the enumeration to include all unpaired bases

to generate the necessary operations to construct the new stem.

Figure 7.7 displays a selection of predicted binding structures, which illustrate the
problem. Structure A is the lowest free energy binding structure and Structure
B shows the slightly extended duplex, which is reported to lead to the unfolding
of the stem next to it. However, as the free energy of Structure C shows, this
behaviour is energetically not favourable, especially since the newly folded stem

in Structure D does not significantly lower the free energy again.

This leads to the conclusion that either the reported binding structure is not
the actual binding structure or there are other reasons for the refolding of the
structure, besides its free energy. A possible reason could be the dependency of
the interaction on the Hfq protein [63], which might cause the described folding

behaviour.
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MicF - OmpF For this interaction the reported binding structure was cor-
rectly predicted as the best binding structure. The method also predicted two
other stable binding structures, which are on the folding pathway to the reported
binding structure. These structures are displayed in Figure 7.8. An important
aspect of this interaction is, that it does not originate from two kissing loops but
forms in a longer unpaired region. The extending duplex then causes a complex

stem to unfold in the regulatory RNA, as well as a small simple stem in the target

RNA.

OxyS - FhlA This interaction contains two binding sites, which are predicted
individually. Figure 7.9 shows a selection of predicted binding structures for the
first binding site and Figure 7.10 shows a selection for the second binding site.

For both binding sites the binding is initiated between two kissing hairpins.

The predicted binding structures for the first binding sites, displayed in Figure
7.9, show that the reported binding structure is in fact not the lowest free energy
joint structure. This Structure A only a small part of the loops in which the
initial binding takes place. Structures B and C also have a lower free energy
than the reported binding structure. This could mean that the reported binding
structure is not the actual binding structure because there is no obvious reason
why Structure D should form and not Structure A or B which are both similar

and more stable.

For the second binding site there exists a predicted binding structure with a
lower free energy than for the reported binding structure as well, as can be seen
in Figure 7.10. Here Structure A has a lower free energy then Structure B, which
is the reported binding structure. This leads again to the assumption, that the
reported binding structure is not the actual binding structure for the OzyS - FhiA

interaction.

127



"9IM0NI)s Surpulq pelrodar () oInjoniys
Surpuiq renyuejod puooes (g -eanjoniys surpuiq [ewrydo A[esof 181y (y jfdui() - 21y 10§ saInjonays quiol pajorpaid Jo uoryos[eg :g°), 9InsI

Tour/Ted¥ 8% 8L-
gdwo  ,G--cc ottt ceee-coeceece-cooeccoocceemm e OO O G G O O G O G O O O O O G )Ny )))))))))) T -—uE
AOTH =TT CCCCCOCCCCm))))))))) ) mrr s s e e ITI1-11101 00 - 111111111°111-.5 (O

Tour/Ted¥ 88" LL-
gdwo  ,G--cc ottt ceee-coeceece-ocooeccococceemre e OO O G G O O G O G O O O O O G )Ny )))))))))) T -—uE
AOTH =TT CCCCCCCCCC ) ) ) ) ) ) ) s e s (CCrm))) 11T 1110110 111111111 °111-.6 (g

Tour/Ted¥ 89 ¢€L-
qdwo  ,G--cc (e )))y e ceeecceeceemree OO O G G O O G O G O O O O O G )Ny )))))))))) T e— g
AOTH =TT CCCCCCCCCC ) ) )y mmr s (e )y ))) )y s 111111111 °111-.5 (V¥

128



"9IMONI)S Surpulq pejrodar ((I "seanjoniys surpulq s[qe)s A[[eso] aatyeutale () 2y (g AS1ous
991 1SOMO] 9] TIM aIngonays pajorpald (Y vpy - §fir) Jo 931s Surpulq JsIy oY) I0j soanjoniys jurtol pajorpeid Jo uorydopg :6°) 08I

Tou/Tedy TZ ZL-
YIUd ,G-" "t CCCCCCOCOeeeeeCe ) CCCC=m))))=m)))))))))) e CCCCCCCC CeCCC = LILOILLeD I =) )) =" =u¢
SAx0 -0 ))))))) e (N R B N O O N O A N B N I )) ) ) -.s (@

Tou/Ted¥ 18 ZL-
YIUd ,G-" "t CCCCCCOCCeeeeCe ) ) CCCC=m))))=)))))))))) e CCCCCCCC CeCCC = DILLILLeD I =) )) == =.¢
SAx0 -0 ))))))) e (N R )))) e ITIII1I1) - eeee e 1)) ) -5 (O

Tou/Ted¥ 82 9L-
YIUd ,G-" "t CCCCCCOCeeEeeeCe ) CCCC=m))))=)))))))))) e CCCCCCCC COCCCCC LoD IIIIIY) =" =€
SAX0 o= (((((((r e J))))) )t (((( == 1)) (e 1111110 s s 3)))))))))) =S Am

