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Abstract

While the “true” number of non-coding ribonucleic acids (ncRNA) in the human genome is still
heavily debated, their biological role, which ranges from control of transcription and translation
to splicing and epigenetic silencing, is undisputed. Due to their diverse regulatory function,
which can be found in all domains of life, abnormal levels of ncRNAs have been linked to the
development of cancer, Alzheimer and many other diseases. With the advances in sequencing
technology and the ever growing amount of sequence data, in silico methods for the reliable iden-
tification of ncRNAs are a crucial prerequisite to find new ncRNA candidates and to decipher
their role in the development of diseases; however the relatively high false positive rate (FPR)
remains until today a big challenge in the prediction of ncRNAs. Therefore, the aim of this mas-
ter’s thesis is to improve and update SISSIz, an already established software for the prediction
of ncRNAs and simulation of alignments: One of the main objectives was to facilitate the use
of experimental probing data and to update new energy parameters by incorporating the latest
version of the ViennaRNA package. As a result, it could be shown that experimental SHAPE
(Selective 2’-hydroxyl acylation analyzed by primer extension) data possess great potential to
aid the search for ncRNAs, most of all with the advent of high throughput probing methods.
Additionally, the SCI (Structural Conservation Index), which is used by the competitor ncRNA
gene finder RNAz, appeared as a promising extension to SISSIz as indicated in the benchmark
tests. Furthermore, a large part of the work focused on sequence and alignment simulation. In
this context, SISSIz could also be improved by adding new functions that allow simulations to
be parallelized and reproduced. Last but not least, SISSIz was applied in two genomic screens
on the Drosophila X chromosome and the HIV (Human Immunodeficiency Virus). In the later
case SHAPE data was available which could be demonstrated to improve the prediction of ncR-
NAs. The C source code of the new SISSIz version will be available under the free GNU General

public license alike the current version of the program.



Zusammenfassung

Wiéhrend die ”wahre” Anzahl nicht kodierender Ribonukleinsédure (Englisch: ncRNA) im men-
schlichen Genom noch immer stark umstritten ist, ist ihre biologische Rolle, die von Trankskriptions-
und Translationskontrolle zu Splicing und epigenetischem Silencing reicht, unumstritten. Als
Folge ihrer vielfalltigen regulatorischen Funktionen, die in allen Domainen des Lebens anzutr-
effen sind, stehen verdnderte ncRNA Level im Zusammenhang mit der Enstehung von Krebs,
Alzheimer und vielen anderen Krankheiten. Mit den Fortschritten in der Sequenzierungstech-
nologie und der stetig wachsenden Anzahl an Sequenzierungsdaten, sind in silico Methoden fiir
die verlassliche Identifizierung von ncRNA eine entscheidende Voraussetzung, um neue ncRNA
Kandidaten zu finden und ihre Rolle in der Enstehung von Krankheiten zu entschliisseln. Allerd-
ings stellt die relativ hohe Falsch Positiv Rate (FPR) bis heute eine grofie Herausfordung in
der Vorhersage von ncRNA dar. Deshalb ist das Ziel dieser Masterarbeit SISSIz, ein bere-
its etabliertes Programm zur Vorhersage von ncRNA und zur Simulation von Alignments, zu
verbessern und auf den neuesten Stand zu bringen: Eines der Hauptziele war es, die Verwendung
von experimentellen Daten und neuer Engegieparameter durch die Integration der neusten Ver-
sion des ViennaRNA packages zu ermoglichen. So konnte gezeigt werden, dass experimentelle
SHAPE (Englisch: Selective 2’-hydroxyl acylation analyzed by primer extension) Daten ein
grofles Potential besitzen, die Suche nach ncRNA zu unterstiitzen. Dies ist vor allem dem
Aufkommen von probing Methoden mit hohen Durchsatz zu verdanken ist. Zusétzlich erscheint
die Erweiterung SISSIzs mit dem SCI (Englisch: Structural Conservation Index), der vom
konkurrierenden ncRNA gene finder RNAz verwenden wird, in den Benchmark Tests als vielver-
sprechend. Des Weiteren war ein grofler Teil dieser Arbeit der Sequenz und Alignment Simula-
tion zugeschrieben. In diesem Zusammenhang konnte SISSIz ebenfalls durch neue Funktionen,
die die Parallelisierung und Reproduktion von Simulationen erlauben, verbessert werden. Zu
guter Letzt, wurde SISSIz an zwei genomischen Untersuchungen am Drosophila X Chromosome
and am HIV (Englisch: Human Immunodeficiency Virus) angewendet. Im letzeren Fall waren
SHAPE Daten verfiighar, die die Vorhersage von ncRNA verbessern konnten. Der Quelltext der
neuen SISSIz Version wird, genauso wie die derzeitige Version des Programms, unter der freien

GNU General public license verfiigbar sein.
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Chapter 1

Introduction

1.1 Goal and Structure

The aim of this master’s thesis is to update and improve the program SISSIz (Gesell and
Washietl| (2008), Smith et al. (2013))) by adding new functions to its simulation module and by
incorporating the newest version of the Vienna RNA package (Lorenz et all |2011)) in order to
facilitate the use of experimental probing data. The improvements are anticipated to reduce the
False Positive Rate which constitutes until today a big challenge in the prediction of ncRNAs.
Eventually, the updated version of SISSIz is evaluated in two genomic screens, one of which
is aided by experimental data. To this end, the thesis is partitioned into the main chapters
of Simulation , RNA gene finding and Application: Screening for non-coding
RNAs . The last chapter provides an outlook on the topic.

1.2 SISSIz

To start with, an introduction to SISSIz will be given. The program is based on two components:
the simulation module and the thermodynamic module. While the simulation module consti-
tutes a special case of the SISSI (Simulating Site-Specific Interactions, |Gesell and von Haeseler
(2006)) framework, the thermodynamic module is represented by RNAalifold (Hofacker et al.
(2002), Bernhart et al.| (2008))). Both modules, which will be explained more thoroughly in the
following chapters, combined turn SISSIz into a tool for the detection of functional ncRNAs
(non coding ribonucleic acids) in alignments. The underlying hypothesis for the prediction is
made by defining structural conservation of the consensus secondary structure on the level of
Minimum Free Folding Energy (MFE) as the hallmark of functional ncRNAs. Therefore, a z-
score is calculated based on the MFE of a given input alignment and simulated null alignments

in which the sequences evolved independently from structural constraints. To this end, the rel-
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evance of randomized sequences and alignments arises and is dedicated the entire chapter[2 A

background on the thermodynamic module of SISSIz will be given in chapter

1.3 nRNAs

1.3.1 Definition

But what are actually ncRNAs? The most general answer is that ncRNAs are defined as
RNAs that are not translated into proteins but still have a function. The central dogma of
molecular biology dictates the DNA is first transcribed to mRNA (messenger RNA) which is
then (usually) translated to a chain of aminoacids referred to as proteins (Crick, 1958). The
chains of aminoacids (proteins) fold into (mostly) well defined three dimensional structures that
account for their function. However, if the translation process is absent, it is still possible for
these (nc)RNA to serve a function. As a result, the genomic region, harboring a ncRNA, is often
referred to as RNA gene, since the most general definition of a gene is given as a functional DNA
element. In analogy to proteins, the structure of the RNA is greatly responsible for its function

too.

1.3.2 RNA structure

RNAs are polymers of nucleotides with the four bases Adenine, Guanine, Cytosine and Uracil.
While Adenine and Uracil can form base pairs via two hydrogen bonds, Guanine and Cytosine
base pairing is established via three hydrogen bonds. Additionally, so called Wobble base pairing
is possible between Guanine and Uracil. Via these base pairing interactions it is possible for
RNA to fold into a defined structure. In this context the secondary structure is often used
as it enables the representation of the intricate three dimensional molecular RNA structures
(tertiary structure) in a two dimensional space. The secondary structure allows the description
of stem loops, interior loops, hairpin loops, multiloops and pseudo knots, from which functional
inferences can be made. [Nussinov et al.| (1978) was among the first to develop an algorithm for
the prediction of RNA secondary structures by calculating the maximum number of matching
base pairs. |Zuker and Sankoft (1984) extended this approach to find the best secondary structure
by energy minimization. While the first algorithms were based on finding the optimum secondary
structure for a single sequences more recent programs use alignment based approaches to predict
a consensus structure and MFE, respectively. For example: RNAalifold, which is also used by
SISSIz for the calculation of the MFE. This topic will be discribed in more detail in chapter
313
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1.3.3 ncRNA types

The probably best known and most abundant ncRNAs by mass and number comprise ribosomal
RNAs (rRNA) and transfer RNAs (tRNAs). In the ribosome rRNA catalyzes the peptidyl trans-
fer reaction adding a new aminoacid to the growing polypetid chain. Thus, RNA can catalyze
reactions like an enzyme which is why catalytically active rRNAs are also called (ribozymes).
But also the class of snRNAs (small nuclear RNAs) are at the active site in splicosomes which
are crucial for the maturation of pre-mRNA (precursor messenger RNA). The discovery of these
and other catalytically active RNAs has supported the hypothesis of the RNA world (Gilbert),
1986|) according to which to first forms of life utilized RNA to store information and to enable
biochemical reactions. The typical cloverleaf secondary structure of the tRNA, on the other
hand, is required for the correct interpretation of the genetic code. However, many more classes
of ncRNA exist: For example miRNA (microRNA) (Bartel, 2004), siRNA (small interfering
RNA) (Agrawal et al., [2003) snoRNA (small nucleolar RNA) (Tollervey and Kiss| [1997) and
IncRNAs (long non-coding RNAs) (Rinn and Chang, [2012)). Both miRNA and siRNA form
hairpin structures in their primary transcripts which are processed to approximately 20 nt long
single stranded RNAs that are complementary to specific mRNAs. Therefore, they can regu-
late gene expression by binding to mRNAs, which can either lead to translational inhibition
or degradation of the mRNA. snoRNA are involved in the modification of rRNAs and tRNAs
(pseudouridylation) and methylation. The role of IncRNAs is with few exceptions still largely
illusive. For example, the XIST long non coding RNA is necessary to inactivate one of the two X
chromosomes during the female development as a measure of dosage compensation. Managadze
et al. (2011) could find a weak correlation between the level expression and the conservation in
lincRNA (long intergenic non coding RNA) which raised the question to what extent ncRNAs
are functional. Given their broad biological role it is not surprising that ncRNAs are involved

in the development of many diseases, like cancer, Alzheimer’s disease (Esteller] 2011]).

1.3.4 Abundance

As a result, there is still a great debate on how much of the genome, especially the human
genome, is functional and how much is simply ”junk” (Palazzo and Lee, 2015)). In the sense
of ncRNA prediction the fundamental question on which the community appears to be divided
regards the definition of functional ncRNAs. According to the ENCODE (Encyclopedia of
DNA Elements) project consortium (Dunham et al., 2012) about 62% of the human genome
is covered by various RNA types and 80.4% of the genome is considered functional. Mattick

and Dinger| (2013)) argues that level of transcription is a better indicator for functional ncRNAs
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than sequence conservation, thus supporting the findings of the ENCODE project. [Smith et al.
(2013) predicted over 4 million evolutionary conserved RNA structures in alignments of 35
mammals using structural conservation as measure to identify novel ncRNAs. This approach
has been criticized by Eddy| (2014) for the high FDR (False Discovery Rate). On the other
hand, Eddy]| (2012) opposes the conclusion drawn by the ENCODE project even more strongly
and argues that the C-value paradox and mutational load contradict the hypothesis that most of
the human genome is functional. The fact that the complexity of organisms does not correlate
with genome size (C-Value paradox) is seen as an indicator that most of the genome has no
function. Additionally, the number of mutations is deemed deleterious if indeed such a great
proportion of the genome was functional. |Graur et al.| (2013)) is especially criticizing ENCODE’s
low specificity and literally calls it a hype for mass media. The argument about the true number
of ncRNAs will likely continue for a long time until a consensus on the question of functionality

is reached.

1.3.5 Prediction

Now that the biological relevance has been illustrated, the most commonly used programs for

the prediction of ncRNA are listed in the following:

e Alifoldz (Washietl and Hofacker] 2004)) uses, similar to SISSIz, a z-score as a predictor
for ncRNAs in alignments but with a different background model which does not maintain
the di-nucleotide content. Chapter [2| will discuss the relevance of the background models

in more detail.

e RNAz (Gruber et al.| (2010]), Washietl et al.| (2005)) is an alignment based SVM (Support
Vector Machine) that identifies ncRNAs based on a structural conservation index (SCI),
a base-composition derived z-score and the Shannon entropy of the alignment. In chapter

a more thorough introduction to RNAz will be given.

e Evofold (Pedersen et al., |2006]) uses an alignment and a phylogentic tree as an input. In
contrast to SISSIz it is based on two SCFG instead of a thermodynamic model. It can be
used for both, the prediction of secondary structure and the predictions of ncRNAs where

the fps (folding potential score) serves as a predictor for ncRNAs.

e CMfinder (Yao et al., [2006) uses a Bayesian network to combine a covariance and a ther-

modynamic model which can be used for the identification of conserved RNA motifs.
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Chapter 2

Simulation

2.1 Introduction

In every lab experiment it is crucial to conduct negative controls to check the validity of the
results. The same applies in bioinformatic screens in order to estimate the ”trustworthiness” of
a prediction. To be more precise negative controls are needed to determine the False Positive
Rate (FPR) or Type 1 error , which is the probability of incorrectly rejecting Hy (the null
hypothesis) even though Hj is true. In the context of ncRNA gene finding it is necessary to
estimate whether the properties of the input sequence/alignment differs from a randomized
control (null distribution). Chapter will describe the FPR in context of the Receiver
Operating Characteristic (ROC) curve more precisely. For now, the chapter focuses on the
generation of such negative control datasets for single sequences and alignments which should
ideally posses the same properties but not the signal in question. At first glance it may seem
trivial to create these datasets by simple permutation, but in the end the complexity of the

problem becomes substantial if the following sequence statistics are to be maintained:

e The mono-nucleotide content as the relative frequency of every nucleotide in a sequence

or alignment.

e The di-nucleotide content is especially important in RNA secondary prediction since
neighboring bases contribute stacking energies when paired (Crothers and Zimm)| (1964),
Workman and Krogh! (1999) and Washietl and Hofacker| (2004)). Since the order of base
pairs influences the to MFE (Minimum Free Energy) it is necessary to retain the di-
nucleotide frequencies in the simulated datasets for thermodynamic approaches. It could
be shown by |Gesell and Washietl (2008]) that simulating alignments with di-nucleotide
control lowered the FPR in their thermodynamic based ncRNA gene-finder. Let z; be

the site in a sequence x with length [ at k = (1,...,[). Then the di-nucleotide content is
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defined as the relative frequency of every doublet {zx, zx11} with k € {1,]—1} (overlapping
counts). In the case of alignments the relative doublet frequencies are counted with respect
to every sequence in the alignment. Note that this is the general definition of the di-
nucleotide content. In SISSIz (Gesell and Washietl, 2008) only doublets (di-nucleotides)

without gaps are counted.

e The tri-nucleotide content is defined as the relative frequency of every triplet {xx, Tx+1, Tx12}
with k& € {1,{—2} (in general this can be extended to any k-mer size). It becomes relevant
when the codon usage must be preserved as not to destroy the codon bias which can vary
quiet significantly from organism to organism (Hershberg and Petrov, [2008]). Thus it could

be potentially useful to search for ncRNAs in coding regions.

e In an alignment A the Mean Pairwise Identity (MPI) is described as in Equation

1
z,yeA
TH#Y

2
n-(n—1)

(2.1)
with n sequences, length [ and h(z,y) as the Hamming distance between two sequences z
and y € A. The factor ﬁ stems from the Gaussian formula and corresponds to the
number of Hamming sequence comparisons. Thus the MPI ranges from 0 to 1: While a
MPI of 0 would theoretically indicate that all sequences in the alignment do not share a
single base in any alignment column, a MPI of 1 would denote an alignment with 100%

identical sequences.

e The (Local) Conservation pattern which is defined as the frequency of the most abun-
dant nucleotide (=consensus nucleotide) in every column of an alignment divided by the
number of sequences in the alignment. As a result, every column in the alignment is

associated with a certain degree of conservation.

e The GC content: The energy contribution of G=C base pairs is higher than for A=U
base pairs, as the first is formed by three hydrogen bonds and the latter by only two. The
GC content is defined as the relative number of G and C nucleotides in the sequence or

alignment.

As the simulation of sequences and alignments is often not a simple task, sampling from
genomic data seems like a viably option. However, this approach is limited by the lack of "neg-
ative” annotations as it is rather difficult to prove that a genomic region, for example, truly has

no function (Varadarajan et al.,[2008). And even if such annotation existed extracting sequences
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with the same statistics as in the positive control dataset would be difficult. Therefore, simula-
tion appears to be the more favorable option after all. But also in the context of homology search
negative controls are important, as pointed in Paul Gardener’s online article ”On the importance
of controls, even when the tools are computational”[]] The next sections will discuss methods to

create randomized sequences and alignments while maintaining the mentioned statistics.

