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Abstract

RNAs are involved in different facets of biological processes; including but not limited
to controlling and inhibiting gene expressions, enabling transcription and translation from
DNA to proteins, in processes involving diseases such as cancer, and virus-host interactions.
As such, there are useful applications that may arise from studies and analyses involving
RNAs, such as detecting cancer by measuring the abundance of specific RNAs, detecting
and identifying infections involving RNA viruses, identifying the origins of and relationships
between RNA viruses, and identifying potential targets when designing novel drugs.

Extracting sequences from RNA samples is usually not a major limitation anymore
thanks to sequencing technologies such as RNA-Seq. However, accurately identifying and
analyzing the extracted sequences is often still the bottleneck when it comes to developing
RNA-based applications.

Like proteins, functional RNAs are able to fold into complex structures in order to
perform specific functions throughout their lifecycle. This suggests that structural infor-
mation can be used to identify or classify RNA sequences, in addition to the sequence
information of the RNA itself. Furthermore, a strand of RNA may have more than one
possible structural conformations it can fold into, and it is also possible for a strand to
form different structures in vivo and in wvitro. However, past studies that utilized sec-
ondary structure information for RNA identification purposes have relied on one predicted
secondary structure for each RNA sequence, despite the possible one-to-many relationship
between a strand of RNA and the possible secondary structures. Therefore, we hypothe-
sized that using a representation that includes the multiple possible secondary structures
of an RNA for classification purposes may improve the classification performance.

We proposed and built a pipeline that produces secondary structure fingerprints given a
sequence of RNA, that takes into account the aforementioned multiple possible secondary
structures for a single RNA. Using this pipeline, we explored and developed different types
of secondary structure fingerprints in our studies. A type of fingerprints serves as high-level
topological representations of the RNA structure, while another type represents matches
with common known RNA secondary structure motifs we have curated from databases and
the literature. Next, to test our hypothesis, the different fingerprints are then used with
deep learning and with different datasets, alone and together with various sequence-based
features, to investigate how the secondary structure fingerprints affect the classification
performance.

Finally, by analyzing our findings, we also propose approaches that can be adopted
by future studies to further improve our secondary structure fingerprints and classification
performance.
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Chapter 1

Introduction

A higher proportion of the human DNA codes for non-coding RNA instead of proteins [117].
These RNAs play a wide variety of roles in biological processes; from being involved in the
protein-coding process itself by translating coding/messenger RNA into amino acids [2],
to regulating and controlling various “cellular processes” including in diseases such as
cancer [0,20,27], and even forming “regulatory networks” in the nervous system [117].
RNA also serves as the building blocks of viruses in the case of RNA viruses, such as the
widespread HIV [21], the SARS-CoV [03], and the recent SARS-CoV-2 of the COVID-19
pandemic [118]. All of these are possible for RNA molecules, thanks to their capability to
not only carry genetic information, but also to form structures on their own and interact
with other molecules directly [151].

As RNA is involved in many facets of biological lives, studies on RNA can result in

many practical applications, including drug targeting [150], gene expression inhibition [35],
cancer detection [22,92], cancer prognosis [22], and detection of viral infection and virus
identification [22].

1.1 Motivation

Many of the RNA-related applications, including the previously mentioned cancer and
viral detection [22], stem from reading the RNA sequences, typically using techniques like
RNA-seq [119]. Although reading the raw sequences itself is no longer a bottleneck, there
is still room for improvements when it comes to analysis, processing, and identification of
the raw sequences. This is especially true in cases where the reference/annotated genome



is not yet available to compare and map the raw sequences to (e.g. reading novel or
unknown sequences), and thus computational techniques are required to identify the read
sequences [34].

This room for contribution in identifying RNA sequences on their own without reference
genomes is the primary motivation and focus of this thesis. In particular, this thesis focuses
on building and exploring different types of sequence representations, which are then used
with deep learning techniques to identify or classify RNA sequences.

There are two main reasons that motivated the use of sequence representations or fin-
gerprints, instead of the sequence themselves. First, there are cases where RNA structures
are conserved despite changes in the sequences, as long as the formed structures remain
functional [143, 151]. Therefore, some of the representations should capture the conserved
structural information, which may imply conserved function and the identity of the RNA,
even if the underlying sequence changes. Second, using the entire sequences with machine
and deep learning will require significantly larger amount of memory and computational
resources for longer sequences, which would in turn significantly limit the maximum length
of sequence that can be included in our studies with a reasonable amount of computational
resources. On the other hand, using representations of sequences with deep learning re-
quire significantly less memory, and thus longer sequences can be included in the studies.
As the results of our studies depend on these sequence representations, performance of the
different types of representations is also evaluated in this thesis.

When it comes to using RNA secondary structure (see Sections 1.2 and 2.2) information
for RNA classification and identification purposes, the previously proposed approaches have
mostly relied on secondary structure prediction tools [28,16,113]. For each RNA sequence,
the prediction tool is used to obtain a single most likely secondary structure, which is then
used as features for classification/identification 28,16, 113]. However, since it is possible
for a strand of RNA to have more than one secondary structure conformation [110], and
as a strand may form different structures in vivo, and in vitro or in silico [59,1341, 110]; we
decided to devise our approach such that information on these additional possible secondary
structure conformations for a strand of RNA would be taken into account (in contrast to
the approaches proposed by prior related studies), and therefore can be utilized as features
for RNA classification /identification purposes.

Meanwhile, our motivation to use deep learning in our studies is due to its demonstrated
ability to automatically extract abstract features [103], and reliably produce inference
even when the relationship between the input features and correct output inference is
unclear [7, 134].



1.2 Biological Question

RNA is one of the macromolecules that make up life [78]. One of its functions is to
carry genetic information, which is also a function of the DNA molecules. Similar to DNA
molecules, the information is carried and conveyed by the contiguous nucleotides that make
up a strand /sequence of RNA; and each nucleotide at each position within the sequence can
be one of the four possible bases: adenine, cytosine, guanine, and uracil [741]. Therefore, a
strand of RNA can be represented as a string, which primary possible characters at each
position are “A” “C”, “G”, and “U” (representing adenine, cytosine, guanine, and uracil
respectively at their corresponding position in the RNA strand).

As sequences are represented by strings, bioinformatics studies involving RNA se-
quences typically involve analyses of these strings. This means that string representation
techniques, such as the “n-grams” [32], are applicable and have been used for sequence
analyses.

Among others, two examples of biologically relevant information that can be inferred
from the string representations are: 1) evolutionary relationship and distance from string
similarity, and 2) identification of sequence motifs from string patterns. Natural biolog-
ical processes often involve sequence pattern identification as well; for example, immune
responses may be triggered by the recognition of “pathogen nucleic acids” [17], and certain
microRNA molecules (a type of non-coding RNA) involved in “gene regulation” were found
to have specific sequence patterns in order to recognize and bind to their complementary
targets [36]. Therefore, checking for the existence and/or prevalence of string patterns may
aid in identification and classification of RNA sequences.

In addition to carrying genetic information itself, unlike DNA but like protein, RNA
molecules are also capable of catalysis [21] — that is, taking part in the chemical reactions
within living organisms. This is possible as RNA molecules, again similar to peptides or
proteins, are able to fold into structures, starting from the simpler secondary structures
that can be represented in 2D, to a more complex 3D structure [110].

The nucleotides that make up a strand of RNA contribute to the formation of secondary
structures. Each nucleotide in the strand can either pair up and form stable hydrogen bonds
with another nucleotide in the strand [53], or they can be unpaired. Each paired nucleotide
participates in only one pair. The structure of the RNA strand can then be formed due
to the fact that the paired nucleotides interact with another nucleotide from a different
position in the strand, whereas the unpaired nucleotides do not interact with any other
nucleotide.

Typically, the interactions are formed by canonical base pairs, also known as Watson-



Crick base pairs [38, 106] — these pairs are adenine (A) and uracil (U), and guanine (G)
and cytosine (C) [38]. In addition to these canonical pairs, non-canonical pairs are also
possible [38,106]. One of the most common non-canonical pairs is guanine (G) and uracil
(U) [88], also known by the name of “G-U wobble” pair [116]. As the name suggests, the
wobble pair is not as stable/strong as the former pairs [146]. However, due to their higher
prevalence compared to other non-canonical pairs [38], the pair is allowed to interact in one
of our studies involving the production of secondary structure fingerprints from a sequence
(see Section 3.2).

Given these possible pairs to form a secondary structure, it is clear that for a strand
of RNA, there may be more than one possible secondary structure that can be formed
by the nucleotides. However, the stability of each of the possible structures may differ
from one another. Stability is often measured using free energy (£4) [110]. The nearest-
neighbor model is the most commonly used model to compute the free energy, see [39]
for the limitations of this model. A possible secondary structure with lower free energy is
more stable than an alternative possible structure with a higher free energy. Therefore,
among several possibilities of secondary structures for a strand of RNA, the structure with

the least free energy is often the correct structure.

However, in vivo, other factors such as the “RNA chaperones” may influence the RNA
folding process so that the structure with the least free energy is not always the preferred
form [59,131]. Thus, studies that involve identification of RNA structures and/or structure-
related functions should also take possible secondary structures into account, in addition
to the secondary structures with the lowest free energy in vitro or in silico.

In addition to free energy, other metrics have also been used to measure the likeliness
of a secondary structure given a sequence of RNA. For example, a metric measures the
weighted average distance between structures from different parts of the RNA; and the
lower the average distance, the better (also referred to as “ensemble centroids”) [13].

Although the secondary structure of a strand of RNA may be complex, especially for
strands with longer sequences, the secondary structure can be broken down into the RNA
“basic secondary structure elements”, which are: helix, loop, bulge, and junction [110].
A helix is made of consecutive nucleotides on one side paired with their corresponding
nucleotides on the other side, forming two sides of nucleotides interacting with one another.
A loop is formed when there are unpaired nucleotides on both and opposite sides of a helix
(internal loop), or at the end of a helix (hairpin loop). Meanwhile, a bulge is formed when
there are unpaired nucleotides only on one of the two sides of a helix; creating a “bulge”
on that side at the part with the unpaired nucleotides, as that aforementioned part is not
sticking to the other side. Finally, a junction is formed when 2 or more separate helices



join — in other words, a junction is the centre where multiple, separate helices connect.
Bulges and internal loops can be considered as 2-way junctions [11]. These basic structural
elements are illustrated in Figure 1.1. An example of an actual complex RNA structure
made up of these elements is shown in Figure 1.4. As RNA secondary structures comprise
of the basic structural elements, computational representations of secondary structures can
be made up of these elements.

Usually, the interactions between the nucleotides at different positions along the se-
quence do not “cross” another interaction (e.g. if the sequence of nucleotides is represented
as a straight line, a nucleotide at an inner position at one side of the line interacts with
another inner nucleotide at the other side, while an outer nucleotide at one side interacts
with an outer nucleotide at the other side; as illustrated in Figure 1.2) [114,155]. However,
there are cases where the interactions “cross” another interaction (e.g. outer nucleotides at
the left side of the sequence interact with inner nucleotides at the right side, while the outer
nucleotides at the right side interact with the inner nucleotides at the left side, as depicted
by Figure 1.3), forming an RNA structural element known as “pseudoknot” [ 14, 155].
An example of RNA secondary structure involving pseudoknots in addition to the basic
structural elements is shown in Figure 1.5. As pseudoknots may have functional roles in
RNAs [17,52,84,132], information on pseudoknots may be useful for identification and
classification of functional RNAs. However, secondary structure prediction and matching
involving pseudoknots requires more computational resources.
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Figure 1.1: Basic structural elements of an RNA: (a) shows a helix, (b) a bulge, (c) an
internal loop, (d) a hairpin loop, (e) a junction connecting 4 helices (i.e. a 4-way junction).



Figure 1.2: Pseudoknot-free base pair interactions.

Figure 1.3: Pseudoknotted base pair interactions.



Figure 1.4: Secondary structure of a ribosomal RNA consisting of the basic structural
elements, secondary structure illustration from the bpRNA database [37], RNA data from
the Rfam database [76,77].



Figure 1.5: Secondary structure of a Zika virus ssRNA involving pseudoknots (depicted by
the red lines), secondary structure illustration from the bpRNA database [37], RNA from
the RCSB Protein Data Bank [120].



Different RNA secondary structures may indicate different “functional capabilities” of
the RNA [11]. For instance, 4-way junctions are known to be involved in the functions of
“hairpin ribozymes” [14,152], while 3-way junctions are formed and used by the “telomerase
RNA” of “budding yeast species” [19]. In the latter case, the sequences were found to
vary among species, but the 3-way junction structure is conserved [19], which suggests
that secondary structures may be more important than the sequences themselves when it
comes to enabling the RNAs to function and take part in catalysis. Alphaviruses, which are
made of RNA, were also found to take advantage of specific secondary structures in order
to affect recognition of foreign RNAs by the hosts they infect [65]. When it comes to the
SARS-CoV-2 virus, although the functions are still unclear, parts of it were found to share
similar secondary structures with other viral species related to SARS in the coronavirus
family [118, 126]; which suggests that their close relationship could be inferred from the
secondary structures. Since secondary structures are involved in various RNA functions,
and as secondary structures may be conserved despite changes in the sequences; such
structural information may also be useful for RNA identification purposes, in addition to
the sequence information.

To summarize:

e Both sequence and secondary structure information are relevant to identify and clas-
sify RNAs.

e Specific sequence patterns may exist in RNAs whose functions depend on them,
while the degree of sequence similarity imply the evolutionary distance (and therefore
relationship) between the different sequences.

e However, secondary structures also play different roles in RNA functions; and in
some cases, secondary structures and their functions are consistent between RNAs
of different sequences.

e Therefore, we hypothesized that using features representing the possible secondary
structures that can be formed by a sequence of RNA, in addition to using sequence-
based features with deep learning, would tmprove the overall RNA classification per-
formance.

Thus, our studies, which involve building secondary structure features and evaluating
them with different datasets, sought to test and validate this hypothesis.
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1.3 Problem Statements

We have tested our proposed approach in 2 different studies. Both studies involve RNA
sequences in their datasets. The dataset in our first study is non-coding RNAs from the
Rfam 14.1 database [76,77] (see Section 4.1), while the second study involves RNA viruses
from the NCBI Virus [18] (see Section 4.2). The problem statements for the first and
second study are respectively as follow:

1. For a sequence of RNA belonging to one of the included Rfam [76,77] classes, the
classifier should correctly identify the corresponding RNA class using the provided
features representing the RNA sequence (i.e. 1 class per RNA sequence) [1341].

2. For a sequence of a RNA virus that is known to infect a specific host species, the clas-
sifier should correctly identify the susceptible host species among the other included
species, given the features representing the viral RNA sequence [135].

1.4 Contributions

The following list outlines our contributions:

e Designed and developed a novel pipeline to produce “fingerprints” of RNA secondary
structures from their sequences (consisting of scores based on free energy values) for
use with deep learning, given a set of matching rules; [134];

e Leveraged an existing method to represent RNA secondary structures based on
“graph theory” [11,50,68,101] in order to create a set of matching rules to produce
the RNA secondary structure fingerprints [131];

e Curated a set of common secondary structure motifs based on existing databases [37,
, 7] to create an additional separate set of matching rules to produce a separate
set of secondary structure fingerprints;

e Used and evaluated the secondary structure fingerprints and sequence-based fea-
tures (k-mers with different values of k), both on their own and together, on the
Rfam dataset [76,77] with deep learning to classify RNAs into their Rfam [70, 77]
classes [134];

11



e Finally, used and evaluated the secondary structure fingerprints and different se-
quence features (regular k-mers with varying k, and non-continuous k-mers or skip-
mers with various configurations), both separately and combined, on datasets con-
sisting of RNA virus sequences and the hosts they infect from NCBI Virus [18] with
deep learning in order to predict susceptibility of the different host species given viral
sequences [135].

The contributions and results of our work were presented in 2 accepted papers. They
are as follows:

e “Assessing the Use of Secondary Structure Fingerprints and Deep Learning to Clas-
sify RNA Sequences” (2020) [134]

e “Extracting and Evaluating Features from RNA Virus Sequences to Predict Host
Species Susceptibility Using Deep Learning” (in press) [137]
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Chapter 2

Literature Review

Prior work on RNA classification and identification have used either features derived from
sequence information, or features derived from secondary structure information. This
chapter begins with discussions of these related work and their possible limitations. Then,
the chapter continues with background information on a secondary structure representation
technique, used as a basis of one of our secondary structure fingerprint sets. Finally, the
chapter concludes with a discussion on deep learning.

2.1 Sequence Information for RN A Identification and
Classification

2.1.1 K-mer Overview

Numerous bioinformatics studies involving sequences, both DNA and RNA sequences, have
relied on k-mer instead of the raw sequences themselves. K-mer is also referred to as “n-
grams” [82], which counts and measures the prevalence of different possible substrings
from strings. In the context of bioinformatics, the possible characters in the substrings are
restricted to letters that represent biologically relevant information — for instance, for a
basic representation of a sequence of RNA, the possible characters would be “A”, “C”, “G”,
and “U”. A more comprehensive k-mer representation may include more possible characters
from the ITUPAC code of nucleic acids, which may be used in an extracted RNA sequence
when the exact nucleotides at the corresponding positions could not be determined [73].
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K-mers of two different strings allow approximate measurement of their “distance and
similarity” between each other [382]. K-mer forms a representation of a string by counting
the occurrences of possible substrings of length k for a set of possible characters. As an
example, for k = 2 with a set of possible characters consisting of “A”, “C”, “G” and “T”,
the possible substrings which occurrences in a string would be counted to form the k-mer
representation of that string are: “AA”, “AC”, “AG”, “AT”, “CA”, “CC”, “CG”, “CT”,
“GA”, “GC”, “GG”, “GT”, “TA”, “TC”, “TG”, and “TT”. The different distributions
of these substrings in different sequences can then be used to estimate their similarity
or dissimilarity [10]. As k-mer only counts occurrences of the possible substrings in a
sequence, positional information of the substrings within the sequence is not retained. This
also means that two different sequences may have the exact same k-mer representation if
the occurrence counts of the possible substrings are the same, regardless of whether or not
there are differences in positions of substring occurrences between the sequences [13].

