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Introduction
The RNA world hypothesis suggests that RNA was the main player in the cell in the origin of

life, and later it evolved to DNA and different proteins [1, 2]. The fact that RNA conveys the
genetic information like DNA and also works as a catalyzer in chemical reactions, similar to
proteins and enzymes, supports this hypothesis.

Since the discovery of key regulatory roles of RNA in the cell, RNA related research has
earned even more attention [3, 4, 5, 6, 7, 8]. One fundamental aspect of RNA is the folding
process, which leads to the secondary structure of RNA. The proved biological significance of
RNA secondary structure has cleared the necessity of tool development for RNA structure
determination or prediction.

Due to the complexity of experimental methods for RNA structure determination, similar to
other experimental fields and measurement processes in the wet lab, computational RNA
structure prediction methods have emerged and evolved during the past four decades.

Although the development of different novel methods, based on the thermodynamic features
of RNA [9, 10, 11, 12, 13] and machine learning techniques [14, 15, 16], made a noticeable
progress in RNA structure prediction, still the accuracy of existing tools is not satisfying.

Chapter one of this thesis reviews some of the known RNA structure prediction algorithms
and methods to date. Numerous tools and techniques have been published to address this
problem, but here we chose the most novel and superior algorithms, which could change the

common perception in their time.



Chapter one contains two main sections. The first section or background includes the
motivation of the work with addressing biological role, secondary structure significance, and the

essentiality of computational RNA structure prediction.

In methods review, comparative and dynamic programming based algorithms are explained,;
however, our focus here is the latter. Some of the most popular algorithms are mentioned, and

their improvements over their previous ones are justified.

Chapter two starts with addressing the gaps, possible improvements and available areas for
work in RNA secondary structure prediction. However, the focus of this part is on the intrinsic
limitation of energy models as one of those gaps. Accordingly, a method is introduced that helps
to discover the intrinsic limitation of an energy model. This section focuses on the concept of
learnability of the parameters of an energy model, which helps to check the capability of the
model. The necessary condition for learnability and the dynamic programming algorithm to
verify this condition is provided in the rest of this context. Results and conclusions are the last

sections of this thesis. The majority of the content of chapter two has been published in [63].



CHAPTER 1

Background

RNA: biological role

Messenger RNAs (MRNASs) might be the most popular family of RNAs, but RNA role in the
cell is not summarized to only an intermediate state of the information transition process between
DNA and protein [3, 4, 5, 6]. Discovery of non-coding RNAs (ncRNA), which unlike mRNAs
are not translated to protein, started a few years ago and by coincidence at first. Everyday a
larger number of ncRNAs are identified in different species.

ncRNASs can be categorized based on different features. Their lengths vary between ~22nt for
microRNAs (miRNASs), 100nt to 200nt for small RNAs (SRNAs) and to more than 10,000nt for
long ncRNAs in evolved eukaryotes [3, 8]. Obviously these different families of ncRNAs
function differently.

miRNAs play a significant role in translation process. With binding to mRNAs, they can
prevent translation while keeping the mRNA stable in the environment. In this case, ncRNAs
regulate  gene expression in the cell. In plants, microRNAs usually bind to a perfect
complementary strand of mMRNA. In animals, miRNA and the target mMRNA pairing follows a
pattern but it is not as perfect as what happens in plants. More than one third of human genes are
expected to be regulated by miRNAs [7].

On the other hand, some ncRNAs known as small interfering RNAs (siRNAs) are responsible
for mMRNA degradation. These RNAs also control gene expression through a process called RNA
interference. siRNAs are small fragments of double stranded RNAs (dsRNAs) that lead a

chaperone protein to the target mMRNA to silence its expression.



Some non-coding RNAs inhibit the transcription process by binding to the transcription
factor. As an example in human body, 7SK RNA binds to P-TEFb and suppresses the
transcription. ncRNAs affect the RNA modification process. Some of them control the pre-
MRNA splicing and others bind to RNA to modify the methylation. Moreover, it has been shown
that the effect of ncRNAs in protein stability and transportation is significant [3]. It is known that
the RNA sequence is not the only important piece of information in these scenarios. RNA

structure also affects the chemical reactions and pairing processes.

Secondary and tertiary structure

RNA bases have the tendency to pair with each other; this base pairing changes the strand of
RNA to a structured molecule. RNA secondary structure is simply the list of base pairs.

Tertiary structure of RNA is the three dimensional shape of RNA molecule and its atoms
locations in the space. Different experimental techniques have been developed for tertiary

structure determination. Figure 1 is an example of the secondary and tertiary structures.
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Figure 1 - The secondary and tertiary structures of yeast tRNAPhe. Colors show the corresponding parts of the
structures [58].

Clearly, RNA structure affects its functionality. In more accurate words, after pairing some
parts are less likely to interact, and some parts have more inclination to play a role in chemical

reactions.

RNA structure importance

Identifying RNA structure helps to understand RNA functionality mechanism, which is of
importance due to RNA’s significant role in biological processes. This information can also be
used for synthetic RNA design to fulfill specific roles in a designed environment [20]. The
domain of synthetic biology advances every day, and building novel cells and organisms is on
the way. However, without complete knowledge of each constituent particle, reaching a perfect

design is not possible.



RNA secondary structure can help to interpret the tertiary structure, and provides us with that
part of the information, which is required to discover the influence and importance of the
structure for RNA.

Also, the energy correspondent to the tertiary structure is less than the energy involved in the
secondary structure creation, which means that the secondary structure is more stable and

effective [21].

Why computational prediction

Similar to most other experimental methods, determining RNA secondary structure in the wet
lab is time consuming and costly. Some of the high accuracy methods are X-ray crystallography,
Nuclear Magnetic Resonance (NMR), and Cryo-electron microscopy. There also exist some
techniques with lower resolution such as chemical or enzymatic probing, thermal denaturation,
mass spectrometry, and RNA engineering [22].

As a consequence, computational methods and algorithms have been developed during last
four decades to predict RNA secondary structure. In some cases, the result of experimental
process can be given to a computational method as a part of input. Chemical modification
techniques [23, 24], which use a special chemical with the ability to interact only with specific
types of paired or unpaired nucleotides, are in this group of experiments. These techniques work
based on the fact that paired nucleotides are less likely to interact. SHAPE or Selective 2’-
Hydroxyl acylation Analyzed by Primer Extension also uses a chemical such as N- methylisotoic
anhydride (NMIA), which reacts with the backbone of RNA, and this reaction is more likely in

the flexible part of RNA or the single stranded part [25].