2.1.1 Single sequence shuffling
Maintaining mono-nucleotide content

When no higher statistics but the mono-nucleotide content are to be preserved, the Fisher-
Yates/Knuth shuffle (Fisher and Yates (1948)) and Knuth| (1969)) offers a simple method for
unbiased sequence permutation: The algorithm can be described as a recursion as follows: Let
x be a sequence of length [. Pick a random number r € {1,/}. Swap z, with z; and recurse on
x;— 1 until [ = 1.
shuffle (x) {

lI=length (x)

r=I+random () %(1+1)

temp=x[1]

x[1]=x[r]

x [ r]=temp

if (1>1)

shuffle (x[1:1-1])

For this and in all the other following methods, it is of course crucial to use a ”good”
random number generator in order to obtain reasonably permuted sequences. This holds true

for all simulation programs and will be discussed more thoroughly in the course of chapter

Maintaining di-nucleotide content

First order Markov chains can be used to simulate sequences with approximately the same
di-nucleotide content (Naturally, Markov chains can also be used to model sequences with the
same mono-nucleotide content). To this end, the transition probabilities ¢, that a nucleotide a
is followed by nucleotide b, are derived from the doublet frequencies of the input sequence. Then
a new sequence z is created from scratch. The likelihood at which a new nucleotide x; is added

depends only on the probability of the current nucleotide z;. This transition probability ¢, s, ,

"http://rnainformation.blogspot.co.at/2017/07/on-importance-of-controls-even-when.html?t=1&
cn=Zmx1eGlibGVicmVjcw==&1id=e4cfedc606b745288b3d1d05bff64a22&uid=27876715324n1d=244+281546760
(14.9.2017)
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can be written as the conditional probability P(z; + 1,z;) = P(z; + 1|x;). By this method a
plethora of unique sequences can be simulated. However, the di-nucleotide content remains only

approximately the same.

Another method to generate sequences with the same di-nucleotide content was presented
by [Kandel et al.| (1996) as the swapping algorithm. In essence, it states that two nucleotides
in a sequence can be exchanged if they are flanked by the same nucleotides. To be more concise:
Pick two random positions 4, j € {1,[}|i # j in a sequence x and swap x; and x; if ;1 = x;_;
and z;41 = xj41. Repeat the process n times. Figure shows a graphical representation
of the process. The algorithm can easily be extended to maintain triplet or generally any k-
let frequency by comparing all z;_,, = z;_p and x;4, = ;4 with h € {1,...,k}. However,
a drawback of the algorithm is that the permuted sequences are uniform only approximately
and that there appears to be no general rule to how many cycles n are necessary to obtain a
sufficient degree of permutation. The algorithm implemented by Workman and Krogh| (1999)

uses n =1-10

ATCGAATTCGGCTAGA

/

ATCGAATTCGGCTAGA ‘ ATAGAATTCGGCTCGA

/

Figure 2.1: Swapping algorithm: The swapping algorithm randomly picks two positions x;
and z; (orange) in a sequence x and swaps them if z;_; = z;_; (blue) and x;41 = ;41 (green).
In the first case the condition that the flanking nucleotides are the same is not true; thus no
position exchange takes place. In the second case the neighboring sequences are identical and
the nucleotides at sites ¢ and j are swapped. As a result, the di-nucleotide content is preserved.

The most elegant solution to the shuffling problem constitutes the Euler algorithm which
constructs all sequences uniformly. Therein, the di-nucleotide content of the input sequence is
represent in a directed multigraph with one vertex per nucleotide. To create a new sequence
with the same di-nucleotide content it is now necessary to find a path (Eulerian walk) through
the multigraph that uses all edges exactly once. While Altschul and Erickson| (1985|) were among
the first to implement an algorithm to find such an Eulerian walk to maintain the doublet and
triplet frequencies, [Jiang et al. (2008]) created a more efficient algorithm that preserves any
given k-let count and implemented it in the program ushuffle. Figure illustrates how the

di-nucleotide content of a sequence can be represented in directed multigraph.
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Figure 2.2: Eulerian Walk: The di-nucleotide counts of the sequence are represented both in a
matrix and a directed multigraph. In order to create a new sequence with the same di-nucleotide
a path (Eulerian walk) through the multigraph, that crosses every edge exactly once, has to be
found.

2.1.2 Alignment shuffling and simulation
Maintaining mono-nucleotide content

With alignments the complexity of the simulation increases as the aligned sequences cannot
simply be shuffled independently without causing complete destruction of the alignment. One
solution to the problem can be found by shuffling the order of the alignment columns. RNAz ’s perl
script rnazRandomizeAln.pl Washietl et al. (2005) extends this approach by also maintaining
local conservation and gap patterns. Even though, this method maintains the MPI and mono

nucleotide frequencies exactly, it still fails to preserve the di nucleotide content.

Maintaining di-nucleotide content

As an extension of the swapping algorithm for single sequences Babak et al.| (2007)) implemented
shuffle-pair.pl for the randomization of pairwise sequence alignments maintaining the
di-nucleotide frequencies. In this implementation the swapping algorithm’s permutation space
is further reduced since sequence identity and gap patterns are also conserved. Most of all the

limitation to randomize pairwise alignments only renders it impractical for most applications.

multiperm

The program multiperm (Anandam et al.l |2009) takes advantage of methods established for
single sequence shuffling, i.e. Eulerian algorithm, and employs them on alignments. In brief,
the algorithm shuffles the consensus sequence of the alignment and randomly reintroduces the
columns with matching conservation classes. As a result, the MPI and mono-nucleotide frequen-
cies are maintained exactly while the local conservation patters and the di-nucleotide content are

conserved approximately. Since the method relies on shuffling columns based on their consensus
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sequence, it heavily depends on the degree of conservation in each column. Therefore multiperm
may perform well at high MPIs to conserve the di-nucleotide content but worse at low MPIs.
Moreover, since only alignment columns are shuffled, possible column correlations arising due
to covariation are not destroyed. |Gruber et al.| (2010) have therefore set a threshold for the
shannon entropy of an alignment (see equation according to which multiperm is to be used

at entropies below 0.5 and SISSIz, which will be described in the following, at entropies above 0.5.

Sequence Evolution

Phylogenetic approaches for the simulation of sequences are commonly used to model the evo-
lution of DNA/RNA (Seq-Gen |[Rambaut and Grassly (1997)) and proteins (PSeq-Gen Grassly
et al.|(1997)). Seq-Gen (Sequence Generator) has implemented three Markov substitution mod-
els which describe the process of sequence evolution: the HKY (Hasegawa et al., |1985), the
F84 (Felsenstein and Churchill, [1996]) and REV (general reversible process model, [Yang (1994)).
As visualized in table the JC69 model (Jukes and Cantor, 1969) can be derived from the
HKY model if the stationary nucleotide distributions 7 are set to 0.25 and « = f3, i.e. transi-
tions and transversions are equally likely. Transitions are regarded as mutations from purines
to purines and pyrimidines to pyrimidines. Transversions, on the other hand are changes from
pyrimidines to purines and vice versa. The K80 model (Kimura, 1980 makes this distinction
and corresponds to the HKY model with equal stationary distributions. The F81 model (Felsen-
stein), [1981)) does not distinguish between transitions and transversions but allows to set specific
stationary distributions. The TN93 (Tamura and Nei, |1993) model tweaks the HKY model by

distinguishing by the kind of transition: «; refer to A <> G and as to C' +» T changes. Finally,

. ] A ¢ G T J]A C G T[]A C G T |

JC69 K80 HKY
A * « « « * 6 a B * Brc  amg Brr
C Q * « « 154 * B8  « | By * Brg  anp
G Q « * « a p * 8 | ara Prc * B
T Q « « * 8 a B x | Bma ame  PBrg *
TN93 F81 GTR
A * Brc  aymg  Prr x  Two Twa T * arc  brmg cmp
C | Bra * Brg  aqomp | TA  x  Wg T | ama * drg enr
G| agmy PBro * Brpr | w4 7w x  wp | bmy  dme * fmr
T | Bra «ome  Prg * T4 Two Twa * | cma  eme  fro *

Table 2.1: Substitution Models: The table (by |Gesell (2009))) shows 6 substitution models: JC69
Jukes and Cantor| (1969)), K80 (Kimura, |1980)), HKY (Hasegawa et al.,|1985), TN93 (Tamura and
Nei, (1993)), F81 |[Felsenstein, (1981) and the GTR (General Time Reversible) model (Rodriguez
et al., [1990). The models are defined by the equilibrium parameters 7w and/or the substitution
rate parameter(s) a, 8, a,b,c,d, e, f
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the general time reversible model (GTR, Rodriguez et al.| (1990)) has four equilibrium parame-
ters and 6 substitution rate parameters which allow to adjust the rate for any kind of mutation

while maintaining time reversibility.

SISSIz

SISSIz (Gesell and Washietl, 2008) extents on the phylogenetic approach to generate alignments
with approximately the same mono and di-nucleotide content by employing an adapted version of
the independent program SISSI (Simulating Site Specific Interactions, (Gesell and von Haeseler
(2006)). Furthermore, local conservation and gap patterns are retained. In order to maintain the
di-nucleotide frequencies, a ”neighborhood system” is used; therein the substitution probability
Q. of a site xy, in a sequence x = (x1,...,, ..., x;) depends on its neighboring positions x_1
and xj41. Thus Qy, has the size |A]3 x |A|]? = 64 x 64 with A = {A,U, G, C}. Since a substitution
is only permissible at site xj, QQ; contains only |/1|4 = 256 non-zero entries as defined by equation

where sy is the triplet {zy_1, 2z, Tr11} at site k in sequence x and y an arbitrary triplet

{y1,92,y3} € A3

r(sk,y) - w(y)  if h(sg,y) =1 and z # y2

Qu(se,y) = fe- § ~ ZziA?’ Qr(sk, 2) if h(sk,y) =0 (2.2)

0 else

The parameter r(sk, y) is set to the transition/transversion rate ratio x which is determined by
maximum likelihood on an independent HKY (Hasegawa et al., [1985) mono-nucleotide model.
Additionally, site specific rates fj are derived from the column-wise identities in order to main-

tain local conservation patterns. @ can be viewed as 16 4 x 4 sub-matrices as denoted in

equation [2.3]

yiAys  yiGys  y1Cys  yUys

y1Ays * Ty Cys KTy Gys Ty Uys
o (2.3)
y1Gys Try1 Ays * Ty1Gys KTy Uys
y1Cy3 KTy Ays  Ty1Cys * Ty Uys
y1Uys Ty1Ays  KTy1Cys  Ty1Gys *

The stationary triplet frequency 7 (y) = m(a57y) is derived from the counted average mono ()

and doublet 7(a) and 7(8v) frequencies of all sequences in the input alignment according to
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equationwith a,B,ye AnT(B) =3, m(aB) =Y, m(Ba).

m(af) - m ()
()

Then a distance matrix from all pairwise distances is used to construct a tree by applying a

m(aBy) = (2.4)

BIONJ (Gascuel,|1997)) algorithm. Finally, a new sequences are simulated along the tree starting
from an ancestral 1% order Markov sampled sequence yielding the simulated alignment. Thereby,
both local and global MPIs are preserved. The sequences are simulated without gaps which are
reintroduced in the same pattern as in the native alignment in the final step of the simulation.

The algorithm is summarized in a flowchart in figure by |Gesell and Washietl (2008).

Set up model parameters: Count dinucleotides, estimate
transition/transversion rate ratio by maximum likelihood

v

Empirically estimate relationship between number of
substitutions and observed differences

‘ V t

Calculate distance matrix Estimate site
of sequences specific rates

\4

Estimate tree from distances| |Sample ancestral sequence
using the BIONJ algorithm by 1st order Markov

X 4

Simulate new sequences along the tree,
(re-introduce gaps)

Figure 2.3: SISSIz simulation flow chart by |Gesell and Washietl (2008): In the first step
the di-nucleotide frequencies and the transition transversion rate ratio are derived from the
input alignment. A distance matrix is then calculated from the site-specific rates by exponential
regression and a tree calculated using the BIONJ algorithm (Gascuel, |1997)). Eventually, the
sequences for the alignment are simulated along the tree from an ancestral 15t order Markov
sampled sequence.

22



2.2 Upgrading SISSIz’s Pseudo Random Number Generator

As trivial as the demand for random numbers may sound, as hard they are to generate. Most
computer applications use PRNGs (Pseudo Random Number Generator) which produce a series
of random numbers. However, the sequence of those numbers is anything but random since it is
determined by certain seed values, which initialize the PRNG, thus the name Pseudo Random
Number Generator. ”True” random numbers can be generated by measuring radioactive decay,
thermal noise or any other non-deterministic process. The disadvantage of ”true” random num-
ber generators lies in their inherent slowness and difficult implementation requiring specialized
hardware which renders them unsuitable for many applications. Furthermore, the properties of
numbers generated by PRNGs are usually sufficient for most purposes. There are several tests
available to analyze the quality of random number generators, for example the DIEHARD E] test
suite which was developed by George Marsaglia or its successor the Dieharder E] test suite by
Robert G. Brown. Many system random number generators have been shown to be defective,
including C’s and Java’s random number generator (L’ Ecuyer and Simard, [2007). Therefore, it

is always advisable to use a separate PRNG.

2.2.1 Motivations and Background for updating the PRNG

Random number generators play a crucial role in computational biology as they are fundamental
to many applications, be it complex simulations in molecular dynamics or basic sequence shuffling
(Click et al. [2011]). The latest version of SISSIz uses the 32 bit DKISS (Double Keep It Simple
Stupid) based PRNG proposed by George Marsagliaﬂ As the current version of the DKISS
was not optimized for simultaneous runs and its period length was just about 224 SISSIz
which depends on a random number generator for alignment simulation was granted an PRNG
upgrade.

The updated SISSIz version now uses a 64 bit KISS version, with an increased period
length of 2'°1. The process of seeding the PRNG was also improved so that it no longer depends
on the time of execution only, thus enabling simultaneous runs of SISSIz. Furthermore, it is
now possible to save used seed values and to use them for the reproduction of results. Despite
the higher complexity of the new PRNG, SISSIz’s run time has even been slightly improved,
though not significantly. In comparison with the original SISSIz version, similar results on

identical data sets could be obtained.

Zhttps://wayback.archive.org/web/20160125103112/
http://stat.fsu.edu/pub/diehard/ and http://www.jstatsoft.org/v07/i03/paper
“http://www.phy.duke.edu/~rgb/General/dieharder.php
“https://programmingpraxis.com/2010/10/05/george-marsaglias-random-number-generators/
(02.03.2017)
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2.2.2 Methods

SISSIz uses a 32 bit DKISS algorithm which takes advantage of three independent random

number generators:

e Multiply-With-Carry (MWC)
e Xorshift (XSH)
e Congruential (CNG)

The period length (length of repetition free sequence) of this 32 bit DKISS is about 224,
The algorithm passes all tests of the DIEHARD test suite and also the BigCrunch Test (L’ Ecuyer
and Simard, 2007), as the combination of the three PRNGs cancels out their individual weak-
nesses. The result is a fast high quality PRNG with fair period length. DKISS source code as
implemented in SISSIz (v.2.0):

1 /+* Seed variables x*/
> unsigned int x=seed;y=102;z=12;w=34535;

. unsigned int kiss(void){
5 x = x * 69069 + 1;
6 y =y << 13; y "=y >> 17; y "=y << 5;

7 k (z > 2) + (w>> 3) + (carry >> 2);

8 m=w+ w + z + carry; z = w; w =m; carry = k >> 30;
9 return x+y+z;

10 }

David Jones developed a new version of the KISS algorithm, the JLKISS, to support 64
bit integers as seed variables (Jones, 2010). It has an increased period length of 2'°! and passes
all of the above statistical tests for random number generators as well. JLKISS source code as
implemented in the new SISSIz version:

| /+ Seed variables */

> unsigned long long x = 123456789123ULL,y = 98765432198 7ULL;
3 unsigned int z = 43219876,c = 6543217,

5 unsigned int JLKISS(void){
6 unsigned long long t;

7 x = 1490024343005336237ULL * x + 123456789;

8 y =y << 2l; y "=y >> 17; y "=y << 30;

9 t = 4294584393ULL * z + ¢c; ¢ =t >> 32; z = t;

10 return (unsigned int)(x>>32) + (unsigned int)y + z;
1 }
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Additionally, the flaw in seeding the KISS PRNG in SISSIz was taken care of. Previously,
just one seed variable was initialized with every program call using the system time. This can
be problematic if multiple processes of SISSIz were started simultaneously, potentially causing
identical runs to be submitted. The new JLKISS PRNG offers the option to not only seed with
the system time but also the process ID which is stored to a second, independent seed variable
(command line flag -y). (Table [2.2| gives an overview on all new command line options.) Other
seeding alternatives were not exploited to ensure compatibility over all platforms. Furthermore,
the command line flag -z was added to allow printing of the seed values used by SISSIz to a
seed.tzt file. The file is automatically appended with every call of SISSIz. Conversely, (a) seed
value(s) can be read by the command line flag --read_seeds={seed1(,seed2)}. As a result,

the reproduction of results is now possible.