In addition, depending on the length of the sequences, performing analyses and com-
parison on k-mers instead of the sequences themselves may be more efficient, especially for
longer sequences. K-mers of length & with a number of possible substring characters of
p will produce p* features that can then be analyzed and compared with, irrespective of
the sequence length. Thus, given the same amount of computational resources, analyzing
k-mers instead of the original sequences will allow longer sequences to be included in the
analyses.

2.1.2 K-mer in Prior Studies

K-mers have been used for various RNA identification and classification purposes in previ-
ous studies. For instance, k-mer was used in order to classify sequences of microRNA into
their species [157]. In addition to sequence motifs, k-mer representations of “k = 1,2,3”
were combined and used with random forest in the study, and an average classification
accuracy exceeding 80% was achieved [157].

A different application of k-mers was demonstrated in another study, in which k-mer
features were used to identify the functions of long non-coding RNAs (IncRNA) [81]. The
authors hypothesized that using k-mers would be more useful to identify IncRNAs com-
pared to checking for similarity using traditional alignment-based methods, as the existence
of protein binding sequence motifs “may be more important” than their location in the
IncRNA strand [31]. In other words, IncRNAs that are related in function could have
similar sequence motifs without sharing similar complete sequences [$1]. In addition, these
binding motifs are often short, and therefore, the authors justified that k-mers with k
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within the range of 3 to 8 may be useful to infer the prevalence of the short binding se-
quence motifs [¢1]. They indeed found and concluded that their k-mer based approach
can be used to identify functionally related IncRNAs, including IncRNAs without “linear
sequence similarity” [$1].

When it comes to RNA viruses, k-mers have also been utilized to analyze and classify
viral sequences. In one study, k-mer features were utilized with different machine learning
algorithms (support vector machines, random forest, etc.) in order to classify sequences of
HIV-1 viruses into their subtypes, which is a clinically relevant application [130]. By using
and trying out different machine learning techniques to analyze k-mer representations of
the different HIV-1 viral sequences, they achieved a maximum accuracy of 96.49% [130)].
Furthermore, their k-mer based approach has also been tested with other species of RNA
viruses, namely “dengue”, “hepatitis B”, “hepatitis C”, and “influenza A”; and achieved
overall classification accuracy that exceeds 95% [130)].

A different study, which is related to one of our studies involving RNA viruses, has
used k-mers as one of the input features in order to classify virus infectivity across 9
host genera [158]. They found that their “relative word frequency vector” performed best
with random forest, which achieved area under the receiver-operating curve (AUC) of over

0.85 [15).

Similarly, another study also related to our RNA virus study has utilized k-mers to
identify which host does a specific viral sequence infects; although unlike our study, the
hosts are limited to prokaryotic hosts [3]. The authors claimed that k-mers are suitable for
this problem; because viral replication relies on the “translational machinery of its host”,
and in turn, viruses may “share highly similar patterns in codon usage or short nucleotide
words (k-mers) with their hosts” due to selection pressures [3]. With k-mer of length 9, one
of their approaches covered in the study achieved an AUC of 0.90 [3]. However, when it
comes to accuracy, only host prediction at the class, phylum, and domain levels managed
to exceed 70% with the same length of k-mer [3].

Finally, another k-mer based application, VirFinder, has demonstrated that k-mer rep-
resentations can be used to distinguish viral sequences from host sequences given “mixed

metagenomes containing both viral and host contigs” [119]. The performance was mea-
sured by AUC as well, which exceeded 90% [119].

As k-mer features were found to be versatile in previous studies for a wide variety
of classification and identification purposes, our studies have also included k-mers as one
of the feature types for classification. K-mers were used both alone and in conjunction
with other feature types, in order to compare their performance alone and the additional
contributions k-mers make when combined with other features.
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2.1.3 Non-continuous K-mer Overview

Despite the versatility of k-mers, the length of substrings that can be captured is limited
to the value of k. If the sequence motif in a particular dataset that are useful for sequence
identification is longer than k, the existence of these motifs relative to other sequence
motifs will not be effectively represented in the k-mer representations; and as a result, the
identification accuracy will be sub-optimal.

One solution to address this problem is by simply increasing the value of k. However,
the size of the k-mer representation grows exponentially with every increase of k; since for
k-mer with 4 possible nucleotides (4-mer), a representation for a single sequence consists
of 4% values. This, in turn, will result in a higher computational resources requirement
needed to analyze and compare the k-mer representations with one another.

Another possible solution to cover longer sequence motifs is by using non-continuous
k-mers, also known as “gapped k-mers” [23,51], “skip-mers” [31], or “spaced k-mers” [13]
in previous studies. Unlike regular k-mers, which substrings consist of characters that
have to be matched against at all positions, substrings of non-continuous k-mers contains
“gaps” [01] at certain positions which do not have to be matched against. In other words,
an occurrence of a regular k-mer substring within a sequence match all of the substring
characters at all positions, while an occurrence of a non-continuous k-mer substring within
a sequence allow non-matching characters as specified by the non-continuous k-mer sub-
string/configuration.

To illustrate this difference, consider the following example. One of the possible sub-
strings of a regular 2-mer which set of possible characters are “A”, “C”, “G”, “U” is “AU”.
The sequence “AAUAAU” has 2 occurrences of “AU” (at position 2 to 3, and at position
5 to 6). In contrast to the regular k-mer substring, an example of a non-continuous k-mer
substring for the same set of possible characters is “A*U”, where “*” represent a character
that can be skipped (or matched with any character) at that position. Thus, the same
sequence “AAUAAU” has 2 occurrences of “A*U”, both of which are “AAU” (at position
1 to 3, and 4 to 6).

Due to the skippable characters, the number of possible substrings of a non-continuous
k-mer is less than the number of possible substrings of a regular k-mer of the same sub-
string length and same set of possible characters. As an example to illustrate this, a
non-continuous k-mer which substring length is 3, skips every other character, and which
possible characters are “A”, “C”, “G”, and “U”, will only have the following combination
of possible substrings: “A*A”, “A*C”, “A*G”, “A*U”, “C*A”, “C*C”, “C*G@”, “C*U”,
“GHAY, “GHC7, “G*G7, “GXU7, “U*A”, “U*C”, “U*G”, and “U*U”, (i.e. 42 possible sub-
strings, where 2 is the number of characters that have to match); whereas a regular k-mer
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with the same set of possible characters and same substring length will have 43 possible
substrings. These “gaps” [71] or skips allow non-continuous k-mers to capture prevalence
of longer sequence motifs with the same number of possible substrings combination, which
also means that the resulting representation to be analyzed and compared will also be of
the same size (i.e. have the same number of values representing the counts of each possible
substrings) as a regular k-mer representation (of equivalent substring length and the same
set of possible characters) that can only capture shorter sequence motifs. Despite of this
advantage, it is important to note that due to the inexact nature of the matches, non-
continuous k-mers are less suitable to capture exact sequence motifs, and are only capable
of capturing inexact ones.

Different forms of non-continuous k-mers specification have been used in prior studies.
For a simple non-continuous k-mer used in our study [135] and in a past study [3!], con-
secutive characters that have to match are followed by the consecutive skipped characters,
and vice versa — in short, consecutive match characters and consecutive skip characters
alternate.

In addition to the set of possible characters that is also applicable to regular k-mers, a
configuration of a simple non-continuous k-mer can be defined by the following [31, 135]:

e Number of consecutive characters that have to match,
e Number of consecutive characters that do not have to match (i.e. skipped characters),

e Either length of the substrings (i.e. sum of the number of matching characters, and
the number of skipped characters) [135], or the number of matching characters [31].

An example configuration that illustrates how the three specification can define non-
continuous k-mers is shown in Figure 2.1.

In addition to this setup of non-continuous k-mers, other studies have also experimented
with more specific non-continuous k-mers, in which the positions of matching characters
and skipped characters are predetermined instead of alternating [13]. A different, more
flexible setup of non-continuous k-mers allow the skipped/mismatching characters to be
placed in any positions within the substrings, as long as the number of mismatching char-
acters is equal to the expected number of skipped characters [51].

2.1.4 Non-continuous K-mer in Prior Studies

The effectiveness of regular k-mers and “gapped” k-mers as features to distinguish different
sequences were compared in one study that attempts to classify “Transcription Factor
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total length =5
(matching characters + skip characters)

Figure 2.1: An example configuration of non-continuous k-mer with alternating matching
and skipped characters. Boxes indicate positions of characters that have to match, while
asterisk indicate the position that can be skipped. Adapted from [31].

Binding Sites (TFBS)” [51]. The different types of k-mers were used separately with
support vector machine in order to predict “CTCF” [100] “binding sites” [51]. “CTCF”
was chosen due to its known capability to bind to long sequences [51], while the human
genome was used as the “binding specificity” of the transcription factor has previously
been analyzed in the genome [51,80]. For regular k-mers in the study, different values of
k from 6 to 20 were used and assessed; while for the gapped counterparts, the number of
matching characters remained at 6, but the different total length values ranging from 6
to 20 (with varying/flexible gap positions instead of alternating) were assessed [51]. The
prediction performance for the tested representations was measured in AUC. As expected
by the authors, due to the known long “binding sites” sequences, gapped k-mer of total
length 14 with 6 matching characters performed best with an AUC of 96.7%, whereas
the best result of regular k-mers was achieved with k£ = 10 resulting in a lower AUC of
91.2% [51]. In addition, the authors noticed an interesting trend where using k-mers with
k > 10 resulted in overfitting, whereas their gapped k-mers did not result in overfitting
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even when the total substring length is increased [51].

Another study has compared k-mer, alternating “spaced k-mer” (where consecutive
matching characters are followed by consecutive skipped characters, and the latter is then
again followed by the former), and “irregular” “spaced k-mer”, when it comes to rebuilding
the phylogenetic trees — trees that depicts the evolutionary relationship between the dif-
ferent sequences [15]. Traditional methods to build such trees involve the computationally
demanding sequence alignment process, which means similarity in different sequences are
aligned together first before comparison is made. This process is needed as changes from
one sequence to another may involve insertions or deletions, thus the similar and relevant
parts of the different sequences may be located in different positions. However, none of the
k-mer based method require sequence alignment [15]. The different types of k-mers were
used to estimate how close or how far are 2 different sequences related to each other, and
thus, the tree depicting the relationships between different sequences can be built from
these estimated relatedness. Both DNA and protein sequences, and both real and simu-
lated sequences, were used in their study [I5]. The performance measurements between
the different types of k-mers are made by comparing the trees rebuilt from the different
k-mer features with the corresponding “reliable” reference trees [15]. To summarize their
findings, when it comes to synthetic DNA sequences, they found that the spaced k-mers
performed better than the continuous k-mer; with the number of matching characters of
10 for the former, and k£ = 10 for the latter (therefore the numbers of characters that
have to match for both types of k-mers are equal; i.e. 10 was chosen as k = 10 performed
the best with the continuous regular k-mer) [15]. However, when using a different DNA
dataset, namely the “primate mitochondrial genomes”, they found that using the regular
continuous k-mer (with k = 8, as it was the best performing value of k when used with
the regular k-mer) resulted in a more accurate rebuilt tree, compared to when the tree is
rebuilt with the spaced k-mers (with the number of matching characters of 8, in order to
match £ = 8 as done with the previous dataset). When it comes to the datasets containing
protein sequences, k = 4 performed best in all but one of the datasets. Therefore, similar
to the approach used to test the different k-mers with the DNA sequence datasets, the
number of matching characters used for the spaced k-mers are 4 as well. The results show
that, for all of the real datasets and almost all of the synthetic datasets, all but one of
spaced k-mers consistently outperformed the continuous k-mers [15]. Unlike the previous
study which results conclusively show that non-continuous k-mers performed better than
the regular continuous k-mers, the results of this study implies that the performance of
the different types of k-mers depends on the dataset being studied.

Similar to continuous k-mers, non-continuous k-mers can be used for a variety of ap-
plications, as shown by previous study solving different problems. However, between the
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two types of k-mers, one type may be more suitable than the other type depending on the
dataset and the problem being solved. Therefore, as with the other feature types used in
our study; to measure how non-continuous k-mers perform on their own compared to the
other feature types, and how non-continuous k-mers affect classification results when com-
bined with the other feature types; classification performance using both non-continuous
k-mers alone, and non-continuous k-mers combined with the other feature types, were
evaluated in our study.

2.2 Secondary Structure Information for RNA Iden-
tification and Classification

Due to the importance of secondary structure in functional RNAs [110], secondary structure
information may provide useful information about the identity or class of a sequence of
RNA. This especially true for RNAs that do not code for proteins, but do have their own
specific functions; as structural information of such non-coding RNA are known to provide
clues about their different functions [16,99].

Different tools to either predict or extract secondary structure information from a
sequence exist, such as IPknot [122] and RNAMotif [96]. Depending on the identifica-
tion/classification approach, these tools are usually used to derive the structural informa-
tion, which is then used in order to identify the RNA in question.

2.2.1 Secondary Structure Information in Prior Studies

In one study on RNA classification, the IPknot program [122] was used in order to
turn RNA sequences into predicted secondary structures, after which the predicted sec-
ondary structures are broken down into their substructures with a different program named
MoSS [16], which are then converted into deep learning input vectors [16]. A sequence may
have a specific broken down substructure, whereas another sequence may not have that spe-
cific substructure; and therefore, the deep learning feature vectors in the study were formed
by concatenating boolean values indicating whether or not a specific substructure can be
found in the predicted secondary structure for each of the sequences [16]. The dataset
was obtained from Rfam [76,77], and 13 RNA classes as annotated in the Rfam dataset
were used in the study: “miRNA, 5S rRNA, 5.85 rRNA, ribozymes, CD-box, HACA-box,
scaRNA, tRNA, Intron gpl, Intron gpll, IRES, leader, riboswitch” [16]. A deep learning
architecture consisting of convolutional neural network (CNN) layers was trained with their
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training dataset, and the trained models were evaluated using 10-fold cross validation with
a separate dataset which does not contain any of the sequences used during the training
process [16]. This proposed approach of using broken down predicted secondary structures
with a CNN-based deep neural network resulted in an overall classification accuracy of

74% [16).

A related study that also uses the IPknot [122] program proposed treating the pre-
dicted structures as graphs, then extract the “graph properties” of the different graphs,
which are then used as features to different machine learning algorithms, e.g. “BayeNet”,
naive bayes, multilayer perceptron, random forest, support vector machine, sequential
minimal optimization, “IBk” classifier [113]. The “graph properties” extracted from the
graphs representing the predicted RNA secondary structures are as follows: “articulation
points”, “average bibliographic coupling”, “average Burt’s constraint”, “average closeness
centrality”, “average co-citation coupling”, “average coreness”, “average degree”. “aver-
age edge betweenness”, “average node betweenness”, “average path length”, “diameter”,
“girth”, “graph density”, “maximum coreness”, “transitivity”, “variance of Burt’s con-
straint”, “variance of closeness centrality”, “variance of coreness”, “variance of edge be-
tweenness”, and “variance of node betweenness” [113]. Two sets of values representing
these graph properties were used with the machine learning algorithms: the first set con-
sists of the raw values, and the second set consists of values normalized to between -1 and
1 [113]. Finally, Rfam [76,77] was also the source of the dataset used in this study, and 18
of the RNA classes were used [!13]. This classification approach resulted in a maximum
sensitivity of 43.3% (using RandomForest with the raw instead of normalized values of the
graph properties) [113].

Finally, another attempt at using graph properties for RNA classification was made
by a similar study [28]. The Rfam [70,77] dataset was used as well to test the approach,
but one difference between this and the previous study is the program used to predict the
RNA secondary structures from the RNA sequences — the RNAfold program belonging to
ViennaRNA [61] predicted the secondary structures [28]. Using graph properties alone with
support vector machine to perform the classification, an overall “Matthew’s correlation
coefficient” (MCC) of 0.32 was achieved [28]. However, when the graph properties were
combined with other features containing “sequence homology” information, the overall
MCC increased to 0.446 [25].

2.2.2 Possible Limitation of Prior Studies

One common theme among these prior studies is how the initial secondary structure in-
formation is obtained — that is, by using a single predicted secondary structure produced
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by a prediction tool for each single sequence. Information about other possible secondary
structures that can be formed by the same RNA sequence, either of equal or different ther-
modynamic stability (i.e. free energy of the folded structure), is therefore not obtained in
this initial step.

However, it is possible for the additional information on other possible secondary struc-
tures to contribute to the classification/identification performance if such information was
obtained and used; as RNAs are indeed known to be able to form different structures,
some RNA species can stop folding at “non-equilibrium states” [1410], and the actual RNA
folding processes are not always going towards the least free energy (thermodynamically
stable) structure [134,140]. In addition, as previously mentioned, RNA secondary structure
formation processes in vivo may be affected by “RNA chaperone”, which are proteins that
are capable to influence and guide the RNA folding processes; which means that the actual
formed secondary structures in vivo may differ from the secondary structures formed in
vitro or the secondary structures predicted in silico [59, 134]. Using a single predicted
secondary structure for each single sequence does not account for these extra possibilities.

Furthermore, it is also possible for the single predicted secondary structure of a single
sequence to be inaccurate, or for a single sequence to have higher free energy (less thermo-
dynamically stable) alternative secondary structures that “just as likely to be correct as
the minimum free energy one”; due to “errors in the parameters and assumptions in the
calculation” [140].