Methods Review

RNA secondary structure prediction methods can be categorized in two general groups:
I. Comparative methods,
i Dynamic programming based methods.
However, these two classes of RNA structure prediction techniques have a fair intersection
and are not completely separate. One can be augmented by the other one, or help to improve the
result of the other one in a pipeline. Here, our concentration is on the second group of

algorithms.

Comparative methods

It has been observed that RNA structure is more stable than the sequence through the
evolution. Like other strands of genetic information over time, RNA bases change in different
ways. Although mutations change the nucleotides, it has been seen that this change happens in a
way that the pairing potential of bases stays untouched in most of the cases, for instance C
changes to A and G changes to U, so CG converts to AU. These types of sites in RNAs, which
are different in strand but the same in pairing pattern are called co-varying sites [18].

Hence, if a set of homologous RNA sequences, which came from different species or even
one organism is available, then valuable information for RNA secondary structure of that line of
RNA can be extracted from their alignment.

The comparative method is still the most trusted one. For ribosomal RNA, the accuracy of the
comparative method is about 97% of predicted pairs [27]. However, one important drawback of
this method is that a big set of homologous sequences is necessary to predict the structure of a
new member of the group. Additionally, comparative method is a mostly manual one, due to the

required human supervision for the alignment step. It is important to notice that this alignment is



not just the sequence alignment, but the structures need to be consistent with the sequence
alignment too. Figure 2 shows an example. In this figure, each piece of aligned sequence is
correspondent to the piece with the same color in 2D structure.

This picture illustrates how sequence alignment alone can mask some important information

[18].

------- UCCUCGGGACCAUAGC GG)\GGGGAMCACCCGGUUUCCAUUCCGAACCCGGCAGUUAAGCCCUCCAGCGCCGAUGAUACUGUGCCGGGCGMCG—GCACGGGMAGUAGGUCGUCCCGGGGGUU- -
- - ~UCUGGUGACGAUAGGUAAGAUGGUUCACCU-GUUCCCAUCCCGAACACAGAAGUUAAGCAUCUUAGCGCCGACGAUA- -~ ~GUUAUUACAAU- - - -UAGCGAAAAUAGGACGUUGCCAGGC -~~~
~--UUUGGUGAUGAUGGCAGAGAGGUCACACCC -GUUCCCAUACCGAACACGGAAGUUAAGCUCUCUAGCGCCGAUGGUA - - - ~GUUGGGACCUUGUCCCUGUGAGAGUAGGACGUCGCCAAGC - - -~
---------- UAGUGAUUAUAUCAGAGUGGAAAUACCU-GUUCCCAUCCCGAACACAGAAGUCAAGCACUCUAGAGCCGARARUA- -~ ~~========= ~GCGCAAGU-AAAAUAGGUCAUCGCUACGC -~~~
|CCCU'UUU'UCUCGUGCCUAUAGAGGAGAGGCUACACCC—AGCUCCAUUCCGAACCUGGCAGUUAAGCUCUCCAUCGCCGAUAAUACUGCAUCUUUC}\GGUGUGGA)\ACGUAGGUGGUGCGGGAGGGGGAUMC

--=-=0UCC UCGGGACCAU—AGCGGAGGGGAMCACCCGGUUUCCAUUCCGMCCCGGCAGUUMGCCCUCCAGCGCCGAUGAUACUGUGCCGGGCGAACGGCAC GGGAAAGUAGGUCGUCCCGGGGGUU
UCUGGUGACGAUAGGUAAGAUGG-UUCACCUGUUC-CCAUCCCGAACACAGAAGUUAAGCAUCUUAGCGCCGACGAUAGUUAUU-~ACA--~~~ AUUAGCGAAAAUAGGACGUUGCCAGGC-========
UUUGGUGAUGAU-GGCAGAGAGGUCACACCCGUUC-CCAUACCGAACACGGAAGUUAAGCUCUCUAGCGCCGAUGGUAGUUGGGACCUU-~~ GUCCCUGUGAGAGUAGGACGUCGCCAAGC
UAGUGAUUAU-AUCAGAGUGGAAAUACCUGUUC-CCAUCCCGAACACAGAAGUCAAGCACUCUAGAGCCGARAAUAGC - ==~~~ GCAA---~~=== GU-AAAAUAGGUCAUCGCUACGC=========
suuuuuc UCGUGCCUAU-AGAGGAGAGGCUACACCCAGCU-CCAUUCCGAACCUGGCAGUUAAGCUCUCCAUCGCCGAUAAUACUGCAUCUUUC- -~ AGGUGUGGAAACGUAGGUG-GUGCGGGAGGGGGAUAAC
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Figure 2 - A sequence alignment [59, 60] by MUSCLE [61], the structural alignment of 5S rRNA sequences [59], and
the secondary structure of the first sequence [18].

However, researchers have tried to improve the automation degree of the comparative method
[27, 28, 29, 31, 32, 56]. These semi-automated approaches can be classified in three categories,

which are shown in Figure 3 [26].



AllgnQd fold

align
sequences

sequences

S EREIN
Homologous fold and

RNA sequences alignment

structures

align

fold
SRS stryctures

SRS RNA secondary

structures

Figure 3 — Automated approaches for comparative prediction of RNA structure [26]

In the first category, the result of multiple sequence alignment is used to find a consensus
structure for all the relevant sequences. Generally, the output of sequence alignment provides us
with some information about the conserved base pairs, and this information combined with the
thermodynamics, for instance in RNAalifold [28] or probabilistic models based on stochastic
context-free grammars like in Pfold [29], gives a comprehensive result.

In this approach an initial alignment is required; this is the main weakness of these methods
because of the strict dependency of the result quality on the multiple sequence alignment
accuracy.

In the second category, alignment and finding the consensus structure for a set of homologous
sequences happen at the same time. This family of algorithms is very time consuming (usually
time complexity of O(n®)) and needs huge amount of memory (O(n*)). A well-known algorithm
for simultaneous alignment and folding is the Sankoff algorithm [30], which has been used in

FOLDALIGN [31] and Dynalign [32].
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When little conserved is in the sequences, their structures are to be predicted first, and then
those structures are aligned, but a method to predict those structures is required. Most methods in
the second category are not effective for a novel ncRNA, just a few of them such as evefold [33]
and RNAz [34] can be used for genome wide search and prediction of the structure of a new
RNA [54]. However even for these methods, the fact that their efficacy is dependent on the

initial alignment remains unchanged.

Dynamic programming based methods

For those situations that no set of homologous or relevant sequences are available,
development of de novo methods is inevitable. For the last few decades, different algorithms

have been introduced to address this issue; some of these algorithms are discussed here.