Command line parameter | Description

-y, ——seed_with_pID Seed with process ID. Default: OFF

-z, ——print_seeds Print seed values to seed.txt . Default: OFF
--read_seeds set seed value(s) ={seed1(,seed2)}

Table 2.2: Overview of added command line options

Protocol

S18SIz’s DKISS was replaced by David Jones’ JLKISS. Additionally, the initialization function
start_kiss() was changed to allow seeding with system time and process identity ( time ()
and getpid(), respectively). The obsolete functions restart_kiss() and kiss_state() were

discarded as they are not used in any other part of the SISSIz code.

2.3 Benchmark of simulation runtime

In order to evaluate the impact of the new PRNG four benchmark tests were performed. There-

fore, the runtime was measured in dependence of alignment length and size.

2.3.1 Setup

In the first benchmark test, SISSIz’s simulation only (command line parameter: -s) mode was
used in order to measure mono and di nucleotide alignment simulation performance. An HIV
alignment (Lavender et al., 2015a) consisting of 3 sequences and a length of about 10,000 nu-

cleotides served as an input file. Number of repetitions per alignment file: 100.
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In the second benchmark test, SISSIz was used on the files genomic.maf and rRNA.alnP|
to compare the resulting z-scores in both mono and di nucleotide mode. Number of repetitions

per alignment file: 100.

In the third benchmark test, the dependence of alignment length on shuffling performance
was analyzed using simulation only (command line parameter: -s) mode. The HIV alignment
of the first benchmark test, was divided into sub-alignments, resulting in alignment lengths from

60 to 2400 nucleotides in 60 nt steps. Number of repetitions per alignment file: 100.

In the fourth benchmark test, the dependence of alignment size, in terms of number of
sequences, on shuffling performance was analyzed using simulation only (command line parame-
ter: -s) mode. Therefore, alignments of differing numbers of HIV sequences were created using
clustalo (Sievers et al., 2011). The resulting alignment files consisted of 5, 10, 15, 20, 25
and 30 sequences, with sequence lengths of about 9000 nucleotides. Number of repetitions per

alignment file: 100.

Scheme for command line calls in the first, third and fourth benchmark test:

SISSIz  <alignment_file> —s (——mono)
SISSIz_beta <alignment_file> —s (——mono)
SISSIz_beta <alignment_file> —s (——mono) —y

Scheme for command line calls in the second benchmark test:

SISSIz  <alignment_file> (——mono)
SISSIz_beta <alignment_file> (——mono)

SISSIz_beta <alignment_file> (——mono) —y

2.3.2 Results

The first benchmark showed that SISSIz with JLKISS runs slightly faster than SISSIz with
DKISS, but not significantly. Interestingly, there is no significant difference in runtime when the
process ID was additionally used for seeding with SISSIz JLKISS (Tablef2.3). Similar results
could be obtained when SISSIz was used in the mono-shuffling mode (Table. Naturally,
the runtime is faster than in the di-shuffling mode. Therefore, no performance drawbacks are to
be expected from using SISSIz with JLKISS, even with enhanced seeding.

The second benchmark was indented to compare the calculated z-scores of SISSIz for two

small alignment files. The first alignment file comprised 6 genomic sequences. All three SISSIz

from SISSIz’s source code folder examples/
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SISSIz DKISS JLKISS JLKISS - wo process ID
Period length 2124 2191 2191
Run time (s) 8.186 £ 0.191 | 8.085 £ 0.192 8.079 £ 0.193
GENOMIC run (z-score) | -0.05 + 0.10 | -0.04 £+ 0.11 -0.06 £+ 0.10
rRNA run (z-score) -2.60 £ 0.25 -2.56 £+ 0.26 -2.57 £ 0.26

Table 2.3: DI-simulation: The table compares three SISSIz configurations (DKISS, JLKISS with and
without seeding with process ID). The average runtime was calculated from SISSIz’s simulation speed
on a 3 sequence HIV alignment of about 9000 nucleotide length from 100 runs. The average z-scores were
calculated from runing SISSIz 100 times on a genomic and ribosomal RNA alignment, respectively.

SISSIz DKISS JLKISS JLKISS - wo process ID
Period length 2124 2191 2191
Run time (s) 5.697 + 0.220 | 5.542 £+ 0.190 5.565 £ 0.200
GENOMIC run (z-score) | -0.28 + 0.12 | -0.30 £+ 0.12 -0.29 £ 0.11
rRNA run (z-score) -2.74 +£0.26 | -2.71 £ 0.24 -2.74 £ 0.27

Table 2.4: MONO-simulation: The table compares three SISSIz configurations (DKISS, JLKISS with
and without seeding with process ID). The average runtime was calculated from SISSIz’s simulation speed
on a 3 sequence HIV alignment of about 9000 nucleotide length from 100 runs. The average z-scores were
calculated from runing SISSIz 100 times on a genomic and ribosomal RNA alignment, respectively.

runs came to similar results (-0.05 VS -0.04 VS -0.06) with almost identical standard deviations
(Table. The second alignment file contained 7 ribosomal RNA sequences. Also this time,
the z-scores of the three versions converge (2.60 VS 2.56 VS 2.57). When SISSIz is set to the
mono-nucleotide mode, the z-scores of the two SISSIz version remain coherent too (Tablef2.4)).
The z-scores are higher in the mono-nucleotide mode compared to the di-nucleotide mode, as
the simulation process is less restrictive. Since both versions come to the same result in terms

of significance the JLKISS version of SISSIz works appropriately.

The third benchmark shows the linear correlation between alignment length and runtime
(Fig.{2.4) for SISSIz simulations. The runtime behavior for an alignment of length n is O(n).
When SISSIz is run in simulate mode, as in this benchmark the effect of the new PRNG on
runtime can be seen more clearly as it is not distorted by RNAalifold. On average the runtime
with JLKISS is faster than with DKISS, although not significantly.

The fourth and last benchmark shows the linear effect of alignment size on simulation

runtime (Fig.12.5)). Thus, the runtime behavior for alignments of n sequences is O(n) too.
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Figure 2.4: Shuffling performance in dependence of alignment length: An HIV align-
ment, was divided into sub-alignments, resulting in alignment lengths from 60 to 2400 nucleotides
in 60 nt steps. SISSIz was run in mono and di simulation mode, respectively. N=100
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Figure 2.5: Shuffling performance in dependence of alignment size: SISSIz was run
on alignments with 5, 10 ,15, 20, 25 and 30 HIV sequences in mono and di simulation mode,
respectively. N=100
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2.3.3 Conclusion

The upgrade of the PRNG adds some improvements and additional features to SISSIz. Espe-
cially, the longer period length and the improved seeding can be advantageous for applications in
clusters with parallel processes. The work also highlights the importance of PRNGs in compu-
tational biology. Although, the complexity of the PRNG has been increased, the run time of the
new SISSIz version’ simulation mode could even be improved, at least tendentially. One could
criticise that only a small set of sequences was used. However, the runtime change should be
independent of the sequence composition since the underlying simulation algorithm of SISSIz
was not changed. Therefore, only the generation of the random numbers by the PRNG should
influence the runtime. In the next section the quality of SISSIz’s alignment simulations will be

tested and compared to multiperm.

2.4 Benchmark of simulation performance

Finally, the simulation performance of SISSIz is compared to multiperm. To this end, the
alignment statistics of di-nucleotide content, mono-nucleotide content and MPI were compared

between the randomized and the native alignments.

2.4.1 Methods

A diverse dataset comprising 104 RFAM (Nawrocki et al., 2015) families, which was also used

by [Rivas et al. (2017) was chosen for this benchmark. The protocol was as follows:

1. Download RFAM dataset from http://eddylab.org/publications/RivasEddy16/
RivasEddy16-supplement.tar.gz (01.10.2017)

2. Extract RFAM seed families from R-scape_Testset.sto
3. Subsample every RFAM family to create 20 sub-alignments with 10 sequences per

familiy
4. Remove gap-only columns from sub-alignments

5. Run multiperm and SISSIz beta on sub-alignments

6. Calculate MPI, mono-nucleotide and di-nucleotide content from the original sub-
alignmnents, multiperm shuffled and SISSIz shuffled sub-alignments.

2.4.2 Results

The differences of di-nucleotide frequencies, mono nucleotide frequencies and MPIs between
the native alignments and multiperm or SISSIz shuffled counterpart, respectively are shown
in figure The differences were calculated pairwisely. While SISSIz creates alignments

with deviations of the di/mono frequencies and MPIs averaging around 0, multiperm alters the
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Figure 2.6: Alignment statistics after simulation - RINA input alignments: The plot
shows the difference of di-nucleotide frequencies, mono-nucleotide frequencies and MPI between
the native alignments and multiperm or SISSIz beta shuffled counterpart, respectively. The
dataset consisted of 104 RFAM families, where every family is represented by 20 sub-sampled
alignments with 10 sequences.

mono-nucleotide content by reducing the number of T/U nucleotides and thereby shifting the
distribution of mono-nucleotides and also di-nucleotides as a results. Also the MPI identity is

affected.

2.4.3 Discussion

On the one hand, the results are gratifying as it could be shown that SISSIz reliably main-
tains all tested alignment statistics. On the other hand, the poor performance of multiperm
is baffling. According the author of multiperm, ”[the] essential idea behind the algorithm is

2

to permute columns of the multiple alignment so as to preserve di-nucleotide frequencies...

(Anandam et al| 2009)). By this definition and since the algorithm is not described to alter

the base composition in any other way at least the mono-nucleotide content and MPI should
remain unchanged. However, this is not the case. The underrepresentation of T nucleotides
in the alignment is especially striking. Upon manual inspection of the alignment files two ob-
servations could be made: Firstly, that Us from the native (RNA) alignment were converted
to Ts in the shuffled alignment; this would not change the counting statistics since T and U
nucleotides are counted synonymously. The second observation was of course, that the number
of T/U nucleotides in the multiperm shuffled alignment was lower than in the native alignment.

Apparently, columns with a majority of U/Ts in the native alignment disappear in the shuf-
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Figure 2.7: Alignment statistics after simulation - DNA input alignments for multi-
perm: The plot shows the difference of di-nucleotide frequencies, mono-nucleotide frequencies
and MPI between the native alignments and multiperm or SISSIz beta shuffled counterpart,
respectively. The dataset consisted of 104 RFAM families, where every family is represented
by 20 sub-sampled alignments with 10 sequences. U nucleotides in the native alignment were
replaced by T nucleotides, in order to avoid problems with multiperm.

fled alignments. This observation implies an incorrect handling of U nucleotides. To test this
hypothesis all U nucleotides from the native alignments were replaced by Ts and multiperm
run again. The results are shown in figure Now the statistics are as expected: The mono-
nucleotide and MPI content does not change, since only columns are shuffled. Furthermore, the

di-nucleotide content remains indeed approximately the same, something which was not shown

by |Anandam et al. (2009)). Furthermore, the inspection of the multiperm source code revealed

that non canonical nucleotides are randomly converted to the canonical DNA nucleotides A,T,G
and C. U nucleotides are seen by multiperm as non canonical and are thus randomly converted
which explains their relative change in abundance. One could argue whether this is a bug or
not. Nevertheless, given that multiperm was developed with the idea of randomizing RNA
alignments such a handling of U nucleotides without providing a warning message is surprising.
In any case, the user should be warned to provide the input alignment with DNA and not RNA
nucleotides. Apparently, this error has found its way to publications; for example of
(2013) who provided the raw dataﬂ in the publication’s supplementary. Therein, a deviation
of nucleotide counts between the native (RNA alignments) and shuffled alignments could be
observed.

The question that remains is when to use which program for the creation of a negative

Shttp://www.martinalexandersmith.com/ECS/benchmark_native.tgz
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control dataset. While there is no general answer there are some approaches reported in litera-
ture. For example Gruber et al. (2010) used the shannon entropy of the alignment, which will
be described in chapter as a threshold: If the entropy is below 0.5, multiperm is to be
used and if the entropy exceeds 0.5 SISSIz. The randomized alignments served as a negative
control dataset to train their support vector machine RNAz (Chapter . Since the entropy
is inversely correlated with average sequence identity of the alignment, multiperm is applied on
more conserved alignments. Conversely, SISSIz is utilized on more diverse alignments, as |Gru-
ber et al.|(2010) argues that multiperm shuffling can then become inefficient, probably because
information on covariation cannot be destroyed by merely shuffling columns. The alignment
entropy threshold of 0.5 is also used by |Will et al.|(2013) to estimate the FDR (False Discovery
Rate) in an RNAz screen on the Drosophila genome. Notably, the entropy threshold is used
mostly in the context of RNAz. For other RNA gene finders different thresholds or parameters
may be better suitable. An entirely threshold independent approach is taken by [Smith et al.
(2013) who tried either solely using multiperm or combining both approaches by first using
SISSIz and then multiperm to create a negative control dataset for their RNA gene finding
pipeline. Even though, it is worth considering whether other parameters like the MPI could be
used instead of the alignment entropy, it is not explored during this thesis. Since SISSIz cannot
be benchmarked by itself, only multiperm can be used to create a negative control dataset for

SISSIz. This will become more clear in chapter
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Chapter 3

RNA gene finding

3.1 Introduction

3.1.1 SISSIz as an RNA genefinder

In addition to SISSIz’s capabilities as an alignment simulator, it can be used to identify struc-
turally conserved ncRNAs in alignments. For this purpose, the simulation part of SISSIz is joined
with RNAalifold from the Vienna RNA package (Lorenz et al., [2011): RNAalifold, which will
be explained in more detail in chapter |3.1.3] is used to calculate the consensus MFE energy
of the native input alignment and 100 corresponding SISSIz simulated alignments. Thus, it
is possible to calculate a z-score (z) from the MFE of the native alignment (nativey rg) and
the mean (uprpr) and the standard deviation (opspg) of the simulated alignments’” MFEs as
denoted in equation The complete workflow of SISSIz is shown in figure by |Gesell and
Washiet] (2008).

t1 —
L= nNavtVenp FE — UMFE (3‘1)
OMFE

At this point it has to be mentioned that Alifoldz by Washietl and Hofacker| (2004
uses a similar approach to calculate a z-score from a set of randomized alignments; however
the null alignments are created by simple shuffling of alignment columns according to the
rnazRandomizeAln.pl script (chapter: without maintaining di-nucleotide statistics, al-
though gap and local conservation patterns are maintained. The unique alignment simulation
process of SISSIz which maintains the di nucleotide counts could be shown to reduce the FPR
in ncRNA predictions (Gesell and Washietl, 2008]).

The z-score serves as the predictor variable for ncRNAs in SISSIz. Low z-scores indicate

a high likelihood that a structurally conserved RNA is present in the input alignment, as the
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Multiple sequence alignment

Calculate consensus minimum free
energy in original alignment

Set up model parameters: Count dinucleotides, estimate
transition/transversion rate ratio by maximum likelihood

v

Empirically estimate relationship between number of
substitutions and observed differences

' |

Calculate distance matrix Estimate site
of sequences specific rates

4

Estimate tree from distances| |Sample ancestral sequence
using the BIONJ algorithm by 1st order Markov

\ / Calculate background distribution
Simulate new sequences along the tree, | ™——===p>| of the folding energies in the
randomized alignments

Calculate z-score

(re-introduce gaps)

Figure 3.1: SISSIz RNA gene finder workflow: When SISSIz is used as an RNA gene finder
it’s simulation module (chapter is joined with a thermodynamic component: RNAalifold
(chapter [3.1.3)) is used to calculate the MFE of the consensus secondary structure for the native
alignment and the simulated alignments (100 by default). As a results, a z-score can be calculated
from the distribution of the consensus MFE of the simulated alignments and consensus MFE of
the native alignment. The figure was taken from |Gesell and Washietl (2008))

MFE of the native alignment is much lower then the MFE of the simulated alignments. The
probability of a prediction to be true can be calculated from the z-score by integration over the

standard normal distribution (equation: [3.2)), at least theoretically.

Plz)=1- / BRI 25 (3.2)
oo V2T

For example a z-score of -2 would correspond to a probability of ~ 0.997 and a z-score of

of -3 to a probability of ~ 0.999 (Note: one-tailed integral). In practice the threshold values for

the z-score at a given sensitivity and specificity are determined using ROC curves and have to

be adjusted depending on the application. This will be discussed more throughly in the course

of chapter|3.1.5
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3.1.2 RNAz

The first version of RNAz was published by [Washietl et al. (2005) and has since been succeed
by version 2.0 (Gruber et al., 2010). In contrast to SISSIz, RNAz is a support vector machine
(SVM), a form of supervised machine learning approaches. This means that RNAz was trained to
recognize structural RNA alignments based on thermodynamic stability, structural conservation
and since version 2.0 the Shannon entropy of the alignment. To this end, actually two support
vector are employed:

Firstly, a z-score is computed via support vector machine regression (SVR) as a measure for
thermodynamic stability. Therefore, the z-score for every sequence in the alignment is derived
from the sequence length and base composition via SVR descriptors. Only if the descriptors
are out of the training dataset’s range, it is calculated as the average z-score Z of all z-scores
of the individual sequences in the alignment. The z-scores of the single sequences are in turn
computed from the minimum free folding energy of the native sequence E, and the distribution
of its di-shuffled counterpart (ug, and og,); the native sequence is therefore randomized using
an eulerian algorithm (Altschul and Erickson) 1985)) to generate 1000 random sequences per
sequence in the alignment. The folding energy of the single sequences is computed by RNAfold
which is also part of the Vienna RNA package (Lorenz et al., [2011). The formula is denoted in
equation where n refers to number of sequences = in alignment A. Hence, the calculation

of the z-score differs substantially from the one calculated by SISSIz.