This suggests that there is a possibility classification performance may be limited when
relying only on a single predicted secondary structure for each sequence. In other words,
taking into account the other possible secondary structure conformations instead of using
only one secondary structure for a sequence may provide additional useful information to
the classifier (e.g. machine learning algorithms or deep learning), which in turn, may result
in a greater overall classification or identification performance.

2.3 Graph Representation of Secondary Structure

Graph representations can be used to simplify complex secondary structure information,
and as an extension, a collection of graph representations can be used to represent a
collection of possible secondary structures that can be formed by a strand of RNA. The
collection of graph representations can be leveraged to represent a collection of possible
secondary structures for a single sequence. This provides a possible avenue to address
the limitation of prior related RNA classification approaches that use single predicted
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structure information per sequence. However, in order for the representation to be useful,
only biologically relevant graph representations should be used; using an arbitrary graph
representation or an arbitrary method to convert secondary structure information into
graphs may introduce biologically irrelevant information to the classifier.

2.3.1 “RNA-As-Graphs”

One of the existing methods to produce biologically relevant graph representations given
RNA secondary structures is “RNA-As-Graphs” (RAG) [11,50,68, 101]. It was designed
based on the “graph theory”, in which a single graph represents a secondary structure mo-
tif, i.e. a pattern in the structure that may be shared by different RNAs [50]. The different
graphs allow quantitative classification of the secondary structure motifs by their “topolog-
ical properties” and “connectivity patterns” [50, 134]. Hypothetically possible structural
motifs, in addition to motifs based on existing known RNA secondary structures, are in-
cluded in their collection — the inclusion of the former type is to aid research and discovery
of novel RNA secondary structures [50, 134]. The collection of these graph representations
are available from the RAG database [50].

Two different types of graphs are used in RAG: tree graphs, and dual graphs [50]. The
tree graphs are able to convey structural motif information containing any RNA secondary
structure elements (e.g. bulges, loops, etc.) with the exception of pseudoknots, while the
more complex dual graphs are additionally capable of conveying pseudoknots [50]. Due to
this difference, the steps to produce a graph motif representation from the raw secondary
structure also differ between the two types of graphs.

A tree graph structural motif representation is produced as follows [50] (illustrated in
Figure 2.2):

1. A bulge, hairpin loop, or internal loop with at least 2 unpaired nucleotides is con-
verted into a vertex [50],

2. The ends of the RNA secondary structure (5’ and 3’ ends) are also turned into a
vertex,

3. A stem/helix with at least 2 paired nucleotides is converted into an edge,

4. And finally, a junction with 3 or more stems/helices forms a vertex.

On the other hand, the following are the steps to produce a dual graph representation
from a secondary structure [50] (illustrated in Figure 2.3):
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1. A stem/helix with 2 or more consecutive paired nucleotides becomes a vertex,

2. Any other secondary structure elements (such as a loop, a junction, a bulge with
one or more unpaired nucleotide, and a stem that does not meet the criteria to be a
vertex) is represented as an edge.

Regardless of the differences between the two types of graphs, the complexity of the
represented structural motif can be measured by the count of vertices in the graph [50].
In addition, a graph representation with a lesser number of vertices may be a subgraph of
graphs with more vertices.

In short, RAG provides a biologically relevant way to represent RNA secondary struc-
ture motifs, and the representation includes both known secondary structures and hypo-
thetical secondary structures [50]. The graphs serve as high level topological representa-
tions, and as such, different RNA secondary structures may correspond to the same graph
representation. Due to its biological relevance and applicability; our study leveraged this
method to produce secondary structure fingerprints (derived from matches with the differ-
ent graphs/motifs, as described in Section 3.1), which include information about not just
one but multiple possible secondary structure conformations per strand of RNA [134].
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Figure 2.3: Different secondary structure elements and their dual graphs.
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2.4 Deep Learning

2.4.1 Supervised Learning and Artificial Neural Network

Machine learning strives to create algorithms/methods that are capable to learn from
experience [55]. Different approaches to machine learning are available [3%]. In our studies,
we focused on supervised learning with deep neural networks (which are artificial neural
networks).

Given a model that takes an input vector, and produces an output by processing the
input with a set of adjustable parameters; supervised learning refers to the process of
adjusting these parameters using known inputs and outputs, such that the model well
represents the relationship between the inputs and outputs [35]. Given enough learning
capacity of the model, adequate learning steps with sufficient quantity and quality of input-
output samples, a trained model would then be able to produce the correct output given
a new input. For a classification problem, which is relevant to our studies (e.g. the type
of RNA), the output is a representation of the class.

A “neuron”, which is based on actual neurons in a brain, is such trainable model — as

it takes input, processes the input with its parameters, and produces an output [38]. In
addition to parameters that are adjusted during the learning process, a neuron also has
parameters that are specified instead of learned (e.g. the “activation functions” [123]) —

these are also known as “hyperparameters” [15].

An “artificial neural network” connects different neurons together [38], and the entire
network itself also forms a trainable model as a whole; since it receives inputs, has parame-
ters (consisting of the parameters held by individual neurons and the connections between
the neurons), and outputs processed results. A neuron within a network can receive input
values from outside of the neural network (such neurons that receive inputs from the out-
side are also known as “input neurons”), or from another neuron within the neural network
(i.e. an output value of another neuron is used as an input) [123].

How the connections are made between the different neurons determine the shape of
the neural network, the flow of values, and therefore its overall behaviour and capability.
The connections between different neurons may also be “weighted”, which means that the
outgoing value to a neuron may be changed and differ from the incoming value [123]. These
weights can be adjusted as well during the learning process [123].

Supervised learning for a neural network works by providing an input, checking its
output, comparing the output with the desired output, and backpropagating the values
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derived from this difference between the outputs in order to adjust the weights (i.e. the
adjustable parameters); such that next time the neural network receives the input, the
output produced by the adjusted weights would be closer to the expected output [123]. The
backpropagated values are determined by and thus dependent on the “loss function” [36].
This process is typically repeated as needed (e.g. until a specified condition is met), or up
to a specified number of repetitions.

The consistency and quality of the samples used for training affects the outcome of
supervised learning, specifically the consistency and quality of the relationship (even if
complex) between the input features and the correct output [9].

In addition, it is also common for features to be preprocessed prior to being used, such
as being “normalized” [67,147], so that the possibly different ranges of raw values will not
introduce additional inconsistency.

2.4.2 Deep Neural Network

Neurons in a neural network are typically arranged in layers; with an input layer consisting
of neurons that receive input from outside of the network, hidden layers with neurons that
process/transform the input (using their parameters), and an output layer with neurons
that output the resulting processed data [38]. With this arrangement, the neurons on each
layer are connected to the neurons belonging to the next layer.

The number of layers between the input layer and the output layer determines whether
the network is “shallow” or “deep” — the latter is used in deep learning applications [123].
Deeper networks with more layers and neurons have more parameters that can be ad-
justed during training, which provide the neural network with greater learning capacity.
This makes deep neural networks more capable to handle a wider variety of problems
than the shallow neural networks, and even outperform other various machine learning
algorithms [20, 123, 144, 145].

Although more neurons, more connections, and/or deeper layers allow the neural net-
work to have greater capacity to learn, creating a neural network with too many neurons,
connections and/or layers can result in “overfitting” [30] — that is, the neural network will
be overly adapted to the data used to train it to the point where the ability to produce
correct outputs from unseen data is diminished. In other words, the trained parameters
(e.g. weights) do not represent a generalized solution for the actual problem to solve, but
are only specific to the trained data. Therefore, the size of the neural network should be
decided depending on the nature of the problem and the dataset.
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In our studies, different types of features derived from the RNA sequences have been
used, separately and combined, with supervised learning of deep neural networks to solve
the same problems; which allowed us to assess the overall quality, performance, and how
informative is each set of the different feature types when it comes to solving the problem
(i.e. RNA classification) compared to others [1371, 135].

2.4.3 Hyperparameters

The parameters involved in a deep learning process can be categorized into two types:
learned parameters [125] and hyperparameters [15]. Learned parameters, as the name
suggests, refer to parameters that are determined automatically during the learning process,
such as the weights of the connections between neurons [125]. In contrast, hyperparameters
refer to parameters about the model that are determined prior to the learning process,
which include but are not limited to the previously discussed “number of layers” and
“number of units” per layer — these parameters affect the learning process and therefore
would affect the learned parameters at the end of learning [15].

The optimal hyperparameters can be determined manually, or by using “hyperparam-
eter optimization” algorithms [15]. However, when it comes to deep learning, especially
with larger models and datasets, such automated hyperparameter optimization is compu-
tationally demanding — it requires large amounts of computational resources at the time
of this writing, making it “a hard problem in practice” [15]. Due to this computational
constraint at the present, and as automated hyperparameter search is not the focus of this
thesis, manual search was the primary method used to determine the hyperparameters of
the deep learning models in our studies.

Several key hyperparameters that are relevant to our studies include:

e “Number of layers” [15]: depth of the model,
e Number of neurons on each layer [15]: width of each layer,
e Number of “epochs” [75]: how many times/repetitions should the model be trained

with the entire training dataset,

“Batch size” [75]: how many training entries should be used to train and adjust the
model parameters at a time,

“Learning rate” [29]: the degree of adjustments that can be made to the trained
parameters at a time during the training process,
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e “Learning rate schedule” [93,130]: rules allowing the use of different/dynamic learn-
ing rates at different phases of the training process,

e “Optimizer” [29]: algorithm consisting of “update rules” — that is, how should the
trained parameters be updated given the currently produced output and the expected
output during training,

e “Loss function” [72]: a function that produces values representing the differences
between the model-predicted and expected output.

2.4.4 Classification Performance Measurement

There are several metrics that can be used to measure the classification performance of
classifiers (i.e. how correct are the classifications), including deep learning based classifiers.
These metrics take the following counts into account in order to calculate the classification
performance:

e True positive: number of items that are correctly predicted as belonging to a specific
class/category,

e [ulse positive: number of items that are incorrectly predicted as belonging to a
specific class/category (i.e. the items are actually of a different class/category),

e True negative: number of items that are correctly predicted as not belonging to a
specific class/category, and

e [ulse negative: number of items that are incorrectly predicted as not belonging to a
specific class/category (i.e. the items are actually of that specific class/category).

The metrics and their methods of calculation using these counts are summarized in
Table 2.1 [115].

For a binary classification problem (i.e. for each input, there are only 2 possible output
classes), these formula work well. However, for “multi-class classification” [129] problems,
where there are more than 2 possible classes to classify the inputs into, further calculation
steps need to be taken to obtain the overall classification performance covering all of the
classes.

The aforementioned counts used by the formulas (true positive, false positive, true
negative, and false negative) only considers the classification of 1 class (i.e. positive)
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Table 2.1: Different metrics to measure classification performance.

Metric Calculation Formula [115]
true positive + true negative
Accuracy — — . .
true positive + false positive + true negative + false negative
e true positive
Recall/Sensitivity — .
true positive + false negative
.. true positive
Precision — -
true positive + false positive
true positive
F1 P

false negative + false positive

2

true positive +

relative to one or more other classes (i.e. negative). Thus, in a multi-class problem, these
formulas will only allow performance classification of a single class at a time (i.e. 1 class
is considered the positive class, whereas the rest of the classes is considered the negative
class). In order to calculate the overall performance of the classifier spanning across all of
the classes; we can calculate the metrics for each of the classes (relative to the rest of the
classes) at a time, then take the average of these. For example, to calculate overall accuracy
of a classifier when it comes to classifying all of the available class, the accuracy values
for each of the classes would be calculated, these values would then be added/summed
together, then the sum can be divided by the number of classes [129]. This is illustrated
in (2.1), (2.2), and (2.3) for accuracy, recall/sensitivity, and precision respectively, where
m represents the number of classes and ¢ represents the current class [129].

Zm true positive. + true negative.
c=1 true positive. + true megative. + false positive. + false negative
macro avyg. accuracy = L < gativee + Jalse p et/ ga e
m
(2.1)
Zm true positive.
c=1 true positive. + false negative
macro average recall = b c t ] gonte (2.2)
m
Zm true positive.
.. c=1 true positive. + false positive
macro average precision = - c + Jolse p < (2.3)
m
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However, these formula do not take any class imbalance into account. Only the number
of classes is taken into account, meaning the average is “per-class” [129]. These are also
known as macro averages (e.g. macro accuracy, macro recall, and macro precision).

Since our studies involve class imbalance, further adjustments are needed so that the
measurements take such imbalance into account. Micro accuracy, recall, and precision
take class imbalance into consideration [129]. The adjusted formulas for micro accuracy,
micro recall, and micro precision are shown in (2.4), (2.5), (2.6) respectively. These are
the metrics that we used in our studies.

Yoot true positive. + true negative,

MICTO AVJ. ACCUTACY =
g Y EZ‘Zl true positive. + true negative. + false positive. + false negative.

(2.4)

™ true positive
micro average recall = — ZC_,I g P < . (2.5)
Zc:l true positive. + false negative,.

S true positive
c=1 p C

micro average precision = (2.6)

2?21 true positive. + false positive,.
In order to measure the generalized performance of a trained model, i.e. how well does the
model represent the general relationship between the input values and the expected output values
(as opposed to only knowing which output values to produce given a set of input values the model
was trained with), the data used to evaluate the model needs to be separate from the data used to
train the model [95,116]. For this reason, it is common for machine learning classification related
studies to “randomly split” the dataset into separate training set and evaluation/test set [95].

However, even with the separation of training and evaluation datasets, there may still be
“sample representativeness issues” [95], which means that the evaluation results may still be spe-
cific to the specific training set and evaluation/test set used (i.e. the evaluation results may be
different using a different training and evaluation sets). To address this issue, cross-validation
techniques are often used. These techniques, which include the “k-fold cross-validation” and
“leave-one-out cross-validation” (LOOCYV), provide a more general assessment of the model per-
formance which does not depend on a specific training set and a specific evaluation/test set [12].
Among the different techniques, LOOCV and 10-fold cross-validation were found to result in
least bias [12, , 128]. As such, the studies covered by this thesis have employed the 10-fold
cross-validation technique [12] in order to produce generalized performance assessments of the
different deep learning models and deep learning features. Additionally, since the datasets in
our studies involve class imbalances, the “stratified random sampling” technique [12] was also
employed. This ensures that the distribution of classes are preserved between each of the 10 data
subsets [12].
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2.4.5 Deep Learning in Prior Studies

The capability of deep learning techniques to uncover unknown and complex relationships between
the input values/features and output values has been shown in previous study, making deep
learning suitable for solving problems where such relationship between the input and output is
unknown [7, 134]. In cases of RNA classification and identification problems, this means that a
priori knowledge about the relationships between the input features being used (e.g. secondary
structure features, or k-mers) and the classes the RNA sequences are being classified into (e.g.
the type of RNA) are not required, and can be discovered by the deep neural networks during
the training process [7, 134].

Due to this robust capability, deep learning has been utilized by various published studies in
bioinformatics [5,7,16,57,134]. The input features being used with deep learning and the problems
to solve have also varied. For instance, “circDeep” uses 3 different types of “sequence descriptor”
with deep learning in order to determine whether a sequence of RNA is a circular RNA or a
different type of long non-coding RNA (i.e. a binary classification problem) [25]. Their network
configuration includes the “asymmetric convolutional neural network (ACNN) and bidirectional
long short-term memory (BLSTM)” architectures — the latter allows dependencies or relationships
between different parts of their sequence representation to be captured [25]. With their approach,
a maximum classification accuracy of 94.17% was achieved [25].

Another application of deep learning named “IncRNAnet” used preprocessed and encoded
sequence information in order to predict whether or not a sequence is a long non-coding RNA [10].
Their application consists of “convolutional neural networks” (CNN) to obtain indicators of open
reading frames (ORFs) in a sequence, and “long short-term memory (LSTM)” to determine if
the sequence is a long non-coding RNA based on the obtained ORF indicators and the one-hot
encoded sequence [10]. This approach attained classification accuracy between 81.20% to 91.83%
depending on the dataset being used [10].

Finally, a prior study related to the topic of this thesis, which involves multi-class RNA
classification from secondary structure information, had also utilized deep learning and the CNN
architecture in order to learn the relationship between the existence of specific substructures in
the predicted secondary structure and the class of RNA [16]. With their deep learning based
approach, a classification accuracy of approximately 74% was obtained, which the authors had
found to be superior to similar approaches using other machine learning techniques in place of
deep learning (such as support vector machine, which only resulted in a lower overall classification
accuracy of 67.36%) [10].
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Chapter 3

Methods

The first two sections of this chapter cover our two types secondary structure fingerprints (section
3.1 and 3.2). Sequence-based features, namely k-mers and “skip-mers” [31], are then covered in
the next two sections (section 3.3 and 3.4). Finally, section 3.5 covers the deep learning aspect
involved in all of our studies.

3.1 Graph-Based Secondary Structure Fingerprints

One of the feature types used in our study to classify RNAs is the secondary structure fingerprints
based on “RNA-As-Graphs” (RAG) [14,50,68,101]. Several steps were involved in designing our
approach to produce the RAG-based secondary structure fingerprints given an RNA sequence.

First, we decided to use the dual graphs representation instead of the tree graphs, as the former
graphs are able to represent pseudoknots (which are known to have various roles in functional
RNAs [17,52,84,132]) in the secondary structures [14,50, 134]. In other words, using the former
graph type would allow more information to be represented in the resulting secondary structure
fingerprints; as dual graphs representations also capture information that can be represented by
the latter graph type [14,50], but not vice versa.

We then decided to use dual graphs that are of 2 to 5 vertices. This limit is intended to create
a balance between the resulting deep learning input feature size (which depends on the number of
graphs) and the information contained by the fingerprints. Without the limit, the deep learning
input feature size may be overly large; which in turn, would negatively impact the computational
requirements of our proposed approach.