Nussinov method or base pair maximization

The Nussinov’s algorithm [11] uses the simple idea of base pairing maximization. Now this
way of RNA structure prediction may seem very inefficient and meaningless; however, in 1978
it was a major step forward for computational techniques in this field. That method considers
canonical base pairs CG and AU and the wobble base pair GU, and the goal is to find the
structure with the maximum possible number of base pairs. To have a biologically meaningful
structure as the outcome of this algorithm, some constraints are considered. Based on chemical
and biological observation, for the vast majority of cases, each base may be involved with only

one other nucleotide in pairing.
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Consider S = {i.j| 1 <= i <= j <= N} is the secondary structure of sequence R with the
length of N when i.j are the structure base pairs (i.j means the nucleotide in position i and the
one in position j are paired.)

For a problem to be solved using a dynamic programming algorithm, the problem should be
divisible to smaller but similar sub-problems, and this fact imposes a limitation: if a nucleotide is
inside a loop (an unpaired part of the strand which ends with base pairs forming a double helix),
it cannot pair with a base outside that loop, i.e.if i < g < j < horg < i < h <j,theni.j
and g. h cannot happen at the same time. This situation will be explained more in pseudoknot
section. The score of base pairing is shown with §(i, j) . If there is a possible base pair between i
andj, §(i,j) = 1, and if there is not any base pair there, 6(i,j) = 0.

A straightforward dynamic programming algorithm can be used to find the structure with
maximum number of possible base pairs. An N x N table keeps the folding information of sub-

strands. The following recursion provides the result:

y(i+1)
y(, 1=
y(i+1j-D)+4G, j)
max; [y (1, k) +7(k+1 J)]

7(i, J) = max
1)

Where y(i,i —1) = 0 and y(i,i) = 0, i.e. there can be no base pair between a nucleotide
and its neighbor nor itself.

The first case corresponds to the situation that we know i is not involved in any pair. The
second one shows the same thing for j. The third case happens when i.j is a pair. The last case,
which is known as bifurcation, considers breaking the structure into two sub-structures, when
there is no base pair between gand hifi < g < kand k + 1 < h < j. These four cases are also

shown in Figure 4.
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i j i k k+1

{,j pair i unpaired j unpaired bifurcation

Figure 4 — Four possible cases in the Nussinov’s algorithm [17].

Although this algorithm really yields the structure with the maximum possible base pairs, and
it satisfies the mentioned limitations, the output structure is not usually biologically relevant in
practice. Therefore, the necessity of improving the computational methods based on biological
and chemical insight became undeniable.

Minimum Free Energy (MFE)

It was mentioned before that RNA folding which leads to RNA secondary structure is a chain
of chemical reactions like base pairing. Similar to any other chemical reaction, the structure of
RNA in equilibrium is the one with minimum free energy, in most cases [35].

Gibbs free energy

The Gibbs free energy is that portion of the energy of a system that can do non-mechanical
work. The change of the Gibbs free energy, when an unpaired RNA strand converts to its
secondary structure, represents the spontaneity of the relevant reactions. The Gibbs free energy is

G(T,P)= H-TS, (2)
where T is the temperature and P is the pressure, H shows enthalpy and S represents entropy

[35].
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In general, when A(G) <= 0, the reaction is spontaneous; when A(G) = 0, the system is at
equilibrium; and when A(G) >= 0, the reaction is not spontaneous, where A(G) is the
difference between energy after a reaction and before that reaction.

A(G) <= 0 means the products of the process are more stable than the reactants, or they are
in a lower level of energy. Usually, lower free energy is equivalent to more stability; however,
the energy level of RNA can be in a locally minimum point, and still RNA may be very stable.
Energy model

To estimate RNA secondary structure free energy, researchers decompose the structure to a
set of sub-structures or building features. The free energy of each sub-structure has been
measured in the wet lab using very short strands of RNA which fold into the studied structure.
Figure 5 shows an instance of these features. The choice of these building features together with
their energies is the energy model. The most popular energy model (Figure 5) is the Turner or
Nearest Neighbor energy model [36]. In the Nearest Neighbor model, the free energy is

determined based on the base pairs and their close neighbors.
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Figure 5 — RNA building blocks in the Turner energy model
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The free energy of RNA structure is the sum of the free energies of its sub-structures. That
means the structure can be decomposed to its building blocks, and the energies of those blocks

are independent. Figure 6 shows an example of how this computation works.
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Figure 6 —Different sub-structures have different amount of free energies.

The Zuker’s algorithm

One of the first algorithms which considered thermodynamic characteristics of different
features of RNA secondary structure was the Zuker’s algorithm [37, 38]. This algorithm was a
dynamic programming solution with running time complexity of 0(n*) first, and then it was

improved to a version with the complexity of 0(n3).

Zuker considered hairpin loops, stacked pairs (stems), internal loops, external bases or single
stranded parts, and multi-loops, using nearest neighbor model. The Zuker’s algorithm uses two
tables w(i,j) and v(i,j) and pre-specified free energy for different sub-structures. w(i, j) keeps
the minimum free energy of all feasible structures for sub-sequence (i,j), and v(i,j) is the
minimum free energy of all the possible structures for sub-sequence (i,j) where i.j is a base

pair. Free energy relations for different features are specified below.
Hairpin loop: eH (i, )

Multi-loop: VM (i,j) = min;<;, <j, < <ip<jo<AM (i1, j1, o bk Jio ) + 2i=a V(i 1)}
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Bulge or Internal loop: VBI(i,j) = min;;cjrcjgir—ivj-jr>2{€L(, ), ', j) + V(' j)}
Here, eM is the direct cost of multi loop, and eL is the cost of an internal loop.

This method is the basis of Mfold [39] and RNAfold (in Vienna package) [40] tools for RNA

secondary structure prediction.

The Zuker’s algorithm is a pioneer method, and like any other first, there are some drawbacks

which kept the way open for other novel ideas to improve this field.

First, the Nearest Neighbor energy model is not a perfect model because the energy of each
building feature of RNA is not dependent only on its closest neighbor in reality. Generally,
sequence is not the only factor in RNA folding. The cell environment, other particles or chemical

processes can affect the structure too.

Second, RNA is not always in its equilibrium state, and for some RNAs, such as riboswitches

and tRNAs, more than one secondary structure have been observed [41, 42].

Third, due to the nesting characteristic of our RNA models that is essential for a dynamic
programming algorithm, some features cannot be considered simply. One of the most significant

and challenging ones is pseudoknot. The Zuker’s algorithm could not consider this feature.

Suboptimal structures

The first approach to address the fact that the optimal structure may not be unique was sub-
optimal structure prediction [37, 39]. Zuker et al. [37] suggested using specific biological
observation, as prior knowledge for the algorithm, to improve the prediction. Then the structures
in the range of five or ten percent of the minimum free energy are chosen and evaluated

biologically to find the sub-optimal structures.
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Partition function

The second and more efficient way is the utilization of partition function, besides the
minimum free energy. The accuracy of the Zuker’s and similar algorithms are limited. It means
some of the predicted pairs exist and the rest of them have been predicted incorrectly. Partition
function calculation, which provides the likelihood of correctness of a base pair, enhances the

accuracy of prediction.