1 E, —
=y Sr R (3.3)
" z€EA TEy

Secondly, the SCI is computed from the MFE of the alignment consensus secondary struc-
ture Feonsensus Which is calculated by RNAalifold, and the folding energy of the individual

sequences F, in the alignment, computed by RNAfold, using formula

SC1 = e (3.4)
n zeA T

A SCI < 1 indicates low structural conservation, a SCI & 1 a perfectly conserved structure

and a SCI > 1 a highly conserved structure that is additionally supported by compensatory
mutations (Washietl and Hofacker, [2004). Particularly, low SCI values can make it impossible
for RNAalifold to calculate a consensus minimum free energy as it implies that no common
structure exists. At the same time no threshold values appear to exist. Moreover, even a
SCI of 1 can be misleading if the sequences in the alignment are very similar (high MPI).

Nevertheless, the SCI constitutes a powerful measure for structural conservation which is why
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it was incorporated to the updated version of SISSIz.

Thirdly, and since version 2.0 of RNAz, the normalized shannon entropy H is computed
according to equation as a measure for the degree of sequence conservation in the alignment.
In the formula, 3 describes the alphabet {A,U, G,C,—}, | the length of the alignment and pé-
the relative frequency of j in alignment column ¢. Note, that the shannon entropy has an inverse

relationship to the MPI and ranges from 0 to 2.

l
H=—7 33 pilogy (35)

i jEX
Eventually, the z-score Z, the structural conservation index SCI and the shannon entropy
H are used by a second SVM to calculate a so called SVM RNA class probability, which is the
final predictor for structurally conserved RNAs: It ranges from 0 (low likelihood) to 1 (high
likelihood of structurally conserved RNA). Interestingly, |Gruber et al. (2010) used multiperm
shuffled alignments to train the second SVM of RNAz if the shannon entropy was below 0.5 and
SISSIz simulated alignments for entropies above 0.5, so that more diverse alignments are fully

randomized.

3.1.3 RNAalifold

RNAalifold constitutes a crucial component of every SISSIz prediction as it is used for the com-
putation of the consensus Minimum Free Energy (MFE) of the native and simulated alignments.
Hofacker et al.|(2002) described their algorithm of RNAalifold "as a (complicated) variant of the
circular matching problem (MCMP)”. The MCMP has become widely known as the Nussinov
algorithm (Nussinov et al., [1978)), the goal of which is to find the maximum number of matching

base pairs in a sequence z = (x1,...,2;) with the imposition of the following restrictions:

e A base pair between x; and x;, hereafter denoted as {z;,x;}, may only be formed if it is
contained in the set of allowed base pairs B = {AU,UA,GC,CG,GU,UG}. In addition
to the canonical base pairs {AU,UA, GC,CG}, the so called wobble base pairs {GU, UG}

are usually contained in B.

e The graph, representing the RNA secondary structure, must be outerplanar. Therefore, the
edges connecting two vertices must not cross. As a result of this simplification, pseudoknot
structures are excluded from the prediction. Mathematically, the following condition for
every base pair {x;,z;} and {x4, x5} with i < j and g < h has to be fulfilled: i < g < h <

JVg<i<ji<h
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e For every base pair {z;,z;} with i < j the inequation j —i > m must be fulfilled, where m
is a parameter that defines the minimum loop size. Usually m is set to 3 in oder to avoid

thermodynamically impossible secondary structures.

In order to find the maximum number of matching base pairs, advantage of the dynamic
programing paradigm was taken by which the Maximum Matching Size (MMS) can be derived
from the MMS of the subsequences (Equation adapted from Nussinov et al. (1978))).

MMS(i,j—1)
MMS(i,j) =max § MMS(i,k—1)+ MMS(k+1,j —1) + 1 (3.6)
k:i<k<(j—m)AN{zgz;} €B

The MM S(i,j) for the subsequence x; j can be obtained from z; j_; either by introducing
an unpaired base at x; (MMS(i,j — 1)) or by adding a base pair {xy,z;} (MMS(i,k — 1) +
MMS(k+1,j—1)+1) with ¢ < k < (j —m). By following this recursion a N x N matrix (where
N is the length of the sequence x) containing the MMS for every subsequence x; ; can be filled.
Thus a time complexity of O(n?®) and a memory complexity of O(n?) arises. Eventually, the
secondary structure with the maximum number of base pairs can be derived from backtracking
in the MMMS matrix. The university Freiburg offers a great web interfaceﬂ for the visualization
of the Nussinov algorithm. Similarly, the algorithm can readily be extended to calculate the
minimum free folding energy E of a sequence by assigning every base pair {zy,z;} a certain
experimentally derived energy contribution S(k, j) as denoted in equation Instead of finding
a secondary structure that maximizes the number of base pairs, it is now the goal of the algorithm

to find a structure that minimizes the free folding energy (MFE).

E(i,j—1)
E(i,j) =min{ E(i,k — 1)+ E(k+ 1,5 — 1) + B(k, 5) (3.7)
k:i<k<(j—m)N{zy,z;} €B

In RNAalifold the MCMP was extended in several aspects:

e Instead of the maximum number of matching base pairs the minimum free energy is cal-
culated using a loop based energy model. Thereby not only the energy contribution from
base pairing sites are considered, but also the one of hairpin loops, interior loops, and multi
loops. By this method, called loop decomposition, a more realistic MFE can be computed
as the contribution of destabilizing loop regions and the number of branches is taken into

account.

"http://rna.informatik.uni-freiburg.de/Teaching/index. jsp?toolName=Nussinov (9.12.17)
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e The algorithm is alignment based: Therefore, the MFE for the consensus structure is

calculated by averaging the energy contribution of the single sequences in the alignment.

e Moreover, a covariation term ~y(i, j) is introduced that can modulate the energy contribu-
tion at base paired positions by favoring base pairs that are also supported by compen-

satory mutations.

It would be out of the scope of this thesis to fully describe the loop decomposition algorithm
of RNAalifold in detail. Nevertheless, the most important aspects will be discussed briefly.
Most importantly, the so called Ribosum scoring matrix which was added to RNAalifold by
Bernhart et al. (2008) will be described as it differs greatly from the default covariance model
of the original RNAalifold (Hofacker et all [2002)) and is also used by SISSIz in the following
benchmarks.

The loop decomposition works as follows: A base pair {x;,z;} can either enclose a hairpin
loop, be part of an interior loop or enclose a multiloop region. Multiloop regions can then again
be decomposed to hairpin loops, interior loops or multi loops. Base stacking is treated as a
special case of the interior loop where for two base pairs {x;,x;} and {zy,2;} withi <k <1 < j
the condition i = (k—1)Aj = (I+1) is full filled. RNAalifold uses the Turner energy parameters
(Mathews et al.| (2004a), [Mathews and Turner| (2006)) for all the respective loop types.

In RNAalifold there are two options to incorporate (the unadjusted) information on co-

variation 7/(4, j) between sites i and j of an alignment A into the prediction of the MFE:

1. Based on the Hamming distance: Equation The covariation contribution +/(4, j) is
given as the sum of all pairwise hamming distances between sequences «, 8 € A at sites i
and j that fulfill the requirement that the base pairs {a;, a;} and {3;, 8;} are in the set
of allowed base pairs B = {AU,UA,GC,CG,GU,UG}.

h(ag, Bi) + h(aj,ﬁj) Z'f({ai, O[j} € B) A

V(i) =5 D if({8i, 8} € B) (38)
affﬁA 0 else

2. Based on the Ribosum Matrix: Equation The covariation contribution 7/(i, j) is com-
puted from a log-odds probability matrix R(ab,cd) that has been derived from 13,500
aligned ribosomal SSU sequences from the European ribosomal RNA Database (Wuyts
et al.l 2004). Since the secondary structure of the SSU rRNA is well known, the frequen-
cies of the aligned nucleotides a and ¢ f(ac) in one alignment column and the frequencies

of nucleotides b and d f(bd) in another column with respect to the frequency of the corre-
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sponding base pairs {a, b} and {c,d} f(ab,cd) could be determined. 99 Ribosum matrices

for different MPI classes were crafted according to this (empirical) approach.

f(ab,cd)

R(ab,cd) = logm

with a,b,¢c,d € {A,U,G,C} (3.9)

In contrast, equation [3.10]shows how the Ribosum matrix is incorporated into the covaria-
tion score 7/(i, j) of RNAalifold. Depending on the alignment’s MPI, 1 of the 99 Ribosum
matrices R(ab,cd) is used to obtain a log-odds ratio for two sequences o and f at sites
i and j in an alignment A. The scaling factor s makes sure that s - R(ab,cd) lies in the
same range as the hamming distances. Eventually, +/(7, j) is calculated from the sum of

all pairwise log-odds ratios at site ¢ and j multiplied by s.

a1
V(0.0) =5 Y s Rlaiay, 5i3)) (3.10)
acA
Finally, v'(i, j) is adjusted by a 6 . 4 term, which penalizes for gaps and impossible base
pairs, to obtain (i, j) denoted in equation ~(i,7) then modulates the loop energies as an

additive term.
0 if({ai, Oéj} S B)
(i, ) :’Y/(i7j)+5z 0.25 if(a; Aoy = gap) (3.11)

acA
1 else

Bernhart et al.| (2008]) could show, that the use of the Ribosum matrix improves the con-

sensus MFE and secondary structure prediction of RNAalifold in almost all cases.

3.1.4 SHAPE

Even though this master’s thesis has a strong focus on in silico methods for the calculation
of RNA structures in context of ncRNA gene finding, the experimental approach also plays
an important role since support for probing data was added to the new SISSIz version to aid
the prediction of ncRNAs. One widely used probing technique to obtain information on RNA
structure is called SHAPE, Selective 2°-hydroxyl acylation analyzed by primer extension (Mor-
timer and Weeks (2007), McGinnis et al.| (2012))). The method exploits the differing reactivity
of certain reagents such as 1IM7, 1IM6 and NMIA (1-methyl-7-nitroisatoic anhydride, 1-methyl-
6-nitroisatoic anhydride and N-methyl-isatoic anhydride, respectively) for the 2> OH group of
the RNA sugar backbone, to which the reagent covalently binds: While 1M7 reacts prefer-

entially with flexible, non base paring nucleotides, 1IM6 and NMIA can be used to probe for
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Figure 3.2: SHAPE reaction: The figure shows how the 1M7 reagent covalently binds to
the 22 OH group of the RNA sugar backbone, releasing CO2. The acylation occurs preferen-
tially at sides with higher flexibility, such as loop regions but less often at paired nucleotides.
Adapted from https://en.wikipedia.org/wiki/Nucleic_acid_structure_determination#
/media/File:1M7_RNA_adduct.png (January 15, 2018)

non-canonical and tertiary interactions (Smola et al., 2015)). 1MT7 constitutes the most impor-
tant reagent as it sheds light on local nucleotide flexibility at nucleotide resolution. The reaction
is depicted in figure After the treatment with the SHAPE reagent, the RNA strands are
reversely transcribed to cDNA and sequenced. At modified sites non-complementary nucleotides
are introduced by the reverse transcriptase. Thus, it is possible to calculate a reactivity score
for every side in the RNA sequence based on the observed mutations, which corresponds to the

side’s likelihood to be modified by the SHAPE reagent.

SHAPE is also amenable to high throughput experiments: For example, [Siegfried et al.
(2014) used SHAPE-MaP (mutational profiling) to determine the structure of the HIV genome
or |Lucks et al. (2011)), who presented the SHAPE-Seq pipeline to obtain large scale information
on RNA secondary and tertiary structure. Recently Selega et al.| (2017) presented a novel
pipeline that works on a transcriptome wide level with a higher sensitivity in detecting modified

sites improving large scale structural probing.

The probing data can be incorporated in thermodynamic RNA folding algorithms by con-
verting reactivity scores into pseudo energy contributions. There are various approaches how
to achieve the best solution: Mathews et al.| (2004b), |Deigan et al.| (2009), |Zarringhalam et al.
(2012), Washietl et al.| (2012)) and Wu et al.| (2015)). |Lorenz et al.| (2016) found that the approach
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of Deigan achieved on average the best results; the conversion is based on the formula
AGsgape(i) = m* In(reactivitysgapp(i) + 1) + b (3.12)

where ¢ is the position in the sequence and m and b are adjustable parameters. RNAalifold
uses Deigan’s method by default and with the parameters m = 1.8 and b = —0.6. As a result,
paired regions (with low reactivity) obtain stabilizing (negative) energy contributions and flexible
regions (with high reactivity) destabilizing (positive) energy contributions. Even though, Lorenz
et al.[ (2016) could show improved prediction accuracy in many cases, the accuracy decreased for
some RNAs which was explained by the presence of pseudoknots and the possibility for errors
in experimental data. Last but not least, it has to mentioned that also non thermodynamic
approaches for the integration of probing data exist. For example, the programs Probfold
(Sahoo et al., 2016|) and PPfold (Sukosd et al., 2012)) both combine SCFGs (Stochastic Context

Free Grammer) with probing data.

3.1.5 ROC curves
Introduction

Receiver Operator Characteristic (ROC) curves can be used to assess the performance of pre-
dictive tests and to find the optimal threshold value for a tests’ predictor variable. In the case
of SISSIz the predictor variable is the z-score which describes how far the native alignment’s
Minimum Free Engergy (MFE) differs from the mean MFE of the shuffled background align-
ments (NOT to be confused with the multiperm (Anandam et al., 2009) shuffled alignments
used as the negative control in the following benchmarks - chapter and thus represents the
likelihood of the given input alignment to be structurally conserved. For RNAz (Gruber et al.,
2010) the SVM RNA-class probability serves as the predictor variable. In the ROC curve the
sensitivity (SEN) is plotted against the False Positive Rate (FPR) at various thresholds for the
predictor variable.

Thus the ROC curve can be described as a function of the predictor variable z:

| FPR(z)
f(z) = (3.13)
SEN(z)

The sensitivity and FPR can again be described as a function of z and are calculated as follows:

SEN(2) = = (ZT)i (;)N 7 (3.14)
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Predicted condition
Prediction positive  Prediction negative
False Negative (FN)

Type II error

True Negative (TN)

Condition positive True Positive (TP)

False Positive (FP)

Condition negative Type I error

Table 3.1: The confusion matrix shows how the parameters True Positive (TP), False Negative
(FN), False Positive (FP) and TN (True Negative) are defined by the true condition and the
predicted condition.

TP ... True Positives, FN ... False Negatives

TN(z) FP(z)

FPR(z) =1=8PBG) =1 = 55 b pG) ~ TNG) + FP()

(3.15)
SPE ...specificity, TN ... True Negatives, FP ... False Positives
Table B.1] shows that the number of False Positives and True Positives can be determined

from the positive control dataset (condition positive) and the number of False Positives and True

Negatives from the negative control dataset (condition negative). In the benchmark tests all

native RFAM (Nawrocki et al 2015) alignments were assumed to contain structurally conserved

RNAs and where thus used to calculate the sensitivity. The FPR on the other hand was
determined by the analysis of the multiperm shuffled RFAM alignments (negative control data
set) which were not expected to contain any structurally conserved RNAs.

The threshold values for z can be visualized in a ROC curve using a color code as shown in figure
But how can the ROC curve be interpreted? If the curve was on the diagonal from [0, 0]
to [1,1] the predictive power would be equal to random guessing. The higher the ROC curve
rises over the diagonal the better the predictive test. Generally, the goal is to maximize the area
under the curve (AUC) which is often used as measure for performance. It can be described as
the integral of equation equation [3.13]from 0 to 1. In pratise and since the function of the ROC
curve is not continuous, the AUC can, for example, be determined by applying the trapezium
rule. Even though, the AUC is a convenient measure to compare the performance from various

tests with a single number, it is usually more important to find the sensitivity at a given FPR.

Algorithms for calculation

While many R-packages for the calculation of ROC-curves such as ROCR and pROC (Robin et al.
2011)) exist, I decided to implement my own functions in R.
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Figure 3.3: The ROC curve: In a ROC curve diagram the False Positive Rate is plotted against
the sensitivity in dependence of the predictor variable z. In this plot the curve is color coded
for the predictor variable which visualizes the threshold value for a given FPR and sensitivity
pair (color gradient scale on right side of plot).

Method 1

In the first (heuristic) method, the calculation of the ROC curve is calculated for a set
of predictor variables in a certain range [a,b] where a and b represent the maximum and the
minimum value of the predictor variable, respectively. A heuristic can be made by not calculating
all values in the given range [a, b, ]| but rather in equal sized intervals of size s. Thus the number

of calculations for the ROC curve can thus be limited to (|a —b|)/s.