Tou/Ted¥ LE 9L-
YIud ,G-" "t CCCCCCOCeeeeeeCe ) CCCC=m))))=m)))))))))) - CCCCCCCC CeeeeCC-TOoermIIMIIIIIIIIIY) =" =€
SAx0 -0 ))))))) e (N R )))) e e (11110 )) ) - (VW

129



YTud
SAxO

YTud
SAxO

LOCCCLD)Y ==
.......................... o
LOOOCCt )))))
........................... 0

......... CCCCCCCC Ceeeeeeee e

)))) s CCCeeeeeeCe 00 ((

"aImyonIys surpulq pajiodar (g
"9INJoNIYs SUIpulq A3I0ue 991 1semo[ (y DJY] - §AT() Jo 931s SUIpuUI PuOdds dY) I0J SaInjoNnIs Jutol pajorperd Jo UOIR[g :()]"L 2INII]

Tow/Tedy TL 8L-

))))))))) )Y e
...... )) ) ) )) ) ))))))-.S
Tow/Tedy TT°6L-
))))))))))))))))) e
....... )))))))) ) ))))-.s

(g

(v

130



CopA - CopT This interaction contains two binding sites. Both originate from
kissing hairpins and continue to significantly extend the initial duplex in the bind-
ing process. This is possible because the two sequences are perfectly complemen-
tary. Figure 7.11 shows the predicted binding structures for the first binding site.
Structures A, B and C are locally optimal predicted binding structures on the
folding pathway to the reported binding structure E. The reported binding struc-
ture is only enumerated but not predicted as potential binding structure because
Structure D is a direct neighbour with a lower free energy. This structure contains
an additional duplex pair, which is not included in the actual binding structure
because these bases are required to be unpaired for the structure complex to be

able to fold properly in space.

A selection of predicted binding structures for the second binding site of CopA
- CopT, is shown in Figure 7.12. Structures A to D are all alternative binding
structures, that are locally optimal and are part of the folding pathway to the
actual binding structure E. As described in section 5.2.2; the extending duplex
eventually needs to unfold in its middle, so that the duplex structure fits into the
joint structure. This makes Structure E energetically unfavourable, which is why

it is only enumerated but not predicted as representative binding structure.

7.3 Discussion

The results show that the method is able to adequately model the folding be-
haviour of joint structures for two interacting RNAs. The enumeration performs
especially well, if a small environment is adequate. Generally, this is the case for
interactions that are initiated between two kissing hairpins. For these interac-
tions the method effectively models the folding behaviour of interacting RNAs, by
iteratively opening their individual structures and extending the duplex structure

between the two RNAs.

Interactions that require a larger environment, e.g. if they are initiated in longer
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unpaired regions, pose a bigger challenge because a much larger number of po-
tential binding structures needs to be enumerated. This can significantly slow

down the computation and, in extreme cases, exceed the available main memory.

In this case, an incremental enumeration strategy allows the method to extend the
enumeration by restarting it, when a maximum number of enumerated solutions
is exceeded. The method is then restarted with the current cluster centers as
initial solutions. This works well if the clustering can be improved before the
maximum number of solutions is exceeded again. Otherwise the enumeration is
restarted with the same cluster centers as initial solutions again and continues to
cycle. In this case, either the cluster radius or the maximum number of solutions

needs to be adjusted to escape this cycling behaviour.

An important advantage of the method is that its runtime and required memory
does not directly depend on the length of the RNAs, for which the joint structures
are predicted. This is achieved by representing newly enumerated solutions as
sequence of modifying operations on the RNAs. For the already enumerated
structures only the modified region of the joint structure is stored. In addition,
structural changes in a joint structure are limited to the local environment of its
duplex structure. Unfortunately, it was not possible to evaluate this for this work,
because the structure dataset did only contain sequences up to 115 nucleotides

long.

On the other hand, a definite weakness of the enumeration method is that it can
not model two binding sites in one joint structure. The reason is that a joint
structure is designed to contain only one duplex structure. For interactions with
multiple binding sites, the corresponding binding structures need to be predicted
individually and can then be combined if the two structures fit each other. An
example is shown in Figure 7.13 for the OzyS - FhlA interaction. The two lowest
free energy binding structures A and B, predicted for each binding site individu-
ally, can be combined into the joint structure C, which then contains both binding

sites.
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7.4 Improvements of Method

While this method could be used in its current state by researchers to study a
pair of interacting RNAs, there are several improvements, that would improve its

performance, usability and practicality for real-world applications.