The equilibrium constant of a chemical reaction of A — B is calculated as below.
K=" (3)

Here, [A] and [B] are the concentration of A and B in the environment at equilibrium state.

[si]

— L — p=Gi/RT :\whens; € e(x) is a
[Unpaird RNA]

For structure s; of strand x of of RNA, k; =

possible structure for the strand, e(x) is the set of all possible structures for x, and G; is the
energy level difference between s; and the unpaired state of that RNA . T shows the temperature,

and R is the gas constant.

Sum of these constants for all possible structures of one strand of RNA is the partition

function.

Gi
Q = ZsiES(x) ki =Zsi68(x) exp (_ E) (4)

The probability of a specific feature, like a base pair, to happen is the sum of equilibrium
constants of structures containing that feature, divided by the partition function. Those most
probable base pairs, identified this way, are the ones more likely to be part of experimentally

observed structure.
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In 1990, McCaskill proposed a dynamic programming algorithm for partition function
calculation [13]. This algorithm, which works with the time complexity of 0(n3), is explained in

Figure 7.

ky ky

Figure 7 - McCaskill algorithm [19].

Today, the recursion diagrams used in this figure are the standard way for RNA structure

prediction dynamic programming algorithm [9, 10].

Partition function integrated with free energy minimization, which helps to specify the more

probable features, has been implemented in RNAstructure [51] and Vienna package [40].

Pseudoknots

Pseudoknots are one type of those features that do not follow the nesting characteristic of
RNA. Very little thermodynamic information about pseudoknots exists, and this information
cannot be easily measured experimentally. Different sets of parameters for pseudoknots are

available based on polymer model and lattice model [43, 44].

As mentioned in the Zuker’s algorithm, pseudoknot happens if both i.j and g. h pairs occur in

the structure while i < g < j < h. Figure 8 shows examples of pseudoknots in different RNA.
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Figure 8- Pseudoknots Examples [55].

Due to this complexity as a consequence of the difference between pseudoknots and simpler
features like hairpin loops, pseudoknots were not considered in several researches for RNA
structure prediction at first. In fact, it has been shown that RNA structure prediction with
pseudoknots using the Nearest Neighbor model is NP-hard [57]. But their existence in ribosomal
RNA, ribozymes and viral RNA made it necessary to develop tools for predicting structures

including pseudoknots [10].

In 1999, Rivas and Eddy addressed this gap in their paper and presented a dynamic
programming for it [9]. Before that, some methods based on maximum weighted matching
(MWM) [45] were introduced [46, 47]. In general, MWM builds a graph with nucleotides of
RNA as the vertices. In this graph, edges are the pairing relations between two bases, and each
edge has a weight. For the best outcome, the weight of an edge between two vertices can be

computed using mutual information between the correspondent positions in a multiple sequence
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alignment of homologous sequences. The goal is to find the set of non-conflicting base pairs,

which have the highest sum of associated weights [46].

That algorithm is time and space efficient with the time complexity of 0(n?), and it produces
acceptable outcome; however, MWM needs a pre-alignment of sequences for the best result [9,
46]. Without this pre-alignment, MWM on a single sequence is essentially base pair

maximization, which is not biologically accurate.

Hence, a technique to find the secondary structure of RNA when only one strand of RNA is

available was needed.

Figure 9- General recursion for vx in right and wx in left [9].

Rivas and her collaborator used the Turner energy model as the basis of their model, but some
new parameters correspondent to pseudoknots were used to boost the model. Similar to the
Zuker’s algorithm, they considered two matrices wx(i,j) and vx(i,j). wx(i,j) keeps the
recursion score for the strand i to j, in those situations where the relation between i and j is not
determined. vx(i, j) is the score for sub-sequence between i and j, when they are paired. Figure

9 illustrates the dynamic programming recursions of their algorithm without pseudoknots.
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If IS or irreducible surface is a loop that cannot be decomposed into smaller ones anymore,
EIS™(i1,j1;12,j2; -3 in jn) Shows the score for an IS with the order of n, where i, and j, are
paired. The order shows the number of secondary interaction inside a surface. Hairpins, bulges,
stems and internal loops are ISs with the order of two. Multiloops which have larger order than
two have an approximate score.

EIS*(i,))
vx(i,j) = optimal EIS?(i,j:k, 1) + vx(k, 1) i<k<l<
P+ M+wx(i+1,k)+wx;(k+1,j—1):multi loop

Jj ()

In this relation, P; represents the closing base pair score in a multi loop, M is the general score
of multi loop. wx; is the score corresponding to the loops inside a multi loop. wx and wx; have

the same recursion, but one of them happens inside a base pair.

P+ vx(i,j): paired
Q+wx(i+1,j)or Q +wx(i,j — 1):single stranded (6)

.’ 3 — t' l
wx(i,j) = optima wx(i, k) + wx(k +1,j) i <k <j:bifurcation

P is the penalty for an external base-pair, and Q stand for the single stranded nucleotide.

To add pseudoknots, they defined two new and more general matrices, gap matrices or
matrices with a hole, whx (i, j, k, 1) and hx(i, j, k, 1) . Figure 10 shows how a pseudoknot can be

described by two hole matrices.
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Figure 10 - Pseudoknots with two gap matrices [9].

In hx, there is a base pair between i and j and also k and [. For hx, the relation of i and j, and
[ and k is not known. They also introduced yhx for the situation in which there is a pair between

k and [, but the relation between i and j is undetermined. zhx shows the reverse case.

Clearly, wx and vx are a specific version of the gap matrices. The point here is the
augmentation of these matrices into the dynamic programming. For this purpose, another
situation which shows the pseudoknots can be added to v and x. Diagrams in Figure 11 show the
recursion for v and w including the pseudoknots. This algorithm has a worst-case complexity of

0(n®).
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Figure 11 - Recursion for vx in right and wx in left with pseudoknot [9].

In this method, just a limited type of pseudoknots are considered, and in those cases that a
knot needs more than two gap matrices to be described, or in other words when for the
presentation of a pseudoknot on the paper, base pair lines cross each other, the problem is not

solvable by this algorithm.

In 2003, Dirks and Pierce suggested a new partition function based algorithm for
pseudoknotted RNA structure prediction by dynamic programming [10]. They considered the
concept of gap matrices with more details and possible situations. Their basic algorithm had the
time order of 0(n®) but using a function called fastil-loop for interior loops they improved the

complexity to 0(n®).