SEN (z)
f(z) = AzeR|a < z<b}
FPR(z2)

1 ROCI= function (positive ,negative ,from,to,width=0.1) {

> out=data.frame(predictor=c (1:abs((to—from)/width—1))*NA,SEN=c (1:abs ((to—from)/
width —1)) «*NA,SPE=c (1:abs ((to—from) /width —1))*NA)

3 length_input=length (positive)

1+ length_output=length (out$SEN)

5 for (i in (1l:length_output)) {

6 out$predictor [i]=from —0.1x(i—1)

7 out$SEN [i]=length (positive [ positive<out$predictor[i]]) /length_input
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out$SPE[i]=length (negative [negative>out$predictor[i]]) /length_input

}

return (out)

}

Method 2

While the first method can be advantageous on large datasets, it’s heuristic may deliver
unsatisfactory results if the dataset is small or the range of the predictor variables is inconve-
nient. Then the second algorithm can be advantageous as it guarantees the maximum possible
resolution of the ROC curve. To this end, a binary classification system is used: The list of
predictor variables from the positive and negative dataset are merged and sorted to a joined
vector [z;, ¢;] with n entries, z as the predictor variable, ¢ as the binary classifier (1 for positive
control dataset, 0 for negative control dataset) and 7 as the index variable of the vector. Now

the ROC curve can be calculated as follows:

SEN(z) LS
f(zi) = = ", |,{ieN|1<i<n}
FPR(z) 1— =

n ...number of entries in joined vector

ROC2 = function(x,y,option=TRUE) {
length=length (x)

if (length!=length(y)) print(”’ERROR”)
class=c(c(1l:length)*0+1,c(1:length)*0)

5 predictor=c(x,y)

; df=data.frame(predictor ,class)

df=df[order (df[,1],decreasing=option) ,]

return_object= data.frame(predictor=df[,1] ,SPE=c(1l:(length«2))*0,SEN=c (1:(length
x2)) %0)

for (a in (1l:length(df[,1]))) {

return_object$3SEN [a]=(length—sum(df[(1:a) ,2]))/length

return_object$SPE [a]=(a—sum(df[(1:a) ,2]))/length

}

return=return_object

}
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3.2 Upgrading Vienna RNA package’s RN Aalifold

3.2.1 Motivations and Background

One of the main objectives of this master’s thesis was to integrate an updated version of
RNAalifold in SISSIz to support SHAPE data, which emerged as the most widely used method
for chemical probing. As described in the previous section, the method exploits the shielding
properties of RNA base-pairing against a mutagenic reagent. As paired bases are less likely to be
modified by the chemical reagent it is possibly to reconstruct the secondary structure of RNAs
using the probing data for guidance. Since Version 2.2 of the Vienna RNA package, SHAPE
data is supported by the RNAalifold module, which is used by SISSIz to calculate the MFE
(Minimum Free Energy) of the native and simulated background alignments; it is thus crucial

to the calculation of the z-score. In this section the following questions will be addressed:
1. Runtime of RNAalifold independently from and with SISSIz
2. Performance of SISSIz with new RNAalifold version

3. Performance of SISSIz with SHAPE data

3.2.2 Runtime behavior
Introduction

Before the new version of the Vienna RNA package was integrated in SISSIz the runtime of
several RNAalifold versions was compared: v.1.6.1, v.1.8.5, v.2.0.0 (Lorenz et al.,[2011)), v.2.1.0,
v.2.2.0, v.2.3.2, v.2.4.1. RNAalifold versions 1.61 and 1.8.5 were chosen because they have been
used in SISSIz version 1 (Gesell and Washietl, [2008) and 2 (Smith et al., 2013)) respectively. The
later RNAalifold versions are all above 2.0.0, support constraint files and use the new Turner
2004 energy parameters. Since version 2.2.0 SHAPE reactivity is supported (table . Around
September 2017, RNAalifold 2.4.1 was the latest available version. Therefore, all versions above
2.2.0 could theoretically have been used in the new SISSIz version. Since early versions of the
updated SISSIz with RNAalifold 2.3.2 appeared to be notably slower than the former, it was

necessary to find the fastest version of RNAalifold.

Version | Changelog concerning RNAalifold

1.6.1 NA
1.7.2 NA
1.8.5 Ribosum Matrix

2.0.0 Support of Constraint files, new Turner 2004 engergy parameters
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2.0.3

2.1.0
2.1.6

2.1.9

2.2.0
2.2.8

2.2.9

2.3.1

2.3.2

Table 3.2: Benchmarked versions of RNAalifold and their changelog which was obtained from:

Bugfix for RNAalifold partition function and base pair probabilities, added
Boltzmann factor scaling

G-Quadruplex support (command line parameter)

New commandline switches allow for elimination of non-canonical base pairs
from constraint structures

Added Sequence Conservation index (SCI) option, Fixed bug in alifold parti-
tion function for circular RNAs, Fixed bug in alifold that scrambled backtrac-
ing with activated G-Quadruplex support, Fixed bug in alifold backtracking
for larger G-Quadruplexes

SHAPE reactivity support

Fix partition function scaling for long sequences, Fix bad memory access in
RNAalifold, Fix regression in RNAalifold to restore covariance contribution
ratio determination for circular RNA

Add various new commandline options to manipulate sequence/alignment IDs,
Support of Clustal, Stockholm, FASTA, or MAF alignments as input, Lift
restriction of sequence number in alignments for RN Aalifold, Enable
ANSI colors for TTY output

Fix regression in vrna_md_update () that resulted in incomplete init of reverse-
basepair type array

Report SCI of 0 when sum of single sequence MFEs is 0

https://www.tbi.univie.ac.at/RNA/changelog.html (January 15, 2018)

Methods

The dataset described in this section will be used in many of the following benchmarks. It
contains a selection of structural RNA families from the RFAM (Nawrocki et al., [2015) database,

which have been used in a recent benchmark of Rscape, a program for the detection of covariation

in RNA alignments by [Rivas et al.| (2017)).

The protocol shown below produces a total of 1760 sub-alignments with 10 sequences. Each of

the 88 RFAM families is represented by 20 sub-alignments.

1. Download RFAM dataset from http://eddylab.org/publications/RivasEddy16/
RivasEddy16-supplement.tar.gz (01.10.2017)

2. Extract RFAM seed families from R-scape_Testset.sto

3. Remove alignments longer than 500 nt
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4. Subsample every RFAM family to create 20 sub-alignments with 10 sequences per
family

5. Remove gap-only columns from sub-alignments

6. Run all RNAalifold versions with default parameters / ribosum scoring matrix on the
sub-alignments and measure runtime (real time)

7. Run the updated SISSIz and SISSIz (v2.0 and v1.0) with default parameters / ribo-
sum scoring matrix on the sub-alignments and measure runtime

Results

The runtime of all RNAalifold versions was plotted relative to version 1.8.5 as can be seen
in figure 3.4 It is clearly visible that v.1.6.1 performed much faster than any other version
of RNAalifold. This increase in runtime was also observed by |Bernhart et al. (2008) after
RNAalifold received a major update which among other improvements introduced the Ribosum
matrix. Of the versions above 2.0, the latest RNAalifold version 2.4.1 performed best for the
runs in default mode and second best for the runs in ribosum mode. With version 2.4.1 in default
mode the runtime remains on average unchanged relative to version 1.8.5 but in ribosum mode
the runtime increases by approximately 10%. Even though the changes may appear minute, they
can have a big impact on the runtime of SISSIz as it uses RNAalifold extensively. Nevertheless,
RNAalifold has been been improved with every version of the Vienna RNA package and bugs

have been eliminated as can be seen in table 3.2

Relative runtime change of RNAalifold versions

IO
DORNWA

RPOOONF

Ll
Default Mode

RNAalifold Version

0.6 0.8 1.0 1.2 14 1.6

NN NN
oMW
OQOONEF
L1111
Ribosum Mode

RNAalifold Version

0.6 0.8 1.0 1.2 14 1.6

Relative change (v.X.X.X /v.1.8.5)

Figure 3.4: RNAalifold runtime: The figure shows the runtime of various RNAalifold versions
relative to version 1.85 which is used by the second published version of SISSIz (Smith et al.,
2013). Version 1.6.1 was used in the first published version of SISSIz (Gesell and Washietl,
2008). Version 2.4.1 was the latest available in September 2017. Since version 2.0.0, SHAPE
data is supported by RNAalifold. All versions were run on a dataset of 88 RFAM families,
where each family is represented in 20 sampled alignments with 10 sequences. In the upper
boxplot RNAalifold was run in default mode and in the lower boxplot with the ribosum scoring
matrix (not available for version 1.6.1).
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Since version 2.4.1, which also was the latest version at the time, emerged as the fastest
version of RNAalifold with SHAPE support it was chosen to be used in the updated SISSIz
version. The runtimes were analyzed relative to version 2 of SISSIz (Smith et al.|2013)) and are
visualized in figure It becomes apparent that the first version SISSIz (Gesell and Washietl,
2008) is about 10% faster than the second version of SISSIz, a finding that was expected from
the previous benchmark with RNAalifold. Moreover, the runtime of the new SISSIz version
is increased by approximately 5% if the SCI is not calculated and by over 10% if the SCI
is computed too. As a result, the calculation of SCI in SISSIz should only be activated if
needed since it notably adds up to the computation time. The benefits of the SCI in SISSIz
will be explored in chapter [3.3.2l Paradoxically, the runtime of the new SISSIz version with
the Ribosum matrix is slightly better than in default mode even though the benchmark of the
respective RNAalifold versions would have suggested the opposite. To conclude, the runtime of
the updated SISSIz version increases by approx. 5%. In exchange SISSIz benefits from various

bugfixes in RNAalifold and can use new functions such as the incorporation of SHAPE data.

Relative runtime change of SISSIz versions

: 2
Guscl - R — [ I E— g
> =
wjo SCI — e s I I e e 1 =
R [ e | g
n T I T T T [a]

0.8 0.9 1.0 11 12 13

5
[2)
e}

|

SISSIz Végtlon
[
0
|
Ribosum Mode

0.8 0.9 1.0 11 12 13

Relative change (SISSIz X.X / SISSlz 2.0)

Figure 3.5: 8ISSIz runtime: The figure shows the runtime of various SISSIz versions relative
to version 2, the second published version of SISSIz (Smith et al., 2013). Version 1, the first
published version of SISSIz (Gesell and Washietl, |2008). The new version 3 of SISSIz uses
RNAalifold version 2.4.1 and can also calculate the SCI as an output parameter; thus one
boxplot shows the relative runtime of SISSIz with and without SCI calculation. All versions
were run on a dataset of 88 RFAM families, where each family is represented in 20 sampled
alignments with 10 sequences. In the upper boxplot SISSIz was run in default mode and in the
lower boxplot with the ribosum scoring matrix (not available for version 1 of SISSIz)
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3.3 Benchmarking

But how does the new version of RNAalifold affect the ncRNA prediction performance of the
updated SISSIz version? To this end, several benchmarks were conducted that measure the
performance of the updated SISSIz version against SISSIz (v.2.0) and RNAz in ROC curves.
Furthermore, the impact of different alignment programs, experimental SHAPE data and the

SCI are investigated.

3.3.1 SISSIz old VS new

For the first benchmark advantage of an already existing dataset was taken, that was readily
available from Rivas et al.| (2017)) who used a set of 104 RFAM Nawrocki et al. (2015) families
to assess the performance of their program Rscape which can be used to detect and asses the
significance of covarying columns in alignments. The RFAM database itself contains a huge
collection of alignments for structurally conserved RNAs which are grouped to families based

on covariance models.

Methods

For this benchmark 88 of the 104 RFAM families from the dataset of Rivas et al.| (2017) were
utilized discarding seed alignments with a length of over 500 nt in order to reduce the runtime
which increases to the power of 3 of the alignment length. (Not to be confused with the linear
simulation runtime of SISSIz.) More detailed information on the used RFAM families can be
found in tables and [6.3] of the appendix. Protocol:

1. Download RFAM dataset from http://eddylab.org/publications/RivasEddy16/
RivasEddy16-supplement.tar.gz (01.10.2017)

2. Extract RFAM seed families from R-scape_Testset.sto
3. Remove alignments longer than 500 nt

4. Subsample every RFAM family to create 20 sub-alignments with 10, 20 and 30 se-
quences per family using random-sample-fasta.pl -n XX [

. Remove gap-only columns from sub-alignments

5

6. Replace U with T nucleotides

7. Shuffle all sub-alignments using multiperm (v.0.9.4) and SISSIz simulation
8

. Run SISSIz (v.2.0 and update) and RNAz (v.2.1) on native and shuffled sub-alignments

“https://github.com/ranjit58/NGS/blob/master/random-sample-fasta.pl

In contrast to the benchmark of the runtime in the previous section, the RFAM families
were not only sampled to 10 sequence alignments but also to alignments with 20 and 30 se-

quences. Each of the 88 RFAM families is again represented by 20 sub-sampled alignments. No
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realignment was performed, i.e. the native RFAM alignments were used. Alignment columns
that contained only gaps were removed as the appeared to negatively impact the performance of
RNAz. The replacement of U nucleotides by T nucleotides in the native alignments was necessary
to ensure correct shuffling by multiperm (chapter . The sampled alignments constitute the
positive control dataset of the benchmark. For the generation of the negative control dataset

two methods were used and compared:

1. multiperm

2. SISSIz -s (SISSIz alignment simulation)

Then both prediction programs were employed on the native and shuffled /simulated align-
ments: SISSIz was then run with the following command line parameters: —-mono --ribosum,
--di --ribosum, --mono and --di (default). The performance was compared to RNAz which

was run with default command line parameters.

Results

To start with, it has to be pointed out that the second method for the generation of the negative
control dataset with SISSIz’s simulation is not without concerns, as the same module is used
by SISSIz’s gene finder for the calculation of the z-score. And a program should not be bench-
marked by itself. However, since multiperm does not destroy the information on covariation in
alignments as pointed out in chapter [2| SISSIz was used as second method for the creation of
the negative control just for comparison.

The results of the benchmark with multiperm as the negative control are shown in figure
In general, the new SISSIz version performs just slightly, if at all, better than the old
version of SISSIz. If SISSIz is used with the ribosum matrix the ROC curve improves too
compared to SISSIz in default mode, as can be seen in figure [3.8| which shows the area under
the curve (AUC) of the ROC curves (although the AUC might not be the best measure if only
the performance at low FPRs is of interest). Notably, the performance of SISSIz declines with
increasing number of sequences. This phenomenon is most likely explained by the multiperm
negative control dataset, as the information on the covariation in the alignment is not destroyed.
Since RNAalifold incorporates covariation in the prediction of the MFE, far negative SISSIz
z-scores are still possible.

Moreover, the di-nucleotide model of SISSIz did not always appear to work better then
the mono nucleotide model. This finding would contradict the hypothesis that thermodynamic

predictions are biased by the di-nucleotide content. Nevertheless, the benefits of background
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model also seem to depend on the RFAM family as the average z-scores per family differ de-
pending on whether the mono or di nucleotide model is used (appendix figures . Thus,
the choice of the background model may dependent on sequence composition or other qualities,
a hypothesis that requires further investigation.

The results of the benchmark with SISSIz simulated alignments are shown in figure In
this case the performance remains almost identical, independently from the number of sequences,
probably because SISSIz simulations do not preserve covarying columns. According to the
second method SISSIz outperforms RNAz for 10, 20 and 30 sequence alignments if the ribosum
matrix is used, but not in default mode. With the first method (multiperm negative control)
SISSIz performs better only on 10 sequence alignments and only if the ribosum matrix is used.
This raises the question whether SISSIz should ever be used in the default mode. According
to Smith et al.| (2013) the default mode of SISSIz is favorable over the ribosum mode if the GC
content is below 60% and the MPI over 60%. Furthermore, they found that SISSIz performs

better than RNAz at MPI below 85% and vice versa.
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Figure 3.6: Benchmark: SISSIz old vs. new - multiperm as negative control: The plots show the performance of SISSIz (v.2.0), the
updated SISSIz version (new) and RNAz in dependence of the alignment size (10, 20 and 30 sequences/alignment). In the first row of the plots
SISSIz was used with the ribosum matrix and in the second row with default scoring. To each column of plots corresponds a dataset of 1760
sampled RFAM alignments from 88 families. Each family is represented by 20 alignments with 10, 20 or 30 sequences. The native alignments
constituted the positive control dataset. multiperm shuffled alignments were used as the negative control.
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multiperm negative control
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Figure 3.8: Benchmark: SISSIz old vs. new - AUC: The plots show the AUC (FPR from 0 to 1) of the ROC curves in figures Em:& E

I I
10 20

Number of sequence/alignment

30

for SISSIz (v.2.0), the updated SISSIz version (new) and RNAz in dependence of the alignment size (10, 20 and 30 sequences/alignment). In the
first row of the plots SISSIz was used with the ribosum matrix and in the second row with default scoring. The first column shows the results for
multiperm as the negative control and the second column the results for SISSIz -s simulated alignment, respectively
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3.3.2 The SCI and SISSIz

Introduction

The updated version of SISSIz can calculate the SCI according to equation [3.4] used in RNAz
by [Washietl et al| (2005) and print it to the output (command line option: --sci). Since
RNAz uses the SCI in addition to the z-score which is, however, calculated differently, to make
it’s prediction more accurate, it was of course interesting whether SCI could also be used to
improve the predictions of SISSIz. To this end, the z-scores and SCI values from the positive
and negative control of the previous benchmark were plotted against each other (figure . It
can be observed that z-score alone does not always suffice to seperate the negative and positive
control datapoints. This is especially pronounced when SISSIz is run with default command
line parameters. However, in any case the prediction performance of SISSIz could be definitely
improved if the SCI was included in the prediction. The best solution would probably be to
use a support vector machine, like in RNAz to find the optimal parameters for SCI and z-score
separation. However, this is out of the scope of this thesis. Nevertheless, the potential of the

SCI to improve the predictions of SISSIz could be demonstrated by a simple model.