There are 3 possible dual graph representations with 2 vertices, 7 possible representations
with 3 vertices (out of 8 possible graph combinations), 17 possible representations with 4 vertices
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(out of 29 possible graph combinations), and 20 possible representations with 5 vertices (out of
110 possible graph combinations) [44,50]. Thus, in total, there are 47 graphs that are included
to build the secondary structure fingerprints.

Then, RNAMotif “descriptors” [96] representing these graphs are created. RNAMotif is a
bioinformatics tool that, given a sequence and a descriptor specifying secondary structures to
look for, searches for structural matches that can be formed by the provided sequence or parts
of the sequence [96]. In addition, the program also has the capability to score the secondary
structure matches that it finds [96]. Different scoring mechanisms, which users can choose or
derive from, are built into the program [96].

The relationship between a descriptor, sequence, and structural matches with their scores in
the context of RNAMotif is illustrated in Figure 3.1. Meanwhile, an example descriptor spec-
ifying a hairpin loop of 4 nucleotides in the loop and 3 nucleotides in the helix, is shown in
Figure 3.2. For an example input sequence of “AAAAAAAAAAGGGGUUUUUUUUUUUUU-
UUUUUUUUCCCCAAAAAAAAAAAA”, matches found and scored by RNAMotif using the
previously mentioned example descriptor is depicted in Figure 3.3.
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Score = 1.449 Score = 1.449 Score = 1.449
Match #1 Match #2 Match #3

and its score and its score

Figure 3.1: RNAMotif process: From a secondary structure descriptor and a sequence, to

secondary structure matches.

36

and its score



parms
chk_both_strs = 0;

descr
h5 (tag = '0', minlen = 3, maxlen = 3)
ss (minlen = 4, maxlen = 4)
h3 (tag = '0')

score {
SCORE = bits (h5['0'] ,h3['0']);
}

Figure 3.2: An example of a RNAMotif descriptor describing a hairpin loop. The first
part (“parms”) defines options, the second part (“descr”) defines the secondary structure,
while the third part (“score”) defines how we want matches to be scored (using the “bits”
function in this example).

AfAAAAAAAAGGGGUULULUULULUULUUUUUUDUCCCCARAALAAAA DAL
Match #1, Match #2,
score = 1.571 score = 1.571

Figure 3.3: Example matches (highlighted) produced by RNAMotif using the descriptor
in Figure 3.2 given an input sequence.
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The RAG representations are undirected [50], meanwhile, the descriptors for RNAMotif take
the direction of the RNA strand in the secondary structure into account [96]. This means, for
certain graph representations, there will be more than one corresponding descriptors if different
traversals of the same graph produced a different specific secondary structure. This difference is
illustrated in Figure 3.4 and Figure 3.5. The first traversal of the a graph representation consisting
of 3 vertices in Figure 3.4 would produce a secondary structure specification that starts with a
helix, followed by bulge, another helix, hairpin loop, and so on. Meanwhile, the second and
different traversal of the same graph shown in Figure 3.5 would result in a secondary structure
specification starting with a helix, then a hairpin loop, another helix, a bulge, and so on. In short,
a single RAG representation may have more than one different RNAMotif descriptors when the
same graph is traversed differently.

,,,,,,,,,, I s
.Start  End
................................. b End Start
S Ne—e—o o—o—o’.)\oo/ e

Figure 3.4: A sample traversal of a RAG representation (top) and its secondary structure
(bottom).

After the descriptors are produced for dual graph representations with 2 to 5 vertices, structure
matches and their scores can be obtained from a sequence using the program. When it comes
to scoring matches, we used the “bits” scoring function built into RNAMotif, which supports
pseudoknots and scores the matches based on the complexity of the sequence that contributes to
the formation of the secondary structure [96, 134, 153].

The matches and their scores are the building blocks of the secondary structure fingerprints
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S End Start.....

R ’ 5

Figure 3.5: Another sample traversal of the same RAG representation (top) and its sec-
ondary structure (bottom).

as follows [134]:

1.

Secondary structure matches and their scores of a sequence for each graph (i.e. graph #1
to graph #47) are obtained using RNAMotif and the corresponding descriptors;

For each RNAMotif descriptor (representing secondary structure from a specific traversal
of one of the graphs), if there are more than 1 match resulting from the sequence, the
match scores are averaged;

If there were no match against a secondary structure descriptor, the match score for that
descriptor and the sequence is set to 0;

For graph representations with more than 1 corresponding descriptor, the scores are aver-
aged as well to produce overall match score of that graph;

At this point, for a single sequence, we have 47 scores (i.e. score #1 to score #47 corre-
sponding to graph #1 to graph #47 respectively);

These scores are then normalized so that they range between 0 and 1 inclusively (i.e.
minimum score is 0, maximum score is 1, and scores in between are scaled accordingly in
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a linear fashion).

7. The normalized values become the secondary structure fingerprints to be used as
deep learning input features.

The steps to produce the averaged scores for each RAG graph given a sequence are illustrated
in Figure 3.6.
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Figure 3.6: From RAG representations to secondary structure fingerprints. The colours on
the graph, descriptor, and score icons represent which graph do the descriptors and scores
belong to.
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3.2 Common Secondary Structure Motif Fingerprints

The RAG-based secondary structure fingerprints do not contain nor represent information about
the thermodynamic stability or free energy of the matching secondary structure motifs, as no free
energy calculation was involved. RNAMotif does not support free energy calculation when pseu-
doknots are involved in the secondary structures, which is the case for some of the dual graphs
representations [50,96]. Therefore, in order to incorporate free energy values (which may provide
additional information about the RNA function [32,71]) into the fingerprints, we developed a
separate set of secondary structure fingerprints based on common, known RNA secondary struc-
ture motifs/patterns [134]. In addition to providing information on thermodynamic stability, this
additional set of fingerprints focuses on smaller/local secondary structure matches. Some of the
curated motifs also take sequence information into account.

The first step to build the fingerprints in this set is curating the common known RNA sec-
ondary structure motifs to be used [134]. This was done by consulting the Rfam database [76,77],
and various previous studies on RNA secondary structure motifs [54,069,79,83,87,89,

) ) ) ) ]

The second step is splitting the collected known secondary structure motifs into different
groups. This is done so that the simpler motifs with only basic RNA secondary structure elements
(such as a hairpin loop) will not be overly generic relative to the other motifs. In other words, there
will not be overly basic motifs that would otherwise have excessively high chances of producing
matches (i.e. almost always or always matches — thus are not as useful to make a distinction
between different sequences). This was done by analyzing secondary structure frequency in the
bpRNA database [37], which contains annotated RNA secondary structure data. This involves
parsing the database in order to extract distributions of different lengths and sides/locations
(i.e. 5" or 3’ side) of the common RNA secondary structure motifs. The extracted distributions
are illustrated in Figure 3.7, Figure 3.8, Figure 3.9, Figure 3.10, Figure 3.11, Figure 3.12, and
Figure 3.13.

) ) 9y
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Bulge (5' side) 1 20165 2208 10415 16793 964

Bulge (3' side) 1 31351 44426 2585 1265 564 348

1 2 3 4 5 6 7 8 9 10

Figure 3.7: Produced heatmap from parsing the bpRNA database [37] illustrating the
distribution of different bulge lengths on each side. The number in each cell is the number
of occurrences of the corresponding bulge in the database.

Internal loop (5' side) 1 106085 . 68032 42578 37955 3206 2401 1197 1099

Internal loop (3' side) 4 1H7ckle 96177 81780 70073 22149 18462 2497 1495 961

1 2 3 4 5 6 7 8 9 10

Figure 3.8: Produced heatmap from parsing the bpRNA database [37] illustrating the
distribution of different internal loop lengths on each side. The number in each cell is the
number of occurrences of the corresponding internal loop in the database.
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Internal Loop Length on 5' Side

Internal Loop Length on 3' Side

Figure 3.9: Produced heatmap from parsing the bpRNA database [37] illustrating the
distribution of different internal loop length combinations considering both sides at the
same time (i.e. distribution of length pairs consisting of length on the 5’ side and length
on the 3’ side. The number in each cell is the number of occurrences of the corresponding
internal loop in the database.
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Stem (5' side) REBEEIER 7215 160711 155379 201018 152413 93578 26323

SEURERSCEE 102459 1211908 188397 107935 173321 151078 129527 54852 123132

1 2 3 4 5 6 7 8 9 10

Figure 3.10: Produced heatmap from parsing the bpRNA database [37] illustrating the
distribution of continuous paired nucleotides lengths of stems on each side. The number
in each cell is the number of occurrences of the corresponding stems in the database.

VIV IiBIe ] IR 1O /5761 79574138156118709133599 63765 11321 21175 3607 18902
SENgIE 615 2207 13029.62240 6973512231662717 34303 21378

DUEOEIRE I 24801 11052 8471 7634 2050 2181 2182 10249 2455 6778

1 2 3 4 5 6 7 8 9 10

Figure 3.11: Produced heatmap from parsing the bpRNA database [37] illustrating the
distribution of different lengths of different types of loops. The number in each cell is the
number of occurrences of the corresponding loop in the database.
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Internal loop (5' side) JRNEELE0)

Internal loop (3' side) (REPAEE)

Bulge (5' side) (REIIFL

Bulge (3' side) MFE[PAS

Stem (5' side) {HEEE[]

Stem (3' side) RIZZEL)
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173321 151078 129527 54852 123132

6 7 8 9 10

Figure 3.12: Produced heatmap from parsing the bpRNA database [37] illustrating the
frequency distribution of different secondary structure elements with their corresponding
lengths on each side. The number in each cell is the number of occurrences of the corre-
sponding structure in the database.
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[T EIRIL N ERS T IB1 12859126793 96177 81780 70073 22149 18462 2497 1495 961 693 946
I TN GRS [IR14 7774109914 20165 2208 10415 16793 964 951 951 221 630 148
TN R123621 31351 44426 2585 1265 564 348 246 188 140 72 86

Stem (5' side) JiEElEVAEL 6071115537920101815241393578 26323 24841 26937

SR ERSER10245921190818839 07935173321151078129527 54852123132 33077 51471

1 2 3 4 5 6 7 8 9 10 11 12

Figure 3.13: Produced heatmap from parsing the bpRNA database [37] illustrating the
frequency distribution of all secondary structure elements and their corresponding lengths,
relative to each other. The number in each cell is the number of occurrences of the corre-
sponding structure in the database.
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With these distributions, we then split the simpler secondary structure motifs into different
length ranges and sides. For example, instead of including a bulge of any length and sides which
would produce excessive matches; the bulge are broken down into 12 different specific motifs
based on their lengths, sides (i.e. 5" or 3’), and in 2 cases, sequence.

At the end of the previously discussed steps and processes, our curated structural motifs used
to build the common motifs based secondary structure fingerprints are as follows [134]:

[

“Hairpin with a loop length of 3 nucleotides” [134],

2. “Hairpin with a loop length of 4 nucleotides whose sequence is GNRA (the ‘GNRA tetraloop’ [69,

D7 [134];

3. “Hairpin with a loop length of 4 nucleotides whose sequence is UNCG (the ‘UNCG tetraloop’ [90,

D7 s,

4. “Hairpin with a loop length of 4 nucleotides whose sequence is UMAC (the ‘UMAC
tetraloop’ [159])” [134],

5. “Hairpin with a loop length of 4 nucleotides whose sequence is CUUG” [134, 139, 112],
6. “Hairpin with a loop length of 4 nucleotides whose sequence is CUCG” [134, 139)],
7. “Hairpin with a loop length of 4 nucleotides whose sequence is GANC (the ‘GANC tetraloop’ [79])” [131],
8. “Hairpin with a loop length of 4 nucleotides whose sequence is ANYA” [83,110, 134],
9. “Hairpin with a loop length of 4 nucleotides with any sequence” [134],

10. “Hairpin with a loop length of 5 nucleotides” [134],

11. “Hairpin with a loop length of 6 nucleotides” [134],

12. “Hairpin with a loop length of 7 nucleotides” [134],

13. “Hairpin with a loop length of 8 nucleotides” [131],

14. “Hairpin with a loop length of 9 nucleotides” [134],

15. “Hairpin with a loop length of 10 nucleotides” [134],

16. “Internal loop with length of 1 to 7 nucleotides on either side (5’ or 3%)” [134],

17. “Internal loop with a length of 1 nucleotide on the 5’ side and a length of 1 nucleotide on
the 3’ side” [1341],
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18.

19.

20.

21.

22.

23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.

“Internal loop with a length of 2 nucleotides on the 5’ side and a length of 1 nucleotide on
the 3’ side” [134],

“Internal loop with a length of 1 nucleotide on the 5’ side and a length of 2 nucleotides on
the 3’ side” [134],

“Internal loop with a length of 2 nucleotides on the 5’ side and a length of 2 nucleotides
on the 3’ side” [131],

“Internal loop with a length of 3 nucleotides on the 5’ side and a length of 3 nucleotides
on the 3’ side” [131],

“Internal loop with a length of 3 nucleotides on the 5’ side and a length of 4 nucleotides
on the 4’ side” [134],

“C-loop’ on the 5’ side” [39, 134],

“C-loop’ on the 3’ side” [39, 134],

“Internal loop with ‘tandem AG pairs’ [54]” [134],

“Internal loop with the ‘UAA/GAN motif’ [37]” [134],

“Bulge with a length of 1 nucleotide on the 5’ side” [134],

“Bulge with a length of 2 nucleotides on the 5’ side” [131],

“Bulge with a length of 3 nucleotides on the 5’ side” [134],

“Bulge with a length of 4 nucleotides on the 5’ side” [134],

“Bulge with a length of 5 nucleotides on the 5’ side” [134],

“Bulge with a length of 6 nucleotides on the 5’ side” [134],

“Bulge with a length of 1 nucleotide on the 3’ side” [131],

“Bulge with a length of 2 nucleotides on the 3’ side” [134],

“Bulge with a length of 3 nucleotides on the 3’ side” [134],

“Bulge with a length of 4 nucleotides on the 3’ side” [134],

“Bulge with the ‘Sarcin/Ricin’ motif [131,138] on the 5’ side” [134],
“Bulge with the ‘Sarcin/Ricin’ motif [131,138] on the 3’ side” [131],

“Paired stem with a length of 3 to 4 nucleotides” [131],
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40. “Paired stem with a length of 5 to 6 nucleotides” [134],
41. “Paired stem with a length of 7 to 8 nucleotides” [134],
42. “Paired stem with a length of 9 to 10 nucleotides” [134],
43. “Paired stem with a length of 11 nucleotides” [131],

44. “Paired stem with a length of 12 nucleotides” [134].

Similar to our approach with the RAG-based secondary structure fingerprints, RNAMotif [90]
was used to find matches of each curated motif and score the matches. Thus, the descriptor for
each of the motifs were made. And unlike the case with the RAG-based descriptors where each
graph representation may have more than one descriptor, each of the curated secondary structure
motifs only corresponds to a single RNAMotif descriptor. In addition, when it comes to scoring
the matches, free energy calculation is used instead of the “bits” scoring system used with the
RAG-based descriptors [90, 134] — in particular, the “efn2” function in RNAMotif, which is an
implementation of a free energy calculation approach devised and proposed by Mathews, et
al. [98], was used for this purpose [96, 131].

Thus, using the curated motifs, the steps to produce the secondary structure fingerprints from
RNA sequences are as follows:

1. For each sequence in the dataset, secondary structure matches and their free energy values
for each of the curated motifs are obtained using RNAMotif [96];

2. For each motif with more than 1 match resulting from the sequence (i.e. the motif can be
found at different positions), the minimum, average, and maximum free energy values are
kept (3 separate values). Otherwise, if there is only 1 match for that motif, the minimum,
average, and maximum free energy values are set to the free energy value of that 1 match;

3. After processing all of the sequences in the dataset, non-matches for each motif are given the
highest (representing poorest or least thermodynamically stable match) minimum, average,
and maximum free energy values the motif (not the individual sequence) has resulted in
across all of the sequences in the dataset (i.e. using and keeping the 3 different values
separately);

4. At this point, there are 3 values for each sequence and each motif, which are then separately
rescaled.

5. For each of the motif across all of the sequences in the dataset: lowest free energy (best
match) for each of the minimum, average, and maximum values are set to 1, the highest
(poorest match) for each of the minimum, average, and maximum values are set to 0, and
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the rest of the values are rescaled accordingly, again, separately for the minimum, average,
and maximum values (i.e. the rescaling for the minimum values does not take into account
any values in the average or maximum values, and likewise with the average and maximum
values);

6. We then have 3 sets of rescaled values (minimum, average, maximum free energy matches),
each of the set containing 44 values per sequence representing the 44 different motifs; which
can then be used separately or combined as the deep learning input features.

We initially only used the minimum free energy when there are multiple matches (hence only
1 set of values consisting of the 44 values per sequence) [134]; but found out in a later study that
using and including the average and maximum in addition to the minimum free energy, when
there are more than 1 matches in a sequence for a descriptor, resulted in an improved classification
performance [135]. In addition, in one of the studies [1341], two different base pairing rules were
used in order to produce two separate set of fingerprints based on the common motifs: one that
only allows Watson-Crick base pairs without allowing G-U wobble pairs, and another that allows
both Watson-Crick base and G-U wobble pairs [134, 116].