One other difference between their dynamic programming and the one by Rivas et al. [9] is
that in the recursion, they consider the right most base pair inside a surface. This small change

helps to avoid redundancy and generating the same combination of features several times.

They defined different tables including: Q,Qp,Qm, @, and Q.. Q(i,j) is the table
correspondent to general situation, when the relation between i and j is not determined. Q, (i, )

keeps the score for the sub-sequence [i,j], when i and j are known to be paired. For sub-
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sequence [i,j] inside a multi loop when there is at least one base pair or pseudoknot in this
interval, the partition function is kept in Q,,,(i,j) . @, (i, j) on the other hand conveys the penalty
of a pseudoknot filling the interval between i and j. Q, has the same recursion as Q, with the
difference that Q, presents the partition function for the strand inside a pseudoknot. Next figure

demonstrates these recursions.

Qv ) 04 recursion (),"_. recursion Hairpin loop Interior loop
-~ . . .
i J i i i j'i d s i
Empty Atleastape pale EAL1RaSL QN PeBORTIOL One base pair and more One pseudoknot One pseudoknot and more
i iti dld e i0P dld ¢ 1 iitl dld e j'i d e iliisl ald e
©f,, recansica
Q:‘L“_\_"[\"‘" One pair One base pair and more ,//' ; , -"\\ / \ / \\\
/". "\\ ',/"' Pty X / — \ / — \
,"( m A = l“ ""/‘ \"- | I[ r'/ \ | 1’ v("" ?\ |
{ 2 . . . “o—a o bie 4 ee o
; X b T i i v & ¢ v i v d e j
- e A S 0—0@—- o . _ _ -
[ / i ¢ e joli d-1¢ ¢ J <. e .y
/ . y \
[
One pseudoknot One pseudoknot and more £ i \ | / . y = \
=% N \ | { AN 5y N .
e " oe . SYP! o; oo " 30| 0e " o e oo
‘ ); } m g P = ~ \
i d e jli ald J / \\ / \ /
/ ~5 ) | £ T
'~ fm W oV
)N e o 1—0'4' eoe " od be " odd POV Y

Figure 12 — Recursions of partition function tables in [10].

As mentioned before, the chemical and thermodynamic features of pseudoknots have not been
determined by experiment. Also, although the Dirks et al. [10] algorithm is relatively

comprehensive, still the types of knots that they consider are limited due to the increase in the
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complexity of algorithm. Hence, the necessity of generating new scoring sets and methods was

felt.

Stochastic context free grammar
Some of the RNA secondary structure algorithms function based on stochastic context free

grammars [48, 49, 50]. In this family of algorithms, there are two main parts [15, 49]:
First, a set of transformation rules. One example is:
S = aSuluSalcSg|gSc|gSuluSg|aS|cS|gS|uS|e

Different rules stand for different features. For instance, S — aSu|uSa|cSg|gSc| represents

the rules for canonical base pair generation.

Second, a probability value, which is associated to each rule. For example the rule S — aSu is

likely with the chance of ps_ 45y

The set of transformation rules that produces the sequence with the highest probability
provides the structure. If there is sequence x = cgaug with the structure y = ((.)). In this
representation, the matching pair of parentheses shows a base pair. For this sequence we have the

parse o :
S - cSg - cgSug — cgaSug - cgaug
Therefore, the joint probability of these rules is P(x,0) = Ps_csg- Ps—gsu- Ps—as- Ps—e-

These probability parameters can be learned and optimized for different sets of rules and
input. If the data set is a set of RNA sequences x;s and their observed structures y;s, and

0 = {0,,0,, ...,0,} represents the probability values for different features such as different loops,
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;s have to be chosen such that they maximize the joint likelihood []; p(x;, y;; 8) of the training

set of sequences and structures [15].

These methods do not have a high rate of accuracy in general. Dowell and Eddy reported the
accuracy of around 55% for their SCFG based methods using different grammars on different
sets of RNA [49]. Mfold [39] and RNAstructure [51] algorithms, which work based on the

Zuker’s method, have more than 70% accuracy.

Contrafold
RNA structure prediction methods based on MFE have evolved during the past decades, but
still some intrinsic characteristics of the minimum free energy technique keep the accuracy of

this method limited.

Contrafold [15] uses a similar concept as SCFG, but it considers more expressive features
than usual SCFG based methods. That algorithm works based on conditional log-linear models
(CLLMs). The feature set can be shown by F ={fi,f., ..., fx}, and each feature has a
correspondent weight w;. If x is the sequence and o is one of its parsings to the structure y, we
have p(x, o) = exp (W' F(x, o)), which is the joint likelihood of sequence x and the parse ¢ in a

log linear form.

To learn the parameters, the algorithm maximizes the conditional likelihood of the structures
or [Iip(yilx;;w) and not the joint likelihood. Discriminative or conditional likelihood is
superior to joint likelihood in this case since it generates the best set of weights without modeling

the input distribution.
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Contrafold does not consider penalty for special hairpin loops like the loop with special type
of closing base pair and avoids generating different sizes of tables for internal loops to prevent

over fitting. It keeps a set of more efficient features but limits the number of them.

There is another feature in Contrafold which is worth mentioning in this context. In the
dynamic programming process of the algorithm, there is a coefficient y which helps to adjust the

confidence level of the method about its prediction.

Assume y’ is a candidate structure and y is the true structure, the accuracy, (y’,y) is the
number of correctly predicted single nucleotides plus y times the number of correctly predicted
base pairs. The goal is to maximize the expected value of this accuracy over different structures
of a sequence. If p;; represents the conditional probability to have the pair i.j, and g; is the
probability to have an unpaired nucleotide in the ith place of the sequence, the following
recursion holds to compute M, ; = maxy(Ey[accuracyy(y’, y)]) in which L is the length of the
strand.

qi:if i=j
qi+ M, :ifi<j
M;; = max qj +Mjq:if i <j (7)
Ly ZpU + Mi+1,j—1: lf i+ 2 S]
Mi,k + Mk+1,j: lfl < k <]
They use the concept of maximum expected accuracy here. To find the optimal structure one

can trace back this recursion. Clearly for larger value of y, algorithm predicts more base pairs

and for the smaller value, it considers more probable base pairs.

Contrafold algorithm is one of the most accurate ones in the field with the accuracy rate of

~75%, and can be called the state-of-art algorithm.
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One problem with Contrafold is that it is slow, and this is a challenge specially in the case of
having large training set. Another drawback is that it does not consider any error or noise in the
input, for instance the structure y may not be the minimum free energy structure for x since the
feature set is not perfect. In fact, Contrafold may ignore the chemical and thermodynamics

observations.