SISSIz in default mode SISSIz with ribosum matrix

z—-score

z-score
-10 -20 -30 -40 -50 -60

-10 -20 -30 -40 -50 -60

0
0
|

00 02 04 06 08 1.0 1.2 0.0 0.5 1.0 15 2.0

SCI SCI

Figure 3.9: Relationship between z-score and SCI: The plot shows the relationship be-
tween the SCI and the SISSIz z-score. Each dot represents the results from one prediction. gray
dots represent data points from the positive control dataset and red dots data points from the
negative control dataset. The positive control dataset contained all 10, 20 and 30 sequence align-
ments from the previous benchmark and the negative control dataset their respective multiperm
shuffled counterpart. Each class is represented by 5280 data points. In the left plot the new
SISSIz version was run with default command line parameters and in the plot on the right site
with the ribosum scoring matrix.
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Results

Based on the figure the following threshold values for the SCI were chosen: 0.4 for SISSIz
with default command line parameters and 0.8 for SISSIz with ribosum matrix. If the SCI
value of a prediction was below this threshold value the z-score was automatically set to 0. By
this razor approach the ROC curve could be substantially improved as can be seen in figure
Note, that the same dataset as in the previous benchmark runs with multiperm as the
negative control was used. With this SCI adaption in the new SISSIz version the old version of
SISSIz is outperformed in every case. Most of all the decline of performance with increasing
number of sequences could be halted. This is due to the fact that the SCI in multiperm shuffled
alignments is relatively low as generally anticipated for unstructured RNAs. Tables and
give a summary of the two benchmarks. The first table shows the sensitivity at fixed FPRs of
0.05 and 0.01 and shows again that the sensitivity decreases with increasing number of sequences
per alignment. Nevertheless, the relationship is much weaker in RNAz and if the SCI is used in
SISSIz, though sensitivities decreases slightly too. The second table shows the corresponding
predictor thresholds at fixed FPRs. For both SISSIz and RNAz it can be observed that the
thresholds for the z-score and RNA class probabilities become more stringed the more sequences
the alignment contained. The table thus explains why the respective sensitivities are so low.
However, if SISSIz’s z-score is combined with the SCI the effect is much less pronounced and

the sensitivities are much better at a given FPR.

Sensitivity at fixed FPR

FPR 0.01 FPR 0.05
#sequences 10 20 30

SISSIz (new) --ribosum +SCI
SISSIz (new) --mono --ribosum +SCI
SISSIz (new) --mono +SCI
SISSIz (new) +SCI

SISSIz (new) --ribosum

SISSIz (new) --mono --ribosum
SISSIz (new) --mono

SISSIz (new)

SISSIz --ribosum

SISSIz --mono --ribosum
SISSIz --mono

SISSIz

0.973 | 0.954

0.960

0.967 | 0.961 | 0.944
0.969 | 0.959 | 0.940
0.940 | 0.870
0.940 | 0.857
0.973 | 0.964 | 0.946

0.972 | 0.961 | 0.941
863

RNAZz 90

Table 3.3: Sensitivity at fixed FPR: Sensitivity at fixed FPR corresponding ROC curves
in figures and Green cells indicate a high sensitivity and red cells a low sensitivity,
respectively.

o6



Predictor thresholds at fixed FPR

Table 3.4: Predictor thresholds at fixed

low z-score, respectively.

Conclusion

FPR 0.01 FPR 0.05

10 20 30 #sequences 10 20 30
SISSIz (new) --ribosum +SCI
SISSIz (new) --mono --ribosum +SClI
SISSIz (new) --mono +SCI -5.78 -7.1| -9.12 -3.53| -4.64
SISSIz (new) +SCI -8.31 -8.57 -3.36 -4.1
SISSIz (new) --ribosum -6.05| -6.97 -3.4| -3.74
SISSIz (new) --mono --ribosum -6.48| -8.46 -3.25 -3.56 -4
SISSIz (new) --mono -12.87 -5.44
SISSIz (new) -9.52 -5.1
SISSIz --ribosum -6.2| -8.13 -3.27| -3.58| -4.04
SISSIz --mono --ribosum -6.73| -9.08 -3.31| -3.87| -4.36
SISSIz --mono -12.01
SISSIz -11.19
RNAz 0.856| 0.915| 0.969

FPR: Predictor thresholds at fixed FPR corre-
sponding ROC curves in figures [3.6] and Green cells indicate a high z-score and red cells a

Although the results look promising and demonstrate the great potential of the SCI in SISSIz

predictions, they should be seen with caution as the SCI threshold determined for this dataset

might not be suitable for other RNA classes. However, already this simple model yielded excel-

lent results without any SVM optimization. Therefore, the results could very likely be refined

to a greater extent.
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SISSIz with ribosum matrix + SCI adaption
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RNAz
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SISSIz
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Sensitivity

Figure 3.10: Benchmark:
dependence of the alignment size

below 0.8 for SISSIz predictions with ribosum matrix was set to 0 in the new SISSIz version (SCI adaption).
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(10, 20 and 30 sequences/alignment).
in the second row with default scoring. To each column of plots corresponds a dataset of 1760 sampled RFAM alignments from 88 families. Each
family is represented by 20 alignments with 10, 20 or 30 sequences. The native alignments constituted the positive control dataset. multiperm
shuffled alignments were used as the negative control. Additionally, the z-score of predictions with a SCI below 0.4 for SISSIz in default mode and
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SISSIz with SCI: The plots show the performance of SISSIz (v.2.0), the updated
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3.3.3 The impact of alignment programs

As the alignment is the basis of every SISSIz prediction it was interesting to analyze the impact

of alignment programs on the performance of SISSIz.

Methods

To this end, the same benchmark dataset from the previous section was used. However, the na-
tive alignments were realigned with clustalw2 (Larkin et al.,2007)), mafft (Katoh and Standley,
2013), tcoffee (Notredame et al., [2000) and clustalo (Sievers and Higgins, 2014). multiperm

was used again to create the negative control dataset.

1. Download RFAM dataset from http://eddylab.org/publications/RivasEddy16/
RivasEddy16-supplement.tar.gz (01.10.2017)

2. Extract RFAM seed families from R-scape_Testset.sto
3. Remove sequences longer than 500 nt

4. Subsample every RFAM family to create 20 sub-alignments with 10, 20 and 30 se-
quences per family using random-sample-fasta.pl -n XX [

5. Realign with clustalw2 (Larkin et al., |2007), mafft (Katoh and Standley, |2013) and
t-coffee (Notredame et al., |2000) and clustalo (Sievers and Higgins, [2014)

6. Replace U with T nucleotides
7. Shuffle all sub-alignments using multiperm

8. Run the updated SISSIz version and RNAz on native and shuffled sub-alignments

“https://github.com/ranjit58/NGS/blob/master/random-sample-fasta.pl

Results

At 10 sequences per alignment a clear pattern can be observed no matter whether SISSIz is used
with or without ribosum matrix (Figure[3.11]): The performance of SISSIz is best with the native
RFAM alignments, second best with t_coffee, third best with mafft and worst with clustalw2
and clustalo. While clustalo leads to the worst performance of SISSIz independently from
the number sequences per alignment, mafft and t-coffee manage to improve the ROC curve
at 20 and 30 sequences/alignment even above the level of the native RFAM alignments when
SISSIz is run in default mode. When SISSIz is used with the ribosum matrix the performance
remains best with the native RFAM alignments at 20 sequences; however at 30 sequences per

alignment mafft und t_coffee improve the ROC curve at low FPRs.

Conclusion

In any case, the choice of the alignment program greatly influences the prediction accuracy of

SISSIz. In practice it will not always be possible to use the "best”, that is most accurate,

99


http://eddylab.org/publications/RivasEddy16/RivasEddy16-supplement.tar.gz
http://eddylab.org/publications/RivasEddy16/RivasEddy16-supplement.tar.gz
https://github.com/ranjit58/NGS/blob/master/random-sample-fasta.pl

10 sequences/alignment 20 sequences/alignment 30 sequences/alignment

o o o
- - -
e
o | o | s o | ey
SISSIz with ribosum matrix e } e - °
d
— Cclustalw2 > <2 4 © ©
— mafft : ° ° °
—— teoffee E
clustlo
Ratve ram $ I ha ’ s 4]
| i
I
o o ] o
o o I o
e S o
o o o
T T T T T T T T T T T T T T T T T T T T T
0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.00 0.01 0.02 0.03 0.04 0.05 0.06
<o < <o
i i i
o | @
SISSIz in default mode ° °
— clustaw2 2 24 2 4
— mafft =
—— tcoffee G
clustlo 5
native rfam %] ; - g ]
o~ o~
c 7 c 7
o o i}
c c c
T T T T T T T T T T T T T T T T T T T T T
0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.00 0.01 0.02 0.03 0.04 0.05 0.06
FPR (1-Specificity) FPR (1-Specificity) FPR (1-Specificity)

Figure 3.11: Benchmark: The impact of alignment programs on SISSIz: The plot shows
the performance of SISSIz in dependence of the used alignment method. The same benchmark
datset from the previous section was used. However, the native alignments were also realigned
with clustalw2, clustlo, mafft and tcoffee. multiperm was used again to create the negative
control dataset. In the first row SISSIz was used with ribosum matrix and in the second row
with default command line parameters.

alignment program, as accuracy comes at the cost of runtime. The best trade-off between
performance and runtime of the three tested alignment programs is provided by mafft. However,
with all sequence based alignment programs the chicken-egg problem between alignment and
secondary structure remains. One solution is offered by the Sankoff algorithm (Sankoff,
which solves the alignment and secondary structure simultaneously. The biggest drawback is

the algorithm’s time complexity O(n%) (with sequences of length n) rendering it impractical

for most applications. LocARNA (Will et al. |2007) offers an improved variant of the Sank-off
algorithm and will be applied in chapter
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3.3.4 SISSIz with SHAPE

Now it is time to test the performance of SISSIz wih SHAPE data. To this end, advantage

of an existing benchmark dataset has been taken: [Lorenz et al.| (2016) used a datasetﬂ of 24

sequences and SHAPE files to analyze the effect of probing data files on the prediction of RNA

secondary structures. While a similar dataset was used by |Deng et al.| (2016), both refer to the

original dataset by Hajdin et al.| (2013).

Methods

Of the 24 sequences, 12 sequences to which a corresponding RFAM (Nawrocki et al.,|2015|) family

was available were selected for this benchmark. Table shows the represented sequences.

Reference Sequence Length | Accession RFAM ID #Seq.

5S rRNA, E. coli.fa 120 RF00001 5S_rRNA 712
tRNA(asp), yeast.fa 75

{RNA (phe), E. coli.fa 76 RF00005 tRNA 954

cyclic-di-GMP riboswitch, V. cholerae.fa 97 RF01051 c-di-GMP-1 155

RNase P, B. subtilis.fa 401 RF00011 | RNaseP_bact_b 114

SAM I riboswitch, T. tengcongensis.fa 118 RF00162 SAM 433

Lysine riboswitch, T. maritime.fa 174 RF00168 Lysine 47

Signal recognition particle RNA, human.fa 301 RF00017 Metazoa_SRP 91
Group I Intron, T. thermophila.fa 425

Groui I intron, Azoarcus sI;)..fa 214 RF00028 Intron_gpl 12

Group II intron, O. iheyensis.fa 412 RF00029 Intron_gpll 92

Pre-Q1 riboswitch, B. subtilis.fa 34 RF00522 PreQ1 35

TPP riboswitch, E. coli.fa 79 RF00059 TPP 109

Hepatitis C virus IRES domain.fa 336 RF00061 IRES_HCV 79

Table 3.5: RFAM families and reference sequences used in the benchmark test. For the reference

sequences, shape data was available from https://github.com/stanti/shapebenchmark

The following protocol was applied to the dataset:

1.

Download RFAM seed sequences from ftp://ftp.ebi.ac.uk/pub/databases/Rfam/
12.3/Rfam.seed. gz and extract the families described in table [3.5

Convert Stockholm format to fasta: stockholm2fasta.perl]’|

3. Randomly sample 3, 6, 12 and 24 sequences from each RFAM family to create 300

fasta files per RFAM family (no replacement): random-sample-fasta.pl -n XX |E|

Add the reference sequences corresponding to the RFAM family to each sampled fasta
file at the first position

Create positive control dataset: Align all fasta files with clustalo --seqtype=RNA
--outfmt=clu --output-order=input-order --full (v.1.2.4, Sievers and Higgins
(2014))

Create negative control dataset: Shuffle all alignment files from the positive control

2https://github.com/stanti/shapebenchmark
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dataset with mulitperm (v.0.9.4, Anandam et al. (2009))) + create 300 shuffled shape
files per RFAM family: self written R script, permutes the order of reactivity values
of a given input file.

“https://gist.github.com/venuthatikonda/e0233043ba77c5ce48aa
https://github.com/ranjit58/NGS/blob/master/random-sample-fasta.pl

For every RFAM family 300 alignments were sampled with 3,6,12 and 24 sequences, ad-
ditionally the SHAPE reference sequence(s) was/were added to the sampled alignments. The
alignment of the sequences was performed with clustalo (Sievers and Higgins, 2014)); even
though it did not perform well in the previous benchmark clustalo alignments yielded bet-
ter results than mafft alignments in the benchmark with SHAPE data. The negative control

dataset was created by two methods, both of which are compared in the result section:
1. Use only multiperm shuffled alignments as negative control

2. Use multiperm shuffled and permuted SHAPE data as negative control

Results

To start with, the results differ drastically, depending on which method was used for the negative
control as can be seen in figure If only multiperm shuffled alignments are used as the
negative control the performance of SISSIz with SHAPE is estimated to be much better than
in the case where permuted SHAPE data is additionally used in the negative control. With
the latter, more conservative method, SHAPE data would only be considered advantageous for
alignments with less then 6 six sequences and only if SISSIz was used with the ribosum matrix.
Conversely, with the first method SHAPE data can be seen beneficial in any case, independently
of the number of sequences and (other) SISSIz parameters. Nevertheless, the impact of SHAPE
data declines with increasing number of sequences as the relative weight of the SHAPE data

diminishes slightly.

Discussion

Therefore, SHAPE data is most recommend for alignments with few sequences, unless SHAPE
data for more than one sequence is available. The drawback of this benchmark is undoubtedly the
relatively small benchmarking dataset, as only one or at most two SHAPE dataset(s) was/were
available per alignment. The RMDB (RNA Mapping Database, Cordero et al.| (2012)) would
have provided much more probing data. However, the structure of the database would have
made the benchmarking too complex, thus the RMDB could not be used for time reasons.
Additionally, the question on the best method for the generation of the negative control dataset

arises. Simple permutation of the SHAPE reactivities as performed in this benchmark could still
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lead to significantly low MFEs. Another solution would be to create simulated null SHAPE data
which may be possible by adapting the approach of |Sukosd et al.|(2013) to model experimental
SHAPE data.

However, independently from the negative control one could question whether the z-score
is at all a valid measure in SISSIz itself if SHAPE data is used. Internally, SISSIz simulated
null alignments do not receive any pseudo energy contributions while the native alignment does.
The pseudo energies contributions from the SHAPE data could artificially decrease the MFE
calculated by RNAalifold. Thus, it could be argued that the MFE has become a pseudo MFE
that is no longer representative of the consensus structure and serves the sole purpose of guiding
RNAalifold towards that structure. This could in the end be illusive for the calculation of the
z-score in SISSIz.

Last but not least, the SHAPE data can even worsen predictions if the data does not match
the sequence or alignment well. This observation was already made by [Lorenz et al.| (2016) who
found that SHAPE data did not improve the prediction accuracy of RNAalifold for every RNA
family. Probing data can be seen analogous to priors in Bayesian networks; if estimated badly

the prediction will be bad too.