3.3 K-mers

The k-mer representations used in our studies contains information about subsequences (of length
k) distributions, in which the subsequences are made of the following 4 nucleotide letters: “A”
for adenine, “C” for cytosine, “G” for guanine, and either “T” or “U” for uracil. The process of
generating k-mer representations of a dataset begins with producing an ordered list containing
possible subsequences of length k& with different combinations of the possible 4 nucleotide letters.
This list and its order of subsequences are used with all sequences in the dataset, such that each
position in all of the resulting representations would correspond to the same subsequence, which
is important when building features for machine/deep learning. For example, for k& = 3, the
first position of all k-mer representations derived from different sequences in the dataset always
corresponds to “AAA”, while the second to “AAC”, and so on. Using this ordered list, the
following outlines the remaining steps to produce a k-mer representation of a sequence in the
dataset:

1. The occurrences of each possible subsequence of length k in the aforementioned list are
counted from the sequence;

2. Each of the occurrence counts are then divided by the total number of occurrences of all
possible subsequences, such that we now have a list of values representing the distribution
of the different possible subsequences that add up to 1. This list of values are then used as
the deep learning input vector representing the sequence.
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We used k = 2, 3,4 with one study [134], and k = 4, 5,6 in another [135].

3.4 Skip-mers

“Skip-mers” [31] were used in one of our studies in order to capture longer but non-exact sequence
patterns that may exist in the dataset [135]. Similar to the k-mer representations in our studies,
4 possible nucleotides were used to build the possible combinations of skip-mers: “A”, “C”, “G”
and L(U?’/“T?? i

Two sets of match-skip rules were used: a set uses 1 matching character followed by 1 skipped
character, and another set uses 2 consecutive matching characters followed by 1 skipped char-
acter [135]. The latter set is intended to capture any patterns that may exist in “the first two
nucleotides of codons”, as the third nucleotide often does not affect the resulting amino acid (i.e.
may be redundant) and therefore skipped [56,135]. If such patterns indeed exist and are efficiently
captured in the skip-mer representations, without being masked by noises that may result from
“false matches from non-coding regions” [135] and/or false matches resulting from wrong “open
reading frames” [105, 135], they may serve as additional useful deep learning features that could
result in improvements to the classification performance [135].

In our study that utilizes skip-mers, we used the same number of matching characters as the
k-mer representations in that study: i.e. matching characters = 4,5,6 as k = 4,5,6. Thus,
given these numbers of matching characters and the 2 sets of match-skip rules, the skip-mers we
used in the study are as follows:

e “Match 1 Skip 1 with a length of 7 (4 matching characters in total)” [135],

e “Match 1 Skip 1 with a length of 9 (5 matching characters in total)” [135],

e “Match 1 Skip 1 with a length of 11 (6 matching characters in total)” [135],

e “Match 2 Skip 1 with a length of 6 (4 matching characters in total)” [135],

e “Match 2 Skip 1 with a length of 7 (5 matching characters in total)” [135], and

e “Match 2 Skip 1 with a length of 9 (6 matching characters in total)” [135].

The steps to produce a specific skip-mer representation for a specific sequence is similar to the
steps involved to produce a k-mer representation. First, an ordered list containing combinations
of possible matching characters is generated. Then, for a sequence, the number of occurrences
of each combination of matching characters (at their corresponding positions according to the
skip-mer configuration) is counted. Afterwards, each of the counts is divided by the total of
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these counts, producing a distribution of matches that adds up to 1 when summed. These values
representing the distribution of occurrences then become the input features representing the RNA
sequence. Finally, just like the k-mer representations, the order of the values are kept consistent
such that the first value corresponds to the first combination of matching characters in the list,
the second value corresponds to the second combination, and so on.

3.5 Deep Learning

All of our deep learning implementation was done with Keras [30], utilizing the Tensorflow [1]
backend [134, 135]. Deep neural networks with different specific configurations were used in the
different studies [134, 135], as the datasets and the problems to solve differed as well. In other

words, each of the different deep neural network configurations, including hyperparameters such
as the number of epochs, were optimized for and therefore is specific to each of the datasets. Thus,
details about the specific configurations and hyperparameters are provided in the corresponding
dataset sections — Section 4.1.3 and Section 4.2.4.

The optimal specific configurations were determined by performing manual experimentation
on various configurations. For example, deeper network configurations compared to the ones in
our studies were not used; as we determined that either they failed to provide additional increase
in classification performance, or introduced overfitting.

In addition, while experimenting with the different possible configurations for each of the
different datasets, we plotted and monitored the accuracy and loss graphs of the training and
test sets across the different epochs, in order to ensure that overfitting is minimized with the
chosen model configurations. The training set consists of 90% of the data, while the test set has
the remaining 10%. Example graphs for the model used in our non-coding RNA classification
study [134] are shown in Figure 3.14, Figure 3.15, Figure 3.16, Figure 3.17, and Figure 3.18 for
the RAG-based fingerprints, common motifs based fingerprints without wobble, common motifs
based fingerprints with wobble, all types of secondary structure fingerprints combined, and all
secondary structure fingerprints with 4-mer combined respectively. Specifically, we employed
regularizations [33] in the chosen deep learning model of this study to minimize overfitting [134],
as further discussed in Section 4.1.3.

Similarly, in our RNA virus study [135], we also plotted the graphs to check for overfitting.
Example graphs from this study are shown in Figure 3.19 (using 4-mer), Figure 3.20 (using match-
1-skip-1 skip-mer with a length of 9), and Figure 3.21 (using common motifs based secondary
structure fingerprints derived from the minimum, average, and maximum match scores).
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Figure 3.14: Accuracy and loss plots of the RAG-based fingerprints throughout model
training in the non-coding RNA study.
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Figure 3.15: Accuracy and loss plots of the short motifs based fingerprints without wobble
throughout model training in the non-coding RNA study.
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Figure 3.16: Accuracy and loss plots of the short motifs based fingerprints with wobble
throughout model training in the non-coding RNA study.
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Figure 3.17: Accuracy and loss plots using all secondary structure fingerprints combined
throughout model training in the non-coding RNA study.
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Figure 3.18: Accuracy and loss plots using all secondary structure fingerprints and 4-mer
combined throughout model training in the non-coding RNA study.
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Figure 3.19: Accuracy and loss plots using 4-mer combined throughout model training in

the RNA virus study.
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Figure 3.20: Accuracy and loss plots using match-1-skip-1 skip-mer of length 9 throughout
model training in the RNA virus study.
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Figure 3.21: Accuracy and loss plots using common motifs based secondary structure
fingerprints (using minimum, average, and maximum match scores combined) throughout
model training in the RNA virus study.

57



All of the deep neural networks in both studies utilize dense connections between the different
layers [134, 135]. Alternative configurations, such as “convolutional neural network” (CNN) [/]
or “long short-term memory” (LSTM) [60], do not apply to our input features. This is because
the features are not meant to be down-sampled (thus do not suit CNN), and are not sequential
(thus are not suitable with LSTM).
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Chapter 4

Datasets

4.1 Non-Coding RNAs from Rfam 14.1

4.1.1 Overview

Rfam provides a database containing RNA sequences and their classes/types [70,77], which was
used by one of our studies to assess the effectiveness of secondary structure fingerprints and
sequence-based features with deep learning. The dataset was based on Rfam version 14.1, but
several filtering steps were involved so that the dataset used to evaluate the classification perfor-
mance is non-redundant [76,77,134].

First, we removed duplicate entries from the raw, downloaded dataset [76,77,1341]. We also
found out that longer sequences require large computational resources for RNAMotif to process
given the RAG-based descriptors, especially memory requirements. Thus, longer sequences that
could not be processed by RNAMotif with a reasonable amount of computational resources were
not included — this limitation is further discussed in Section 6.1. At this point, we have 1,013,200
entries of RNA sequences, their classes, and their secondary structure fingerprints [134]. This is
about 51.78% compared to the number of unique sequences in the Rfam 14.1 dataset, which is
1,956,735.

Next, in order to reduce redundancy in the dataset, the CD-hit tool was used [1&8,91] to
exclude sequences that are more than 80% similar to one another from the dataset [134]. This CD-
hit [18,91] threshold of 80% was also used by other previous studies involving RNA sequences [ 11,

]. After this step, we ended up with 63,612 sequences [134].

Y

Finally, while the Rfam 14.1 dataset [70,77] contains 31 non-coding RNA classes, not all of
the classes are included in the study. Particularly, classes with too few or no sequences after
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the previous filtering steps were excluded, yielding 59,723 sequences and 12 classes. Each of the
sequence belongs to one of the following classes: “Cis-reg, miRNA, CD-box, ribozyme, snRNA,
HACA-box, Intron Group II, tRNA, 5S rRNA, sRNA, antisense, and riboswitch” [134]. Similar to
a related study that uses only 13 of the Rfam non-coding RNA classes [16], but unlike approaches
that use the excluded sequences and combine them to a single class (e.g. “other” class), our
current study did not attempt to use or analyze the excluded sequences and classes.

4.1.2 Deep Learning Features

The following set of features were used and evaluated in the study [134]:

e RAG-based secondary structure fingerprints;

e Fingerprints based on the curated secondary structure motifs without allowing wobble
pairs;

e Fingerprints based on the curated secondary structure motifs allowing wobble pairs;

e Combination (used together) of the common secondary structure motifs fingerprints that
allow and disallow wobble pairs;

e Combination of the RAG-based fingerprints, common secondary structure motifs finger-
prints that allow wobble pairs, and common secondary structure motifs fingerprints that
disallow wobble pairs;

e 2-mer;
e 3-mer;
e 4-mer;

e Combination of the RAG-based fingerprints, common secondary structure motifs finger-
prints that allow wobble pairs, common secondary structure motifs fingerprints that disal-
low wobble pairs, and 2-mer;

e Combination of the RAG-based fingerprints, common secondary structure motifs finger-
prints that allow wobble pairs, common secondary structure motifs fingerprints that disal-
low wobble pairs, and 3-mer; and

e Combination of the RAG-based fingerprints, common secondary structure motifs finger-
prints that allow wobble pairs, common secondary structure motifs fingerprints that disal-
low wobble pairs, and 4-mer.
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4.1.3 Deep Learning Configuration

The deep neural network used in this study consists of 5 layers, and each layer is “densely-
connected” with the next layer [134]. These layers are as follows [134]:

1. A starting input layer with n neurons (i.e. with a width of n), where n is the size of
the input feature representing the sequences (e.g. n = 47 for the RAG-based secondary
structure fingerprints, n = 44 for the fingerprints based on the curated common secondary
structure motifs, and n = 47 + 44 when former example is used together with the latter
example);

2. A ReLU-activated [12] layer with n x 3 neurons;

3. A ReLU-activated layer with the same number of neurons as the previous layer (i.e. n x 3
neurons), with L2 regularization [33] of 0.0001 applied to the kernels;

4. Another ReLU-activated layer of width n x 3, with the same L2 regularization of 0.0001;
5. A sigmoid-activated [109] layer consisting of n x 3 neurons;

6. A final, softmax-activated [11] output layer with 12 neurons, where 12 is the number of
possible classes that an input RNA from the dataset can be classified into.

These layers are illustrated in Figure 4.1.

The network configuration was chosen for this problem after performing assessments of various
possible configurations; including deeper (more layers), more shallow (less layers), wider (larger
number of neurons in a layer), and less wide (lesser number of neurons in a layer) networks; and
different hyperparameters including activation functions [134].

4.1.4 Training Hyperparameters and Evaluation

For each of the feature sets, a corresponding deep neural network is trained from scratch for 120
epochs, starting with a learning rate of 0.001 that decays by a factor of 0.1 every 40 epochs (i.e.
learning rate is 0.001 in epoch 1 to 40, 0.0001 in epoch 41 to 80, and 0.00001 in epoch 81 to
120) [134]. This decay is in place as our preliminary training without it (i.e. with a constant
learning rate instead) attained a lower maximum classification accuracy. Indeed, according to a
recent study on “learning rate decay”, using such decay allows the models to better learn the
more “complex patterns” [150].

In each of the training and evaluation session, 90% of the data is used to train the model,
while the remaining 10% is used to evaluate the classification performance of the trained model.
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Figure 4.1: Deep learning architecture for the Rfam 14.1 [76,77] dataset.

In addition, as previously discussed, since using a specific combination/split of training and
evaluation data may result in non-representative results, we employed 10-fold cross validation [12]
— so that the training and evaluation processes are performed 10 times independently, each with
a different training set and evaluation set. The results from all 10 folds are then averaged to get
the overall representative result, which is then considered as the performance of the feature set
being used.

4.2 RNA Virus Sequences and Their Host Species
from NCBI Virus

4.2.1 Overview

For our other study that involves secondary structure fingerprints based on the curated common
RNA secondary structure motifs, k-mers, and skip-mers; we used a dataset obtained from NCBI
Virus [18], containing viral RNA sequences and the host species they infect [135].

Both sequence-based features and secondary structure based features should be relevant to
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this dataset; as previous work in virus-host relationships have indeed used sequence information
3,49, , , 158], and secondary structures are known to be involved in the lifecycle of “single-
stranded RNA viruses” [62,00,127,135].

We downloaded the RNA virus dataset consisting only of viral sequences that are annotated
as “complete” on NCBI Virus, on September 12, 2020 [1%,135]. The following filtering steps were
then performed [135]:

1. Removal of duplicate entries,

2. Exclusion of entries which sequence length is greater than 40,000 nucleotides (to allow
RNAMotif to perform the secondary structure matching and scoring of the entire filtered
dataset, with reasonable amount of computational resources),

3. Exclusion of host species with less than 100 viral sequences — to ensure that the training
process is not impacted by insufficient quantity of data in some of the hosts, per the
approach of a prior study on the association between virus and the host genera [158].

The filtered dataset after these steps consists of 47,266 entries, with the following 47 different
host species: “Allium sativum, Anas carolinensis, Anas clypeata, Anas platyrhynchos, Anatidae,
Apodemus agrarius, Aves, Bos taurus, Canis lupus familiaris, Capra hircus, Capsicum annuum,
Columbidae, Corvus brachyrhynchos, Cricetulus griseus, Culex, Culex pipiens, Culex quinque-
fasciatus, Culicidae, Culiseta melanura, Cyanocitta cristata, Equus caballus, Felis catus, Gallus
gallus, Glycine max, Homo sapiens, Macaca mulatta, Malus domestica, Meleagris gallopavo, Mel-
ogale, Mus musculus, Oryza sativa, Ovis aries, Procyon lotor, Prunus, Prunus avium, Prunus
persica, Pyrus communis, Rattus norvegicus, Rosa sp., Solanum lycopersicum, Solanum tubero-
sum, Sus scrofa, Sus scrofa domesticus, Triticum aestivum, Vitis vinifera, Vulpes vulpes, Zea
mays” [135]. The length of the longest included sequence is 31,473 [135].

4.2.2 Additional CD-hit Reduced Dataset

In addition to our primary dataset, in order to assess the classification performance when the
data is limited, we have used two additional reduced datasets [135]:

e The first reduced dataset contains only sequences “that are at most 90% similar” [135], as
produced using the CD-hit [1&,91] tool;

e The second reduced dataset only retains sequences “that are at most 80% similar” [135],
again produced using the CD-hit [18,91] tool.
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Just like our other study, the lowest threshold of 80% was chosen as it has been used in prior
work which datasets consist of RNA sequences [94, 112,134,135, 154].

Finally, the host species that are included need to have at least 50 (instead of 100) viral
RNA sequences in the 80% dataset [135]. The 14 host species that met the criteria and therefore
were used with both of the reduced datasets are listed as follows: “Allium sativum, Arthropoda,
Astacoidea, Bos taurus, Culicidae, Gallus gallus, Hexapoda, Homo sapiens, Octopus, Odonata,
Sarcosphaera coronaria, Solanum lycopersicum, Sus scrofa, Vitis vinifera” [135].

After filtering to use only these host species, we ended with 3,163 entries in the 80% dataset,
and 5,781 entries in the 90% dataset [135].

4.2.3 Deep Learning Features

The sets of features that were used and compared in this study are shown in Table 4.1.
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Table 4.1: Feature sets used for the virus-host classification problem [135].

Feature Set K-mer “Skip-mer” [31] Common Structure Fingerprints
Length Match Skip

1 4-mer - -

2 5-mer - -

3 6-mer - -

4 - 6 2 1 -

5 - 7 1 1 -

6 - 7 2 1 -

7 - 9 1 1 -

8 - 9 2 1 -

9 - 11 1 1 -

10 - - min. free energy

11 - - min., avg. free energy

12 - - min., avg., max. free energy
13 4-mer 6 2 1 -

14 4-mer 7 1 1 -

15 5-mer 7 2 1 -

16 5-mer 9 1 1 -

17 6-mer 9 2 1 -

18 6-mer 11 1 1 -

19 4-mer - min. free energy

20 5-mer - min. free energy

21 6-mer - min. free energy

22 4-mer - min., avg. free energy

23 5-mer - min., avg. free energy

24 6-mer - min., avg. free energy

25 4-mer - min., avg., max. free energy
26 5-mer - min., avg., max. free energy
27 6-mer - min., avg., max. free energy
28 - 6 2 1 min. free energy

29 - 7 1 1 min. free energy

30 - 7 2 1 min. free energy

31 - 9 1 1 min. free energy

32 - 9 2 1 min. free energy

33 - 11 1 1 min. free energy

34 - 6 2 1 min., avg. free energy
35 - 7 1 1 min., avg. free energy
36 - 7 2 1 min., avg. free energy
37 - 9 1 1 min., avg. free energy
38 - 9 2 1 min., avg. free energy
39 - 11 1 1 min., avg. free energy
40 - 6 2 1 min., avg., max. free energy
41 - 7 1 1 min., avg., max. free energy
42 - 7 2 1 min., avg., max. free energy
43 - 9 1 1 min., avg., max. free energy
44 - 9 2 1 min., avg., max. free energy
45 - 11 1 1 min., avg., max. free energy
46 4-mer 6 2 1 min. free energy

47 4-mer 7 1 1 min. free energy

48 5-mer 7 2 1 min. free energy

49 5-mer 9 1 1 min. free energy

50 6-mer 9 2 1 min. free energy

51 6-mer 11 1 1 min. free energy

52 4-mer 6 2 1 min., avg. free energy

53 4-mer 7 1 1 min., avg. free energy

54 5-mer 7 2 1 min., avg. free energy
55 5-mer 9 1 1 min., avg. free energy
56 6-mer 9 2 1 min., avg. free energy
57 G-mer 11 1 1 min., avg. free energy
58 4-mer 6 2 1 min., avg., max. free energy
59 4-mer 7 1 1 min., avg., max. free energy
60 5-mer 7 2 1 min., avg., max. free energy
61 5-mer 9 1 1 min., avg., max. free energy
62 6-mer 9 2 1 min., avg., max. free energy
63 6-mer 11 1 1 min., avg., max. free energy
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4.2.4 Deep Learning Configuration

Unlike our other study, we found that certain sets of features produced better results when
used with more shallow neural networks, whereas other sets performed better with deeper neural
networks [135]. Therefore, for each of the feature sets, we decided to use 3 different neural
network configurations that differ only in the total number of layers (i.e. the depth) — the best
classification performance of a feature set resulting from one of the 3 different neural network
depths is then considered as the performance of that feature set [135].