In [52], the authors mentioned these problems and suggested a constraint generation method
for parameter estimation, which considers both feasibility of the predicted structures and the
thermodynamic data. The structure can be found by finding the solution of a series of constraints.
They reported 7% higher accuracy than the standard Turner model parameters and 5% better

accuracy than Contrafold in large data sets.

Contextfold

In 2011, Zakov et al. published a paper on rich parameterization for RNA structure prediction
[14]. They analyzed the effect of increasing the amount of information that different structure
prediction models use and showed that more comprehensive and elaborated models enhance the
accuracy of prediction. Their proposed model has 70,000 different features, but still the running
time is manageable. They showed that their algorithm can predict the RNA structure by an

accuracy of ~85%.

They defined two different categories of features: binary features and real-valued features. For
binary features the occurrence value is 1 if it happens in the sequence and O otherwise. For real-
valued features, the occurrence value can be a function of the length of the sequence of that
feature. Representing these occurrence values by ¢;s and considering w;s as the correspondent

weights, we have:
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Gx,y) =X ow; = 0(x,y) . W (8)

Here, G(x,y) is the score of sequence x and structure y, and the aim of the algorithm is to
find W such that it minimizes the expected cost of having y from x. To train the system, they
use a discriminative structure prediction learning algorithm based on the Collins work in [53].
These types of algorithms, which can work with a large data set, are common for natural

language settings.
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CHAPTER 2

The RNA Newton Polytope and Learnability of energy parameters

Various components of common tools for RNA structure prediction can be studied more, but
the main aspect of these methods is their dependency on a thermodynamic based set of features
or energy model. In general, the explained algorithms tried to expand the model or develop more

capable parameter estimation methods; still the progress does not meet the expectation.

The first weakness of these tools is pseudoknots. Pseudoknots and other not-nested blocks of
RNA structure still cannot be considered properly, with all of their details. As mentioned,
existing algorithms simplify the problem and consider some special cases of them and not the
general features yet. Some of the most accurate tools like Contrafold exclude pseudoknots from
their models.

The second issue is the running time. Since RNA structure prediction methods, which
estimate the parameters, need a large set of training data to generate an acceptable outcome,
these tools are usually slow. Also running a not learning-based minimum free energy tool for a
big set of RNA is time consuming. Improving the complexity of these algorithms without
compromising the accuracy is necessary. One possible solution is to use approximation of
partition function as a substitute of the exact value.

In [62], we explored this possibility and introduced an algorithm to compute the upper bound
of partition function. The final goal of this work is to have a fast and efficient algorithm for the

upper bound and lower band approximation of partition function, using sparse folding.
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Still the main problem of RNA secondary structure tools is the limited accuracy. Contrafold
and Contextfold as the best tools to date, consider a large set of features, and train the system to
find the best set of correspondent parameters to these features, but the question here is why they
cannot exceed this level of accuracy.

We believe that the conventional energy models may not have the intrinsic capability of
predicting the RNA structure with higher accuracy. Hence, this potential, which shows the
suitability of an energy model, should be measured or analyzed.

The rest of this thesis addresses this problem. We have defined the concept of learnability for
the parameters of an energy model. We say that “the parameters of an energy model are
learnable if and only if there exists at least one set of such parameters that renders every known
RNA structure to date, the minimum free energy structure.” In this work the notion of Newton
polytope has been used to explain the necessary condition for an energy model to be learnable

[63].

In most of the methods reviewed here, there is a set of alphabets or rules and a scoring
function. The goal is to find the word with optimal score, and this word is correspondent to a

secondary structure. For instance in Contextfold [14], the free energy is:
Glx,y) =Xow; = 0(x,y)". W (9)

In which Wis the energy model parameters, and @(x,y) is the feature vector. For the sake of
coordination, we use h as the notion of energy model parameters, and c(x,s) € Z* shows the
feature vector, from this point. Clearly, k denotes the number of different rules or alphabets in

the model.
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G(x,s,h) = {(c(x,s),h) (10)

Where s € e(x), and £(x) is the set of all possible structures of x.

Hence, we are looking for h* such that for every strand and its secondary structure (x,y) :

y = mingG(x,s,h*) (11)

Existence of such h* means 100% accuracy is achievable, and we call this energy model a
learnable one; however, such h* may not exist. We introduce the necessary condition for

existence of this h* and a dynamic programming algorithm for its verification.

Methods

Necessary condition for Learnability

Assume y is the structure which minimizes the free energy function G. Furthermore, we have:

G(x,y,h") < G(x,s,h"),Vs € g(s) (12)

If we replace G(x,s, h) = (c(x,s),h) here,

(c(x,y),h*) < {c(x,5),h") (13)

0 <{c(x,s) —c(x,y),h*) (14)

We can write

0 < (F(x) = c(x, ), h") (15)
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Where F(x)is the feature ensemble of sequence x or F(x) = {c(x,s)|s € e(x)}.
The convex hull of F(x) is what we call the Newton polytope of x.
N(x) = conv {F(x)}. (16)

The above relations imply that c(x, y) € N(x). In other words, c(x, y) places on the boundary

of the convex hull of F(x).

Proof. Let’s assume c(x,y) does not lie on the boundary of N(x), i.e. c¢(x,y) is inside the

Polytope. It means 36 > 0 such that there is a sphere centered at c(x, y) with the radius of §,
which completely places inside N(x). If this sphere shown by Bé‘(C(x, y)), then
Bs(c(x,)) < N(x) (17)

Clearly, p = c(x,y) — () (h*/IIA*I]) € Bs(c(x,)) © N(x), and

2

(p— cCey),h) = = (3)|Ir]

<0 (18)

As a result, p is a linear combination of the feature vectors in F(x) = {v, ..., vx}.

Jay, ., ay: @V + . ayvy =p, (19)

a+ ..+ay=1 (20)

Hence, at least for one v; 1<y

(v; —c(x,y),h") <0 (21)

But this is in contradiction with (15).
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Hence, a necessary condition for existence of h* is that the feature vector c(x, y) lies on the
boundary of N(x) the Newton polytope of x, where structure y minimizes the free energy of

strand x, G(x,s, h").

Newton Polytope

In wet lab, different thermodynamic features of RNA are measured, and one of those is
melting curve. Melting curve analysis helps to improve the estimation of energy parameters, and

partition function plays the role of relating the measurement and energy parameters [14].

Let c(x,s) = (c1(x,5),c3(x,s),...,cp(x,5)) and h = (hy, hy, .., hy), if we replace

G(x,s,h) = (c(x,s), h) in the partition function
Q(x,h) = Tsee(r) €\ CSIMI/RT (22)
We define Z;s as
Z;= e MRT 1<i<k (23)
Then, the partition function is in a polynomial form
Q(x,Z) = Ysee) 2% (24)

The Newton polytope of a polynomial is the convex hull of its monomials power vectors.
Therefore, the relation between the melting curve measurement and energy parameters turns into

a set of polynomial equations, and computing their Newton polytopes is a way to solve them.