Conclusion

It could be demonstrated that the performance of SISSIz improves if SHAPE data is used,
especially if just a small number of sequences is present in the alignment. Of course, the degree
of improvement will always depend on the quality of the experimental data and may work better
for certain RNA classes than others. Furthermore, the results greatly depend on what negative
control is used and whether the z-score can be still be seen as a valid predictor, so that a definitive
conclusion to the benefits of SHAPE data cannot be drawn without reservations. Nevertheless,

the potential advantages of using SHAPE data in SISSIz are very high.
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Figure 3.12: Benchmark: SISSIz with SHAPE data: SISSIz was run on a set of 12 Rfam families with the command line parameters given in
the figure’s legend. Each Rfam family is represented by 300 alignments consisting of 3,6,12 or 24 sampled Rfam sequences + one or two reference
sequence(s) provided in table[3.5] Therefore, each reference sequence is present in all 300 alignments of a family. This was necessary to run the new
SISSIz version with the shape files which were only available for the reference sequences. ROC curve calculation: The sensitivity was calculated
from the positive control dataset, the specificity from the negative control dataset, respectively. For the calculation of the specificity two methods
were used: In the first row of the plots: multiperm shuffled alignments were utilized as the negative control along with permuted SHAPE data. In
the second row only multiperm shuffled alignments were used as the negative control.
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Chapter 4

Application: Screening for

non-coding RNAs

After all the benchmarking it is time to apply the updated SISSIz version in real ncRNA
screens and to compare its performance to RNAz. To this end, two genomic screens were con-
ducted: While the first one aims to find differences in the predictions of SISSIz and RNAz on
the Drosophila X-chromosome, the second focuses on the benefits of SHAPE data in a screen

on the HIV genome.

4.1 Drosophila Screen

4.1.1 Introduction

Since Drosophila is a popular model organism it has been the target of many ncRNAs screens,
e.g.: Rose et al| (2007) who conducted an RNAz screen or Bradley et al.| (2009) who relied
on Evofold predictions. More recently, [Will et al.| (2013]) presented an RNAz pipeline for the
screening of ncRNAs, called REAPR (RE-Alignment for Predictions of structural ncRNA) and
tested it on a Drosophila alignment of 12 sequences. The crux of their pipeline was to prefilter the
overlapping whole genome alignment windows based on thermodynamic stability (RNAz z-score).
While ”stable” loci are realigned with LocARNA (Will et al.l 2007) ”unstable” loci are removed.
Eventually, RNAz is employed on the realigned sequences. Even though, it would be possible to
adapt the pipeline to use SISSIz instead of RNAz, a self written pipeline is employed during this
screen since the filtering approach in the pipeline of [Will et al.| (2013]) lacked independence from
RNAz and could therefore cause a bias in the results.

As pointed out by Gardner et al. (2005), sequence based alignment programs perform

poorly at sequence identities below 50-60% causing a seemingly lower SCI. Washietl and Ho-
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facker (2004) demonstrated that the z-score of sequence based alignment methods is much lower
than the z-score of structural alignments at MPIs below 60%. However, at higher MPIs the
difference becomes insignificant. Therefore, structure based realignment could improve the re-
sult of ncRNA prediction programs at low MPIs, especially if they are utilizing information
on base-pair covariation. Hence, the pipeline for this screen divides the sliced alignment win-
dows into two groups based on the MPI and realignes the group with low MPI (< 60%) using
mlocarna, a LocARNA version adapted for structural multiple sequence alignments. Since the
runtime behavior of mlocarna is still suboptimal and structural realignment leads to no im-
provement at higher MPIs, only the subgroup of alignments with a MPI < 60% are realigned.
Nevertheless, alignments with a MPI > 60% were realigned with the progressive and sequence
based aligner mafft (Katoh and Standley, 2013]) in order to compensate for errors in the initial

multiz (Blanchette et al. 2004)) alignments.

4.1.2 Methods

With the idea of a potential collaboration with a group studying the evolution of Drosophila
sex chromosomes, a X-chromosome alignment of 27 fly species from the UCSC genome browser
(Tyner et al., 2017) was chosen for this screen. To be more specific the alignment contained
sequences from 23 Drosophila species, the house fly, anopheles, honey bee and the red flour
beetle, with D. melanogaster as the reference sequence.

In the following the individual steps of the ncRNA screen are described, while figure provides

a more schematic overview of the pipeline:

1. Download multiz 27 way alignment from UCS(ﬂ (Tyner et al., 2017)
2. Slice maf alignment blocks using rnazWindow.pl (Gruber et al. 2010 with the opt.:
--min-seqs=3 --max-seqs 27 --min-length 30 --min-id 10 -w 200 -s 100

3. Realign windows with a MPI < 60% using mlocarna (Will et al., 2007) with default
command line parameters (the windows were also separately realigned with mafft in
order to compare the two methods)

4. Realign windows with a MPI > 60% using mafft (Katoh and Standleyl [2013)
with the following command line parameters: —-auto --clustalout --inputorder
-—preservecase

5. Shuffle all windows with multiperm (Anandam et al., 2009) (U nucleotides were re-
placed by Ts before shuffling)

6. Run the updated SISSIz and RNAz (v.2.1) (Gruber et al., 2010) on all native and
shuffled windows

7. Calculate thresholds for predictor variable (z-score and RNA class probability for
SISSIz and RNAz, respectively) at FPR 0.01 and 0.05.

8. Convert all predictions at a given FPR to gff files
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9. Compare whether predictions overlap with annotated datzﬂ from flybase (Gramates
2017) and NCBI (type: ncRNA, pre miRNA, miRNA, snoRNA, tRNA, snRNA,
rRNA) using bedtools sort, merge and intersect (Quinlan and Hall, 2010)

“http://hgdownload.soe.ucsc.edu/goldenPath/dmé/multiz27way/ (November 30, 2017)
ftp://ftp.flybase.net/genomes/Drosophila_melanogaster/dmel_r6.03_FB20 14_06/gff/dme1—gff_|
lall_scaffolds-r6.03.tar.gz (November 30, 2017)

‘https://www.ncbi.nlm.nih.gov/nuccore/AE014298. 5| (November 30, 2017)

Of the initial 30329 alignment windows, 28429 had a MPI greater or equal than 60% and
exactly 1900 windows less than 60%. As a result, realignment with mlocarna was necessary for

a relatively small fraction (approx. 6%) of the alignments.

Figure 4.1: Pipeline of ncRNA screen: First the 27 way multiz alignment blocks are sliced
into 200 nucleotide wide and 100 nucleotide overlapping windows by rnazWindow.pl. Then the
alignments are realigned by mafft if their MPI is above 60% or otherwise realigned by mlocarna
before they are screened by SISSIz and RNAz, respectively. Additionally, the native alignments
from both groups are shuffled by multiperm in order to calculate a predictor threshold value
for a given FPR of 1% and 5%, respectively. Thus, the numbers of predictions between RNAz
and SISSIz are comparable. In the end, the predictions are converted to gff files and compared

with annotations (type: ncRNA, pre miRNA, miRNA, snoRNA, tRNA, snRNA, rRNA) from
flybase and ncbi using bedtools sort, merge and intersect.
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It would have been without a doubt more meaningful to adjust the thresholds of SISSIz
and RNAz to the FDR (False Discovery Rate) instead of the FPR. However, the distribution
of the multiperm shuffled alignments was too close the distribution of the native alignments.
Thus, it was not possible to determine reasonable thresholds values applying by a p-value ad-
justment according to|Benjamini and Hochberg| (1995) as performed by |Will et al.[(2013)) in their
Drosophila screen. Thus and just for the sake of making the results between SISSIz and RNAz
comparable the threshold were simply set to a fixed FPR. Since the multiperm shuffled dataset
is assumed to contain no structurally conserved RNAs it is possible to determine a threshold
value for the z-score, in the case of SISSIz, and the RNA class-probability, in case of RNAz,
at any desired False Positive Rate (FPR): Let ¢ be the sorted list threshold Valuesﬂ then the
FPR(t;) =i/n, with i € {1..n} and n as the length of the list. ¢ was sorted in ascendant order

for SISSIz and in descendant order for RNAz. Table [4.1] shows the calculated threshold values.

SISSIz RNAz
FPR 0.05 | 0.01 0.05 0.01
MAFFT | -1.55 | -2.22 | 0.000008 | 0.036329
mlocarna | -1.67 | -2.67 | 0.000014 | 0.021917
MPI>0.6 | MAFFT | -2.39 | -3.2 | 0.009320 | 0.293272

MPI<0.6

Table 4.1: The z-score and RNA-class probability threshold values were determined from a
multiperm shuffled negative control for SISSIz and RNAz, respectively. The threshold values
were calculated separately for alignments with a MPI > 0.6 aligned by mafft, alignments with
a MPI < 0.6 aligned by mafft and alignments with a MPI < 0.6 aligend by mlocarna.

4.1.3 Results
The thresholds

For SISSIz all threshold values, aside from one are as stringed as expected from the simple one-
tailed z-score to p-value conversion from equation but the threshold values are more lenient
than expected form the benchmark in the previous chapter (table . For RNAz the thresholds
for the RNA class probabilities also appear much lower than expected from the benchmarking .
However, this comes as no surprise since the dataset used for the benchmark contained known

structural RNAs, thus requiring more stringed thresholds.

Annotated and overlapping predictions

To analyze how the predictions match existing annotation data, annotations for ncRNA (also
weakly supported), pre miRNA, miRNA, snoRNA, tRNA, snRNA and rRNA were compared

with the predictions using bedtools intersect. Overlapping predictions were before merged

Lz-score or RNA class probability of every prediction in the shuffled dataset
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with bedtools merge. In figure [4.2] the results are visualized in four Venn diagrams. Every
predicted annotation was counted non redundantly, i.e. even if one annotation was predicted by
two or more windows it is counted just once. Conversely, every window that did not overlap with
an annotation was marked as unannotated. RNAz’s predictions contained more annotations than
SI8SIz at both FPRs and independently from the realignment with mlocarna. Interestingly,
only a small fraction of the predictions between RNAz and SISSIz overlaps (~10-20% at a FPR
of 0.01) indicating that both prediction programs have differing strengths. Figure shows
that RNAz tends to predict more annotations in the higher MPI region than SISSIz. On the
other hand, SISSIz appears to find more annotations at low SCI and MPI ranges. Despite the
relatively large number of predictions only around 25% at a FPR of 0.01 and 50% at a FPR
of 0.05 of all 279 annotation could be recovered if the predictions of both programs are taken
together. The largest proportion of predictions consists of unannotated data which either means
that there are more structurally conserved RNAs than known or that the FPR is not as low as
estimated. Indeed the FDR is higher then expected from the FPR. However, in the latter case
even stricter thresholds would have to be set and the sensitivity would even further decrease so

that a meaningful comparison for the programs would not have been possible.

MAFFT (MPI>0.6) + MAFFT (MPI<0.6) | MAFFT (MPI>0.6) + mlocarna (MPI<0.6)

Annotations: 279 SISSIz predictions: 436 Annotations: 279 SISSIz predictions: 639
o
=]
S
&
o
TR
RNAz predictions: 525 RNAz predictions: 630
Annotations: 279 SISSIz predictions: 1713 Annotations: 279 SISSIz predictions: 2102
0
=
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&
['%
[T
RNAz predictions: 1878 RNAz predictions: 2038

Figure 4.2: Drosophila screen - Venn Diagrams: The figure shows the number of flybase
and NCBI annotations for ncRNA, pre. miRNA, miRNA, snoRNA, tRNA, snRNA, rRNA that
could be detected by SISSIz and RNAz respectively. The first column contains the results of the
screen with mafft realignment of both MPI classes (> 60% and < 60%). The second column
shows the results with mafft realignment of the MPI > 60% class and mlocarna realignment of
the MPI < 60% class. The rows correspond to the fixed FPR of 0.01 and 0.05, respectively.
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Figure 4.3: Drosophila screen - statistics of common annotated predictions: The plots
refer to the Venn diagrams in figure and shows the relationship between SCI and MPI in
the predicted annotated windows. The datapoints were selected from the Venn diagram as
follows: Unique RNAz: (annotated U RN Az predictions) \ (annotated U SISSIz predictions),
Unique SISSIz (annotated U S1SSIz predictions) \ (annotated U RN Az predictions), common:
(annotated U RN Az predictions U SISSIz predictions)

Annotation and predictions in more detail

As shown in figure [£.3] SISSIz and RNAz tend to make annotated predictions in differing MPI
and SCI ranges. Thus, it was of interest how these tendencies impact the type of annotations
found. Figure [£.4] depicts the percentage of recovered annotations for every annotation type.
Note, that the percentage refers to the fraction of possible annotation types for each MPI class.
At a MPI over 60% RNAz manages to predict slightly more annotations from each type than
SISSIz with the exception of the snoRNA (small nucleolar RNA) in which case SISSIz finds
more. Both programs were able to find all annotation of snRNA (small nuclear RNA). At a
MPI below < 60% both programs could recover all annotations for pre miRNA and miRNA
independently from the realignment program. However, the realignment with mlocarna could
greatly improve the number of predicted ncRNAs. SISSIz manages to find ~ 40% of annotated

ncRNA at a MPI < 60% and mlocarna realignment compared to &~ 20% in the case of RNAz. It
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can be concluded that both programs

benefit from the realignment with mlocarna, especially

SISSIz.
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Figure 4.4: Drosophila screen - Recovered annotation types: The bar plots show the
percentage of recovered annotation types per MPI class for SISSIz and RNAz. Alignments with
a MPI over 60% were realigned with mafft and alignments with a MPI below 60% with mlocarna
and mafft for comparison. The percentage of annotation types refers to the fraction of possible
annotation types in the respective MPI class.
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Figure 4.5: Statistics of annotation types: The boxplots show the statistics for the SCI, GC
content, MFE, length and MPI of the ncRNA, pre. miRNA, miRNA, snoRNA, tRNA, snRNA
and rRNA annotations found on the X chromosome of the Drosophila genome.
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While all the median SCIs of all RNA families were above 1, it appeared the lowest for the
broader ncRNA class where also outliers at SCls around 0 can be observed as can be seen in figure
This observation could be explained by miRNAs, snoRNAs, snRNAs, rRNAs and tRNAs
usually having a well defined structure that accounts for their function and thus a stronger
conservation. The distributions of MFEs, GC content and length also vary greatly. Apparently
the MPI identity of the alignments containing tRNAs is especially high, which explains why
RNAz could predict them much better than SISSIz. On the other hand, SISSIz has advantages
in predicting the broader class of non-coding RNAs and snoRNA which show the lowest median

MPIs.

4.1.4 Conclusion

The screen on the Drosophila X chromosome revealed that RNAz and SISSIz do not share many
common predictions. These differences are also the reason why |Smith et al.| (2013) implemented
a hybrid SISSIz-RNAz pipeline that uses RNAz at MPIs above 85% and SISSIz at MPIs below
this threshold to ensure that both programs operate at their optimum range. Even though,
realignment with mlocarna increases the runtime of the pipeline, it could be shown to be bene-
ficial for alignments with low MPIs as the number of (annotated) predictions could be increased
notably. At a FPR of 0.05 at best 30% of the annotations could be recovered by SISSIz and 38%
by RNAz. At the same time many new predictions on unannotated grounds were made, which
have to viewed with caution: Since the FDR is much higher than the FPR, the predictions of
the pipeline should not be used to argue for novel ncRNAs but to highlight the differences in
the prediction of ncRNAs between SISSIz and RNAz.

72



4.2 HIV Screen

4.2.1 Introduction

In the final application example a screen is performed on a genomic HIV (Human Immunod-
eficiency Virus) alignment using additional probing data. The aim of this screen was not to
discover novel structural features in the HIV RNA genome which already is well studied, but to
analyze the benefits of probing data in the prediction of ncRNAs. Lavender et al. (2015a)) used
SHAPE data on an alignment of the HIV-1 NL4-3 (Human Immunodeficiency Virus 1), SIVcpz
(Simian Immunodeficiency Virus of the chimpanzee), and SIVmac (Simian Immunodeficiency
Virus of the macaque) to identify new structured regions in the HIV genome. The origins of
HIV-1 could be traced back to the SIVcpz thus they are phylogentically more related to each
other than the SIVcpz, which on the other hand is viewed as the source of HIV-2 (Sharp and
Hahn, 2010).

The structure of the HIV genome

The human immunodeficiency virus belongs to the family of Retroviridae and more specifically
to the genus of Lentiviruses. Therefore, HIV is an enveloped positive-sense single stranded RNA
viruses which is widely known for its cause of AIDS (Acquired Immuno Deficiency Syndrome).
The envelope of the HIV contains two copies of its single stranded RNA genome which is reverse
transcribed by the virally encoded reverse transcriptase and integrated into the host genome
by the viral enzyme integrase. |Seitz (2016). Since the viral genome is positive-sensed it can
be directly translated to proteins. In many parts of the viral replication cycle the structural
RNA features of the HIV genome play an important role and will be illustrated in the following.
Despite global efforts to discover a cure for AIDS it has not been found until today, although
the progression of the disease can be slowed down by combination antiretroviral therapy (cART)
(Cihlar and Fordyce, 2016). The treatment comprises inhibitors of the viral reverse transcriptase,
integrase and protease. However, also the conserved RNA structure in the HIV genome could

be a potential target for antiviral drugs:

1. RRE (Rev Response Element): At the early stages of HIV replication the RNA | transcribed
from the integrated HIV DNA is spliced by the cellular machinery and exported from the
nucleus. The Rev protein is one of the early products of the exported spliced HIV RNA.
Rev enters the nucleus and binds to the RRE element of the unspliced viral RNA enabling
its export to the cytosol. As a results, the unspliced RNA can be translated to produce

proteins that are required in the later stage of HIV replication cycle (Fernandes et al.,
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Figure 4.6: RRE Secondary Structure: The figure shows the consensus secondary structure
of the RRE alignment calculate by RNAalifold with SHAPE data and ribosum scoring.