The different numbers of layers are 3, 4, and 5. These layers start with 2, 3, or 4 consecutive
ReLU-activated [107] densely-connected layers (applies to the neural network configuration with
a total depth of 3, 4, and 5 respectively), in which the number of neurons in each layer is equal to
the total number of values carried by all of the features being used (e.g. the number of neurons
of each layer would be 4% if k-mer is being used on its own, or 44 + 4% if k-mer and the secondary
structure fingerprints derived from minimum free energy values are being used together, or 44444
if the secondary structure fingerprints derived from both minimum and average free energy values
are used); followed by one last softmax-activated [11] layer, in which the number of neurons is
equal to the number of possible host species that a viral sequence could be classified into (i.e. 47
when the primary dataset is used, 14 when either of the reduced datasets is used).

4.2.5 Training Hyperparameters and Evaluation

The training and evaluation with the primary non-reduced dataset and the reduced datasets were
done differently.

With the primary dataset, we performed a 10-fold cross validation [12] for each of the feature
sets and each of 3 neural network configurations with different depths [135]. In each fold of
a specific feature set and a specific deep neural network configuration, a corresponding neural
network model was trained for 300 epochs from scratch; using the default learning rate (0.001)
for the first 100 epochs, half of the default learning rate (0.0005) for the next 100 epochs, and
a quarter of the default learning rate (0.00025) for the last 100 epochs — i.e. the learning rate

decays by a factor of 0.5 every 100 epochs [135]. In addition, in each fold, 90% of the data
was used for training, while the remaining 10% was used to evaluate the performance of the
model and the feature set post-training [135]. Since 10-fold cross validation was performed, the

averaged evaluation performance across all 10 folds of a specific model and a specific feature set
is considered as the performance of that model and feature set pair.

With both of the reduced datasets, 10-fold validation was not performed, partly because
we found that the standard errors of resulting accuracy between folds in the primary dataset
evaluation to be low [135]. Instead, for each of the feature sets and each of the neural network
configurations, a corresponding model is trained with 80% of the dataset for 300 epochs at most.
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At the end of each epoch, the accuracy of the model is tested with 10% of the data — if there has
been no improvements to the prediction accuracy resulting from this test set for 30 consecutive
epochs, the training process is stopped early (i.e. early stopping); and the best performing state
of the model, as tested with the test set at the end of each epoch, is considered as the trained
model used for evaluation. Finally, the trained model is evaluated with the remaining 10% of
the data that were not used for training nor end-of-epoch testing. The evaluation result is then
considered as the performance of the feature set and model configuration pair [135].
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Chapter 5

Results and Discussion

In this chapter, we present and discuss the results of two experiments. First, we consider the
results from “Assessing the Use of Secondary Structure Fingerprints and Deep Learning to Classify
RNA Sequences” [134]; see Section 5.1. Next, we discuss the results from “Extracting and
Evaluating Features from RNA Virus Sequences to Predict Host Species Susceptibility Using
Deep Learning” [135]; see Section 5.2.

5.1 Non-Coding RNAs from Rfam 14.1

This section begins with an overview of the classification performance of each feature set used in
our study [134]. The work involves non-coding RNAs from the Rfam database [76,77]. Then, the
section continues with analysis and discussion of the results.

5.1.1 Results Overview

Table 5.1, Table 5.2, and Table 5.3 show the 10-fold cross validation overall accuracy, precision,
and recall respectively [134].

In this study, all of the structural fingerprints based on the common secondary structure
motifs only used the match with the minimum free energy in case of multiple matches [134],
as previously mentioned in Section 3.2. The micro averages are used in order to address class
imbalances in the dataset (see Section 2.4.4).
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Table 5.1: 10-fold validation accuracy and standard errors of the RNA classification prob-
lem using Rfam 14.1 |

I

| dataset |

.

K-mer

RAG-based Fingerprints

Common Structure Fingerprints

Accuracy

v

SNENENE

v (without wobble)
v (with wobble)
v/ (with and without wobble)
v (with and without wobble)

v (with and without wobble)
v (with and without wobble)
v (with and without wobble)

32.94% + 0.74%
52.28% + 0.53%
55.43% + 0.72%
60.36% =+ 0.45%
64.06% =+ 0.99%
47.94% + 0.48%
68.75% =+ 0.54%
86.92% + 0.14%
75.23% =+ 0.33%
81.61% =+ 0.26%
85.49% + 0.73%

Table 5.2: 10-fold validation precision and standard errors of the RNA classification prob-
lem using Rfam 14.1 |

9

| dataset |

].

K-mer

RAG-based Fingerprints

Common Structure Fingerprints

Precision

v

SNENENE

v (without wobble)
v (with wobble)
v (with and without wobble)
v (with and without wobble)

v (with and without wobble)
v (with and without wobble)
v (with and without wobble)

51.30% =+ 0.60%
68.70% + 0.21%
70.70% =+ 0.30%
72.30% =+ 0.30%
73.10% + 0.23%
68.20% + 0.29%
78.20% £ 0.25%
86.90% =+ 0.10%
80.70% =+ 0.21%
84.20% + 0.13%
87.10% + 0.23%
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Table 5.3: 10-fold validation recall and standard errors of the RNA classification problem
using Rfam 14.1 [76,77] dataset [13].

K-mer RAG-based Fingerprints Common Structure Fingerprints Recall

- v - 33.00% + 0.76%
- - v/ (without wobble) 52.40% =+ 0.56%
i i / (with wobble) 55.60% =+ 0.75%
- - v (with and without wobble) 60.40% + 0.45%
- v v (with and without wobble) 63.90% =+ 0.98%
2-mer - - 48.00% £ 0.47%
3-mer - - 68.80% =+ 0.55%
4-mer - - 86.80% + 0.20%
2-mer v v (with and without wobble) 75.20% + 0.36%
3-mer v v (with and without wobble) 81.70% £ 0.30%
4-mer v v/ (with and without wobble) 85.40% =+ 0.70%
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5.1.2 Comparison of the Different Secondary Structure Finger-
print Types

When used on their own, the RAG-based secondary structure fingerprints performed worst at a
10-fold cross-validated accuracy of 32.94%; followed by the common secondary structure motifs
based fingerprints that do not allow wobble pairs at 52.28%, then their counterparts that allow
wobble pairs at 55.43% [134]. In terms of precision and recall, we observed a similar trend. The
RAG-based fingerprints achieved the lowest precision and recall at 51.30% and 33.0% respectively,
followed by the common structural motif fingerprints without wobble pairs at 68.70% and 52.40%,
while the common motif fingerprints that allow wobble pairs achieved higher precision and recall
at 70.70% and 55.60%.

There are several possible explanations behind the different overall classification performance
between the RAG-based fingerprints and the fingerprints based on our curated common RNA
secondary structure motifs [134]: First, it is possible that the RAG-based higher level topological
structures are less useful to be used as fingerprints, compared to the curated smaller secondary
structure motifs that focus on local structures. Second, it is also possible that the scores based on
free energy values used for the fingerprints based on the curated common RNA secondary struc-
ture motifs, as opposed to scores based on the pseudoknots-compatible “bits” scoring scheme of
RNAMotif [96] used to form the RAG-based fingerprints, provide more distinguishing informa-
tion about the different classes of RNA. A third possibility is that using the score of the best
match in case of multiple matches builds better and more informational fingerprints (which is how
multiple matches were handled to build the curated common secondary structure motifs based
fingerprints), compared to averaging the different scores of the multiple matches (how multiple
matches were handled when building the RAG-based secondary structure fingerprints). Further
experiments would be required to rule out the possible explanations that do not apply, and de-
termine the actual cause behind the performance difference of the different secondary structure
fingerprint types. Identifying the actual explanation/cause through further experiments would
then allow future related studies to build better performing RNA secondary structure fingerprints.

When it comes to the common secondary structure motifs based fingerprints, allowing wobble
pairs resulted in a slightly better classification performance than when wobble pairs are not
allowed [134]. However, despite the poorer classification performance of the fingerprints that do
not allow wobble pairs, their usefulness can still be observed when they are combined with the
other fingerprints, as discussed in the following subsection.

5.1.3 Combining Different Secondary Structure Features

We observed improvements in overall classification accuracy when different types of secondary
structure fingerprints are used together — i.e. the different sets of scores corresponding to the
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different types of secondary structure fingerprints are concatenated, then used together as the
input vector to the deep neural network. For instance, using the fingerprints based on the curated
common known secondary structure motifs that allow and disallow G-U wobble pairs at the same
time resulted in an improved 10-fold overall classification accuracy of 60.36%; from an overall
accuracy of 55.43% when only the corresponding fingerprints that allow wobble pairs are used
alone, and 52.28% when only the non-wobble pairs counterparts are used [134]. Combining the
RAG-based fingerprints with this combination resulted in a further improved evaluation accuracy
of 64.06% [134]. In other words, the three different types of secondary structure fingerprints
complement each other, suggesting that each type contains certain information about the RNA
class that is not in the other two types of the secondary structure fingerprints. Thus, future
studies which involve building secondary structure fingerprints for RNA classification purposes
should consider combining such different types to build a better performing set of fingerprints.

When using all three types of the secondary structure fingerprints combined, we noticed
a trend on the classification performance — certain classes of RNAs are better predicted than
others across the different folds. This trend is illustrated by the confusion matrices in Figure 5.1,
Figure 5.2, and Figure 5.3.
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Figure 5.1: Resulting confusion matrices of fold 1 to 4 when all of the secondary structure

fingerprints are used together as deep learning features for the RNA classification problem
of the Rfam 14.1 [76,77] dataset.
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Figure 5.2: Resulting confusion matrices of fold 5 to 8 when all of the secondary structure

fingerprints are used together as deep learning features for the RNA classification problem
of the Rfam 14.1 [76,77] dataset.
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Figure 5.3: Resulting confusion matrices of fold 9 to 10 when all of the secondary structure
fingerprints are used together as deep learning features for the RNA classification problem
of the Rfam 14.1 [76,77] dataset.

For instance, tRNA, which is one of the better predicted RNA classes using the secondary
structure fingerprints alone without any sequence information, is known to form specific secondary
structures (i.e. the “clover leaf” structure) on which its function strongly depends [141]. 5S rRNA,
another better predicted RNA class, is also known to form rather consistent secondary structures,
even in different organisms [11,64]. When it comes to Intron Group II, structures are known to
be more conserved than the sequences themselves [121], which explains why it is also one of
the better predicted RNA classes. Finally, RNAs in the Cis-reg class are also known to involve
secondary structures, such as hairpins [137], in their lifecycle and functions [70, 137].

Meanwhile, the prediction performance for antisense varied between the different folds, rang-
ing from a rather poor classification result of 44% to a decent 72%, which may be due to the
variation in secondary structures that can be formed by different “antisense RNAs” [1418].

On the other hand, HACA-box was one of the poorly classified RNA classes using the sec-
ondary structure fingerprints as illustrated by the confusion matrices (Figure 5.1, Figure 5.2, and
Figure 5.3). It was also one of the most misclassified RNA classes in a prior study that uses sub-
structure information derived from predicted secondary structures with deep learning to classify
RNAs [16]. The authors reasoned that this may be due to how HACA-box share the same “local
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substructures” with other snoRNAs (e.g. CD-box) even when the global structures differ, and as
a result, their substructure-based deep learning features resembling the “local substructures” pro-
vided limited useful infromation to the deep neural network to classify HACA-box correctly [16].
This may be the same reason why HACA-box was overall poorly classified in our study when all
of the secondary structure fingerprints are used without any sequence-based features — as either
local or global matches are allowed when the RNA sequences are searched for secondary structure
matches in order to build the secondary structure fingerprints, and our current method does not
distinguish between a local and global match.

These findings suggest that the usefulness of the secondary structure fingerprints would de-
pend on the RNAs in question — if secondary structures are involved or conserved, then the
fingerprints would serve as useful features for the deep neural network to make proper identifi-
cation of the RNA class. Otherwise, additional features, such as sequence-based features, should
be used in conjunction with or in place of the secondary structure features.

5.1.4 Sequence-Based Features and Secondary Structure Based
Features

Overall, when it comes to using either sequence-based features (i.e. k-mers) or secondary struc-
ture based features separately on their own, using the former resulted in better classification
performance compared to the latter [134]. However, with the exception of combining 4-mer with
the secondary structure based features, using the sequence-based and the secondary structure
based features together resulted in quite significant classification accuracy improvements — these
improvements resulting from combining sequence-based features and secondary structure based
features are more significant than the improvements that were observed when combining the
different types of secondary structure fingerprints (i.e. no sequence-based features in the combi-
nation). For example, combining 2-mer with the all of the secondary structure fingerprints used
in our study resulted in a superior classification accuracy of 75.23%, which is about 27% higher
compared to the classification accuracy resulting from using 2-mer, and about 11% higher relative
to the classification accuracy of the secondary structure fingerprints [134]. Similarly, using 3-mer
together with the secondary structure features improved the classification accuracy to 81.61%;
which is about 13% higher than the resulting classification accuracy of 3-mer, and about 18%
higher than the resulting accuracy of the structural fingerprints [134].

However, the case is different when 4-mer is used together with the secondary structure finger-
prints. Instead of improvements, we observed slight deterioration in the resulting averaged 10-fold
classification accuracy — 4-mer alone without secondary structure related features produced the
highest classification accuracy in our study at 86.92%, while having the secondary structure fin-
gerprints also contribute to the classification in addition to 4-mer resulted in a slightly lower
resulting classification accuracy at 85.49% [134]. When the comparison is made per fold, there
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are only 3 out of the 10 folds in which slightly higher accuracy can be observed when the sec-
ondary structure fingerprints are used with the 4-mer. In other words, in 7 out of the 10 folds,
or in the majority of the folds, including the secondary structure fingerprints deteriorated the
classification accuracy of the 4-mer. It is possible that such classification accuracy deterioration is
because the features combined have more noise compared to the 4-mer alone [124]. When it comes
to precision, unlike the deterioration in accuracy, using the 4-mer together with the structural
fingerprints resulted in a very small increase of precision of 0.20% — the average classification
precision of 4-mer without the secondary structure fingerprints is 86.90%, while the average pre-
cision when the structural fingerprints are included is 87.10% [134]. However, this increase is
small; and in terms of recall, we observed a larger decrease of > 1% similar to accuracy instead
of an increase, from 86.80% to 85.40% [134]. Thus, to conclude the comparison between using
4-mer alone and 4-mer combined with the secondary structure fingerprints used, the combined
features performed poorer than 4-mer on its own.

As increasing the value of k for the k-mers resulted in significant improvements in accuracy,
precision, and recall in our study; it is likely that increasing k further would result in additional
improvements for this classification problem [I34]. However, one disadvantage of this is the
“large dimensionality of the features” [134], and as a result, the larger required computational
resources to train and evaluate the deep neural networks. For example, 4-mer consists of 256
values/features, whereas 3-mer combined with the secondary structure fingerprints used in the
study consist of 199 values/features in total [134].

5.2 RNA Virus Sequences and their Host Species from
NCBI Virus

The results we obtained in our study involving identification of susceptible hosts given sequences
of RNA viruses [135] are presented in the beginning of this section. These are then followed by
our analyses and discussion.

5.2.1 Primary Results Overview

Table 5.4, Table 5.5, and Table 5.6 show the 10-fold validation overall micro averaged accuracy,
precision, and recall respectively (along with the standard errors resulting from the differences in
accuracy, precision, and recall respectively between the 10 different folds) for each of the feature
set used in the study [135].

The common secondary structure motifs based fingerprints in this study do not allow wobble
pairs [135].
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5.2.2 Reduced Dataset Results Overview

Table 5.7 shows the resulting test set accuracy for each of the feature sets, using the reduced
dataset in which sequences are 90% or less in similarity to each other; while Table 5.8 shows the
results when the second reduced dataset, with only sequences that are 80% or less in similarity,
is used [135].
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Table 5.4: 10-fold validation accuracy and standard errors of the RNA virus host classifi-
cation problem, with the highest accuracy of each feature set bolded, and overall highest
underlined [135].