The performance of the method could be improved significantly with appropriate
parallelization. First of all, if the initial solutions are divided into parts to be
processed individually, then these parts can be processed in parallel. Then either
the clustering needs to be synchronized, so that the enumerated solutions from all
parts of the initial solutions are added to the same clustering structure, or every
part needs its own clustering, which are then combined after all initial solutions
have been processed. In addition, the generation of new solutions from an existing
solution could be done in parallel as well. This would require the data structures
storing the already visited solutions, and the newly enumerated solutions as well

as the clustering to be synchronized.

Another way of improving the performance is to improve the folding model, to
further restrict the enumeration process from enumerating irrelevant structures,
that do not lead to any potential binding structures. This could be achieved by
doing further research on what kind of operations should be used to generate new

solutions.

As previously described, the method can currently only model a single binding
site in the enumeration. This means, that for interactions with more than one
binding site two predicted binding structures with independent binding sites need
to be combined manually. This could be solved by either allowing multiple duplex
structures in a joint structure or by computing all possible combined binding

structures for distinct predicted binding sites.

The usability and practicality of the method could be improved by an enhanced
presentation of its final and intermediate results, for example, by graphically

visualizing the clustering. Also, considering that each enumerated solution is
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represented as a sequence of operations, the method essentially provides folding
pathways for every enumerated solution. This information can currently only be
accessed by manually reviewing the clusterings for each iteration of the enumer-
ation. This leaves an immense potential for an extension of the method to make
this information available by displaying the folding pathways for all prominent

predicted binding structures.
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Chapter 8

Conclusion

In this thesis a method has been presented to predict joint structures for two
RNASs using their existing mfe structures. This thesis extends a preceding project,
in which a simplified version of the joint structure prediction problem was solved,
by only predicting the binding structure of the regulatory RNA and not the entire

joint structure.

In the course of this work a set of verified binding sites have been studied for im-
portant characteristics of such binding sites. The relevant characteristics of these
binding sites were typical length, minimum pairs per length ratio and necessary
length of the accessible binding stem to initiate the first duplex structure. These
insights were used in the development of a seed-based approach for predicting
binding sites. In this approach a seed, which is defined by its length, a number of
pairs and the required number of consecutive accessible pairs, is used to find any
region between two RNAs, that match the requirements of this seed. Therefore,
appropriate values for these seeds should be chosen according to the determined
characteristic of the binding sites. The binding site prediction was tested on a
dataset of 8 known interactions and achieved a success rate of up to about 29%
for the best seed configuration without any failures. More restrictive seed config-
urations were able to reach a success rate of almost 52% but also failed to predict

a correct binding site for 3 out of the 8 interactions.
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Furthermore, a simple model for the folding of RNA joint structures was devel-
oped, based on the analysis of verified joint structures and their folding path-
ways for 8 extensively studied pairs of interacting RNAs. Using this model, an
enumeration-based method for exploring the joint structure folding landscape was
developed, that is able to successfully predict joint structures. To make it possible
to enumerate these joint structures, it was necessary to significantly restrict the
enumeration space. The main constraint on the enumeration is, that only local
changes in the environment of the existing duplex structure are allowed for gen-
erating new solutions. This makes the number of enumerated solutions depend
only on the existing duplex structure and the size of the environment, in which
the joint structure can be modified, but not on the lengths of the two interacting
RNAs. In addition the maximum local energy barriers were calculated from the
studied folding pathways. These local energy barriers are used to avoid enumer-
ating structures that are too hard to reach because of their local energy barrier.
Therefore, if the energy of a newly enumerated structure increases by over +7
kcal/mol, it is considered unreachable and will not be considered for the further

enumeration.

On top of this enumeration method, an incremental clustering method was de-
veloped. This clustering method is able to process all new solutions as they are
being enumerated and provides a condensed set of cluster centers, which serve
as representative joint structures. This allows reviewing the enumeration process

without having to check all of the enumerated solutions.

Despite the restricted enumeration space, the number of enumerated solutions can
still get too high in special cases. This results in unreasonably slow processing
time or can even exceed the available main memory. Therefore, an incremental
enumeration strategy was developed, in which the enumeration is restarted, if
the number of enumerated solutions exceeds a maximum number of solutions.
In that case the current cluster centers serve as new initial solutions for the

restarted enumeration. This strategy is able to avoid the problems of generating
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an extremely high number of solutions. However, it can get trapped in a cycle
if the clustering was not improved before the maximum number of solutions was

exceeded again.

It has been shown that this method is able to find the reported binding structures
for all 8 evaluated interactions. In addition, it was able to predict alternative joint
structures with a lower free energy for all of these interactions. Most notably, the
predicted lowest free energy structures for the MicA - OmpA and the OxyS - FhiA
interactions appear to be more likely as joint structures than the actual reported
joint structures. The method performs especially well for interactions, which
are initiated between two kissing hairpins. For these interactions the method
effectively models the folding behaviour of interacting RNAs by continuously
opening their individual structures and extending their duplex structure until it
can not be extended anymore or the necessary structural changes are energetically

too unfavourable.
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