2012)). The multiloop RNA structure of the RRE thus serves an important regulatory

function and is highly conserved (Lusvarghi et al. 2013). The RRE secondary structure
is visualized in figure

. LTR (Long Terminal Repeat): Another product of the early spliced HIV RNAs is the
Tat (Trans-Activator of Transcription) protein which increases, as the name suggests, the
transcription of viral DNA. Both, at the 5> and 3’ LTR, a stem loop structure (TAR-

trans-activating response element) is located and can be bound by Tat and leads to the

recruitment of the positive transcription factor pTEFb (Karn and Stoltzfus (2012), Klaver|
land Berkhout]| (1994)).

. Ribosomal frameshift: HIV uses overlapping open reading frames (ORFs) to maximize
the capacity of its genome. Between the gag and pol gene one such an overlap exists. In

order to shift the ORF by one nucleotide, a stem loop structure is required that stalls

the ribosome at an upstream heptanucleotide slippery sequence (Biswas et al., 2004).

\Mouzakis et al.| (2013) could show that the thermodynamic stability of the loop structure

is vital for the successful replication of the virus by assuring a ~ 5% ratio between gag and

gag-pol proteins. Therefore the ribosomal frameshift site appeared as a potential target

for novel drugs. |Ofori et al.| (2014) discovered that compounds binding to the stem loop

(FSS-frameshift stimulating signal) could increase frame shifting by up to 50 % and lower

infectivity (figure [4.7)).
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Figure 4.7: HIV frameshift stimulating signal: The ribosomal frameshift stimulating signal
(FSS) could be shown to be a promising drug target. By increasing the ribosomal frameshift

the ratio of gag and gag-pol proteins is disturbed lowering infectivity. Figure from |Ofori et al.
(2014) (ACS AuthorChoice license)

4.2.2 Methods

Both the alignment and probing data were available from their publications supplementary: The
multiple alignment was created from pairwise SHAPE guided structural alignments (Lavender
et al., 2015b)) which were than merged to a single multiple sequence alignment using tcoffee

(Notredame et al. 2000). In the following the individual steps of the screen are outlined:

1. Download alignment and SHAPE data from the supplementary[’] of [Lavender et al.
(2015al)

2. Slice the alignment file (lavender_et_al_hiv-msa.aln) and the corresponding SHAPE
reactivity files (hiv_aug2013.tzt, sivepz_1m7.txt and sivmac_Im7.txt) into windows of
length 200 and 100 overlap (self written script)

3. Shuffle all window files using multiperm (Anandam et al.l 2009) to create a negative
control dataset

4. Run the updated SISSIz version with and without SHAPE data and RNAz (v-2.1) on
all native and shuffled windows

5. Set thresholds for SISSIz and RNAz to a fixed FDR of 0.01 using Benjamini-Hochberg
p-value transformation (Benjamini and Hochberg, [1995)

6. Map annotation data from |Siegfried et al.| (2014)) supplementary to the alignment

“http://journals.plos.org/ploscompbiol/article/file?type=supplementary&id=info:doi/10.
1371/journal.pcbi.1004230.s002
Although the alignment and SHAPE data for the screen was readily available, the dataset had to
be prepared for the screen. As a first step, the initial alignment was divided into 200 nt long and
100 nt overlapping windows. In order to use the SHAPE data in the SISSIz screen, it had to be
mapped to each sequence in every alignment window. Therefore, a script was written in R that
performs the alignment and SHAPE window creation simultaneously. The original alignment
of 10026 nt length was divided into exactly 100 alignment windows and 300 respective SHAPE
windows. For SISSIz the following command line parameters were used: --shape, --shape

-j, —j and default. RNAz was used with default parameters. In order, to make the results
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comparable the threshold values were set to a fixed FDR of 0.01. Therefore, all multiperm
shuffled windows were assumed not to contain structurally conserved RNAs and a Benjamini-
Hochberg p-value transformation (Benjamini and Hochberg) |1995) was used. Following the
adjustment, the z-score threshold values for SISSIz were set to —4.92 in default mode and to
—2.72 when the ribosum option was used. For RNAz’s RNA-class probability the threshold was
set to 0.296649. The annotation data for verified functional RNA structures from [Siegfried et al.
(2014) refers to the HIV-1 NL4-3 sequence and had to be first mapped to the alignment.

4.2.3 Results and Discussion
The impact of SHAPE

The results of the HIV screen are visualized in figure (8ISSIz with ribosum matrix and
SHAPE) and figure (8ISSIz with default parameters and SHAPE). It can be observed
that the z-score is especially decreased at highly structured regions like the 5’ and 3’ LTR
(Long Terminal Repeat), the RRE (Rev Response Element) and Ribosomal frameshift when
SHAPE data is supplemented. In fact, these elements only become visible at a FDR of 0.01
if SISSIz is run with SHAPE data. Only the RRE element could be recovered by SISSIz
without SHAPE data. Thus, SHAPE data seems to improve the sensitivity of SISSIz. At
the same time only predictions in regions with verified functional RNA structures are made,
indicating a high specificity. Interestingly, the V4 element could be detected with SISSIz in
default SHAPE mode but not in the ribosum SHAPE mode. On the other hand RNAz, which
does not support experimental probing data, manages to find the same regions without SHAPE
data, while making one prediction on the vif coding region, for which no verified structural

annotation is available.

Short structural features

Splice sites and RT PK (Reverse Transcriptase Pseudoknot), which are relatively short structural
features (10-20 nt), could not be recovered by either program. Apparently, this is due to the
inherent limitation of the prediction programs to screen genomic regions in windows. As a
result, small elements may be averaged out by surrounding unstructured regions; conversely
longer structural features may be divided so that they cannot be detected. According to [Smith:
et al.| (2013)), a window size of 200 nt and 100 nt overlap yields the best results. On the other
hand, the perl script rnaWindow.pl (Gruber et al.l 2010) uses a window size of 120 nt and 0
overlap by default. However, the optimal window size is likely to differ greatly depending on

the structure. Therefore, it might have been possible to detect small structural motives if the
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window size was adapted accordingly. Nevertheless, this was not the aim of this investigation.

Conclusion

It could be shown that the number of recovered structural HIV features is greatly increased by
the use of SHAPE data in SISSIz. As a result, even more annotated regions could be found
than by RNAz. Although, the question of the correct negative control for the SHAPE data still

remains, the HIV screen shows a promising future for probing data supported SISSIz screens.
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Figure 4.8: HIV-screen 1: SISSIz with Ribosum matrix and SHAPE: The figure shows the results of a screen on an HIV alignment,
comprising 3 sequences: HIV-1NL4-3, SIVcpz, and SIVmac. SISSIz was run with and without SHAPE data using the ribosum matrix as an
additional command line parameter while RNAz was run with default options. The initial alignment was split into 200 nt windows with an overlap of
100 nt. The upper plot shows the z-score and the RNA-class probability for SISSIz and RNAz respectively in dependence of the alignment position.
(The alignment position of the i-th window was set to i % overlap.) The lower plot shows significant windows at a FDR of 0.01. The thresholds
values for each program were determined from multiperm shuffled alignments using the Benjamini-Hochberg p-value transformation. The legend
beneath shows structural features of the HIV virus.
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Chapter 5

Outlook

At the end of this thesis, it is time to draw a summarizing conclusion of the work and provide

an outlook on the future of SISSIz.

5.1 Simulation

Even though, the algorithm behind the simulation module of SISSIz remained untouched, it
could be indirectly improved. The new PRNG scores with an improved period length and a
slightly better runtime. Also the advanced seeding options increased the versatility of SISSIz
along with added options to read seeds which allows for the reproduction of simulations. As a
result, the new functions might further increase the appeal to use SISSIz for simulating align-
ments in which SISSIz’s neighborhood system takes a unique place. Future work could further
explore the question when to use SISSIz and when multiperm for alignment randomization.
The underlying SISSI framework |Gesell and von Haeseler| (2006)) is not limited to neighboring
dependences only so that more complex neighborhood systems could be realized. With respect
to RNA gene finding modeling the tri nucleotide content by introducing a |A[]> x |A|> matrix
could facilitate the search of structurally conserved RNAs in coding regions. This could be par-
ticularly relevant in screens of viral genomes which consist mostly of coding regions due to their
genomic compactness. The influence of codon usage on the prediction of ncRNAs would have
thus been especially interesting to see in the HIV screen. Still, other codon models have not
been considered yet and could be evaluated. The importance of structurally conserved RNAs in
various viruses was discussed by Hofacker et al.| (2004). Last but not least, the option to provide
SISSIz with a tree according to which alignments are to be simulated would be an appealing
option that would allow the simulation of alignments with specified sequence diversities. In this
context it would also be possible to provide the species tree instead of using the (gene) tree

calculated from the input alignment and to analyze the impact on the ncRNA prediction.
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5.2 RNA gene finding

One of the main objectives of this master’s thesis was to include an updated version of Vienna
RNA library (Lorenz et al., 2011) into SISSIz to enable the incorporation of experimental
probing data into the prediction of ncRNAs. The results from the benchmarks show a great
potential for probing data in the assessment of structural conserved RNAs. The growing size
of the probing database RMDB (RNA Mapping Database) (Cordero et al., 2012)) indicates
that also more SHAPE data will be available in the future. Nevertheless, even with RMDB in
existence, there is a need to generate alignments from sequences with available probing data and
to provide them in a similar format as in the RFAM database (Nawrocki et al., |2015). Most
available probing data sets are only available for short stretches of RNA and in an unsuitable way
for alignment based ncRNA prediction programs. However, for the screening of genomic regions
longer probing datasets are required. With respect to ncRNA gene finding, probing data could
also be substituted by data that computationally models SHAPE data independently. Thereby
the requirement for experimental data could be overcome. One such approach, called the meta-
structure (Konrat} 2009), was originally developed for proteins and is currently being adapted
for RNAs with promising results. A prove of concept is currently under preparation by [Gesell
et al Moreover the SCI could be shown to improve the ROC curves of SISSIz especially if
many sequences are used. Therefore, it could be interesting to further refine the incorporation of
the SCI into the predictions of SISSIz. The fact that SISSIz uses a phylogenetic approach and
processes alignments differently compared to RNAz would still make SISSIz unique. Moreover,
the RNAalifold could be replaced by a non thermodynamic approach, for example a model solely
relying on covariation. Lastly, the underlying test statistic could be changed too by replacing

the z-score. Regarding the used model, SISSIz’s framework offers great flexibility.

5.3 Application: Screening for non-coding RNAs

The screens on the Drosophila X-chromosome screen could confirm that RNAz performs better
at higher MPI and SISSIz at lower MPI. This knowledge is also used by the pipeline of |Smith
et al.| (2013)) which employs both programs depending on the MPI and GC content. Thus, the
pipeline could be updated to include the new version of SISSIz. Maybe the SCI value could
serve as an additional decision value for the pipeline. At long last, the HIV screen demonstrated
how SHAPE data could be incorporated into full genomic screens and furthermore highlights
the potential of SHAPE data to aid the prediction of ncRNAs. In the future, predictions on

larger scales will hopefully be possible, either with experimental or modeled probing data.
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Chapter 6

Appendix
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Table 6.1: RFAM families used in Benchmark-

utilized by Rivas et al.|(2017) where families with alignment lengths over 500 nt were discarded.

oﬂhﬂ.ﬂﬁaw_ﬂ%m updated SISSIz version SISSIz (v.2.0) _u_.._~,_—% M M_\mmmm.v
parameters Average z-score Average z-score probability
xq_m_w.u-: Family Name MWMMM >___.M”-Q=ﬁﬂ2 _.m»-,_\ %5 _s.ﬁ_’u,“mw\o u.ﬂww% default | --mono | --ribosom -.._.._Wﬂm:coq: default | --mono | --ribosom -..ﬂ._WMm::oa default

RF00002 58S rRNA 61 207 152 67 25 -3.17 -3.22 -3.79 -3.88
RF00003 Ul 100 203 162 63 40

RF00004 U2 208 278 191 58 45

RF00006 Vault 73 163 101 59 19

RF00007 Ul12 62 269 161 61 42

RF00012 U3 87 316 209 58 63

RF00013 6S 149 264 180 43 49

RF00015 U4 170 261 144 57 31

RF00017 Metazoa SRP 91 412 293 68 120

RF00020 U5 180 192 117 52 30

RF00027 let-7 63 95 80 68 31

RF00029 Intron gpll 92 186 89 53 19

RF00031 SECIS 1 61 93 65 41 18

RF00037 IRE | 62 38 35 77 15

RF00050 FMN 144 221 136 68 23

RF00053 mir-7 57 104 88 65 28

RF00059 TPP 109 211 107 53 28

RF00066 U7 49 75 62 65 11

RF00096 U8 55 189 134 66 24

RF00127 t44 78 140 96 63 22

RF00162 SAM 433 231 111 63 27

RF00167 Purine 133 113 101 55 22

RF00168 Lysine 47 274 184 48 53

RF00169 |Bacteria small SRP| 261 127 86 53 33

RF00174 Cobalamin 430 441 203 50 42

RF00379 ydaO-yuaA 106 335 144 56 26

RF00380 ykoK 157 278 169 58 47

RF00442 ykkC-yxkD 97 177 108 62 20

RF00504 Glycine 44 215 101 50 22

RF00517 serC 70 55 52 | 75 12 | 355 | 397 | -215 | -232 | -3.74

RF00519 suhB 87 100 77 55 13

RF00525 Flavivirus DB 111 84 72 72 19

Part 1: The table shows the Rfam ID, family name, the number of sequences per family and
alignment length in the RFAM database (Nawrocki et al.| 2015), the average alignment length and MPI of the sampled alignments (calculated by
S8ISSIz) and the number of base pairs as retrieved from the RFAM database. For each family the average z-score (updated SISSIz version and
SISSIz v.2.0,|Smith et al.|(2013)) and the average RNA class probability (RNAz (Gruber et al.| [2010) computed from 20 sampled alignments with 10
sequences are displayed. The command line parameters are given underneath in the second row. The RFAM families were selected from a dataset
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nﬂq_ﬂﬂ.wﬂanmﬂﬁ_m updated SISSIz version SISSIz (v.2.0) _u_"_”_—% M M_\mnmm.v
parameters Average z-score Average z-score probability
_ﬁ_ﬂ_: Family Name MMMMM >__HM”M%:. _.%N%E _,\_\._’u,“mx #“Ww_.mmm default | --mono | --ribosom -..q._-ﬂﬁm::oqz default | --mono | --ribosom -..ﬂ._wdﬂmscoa default
RF01754 radC 130 193 146 58 35
RF01761 wcaG 118 136 98 67 18
RF01764 yidF 62 212 105 66 24
RF01786 c-di-GMP-II 54 113 85 55 22
RF01793 ffh 89 62 52 64 11
RF01794 sok 91 298 162 56 27
RF01831 THF 97 179 100 59 30
RF01844 SmY 61 93 80 59 15
RF01852 tRNA-Sec 109 119 91 55 30
RF01857 Archaea SRP 53 363 306 52 132
RF01859 Phe leader 71 179 124 63 40
RF01998 | group-lI-D1D4-1 237 175 85 55 22
RF01999 | group-lI-D1D4-2 | 144 166 118 59 38
RF02001 | group-lI-D1D4-3 406 403 173 54 48
RF02003 | group-lI-D1D4-4 90 237 138 50 27
RF02004 | group-lI-D1D4-5 139 372 197 54 54
RF02005 | group-lI-D1D4-6 174 417 226 50 58
RF02012 | group-lI-D1D4-7 244 267 144 50 41
RF02033 HEARO 110 362 144 53 35
RF02034 IMES-1 219 241 191 70 35
RF02035 IMES-2 366 153 141 79 39
RF02221 sSRNA-Xccl 74 108 86 60 20
Betaproteobacteria
RF02278 | C D o A 51 76 63 71 16
RF02379 CcSRNA 48 138 94 78 20

Table 6.3: RFAM families used in Benchmark-Part 3: The table shows the Rfam ID, family name, the number of sequences per family and
alignment length in the RFAM database (Nawrocki et al.| 2015), the average alignment length and MPI of the sampled alignments (calculated by
SISSIz) and the number of base pairs as retrieved from the RFAM database. For each family the average z-score (updated SISSIz version and
SISSIz v.2.0,|Smith et al.|(2013)) and the average RNA class probability (RNAz (Gruber et al.| 2010) computed from 20 sampled alignments with 10
sequences are displayed. The command line parameters are given underneath in the second row. The RFAM families were selected from a dataset
utilized by Rivas et al.|(2017) where families with alignment lengths over 500 nt were discarded.
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