K-mer “Skip-mer” [31] Common Structure Fingerprints 10-Fold Cross Validation Averaged Accuracy
Length Match Skip 3-Layers Model 4-Layers Model 5-Layers Model
4-mer - - 62.48% £ 0.51% 64.86% + 0.76% 62.09% £ 0.77%
5-mer - - 77.29% + 0.22% 75.24% + 0.53% 74.31% £ 0.46%
6-mer - - 84.56% + 0.28% 83.55% =+ 0.48% 83.55% £ 0.57%
- 6 2 1 - 61.74% + 0.31% 61.85% + 0.94% 59.45% + 1.0%
- 7 1 1 - 55.89% + 0.34% 54.38% + 0.99% 48.39% + 1.86%
- 7 2 1 - 77.32% + 0.5% 75.76% + 0.8% 71.74% + 1.83%
- 9 1 1 - 75.16% + 0.41% 73.23% + 0.46% 65.53% + 4.57%
- 9 2 1 - 84.92% + 0.25% 84.0% =+ 0.36% 82.2% + 1.13%
- 11 1 1 - 84.08% £ 0.21% 81.78% + 0.98% 81.15% + 0.88%
- - min. free energy 35.91% + 0.42% 36.75% + 0.76% 35.94% + 0.51%
- - min., avg. free energy 50.65% + 0.57% 52.04% + 0.86% 52.6% =+ 0.65%
- - min., avg., max. free energy 57.37% + 0.52% 59.39% + 0.58% 59.42% + 0.76%
4-mer 6 2 1 - 71.57% + 0.4% 71.69% + 0.41% 71.15% + 0.49%
4-mer 7 1 1 - 70.52% + 0.39% 71.91% + 0.38% 69.63% + 1.01%
5-mer 7 2 1 - 82.14% + 0.29% 82.08% + 0.46% 80.1% =+ 0.65%
5-mer 9 1 1 - 81.77% + 0.47% 81.13% + 0.39% 80.39% + 0.69%
6-mer 9 2 1 - 86.89% + 0.28% 86.09% + 0.21% 84.68% + 0.83%
6-mer 11 1 1 - 86.7% + 0.38% 86.17% + 0.61% 84.73% + 1.58%
4-mer - min. free energy 67.96% + 0.56% 70.97% + 0.54% 72.6% =+ 0.63%
5-mer - min. free energy 78.93% + 0.24% 80.49% + 0.62% 81.05% + 0.46%
6-mer - min. free energy 84.33% +0.51% 84.05% + 0.71% T7.7% + 5.36%
4-mer - min., avg. free energy 69.92% + 0.56% 72.28% + 0.52% 75.38% + 0.6%
5-mer - min., avg. free energy 74.93% + 1.66% 81.28% + 0.43% 81.02% + 0.33%
6-mer - min., avg. free energy 83.42% + 0.39% 83.73% + 0.32% 82.23% + 0.32%
4-mer - min., avg., max. free energy 71.14% + 0.49% 74.63% + 0.54% 75.85% + 0.54%
5-mer - min., avg., max. free energy 79.28% + 0.75% 80.74% + 0.52% 81.23% + 0.75%
G-mer - min., avg., max. free energy 83.21% + 0.37% 83.53% + 0.13% 81.87% + 0.44%
- 6 2 1 min. free energy 66.94% + 0.58% 69.98% + 0.65% 71.02% + 0.83%
- 7 1 1 min. free energy 66.83% + 0.22% 69.69% + 0.48% 71.23% + 0.34%
- 7 2 1 min. free energy 78.66% =+ 0.55% 80.35% + 0.41% 80.72% =+ 0.59%
- 9 1 1 min. free energy 77.78% £ 0.27% 80.05% + 0.29% 79.43% + 1.73%
- 9 2 1 min. free energy 84.58% + 0.34% 79.17% + 3.18% 80.65% + 1.28%
- 11 1 1 min. free energy 83.61% + 0.52% 83.88% + 0.32% T7.77% £ 5.17%
- 6 2 1 min., avg. free energy 69.62% + 0.49% 71.83% + 0.74% 74.16% + 0.6%
- 7 1 1 min., avg. free energy 68.11% + 0.99% 71.45% + 0.73% 73.93% + 0.59%
- 7 2 1 min., avg. free energy 78.64% + 0.35% 79.75% + 0.85% 80.9% + 0.32%
- 9 1 1 min., avg. free energy 78.48% + 0.59% 79.58% + 0.55% 81.29% + 0.32%
- 9 2 1 min., avg. free energy 83.2% =+ 0.54% 83.37% £ 0.43% 82.45% + 0.57%
- 11 1 1 min., avg. free energy 82.83% + 0.41% 82.75% + 0.44% 82.3% £ 0.45%
- 6 2 1 min., avg., max. free energy 70.77% + 0.42% 74.04% + 0.75% 75.38% + 0.36%
- 7 1 1 min., avg., max. free energy 69.28% + 0.75% 74.32% + 0.52% 74.74% + 0.75%
- 7 2 1 min., avg., max. free energy 79.02% + 0.58% 80.43% + 0.52% 81.16% + 0.52%
- 9 1 1 min., avg., max. free energy 78.73% + 0.45% 80.42% + 0.7% 81.3% +0.33%
- 9 2 1 min., avg., max. free energy 83.93% £ 0.2% 83.38% + 0.42% 82.34% + 0.63%
- 11 1 1 min., avg., max. free energy 83.04% + 0.4% 83.0% £ 0.18% 82.47% + 0.35%
4-mer 6 2 1 min. free energy 74.26% + 0.46% 76.11% + 0.66% 78.78% + 0.3%
4-mer 7 1 1 min. free energy 74.22% + 0.29% 77.44% + 0.83% 78.54% + 0.47%
5-mer 7 2 1 min. free energy 83.74% + 0.39% 83.54% + 0.39% 83.65% + 0.18%
5-mer 9 1 1 min. free energy 82.17% + 0.47% 83.21% + 0.42% 83.07% + 0.45%
G-mer 9 2 1 min. free energy 85.9% + 0.28% 84.37% + 0.71% 83.1% £ 0.73%
G-mer 11 1 1 min. free energy 85.86% + 0.35% 84.94% + 0.34% 82.39% + 0.57%
4-mer 6 2 1 min., avg. free energy 75.06% + 0.53% 77.33% + 0.66% 78.89% + 0.48%
4-mer 7 1 1 min., avg. free energy 74.78% + 0.46% 77.11% + 0.39% 78.47% + 0.48%
5-mer 7 2 1 min., avg. free energy 82.52% + 0.38% 82.77% + 0.41% 82.68% + 0.27%
5-mer 9 1 1 min., avg. free energy 81.26% + 0.38% 82.59% + 0.6% 82.37% + 0.41%
G-mer 9 2 1 min., avg. free energy 84.39% + 0.52% 84.2% + 0.3% 82.54% + 1.01%
G-mer 11 1 1 min., avg. free energy 84.33% + 0.53% 84.19% + 0.65% 82.06% + 0.7%
4-mer 6 2 1 min., avg., max. free energy 75.73% + 0.57% 79.56% + 0.2% 79.65% £ 0.67%
4-mer 7 1 1 min., avg., max. free energy 75.77% + 0.61% 77.99% + 0.38% 79.23% + 0.44%
5-mer 7 2 1 min., avg., max. free energy 82.54% + 0.39% 82.92% + 0.28% 82.16% + 0.61%
S5-mer 9 1 1 min., avg., max. free energy 81.41% + 0.34% 83.13% +0.17% 81.55% + 1.31%
6-mer 9 2 1 min., avg., max. free energy 84.73% + 0.32% 83.71% + 0.16% 82.33% + 0.64%
6-mer 11 1 1 min., avg., max. free energy 84.61% + 0.26% 83.33% + 0.68% 80.4% =+ 2.18%
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Table 5.5: 10-fold validation precision and standard errors of the RNA virus host classifi-
cation problem, with the highest precision of each feature set bolded, and overall highest
underlined.

K-mer “Skip-mer” [31] Common Structure Fingerprints 10-Fold Cross Validation Averaged Precision
Length Match Skip 3-Layers Model 4-Layers Model 5-Layers Model
4-mer - - 79.8% +0.2% 79.7% £ 0.3% 78.1% + 0.43%
5-mer - - 84.4% £ 0.16% 83.5% £ 0.27% 83.0% £ 0.15%
6-mer - - 87.1% £ 0.23% 86.4% =+ 0.22% 86.5% £ 0.27%
- 6 2 1 - 79.9% =+ 0.23% 79.3% £ 0.3% 78.8% + 0.33%
- 7 1 1 - 77.9% +0.1% 77.6% £ 0.27% 75.5% + 0.56%
- 7 2 1 - 84.1% + 0.23% 83.5% =+ 0.22% 82.2% £ 0.51%
- 9 1 1 - 83.1% + 0.18% 82.2% + 0.13% 80.1% =+ 0.74%
- 9 2 1 - 87.4% + 0.16% 86.9% =+ 0.18% 85.9% =+ 0.35%
- 11 1 1 - 86.6% + 0.16% 85.6% £ 0.37% 85.3% =+ 0.42%
- - min. free energy 69.1% =+ 0.28% 69.7% + 0.26% 69.0% £ 0.3%
- - min., avg. free energy 74.5% £ 0.22% 75.2% + 0.29% 75.1% £ 0.31%
- - min., avg., max. free energy 76.1% + 0.18% 77.1% + 0.18% 76.8% =+ 0.29%
4-mer 6 2 1 - 82.7% £ 0.15% 82.4% £ 0.16% 82.1% £ 0.23%
4-mer 7 1 1 - 82.4% + 0.22% 82.1% £ 0.18% 81.8% £ 0.25%
5-mer 7 2 1 - 86.3% + 0.15% 85.9% =+ 0.18% 85.5% =+ 0.22%
5-mer 9 1 1 - 85.9% + 0.18% 85.6% =+ 0.22% 85.4% =+ 0.22%
G-mer 9 2 1 - 88.4% + 0.16% 88.2% =+ 0.13% 87.3% =+ 0.33%
6-mer 11 1 1 - 88.6% + 0.16% 87.9% =+ 0.31% 87.3% £ 0.5%
4-mer - min. free energy 80.7% £ 0.21% 81.4% + 0.22% 81.6% + 0.16%
S5-mer - min. free energy 84.4% £+ 0.27% 84.7% +0.37% 84.6% % 0.27%
6-mer - min. free energy 87.1% + 0.23% 86.4% + 0.27% 84.4% + 1.19%
4-mer - min., avg. free energy 81.3% £ 0.21% 81.8% =+ 0.2% 82.1% +0.18%
5-mer - min., avg. free energy 84.0% =+ 0.33% 84.9% + 0.23% 84.3% £ 0.15%
6-mer - min., avg. free energy 86.5% + 0.22% 85.8% £ 0.13% 85.0% £ 0.15%
4-mer - min., avg., max. free energy 81.5% £+ 0.17% 82.1% £ 0.18% 82.2% + 0.2%
5-mer - min., avg., max. free energy 84.6% £ 0.27% 84.8% + 0.2% 84.5% + 0.27%
6-mer - min., avg., max. free energy 86.2% + 0.2% 85.6% =+ 0.16% 84.3% =+ 0.26%
- 6 2 1 min. free energy 80.0% =+ 0.3% 80.8% =+ 0.13% 81.1% +0.23%
- 7 1 1 min. free energy 79.6% + 0.16% 80.5% £+ 0.17% 80.6% + 0.16%
- 7 2 1 min. free energy 84.3% £ 0.26% 84.5% £ 0.22% 84.6% + 0.22%
- 9 1 1 min. free energy 83.8% 4 0.13% 84.4% +0.16% 83.6% % 0.45%
- 9 2 1 min. free energy 87.2% + 0.2% 84.9% =+ 0.99% 85.3% =+ 0.42%
- 11 1 1 min. free energy 87.2% + 0.2% 86.2% =+ 0.25% 82.6% £ 2.75%
- 6 2 1 min., avg. free energy 81.0% £ 0.21% 81.7% +0.21% 81.7% +0.21%
- 7 1 1 min., avg. free energy 80.2% + 0.2% 81.0% £ 0.15% 81.6% + 0.22%
- 7 2 1 min., avg. free energy 84.1% £ 0.18% 84.6% + 0.31% 84.4% + 0.16%
- 9 1 1 min., avg. free energy 84.0% =+ 0.21% 84.1% £ 0.18% 84.4% + 0.16%
- 9 2 1 min., avg. free energy 86.5% + 0.22% 85.8% £ 0.2% 85.1% =+ 0.23%
- 11 1 1 min., avg. free energy 86.3% + 0.15% 85.3% £ 0.21% 84.9% =+ 0.23%
- 6 2 1 min., avg., max. free energy 81.4% £ 0.16% 82.1% £ 0.18% 82.4% +0.16%
- 7 1 1 min., avg., max. free energy 80.6% =+ 0.22% 81.9% +0.23% 81.7% % 0.15%
- 7 2 1 min., avg., max. free energy 84.4% £ 0.16% 84.5% +0.22% 84.5% +0.22%
- 9 1 1 min., avg., max. free energy 84.4% + 0.16% 84.3% £ 0.21% 84.2% £ 0.25%
- 9 2 1 min., avg., max. free energy 86.7% + 0.15% 85.6% £ 0.27% 84.7% £ 0.37%
- 11 1 1 min., avg., max. free energy 86.2% + 0.2% 85.4% + 0.16% 84.4% + 0.22%
4-mer 6 2 1 min. free energy 82.9% =+ 0.18% 83.4% + 0.16% 83.5% +0.17%
4-mer 7 1 1 min. free energy 82.7% + 0.21% 83.6% + 0.22% 83.6% + 0.16%
5-mer 7 2 1 min. free energy 86.8% + 0.2% 86.3% =+ 0.15% 85.9% =+ 0.18%
5-mer 9 1 1 min. free energy 86.1% + 0.23% 86.1% + 0.28% 85.6% =+ 0.16%
6-mer 9 2 1 min. free energy 87.9% + 0.1% 86.9% =+ 0.28% 86.4% + 0.31%
6-mer 11 1 1 min. free energy 88.0% + 0.21% 87.0% £ 0.21% 86.1% =+ 0.18%
4-mer 6 2 1 min., avg. free energy 82.9% =+ 0.18% 83.3% £+ 0.21% 83.8% +0.13%
4-mer 7 1 1 min., avg. free energy 83.2% £ 0.2% 83.3% £ 0.15% 83.6% +0.22%
5-mer 7 2 1 min., avg. free energy 86.2% + 0.25% 85.6% £ 0.16% 85.2% =+ 0.2%
5-mer 9 1 1 min., avg. free energy 85.7% + 0.15% 86.1% + 0.23% 84.8% £ 0.2%
6-mer 9 2 1 min., avg. free energy 87.4% + 0.16% 86.7% + 0.21% 85.8% =+ 0.36%
6-mer 11 1 1 min., avg. free energy 87.6% + 0.16% 86.3% =+ 0.33% 85.4% =+ 0.31%
4-mer 6 2 1 min., avg., max. free energy 82.9% =+ 0.23% 84.2% + 0.2% 83.9% =+ 0.31%
4-mer 7 1 1 min., avg., max. free energy 82.9% =+ 0.18% 83.8% =+ 0.25% 83.8% + 0.2%
5-mer 7 2 1 min., avg., max. free energy 86.0% + 0.21% 85.7% £ 0.15% 84.8% £+ 0.2%
5-mer 9 1 1 min., avg., max. free energy 85.8% + 0.2% 85.4% =+ 0.16% 84.5% £ 0.5%
6-mer 9 2 1 min., avg., max. free energy 86.9% + 0.18% 86.2% =+ 0.13% 85.4% =+ 0.27%
6-mer 11 1 1 min., avg., max. free energy 87.0% + 0.15% 85.8% =+ 0.29% 84.5% £ 0.75%
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Table 5.6: 10-fold validation recall and standard errors of the RNA virus host classification
problem, with the highest recall of each feature set bolded, and overall highest underlined.