Newton{Q(x,Z)} = conv({c(x,s)|s € e(x)}) = N(x) (25)

Hence, the Newton polytope name is used here.
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The next relations stand for two polynomials f and g,
Newton(fg) = Newton(f) @ Newton(g) (26)
Newton(f + g) = conv{Newton(f) U Newton(g)} (27)

Minkowski sum of two polytopes, denoted by @ [64], is defined by

POQ={p+qlp€Pandq € Q}. (28)

Dynamic programming algorithm

A dynamic programming algorithm needs to be defined to compute the Newton polytope.

With the polytope available, we can check if the feature vector lies on the boundary.

For strand x of length L, we denote the ith nucleotide by n; and the subsequence between ith

and jth nucleotides by n; ... n;. The Newton polytope of this subsequence is denoted by N(i,j) =

N(ni le)

The same dynamic programming used for calculating partition function in [10, 13, 14] can be
transformed to a divide and conquer strategy for Newton polytope computation. Fig.7 illustrates
the details of the recursions in partition function calculation; however, for the case of Newton

polytope, the below transformations are required.
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Table 1 - Transformation between Partition Function and Newton Polytope dynamic programming.

Partition Function Newton Polytope
Multiplication Minkowski sum
Summation Convex hull of union
e {c(x.s),h)/RT c(x,s)

Here, we consider A-U, C-G, and G-U base pair counting energy model. These are the same

features as those ones that Nussinov considered in [11]. The three dimensional feature vector is

C(x' S) = (Cl (x, S)' C2 (.'X', S), C3 (x' S))

Where c; (x, s) is the number of A-U base pairs, c,(x, s) is the number of C-G, and c3(x, s) is
the number of G-U base pairs in secondary structure s. Clearly, any energy model with more

features can be treated similarly using above transformations.

The following dynamic programming produces the result we need.

[ ( NGDANI+1,)),i<l<j—-1

. {{1LOO} ®N( +1,j — 1),if nyn; = AU|UA

N(i,j) = conv|u ! (0100 ® NG + 1,/ — 1), if ninjj _ cc;|c;c' (29)
[ L{[O,O,l]} ONGE+1j-1),if nn = GU|UGJ

The base situation is N(i,i) = {(0,0,0)}. First, the Newton polytope is calculated for the
subsequences with the length of one, after that for the subsequences with the length of two, and it

continues to the whole sequence of x.
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This strategy provides us with the Newton polytope of x, N(x). Also, c(x,y), which is the
feature vector of experimentally determined structure, is available for different set of RNAs.

Therefore, the problem is reduced to check if c(x,y) € N(x), i.e. c(x, y) places on the boundary

of N(x).

Implementation

The proposed dynamic programming algorithm for computation of the Newton polytope has
been implemented in MATLAB. Also, other related codes, which help in analysis of the result,
are written in MATLAB. MATLAB has its own convex hull function, which works with one of
the fastest algorithm for convex hull computation, Quick hull [66]. The Minkowski sum of two

polytopes was simply implemented as the pair wise summation of vertices of those two

polytopes.

It is important to note that there are two common ways to represent a polytope, and each
approach has its own advantages. A polytope can be represented by its vertices, i.e. as a set of
points. Also a polytope can be defined by a set of inequalities or its half planes. The former or
the vertex representation, which is used here, is more convenient for the Minkowski sum
calculation, but half plane representation is more efficient for convex hull of union. The most
complex part in this method is the convex hull computation, which makes the worst case

complexity of our algorithm exponential.

To check if c(x,y) lies on the boundary of N(x), r(x) the distance between c(x,y) and the
planes (or edges) that build the boundary of N(x) is calculated. In some cases for this

calculation, function ‘p-poly-dist’ has been used [67]. Clearly, r(x) = 0 means that the feature
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vector places on the boundary, and the necessary condition for learnability is satisfied. In the

case that c(x, y) is inside the Newton polytope, this calculated distance is positive.

As input, 2300 unpseudoknotted RNA sequences and their experimentally determined
structures from RNA STRAND v2.0 database have been used (65). The lengths of those
sequences vary from 4 nt to ~1000 nt. The wide range of RNA lengths in this data set makes it
proper for our application. The implemented program ran on 2.5 GHz 12 Core AMD Opteron

CPU.

Results

After computing the Newton polytope for each strand and extracting their feature vectors
from experimentally observed structures, r(x) the distance between them is calculated. Besides
N(x) for the three dimensional energy model, Newton polygon for a two dimensional model,

correspondent to A-U and C-G pairs, is also calculated.

Figures 13, 14, and 15 demonstrate the Newton polytopes from the 3D model and the Newton
polygons from the 2D model for three different RNA strands. The first RNA is a ribosomal RNA
with 116 nt. Using the 2D energy model, the distance between boundaries of polytope and the
feature vector is 10; however, in three dimensional model c(x,y) gets closer to the Newton

polygon and r(x) = 2.
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Figure 13 - (Top) The 3D Newton Polytope of a Ribosomal RNA, r(x) = 2. (Bottom) The 2D Newton Polygon of the same

RNA, r(x) = 10.

In Figure 14, RNA is a shorter one with 32 nt in length. In that case, the feature vector lies on

the boundary of the polytope in three dimensional energy model, but in 2D model r(x) = 2.
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There is no G-U pair in the structure of this RNA, and as a result in 3D model, the feature vector

places on the face c;(x,y) = 0.

The point is on the surface

GU pairs

CG pairs Al pairs

Final Polygon for HIV—1 RRE-IIB RNA (2D)

Number of CG Base Pairs

0 1 2 3 4 5 6 7
Number of AU Base Pairs

Figure 14 - (Top) The 3D Newton Polytope of HIV RRE-IIB RNA, r(x) = 0. (Bottom) The 2D Newton Polygon of the same
RNA, r(x) = 2.
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The third RNA in Figure 15 is a 121 nt long E. coli 5s Ribosomal RNA. In this example, the

distance is not different in the two energy models.

The point is NOT on the surface

40, s
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0 5 10 15 20 25 30 35 40
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Figure 15 - (Top) The 3D Newton Polytope of 5S Ribosomal RNA, r(x) = 7. (Bottom) The 2D Newton Polygon of the same
RNA, r(x) = 7.
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Clearly in 3D model, we expect a 3D volume as the result; however, there are some
exceptional cases that produce 2D polygons or just a line as the Newton polytope in 3D energy
model. The reason is that one or two types of base pairs cannot happen in the secondary

structure, for instance when the strand does not include one or two types of the bases.

The histograms of the calculated distance r(x) are demonstrated in Figure 16 and Figure 18.
Other two histograms in Figure 17 and Figure 19 are correspondent to the normalized distance.
In 3D model, distance is normalized with the third root of the polytope volume, and in 2D model

the normalization factor is the square root of polygon area.
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Figure 16-Histogram of r(x) in the 3D energy Model.
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Figure 17- Histogram of normalized r(x) in 3D model.

These histograms are all based on the computed distance for 2300 strands of RNA. In Figure
16, which illustrates the distance histogram for 3D model, we can see that for 934 or 41% of
strands, r = 0. For 439 (20%) of RNAs, the distance between the feature vector and the Newton
polytope is less than or equal to one and not zero. Only for less than 1% of strands, this distance
goes larger than 18. In 2D distance histogram, for 99 strands of RNA, r is larger than 15. For

361 strands the feature vector places on the boundary of polygon.
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Figure 19 - Histogram of normalized r(x) in the 2D model.

The number of faces for the Newton polytope in the three dimensional model is computed.
Figure 20 demonstrates the histogram of number of faces. This number can range from 5 to more

than 75. More than 58% of RNAs in this dataset produce polytopes with less than 20 faces.
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Figure 20 - Histogram of number of faces of the 3D Polytope.

The last two figures demonstrate the relation between the length of strands and number of vertices in

Newton polytopes.
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Number of Polyhedron Vertices vs. Strand Length
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Figure 21 - Number of vertices vs. strand length in 3D model.
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Number of Polygon Yertices vs. Strand Length
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Figure 22 - Number of vertices vs. strand length in 2D model.

Conclusion and future work

This thesis started with a review on different RNA secondary structure prediction technigues,
addressing their advantages and drawbacks. Based on these methods and their characteristics,

few gaps and possible ways to improve the field were addressed.

In the next part, the focus was on the inherent limitation of energy model, which makes
achieving high accuracy with the existing methods impossible. The notion of learnability was
introduced to measure the potential of energy models. The necessary condition for a learnable
model was defined, and the required dynamic programming to verify this condition, which works

based on the computation of the Newton polytope of the partition function, was purposed. To
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examine the suggested method, we applied this theory on a 3D energy model, including A-U, C-
G and G-U counts. For 40% of the input strands, the condition was satisfied. For almost 20% of
the RNAs in the dataset, the condition was not satisfied, but the violation is small. Hence, we
suggest that expanding the energy model may help to satisfy the condition for these RNAs. For
the rest of strands, the necessary condition was violated significantly. These cases are the

subjects of future investigations.

Because of the computation of convex hull in the suggested algorithm, it has an exponential
complexity; however, we hope to decrease this complexity by dimensionality reduction

techniques.

The next step is to investigate the sufficient condition for a set of parameters to be learnable

and the generalization power of a learnable set.

To the best of our knowledge, the introduced approach in [63] is the first systematic way to
analyze the suitability of an energy model, and it can be a beginning point for further research.
Eventually, this method can help to find an optimal set of features, which includes the entire
required sub-structures for the RNA structure prediction. A sufficient number of RNA strands,
which cover all of these features, can be designed and built synthetically to provide us the

necessary thermodynamic measurements, more efficiently.
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Computational RNA secondary structure prediction has been a topic of much research
interest for several decades now. Despite all the progress made in the field, even the state-of-
the-art algorithms do not provide satisfying results, and the accuracy of output is limited for all
the existent tools. Very complex energy models, different parameter estimation methods, and
recent machine learning approaches had not been the answer for this problem. We believe that
the first step to achieve results with high quality is to use the energy model with the potential
for predicting accurate output. Hence, it is necessary to have a systematic way to analyze the
suitability of an energy model. We introduced the notion of learnability to measure this
suitability. A learnable energy model has at least one subset of parameters that can render
every known RNA to date the minimum free energy structure, which means 100% accuracy.
We also found the necessary condition for a model to be learnable and implemented the
dynamic programming based algorithm to asses this condition for a set of RNAs. This
algorithm computes the convex hull of all possible feature vectors for a sequence. With the
partition function as a polynomial, this convex hull is also the Newton polytope of the partition
function. To the best of our knowledge, this is the first systematic approach for evaluating the

inherent capability of an energy model.



58

Autobiographical statement

My way towards an academic life began with my entrance to Farzanegan High School, which
is a branch of NODET (National Organization for Developing Exceptional Talents). Studying
among talented students and experienced teachers in this school helped me greatly in developing
my skills in my favorite fields such as mathematics and programming. This background helped
me to rank 57" among 400,000 students in the national University Entrance Exam (Konkoor) in
2006. In that year, | started my undergraduate studies in Electrical Engineering (EE) Department
of Sharif University of Technology.

According to my rank in Konkoor, | was able to choose any major to study. | wanted to study
in a field which is highly correlated with math and programming and also provides me
opportunities for research and innovation. After examining all features, | decided to continue my
studies in EE department because of the great academic atmosphere it possesses due to highly
motivated students and brilliant professors. However, later | found out that if | had more
information about computer science major, it could be my choice. The first 2 years of university
provided me with basics and also introduced different areas of specialization in electrical
engineering. In the 3" year with deeper understanding of these areas | chose Control as my
specialization. Studying in Control gave me the opportunity to know about Al, Neural Network,
machine learning, and robotics. | became familiar with Bioinformatics and later Computational
Biology as an application for Machine Learning and clustering. In that time, the idea of being an
engineer who works in Biology with creation and designing new tools to analyze Biological data
was very interesting for me.

When | decided to apply abroad for my graduate studies, | thought with this opportunity to
continue my studies in a proper environment, with facilitated lab and under the supervision of the
best professors, | can continue my studies in computer science, which covers my interests in a
better way. Although | knew with a different academic background, it would be more difficult to
find a good research position; | tried to do my best to continue my academic way in computer
science with a focus on Bioinfornatics. In 2011, | started my graduate studies in the Computer
Science department of Wayne State University under supervision of Prof. Hamidreza Chitsaz in
Algorithmic Biology lab. Bioinformatics is the strongest group in this department. | have been
doing research in different areas of bioinformatics including next generation sequencing and
RNA secondary structure prediction in the last three years. A big part of what | have done during
this period has been reported in my master thesis and also published as a paper in 2013.

Finishing my master studies, now my ultimate academic goal is to achieve a PhD degree and
work as a researcher in academia or industry after that.



	Wayne State University
	1-1-2014
	The Rna Newton Polytope And Learnability Of Energy Parameters
	Elmirasadat Forouzmand
	Recommended Citation


	tmp.1421262724.pdf._6PSj