K-mer “Skip-mer” [31] Common Structure Fingerprints 10-Fold Cross Validation Averaged Recall
Length Match Skip 3-Layers Model 4-Layers Model 5-Layers Model
4-mer - - 62.5% =+ 0.48% 64.7% £ 0.73% 62.2% £ 0.87%
5-mer - - 77.3% + 0.26% 75.3% + 0.54% 74.4% £ 0.5%
6-mer - - 84.6% + 0.34% 83.6% £ 0.5% 83.6% % 0.62%
- 6 2 1 - 61.7% £ 0.3% 61.9% + 0.96% 59.4% =+ 1.03%
- 7 1 1 - 55.8% + 0.33% 54.5% =+ 0.96% 48.5% + 1.83%
- 7 2 1 - 77.3% + 0.52% 75.6% + 0.81% 71.7% + 1.78%
- 9 1 1 - 75.0% =+ 0.39% 73.1% + 0.48% 65.5% =+ 4.55%
- 9 2 1 - 84.9% + 0.23% 84.1% + 0.43% 82.2% + 1.19%
- 11 1 1 - 84.1% +0.23% 81.7% =+ 1.04% 81.2% =+ 0.9%
- - min. free energy 35.9% =+ 0.48% 36.6% + 0.72% 35.9% =+ 0.53%
- - min., avg. free energy 50.5% =+ 0.54% 52.0% % 0.87% 52.6% =+ 0.58%
- - min., avg., max. free energy 57.4% £ 0.52% 59.4% =+ 0.6% 59.5% + 0.79%
4-mer 6 2 1 - 71.5% + 0.4% 71.7% + 0.42% 71.1% £ 0.53%
4-mer 7 1 1 - 70.5% =+ 0.43% 71.9% + 0.41% 69.5% =+ 1.05%
5-mer 7 2 1 - 82.2% + 0.25% 82.1% £ 0.55% 80.0% =+ 0.68%
5-mer 9 1 1 - 81.7% + 0.45% 81.1% =+ 0.38% 80.3% =+ 0.65%
6-mer 9 2 1 - 87.0% + 0.3% 86.2% =+ 0.25% 84.7% =+ 0.84%
6-mer 11 1 1 - 86.8% + 0.44% 86.3% =+ 0.58% 84.7% + 1.54%
4-mer - min. free energy 68.0% =+ 0.58% 71.0% £ 0.6% 72.7% + 0.6%
5-mer - min. free energy 78.8% =+ 0.25% 80.3% =+ 0.6% 81.0% + 0.52%
6-mer - min. free energy 84.4% + 0.54% 84.1% £ 0.74% 77.8% =+ 5.35%
4-mer - min., avg. free energy 70.1% £+ 0.57% 72.3% £ 0.54% 75.3% + 0.6%
5-mer - min., avg. free energy 74.9% + 1.61% 81.3% + 0.42% 81.0% =+ 0.33%
6-mer - min., avg. free energy 83.5% =+ 0.43% 83.7% +0.33% 82.3% £ 0.37%
4-mer - min., avg., max. free energy 71.2% £ 0.47% 74.6% + 0.52% 76.0% =+ 0.56%
5-mer - min., avg., max. free energy 79.2% + 0.73% 80.7% =+ 0.5% 81.2% +0.73%
6-mer - min., avg., max. free energy 83.3% + 0.4% 83.6% + 0.16% 82.0% =+ 0.47%
- 6 2 1 min. free energy 67.0% =+ 0.58% 70.0% £ 0.73% 71.2% + 0.85%
- 7 1 1 min. free energy 66.9% =+ 0.23% 69.7% + 0.52% 71.1% + 0.31%
- 7 2 1 min. free energy 78.7% £ 0.6% 80.4% £ 0.37% 80.8% + 0.55%
- 9 1 1 min. free energy 77.8% £ 0.25% 79.9% =+ 0.31% 79.4% + 1.73%
- 9 2 1 min. free energy 84.8% + 0.36% 79.1% + 3.21% 80.7% + 1.25%
- 11 1 1 min. free energy 83.7% £ 0.54% 83.8% +0.33% 77.8% £ 5.17%
- 6 2 1 min., avg. free energy 69.8% =+ 0.51% 71.8% +0.73% 74.2% + 0.55%
- 7 1 1 min., avg. free energy 68.1% £ 0.97% 71.5% £ 0.73% 74.0% =+ 0.68%
- 7 2 1 min., avg. free energy 78.7% + 0.33% 79.8% + 0.85% 80.8% + 0.33%
- 9 1 1 min., avg. free energy 78.6% + 0.58% 79.5% + 0.56% 81.3% + 0.33%
- 9 2 1 min., avg. free energy 83.2% £ 0.57% 83.5% + 0.43% 82.6% =+ 0.56%
- 11 1 1 min., avg. free energy 82.8% + 0.42% 82.7% £ 0.42% 82.2% =+ 0.44%
- 6 2 1 min., avg., max. free energy 70.9% =+ 0.43% 73.9% £ 0.74% 75.4% + 0.31%
- 7 1 1 min., avg., max. free energy 69.3% =+ 0.79% 74.2% + 0.53% 74.7% + 0.76%
- 7 2 1 min., avg., max. free energy 79.0% + 0.56% 80.6% =+ 0.54% 81.1% + 0.55%
- 9 1 1 min., avg., max. free energy 78.7% £ 0.47% 80.6% £ 0.7% 81.3% +0.37%
- 9 2 1 min., avg., max. free energy 84.0% + 0.21% 83.4% =+ 0.43% 82.2% =+ 0.66%
- 11 1 1 min., avg., max. free energy 82.9% =+ 0.38% 83.2% + 0.2% 82.4% + 0.37%
4-mer 6 2 1 min. free energy 74.2% + 0.49% 76.2% £ 0.7% 78.7% + 0.3%
4-mer 7 1 1 min. free energy 74.2% £ 0.29% 77.5% + 0.83% 78.5% + 0.52%
5-mer 7 2 1 min. free energy 83.7% £ 0.42% 83.5% =+ 0.43% 83.8% + 0.2%
5-mer 9 1 1 min. free energy 82.2% £+ 0.47% 83.4% + 0.48% 83.1% =+ 0.46%
6-mer 9 2 1 min. free energy 85.9% + 0.31% 84.3% £ 0.7% 83.2% £+ 0.7%
6-mer 11 1 1 min. free energy 85.7% + 0.4% 84.9% =+ 0.31% 82.4% % 0.58%
4-mer 6 2 1 min., avg. free energy 75.1% £ 0.5% 77.4% £ 0.65% 78.9% =+ 0.48%
4-mer 7 1 1 min., avg. free energy 74.7% £ 0.45% 77.0% £ 0.42% 78.4% + 0.5%
5-mer 7 2 1 min., avg. free energy 82.6% + 0.4% 82.9% + 0.41% 82.7% £ 0.3%
5-mer 9 1 1 min., avg. free energy 81.3% + 0.37% 82.6% =+ 0.62% 82.6% + 0.37%
6-mer 9 2 1 min., avg. free energy 84.4% + 0.52% 84.3% =+ 0.26% 82.5% + 1.02%
6-mer 11 1 1 min., avg. free energy 84.3% + 0.5% 84.2% =+ 0.66% 82.1% £ 0.74%
4-mer 6 2 1 min., avg., max. free energy 75.6% + 0.58% 79.6% + 0.22% 79.7% + 0.67%
4-mer 7 1 1 min., avg., max. free energy 75.8% £ 0.57% 77.8% £ 0.42% 79.3% +0.45%
5-mer 7 2 1 min., avg., max. free energy 82.6% =+ 0.4% 83.0% + 0.3% 82.2% %+ 0.61%
5-mer 9 1 1 min., avg., max. free energy 81.4% =+ 0.34% 83.0% +0.21% 81.5% =+ 1.33%
6-mer 9 2 1 min., avg., max. free energy 84.6% + 0.34% 83.7% £ 0.15% 82.3% =+ 0.68%
6-mer 11 1 1 min., avg., max. free energy 84.6% + 0.22% 83.3% £ 0.68% 80.3% =+ 2.15%
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Table 5.7: Test set accuracy of each feature set for the RNA virus host classification
problem, using a reduced dataset that excludes sequences with > 90% similarity [135].

K-mer “Skip-mer” [31] Common Structure Fingerprints Test Set Accuracy
Length Match Skip 3-Layers Model 4-Layers Model 5-Layers Model

4-mer - - 52.72% 53.67% 59.74%
5-mer - - 72.52% 70.29% 70.61%
6-mer - - 80.51% 75.08% 71.57%
- 6 2 1 - 56.23% 62.3% 65.81%
- 7 1 1 - 41.21% 44.09% 52.08%
- 7 2 1 - 75.4% 71.25% 71.88%
- 9 1 1 - 48.24% 64.54% 61.98%
- 9 2 1 - 79.87% 71.25% 67.73%
- 11 1 1 - 68.37% 68.37% 66.45%
- - min. free energy 39.94% 38.02% 39.94%
- - min., avg. free energy 51.44% 48.88% 59.11%
- - min., avg., max. free energy 46.33% 48.56% 48.88%
4-mer 6 2 1 - 71.25% 70.93% 52.72%
4-mer 7 1 1 - 72.2% 69.33% 71.57%
5-mer 7 2 1 - 78.27% 77.0% 73.8%
5-mer 9 1 1 - 69.97% 65.81% 69.65%
6-mer 9 2 1 - 76.36% 71.88% 68.69%
6-mer 11 1 1 - 72.84% 71.57% 53.99%
4-mer - min. free energy 61.66% 61.98% 49.2%
5-mer - min. free energy 67.09% 72.2% 69.01%
G-mer - min. free energy 72.2% 69.97% 61.98%
4-mer - min., avg. free energy 63.58% 59.42% 63.9%
5-mer - min., avg. free energy 64.22% 66.77% 66.77%
6-mer - min., avg. free energy 69.65% 63.9% 58.47%
4-mer - min., avg., max. free energy 59.74% 60.06% 65.18%
5-mer - min., avg., max. free energy 65.81% 64.22% 56.23%
6-mer - min., avg., max. free energy 64.86% 63.26% 52.08%
- 6 2 1 min. free energy 60.7% 59.42% 65.5%
- 7 1 1 min. free energy 42.17% 48.24% 47.92%
- 7 2 1 min. free energy 60.06% 69.01% 70.29%
- 9 1 1 min. free energy 44.73% 47.6% 63.26%
- 9 2 1 min. free energy 68.69% 69.01% 68.05%
- 11 1 1 min. free energy 71.25% 68.37% 64.86%
- 6 2 1 min., avg. free energy 53.99% 58.47% 55.91%
- 7 1 1 min., avg. free energy 54.31% 53.04% 52.72%
- 7 2 1 avg. free energy 59.11% 67.41% 69.33%
- 9 1 1 min., avg. free energy 63.26% 61.66% 64.86%
- 9 2 1 min., avg. free energy 71.57% 63.58% 65.81%
- 11 1 1 min., avg. free energy 69.33% 66.13% 62.62%
- 6 2 1 min., avg., max. free energy 57.51% 57.19% 59.74%
- 7 1 1 min., avg., max. free energy 53.35% 53.35% 52.08%
- 7 2 1 min., avg., max. free energy 57.83% 62.62% 59.74%
- 9 1 1 min., avg., max. free energy 51.76% 63.26% 65.81%
- 9 2 1 min., avg., max. free energy 67.41% 68.37% 64.22%
- 11 1 1 min., avg., max. free energy 62.3% 63.9% 61.66%
4-mer 6 2 1 min. free energy 67.09% 64.22% 65.5%
4-mer 7 1 1 min. free energy 60.7% 59.74% 47.28%
5-mer 7 2 1 min. free energy 77.0% 72.2% 66.13%
5-mer 9 1 1 min. free energy 70.29% 72.84% 71.88%
6-mer 9 2 1 min. free energy 76.04% 68.69% 66.45%
6-mer 11 1 1 min. free energy 78.59% 77.32% 61.66%
4-mer 6 2 1 min., avg. free energy 60.06% 60.38% 61.02%
4-mer 7 1 1 min., avg. free energy 66.77% 66.45% 65.18%
5-mer 7 2 1 avg. free energy 67.73% 68.37% 63.58%
5-mer 9 1 1 . free energy 70.61% 66.77% 69.33%
6-mer 9 2 1 min., avg. free energy 77.32% 69.97% 63.58%
6-mer 11 1 1 min., avg. free energy 73.48% 69.65% 57.51%
4-mer 6 2 1 min., avg., max. free energy 67.73% 65.18% 68.69%
4-mer 7 1 1 min., avg., max. free energy 59.11% 63.9% 63.9%
5-mer 7 2 1 min., avg., max. free energy 66.13% 61.34% 66.13%
5-mer 9 1 1 min., avg., max. free energy 71.88% 68.37% 66.13%
6-mer 9 2 1 min., avg., max. free energy 77.32% 74.76% 59.42%
6-mer 11 1 1 min., avg., max. free energy 67.09% 62.3% 58.15%
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Table 5.8: Test set accuracy of each feature set for the RNA virus host classification
problem, using a reduced dataset that excludes sequences with > 80% similarity [135].

K-mer “Skip-mer” [31] Common Structure Fingerprints Test Set Accuracy
Length Match Skip 3-Layers Model 4-Layers Model 5-Layers Model

4-mer - - 44.22% 41.5% 40.14%
5-mer - - 46.26% 48.3% 35.37%
6-mer - - 53.74% 47.62% 36.73%
- 6 2 1 - 31.97% 46.26% 42.86%
- 7 1 1 - 33.33% 36.73% 35.37%
- 7 2 1 - 54.42% 34.01% 36.73%
- 9 1 1 - 42.18% 35.37% 32.65%
- 9 2 1 - 46.26% 49.66% 19.05%
- 11 1 1 - 47.62% 26.53% 26.53%
- - min. free energy 25.17% 25.17% 31.29%
- - min., avg. free energy 31.29% 31.97% 32.65%
- - min., avg., max. free energy 35.37% 36.05% 33.33%
4-mer 6 2 1 - 45.58% 48.3% 50.34%
4-mer 7 1 1 - 44.9% 44.22% 43.54%
5-mer 7 2 1 - 60.54% 56.46% 39.46%
5-mer 9 1 1 - 59.18% 50.34% 50.34%
6-mer 9 2 1 - 57.14% 50.34% 42.18%
G-mer 11 1 1 - 57.82% 44.9% 42.86%
4-mer - min. free energy 30.61% 31.29% 41.5%
5-mer - min. free energy 44.22% 46.94% 35.37%
6-mer - min. free energy 43.54% 44.22% 42.86%
4-mer - min., avg. free energy 37.41% 42.86% 40.82%
5-mer - min., avg. free energy 49.66% 48.3% 42.86%
6-mer - min., avg. free energy 40.14% 46.26% 44.22%
4-mer - min., avg., max. free energy 44.9% 37.41% 35.37%
5-mer - min., avg., max. free energy 42.86% 36.73% 36.05%
6-mer - min., avg., max. free energy 49.66% 42.18% 27.89%
- 6 2 1 min. free energy 39.46% 35.37% 30.61%
- 7 1 1 min. free energy 36.73% 36.73% 37.41%
- 7 2 1 min. free energy 46.94% 51.02% 36.73%
- 9 1 1 min. free energy 38.1% 34.69% 33.33%
- 9 2 1 min. free energy 51.02% 48.98% 37.41%
- 11 1 1 min. free energy 34.69% 34.69% 25.85%
- 6 2 1 min., avg. free energy 36.05% 33.33% 31.97%
- 7 1 1 min., avg. free energy 32.65% 31.97% 34.01%
- 7 2 1 avg. free energy 38.78% 44.9% 44.9%
- 9 1 1 min., avg. free energy 36.73% 34.01% 34.69%
- 9 2 1 min., avg. free energy 42.86% 37.41% 36.73%
- 11 1 1 min., avg. free energy 34.69% 31.97% 33.33%
- 6 2 1 min., avg., max. free energy 27.89% 34.01% 43.54%
- 7 1 1 min., avg., max. free energy 36.05% 29.93% 43.54%
- 7 2 1 min., avg., max. free energy 40.82% 38.1% 35.37%
- 9 1 1 min., avg., max. free energy 38.78% 38.78% 42.18%
- 9 2 1 min., avg., max. free energy 44.9% 43.54% 39.46%
- 11 1 1 min., avg., max. free energy 43.54% 38.1% 35.37%
4-mer 6 2 1 min. free energy 46.94% 45.58% 40.82%
4-mer 7 1 1 min. free energy 35.37% 41.5% 29.93%
5-mer 7 2 1 min. free energy 48.98% 46.94% 45.58%
5-mer 9 1 1 min. free energy 54.42% 48.98% 37.41%
6-mer 9 2 1 min. free energy 36.73% 42.86% 44.22%
6-mer 11 1 1 min. free energy 53.74% 42.86% 36.05%
4-mer 6 2 1 min., avg. free energy 37.41% 43.54% 38.78%
4-mer 7 1 1 min., avg. free energy 47.62% 44.22% 44.9%
5-mer 7 2 1 avg. free energy 44.9% 47.62% 37.41%
5-mer 9 1 1 . free energy 40.82% 40.14% 46.26%
6-mer 9 2 1 min., avg. free energy 53.06% 32.65% 35.37%
6-mer 11 1 1 min., avg. free energy 40.14% 40.14% 36.05%
4-mer 6 2 1 min., avg., max. free energy 46.94% 45.58% 42.86%
4-mer 7 1 1 min., avg., max. free energy 39.46% 45.58% 42.18%
5-mer 7 2 1 min., avg., max. free energy 44.22% 50.34% 47.62%
5-mer 9 1 1 min., avg., max. free energy 48.98% 48.3% 42.86%
6-mer 9 2 1 min., avg., max. free energy 45.58% 42.18% 32.65%
6-mer 11 1 1 min., avg., max. free energy 50.34% 46.26% 40.14%

83



5.2.3 Comparison of the Different Secondary Structure Finger-
print Types

Overall, similar to our findings with the other dataset, when a single type of feature is used
on its own (i.e. either a k-mer, a skip-mer, or a set of the secondary structure fingerprints),
sequence-based features overall yielded superior classification performance [135]. The skip-mer
with a length of 9 that alternatingly matches 2 consecutive nucleotides then skips 1 nucleotide
yielded the highest accuracy of 84.92%, highest recall of 84.90%, and highest precision of 87.40%
(using the 3-layered deep learning model), compared to using other standalone, non-combined
features [135]. Meanwhile, the highest accuracy, precision, and recall achieved by the secondary
structure fingerprints is only 59.42% (with the 5-layered model), 77.10% (with the 4-layered
model), and 59.50% (with the 5-layered model) respectively, using the fingerprints that comprise
of minimum, average, and maximum free energy values of matches combined together [135].

This trend in performance can also be observed when the reduced datasets are used for
training and evaluation — sequence-based features performed better than the secondary structure
fingerprints when the different features are used separately on their own. We find this rather
surprising as we had expected and hypothesized that structural features would be advantageous
as sequence similarity gets lower. With the dataset containing only sequences with up to 80%
in similarity, the best performing accuracy between the 3 different neural network depths using
each of the sequence-based feature sets ranged from 36.73% (match-1-skip-1 skip-mer of length 7,
using the 4-layered deep neural network) to 54.42% (match-2-skip-1 skip-mer of length 7, using the
3-layered network architecture), while the secondary structure fingerprints counterparts ranged
from 31.29% (the fingerprints that were built using only the minimum free energy values, used
with the 5-layered model) to only 36.05% (fingerprints with the minimum, average, and maximum
free energy values concantenated, using the 4-layered model) [135]. Similarly, when it comes to
the other reduced dataset containing sequences of up to 90% in similarity, among the standalone
sequence-based features, 6-mer with the 3-layered model achieved the highest accuracy of 80.51%;
while the poorest performing feature is the match-1-skip-1 skip-mer of length 7, which reached
a maximum accuracy of 52.08% using the 5-layered model configuration [135]. Meanwhile, the
best performing standalone secondary structure fingerprints with the same reduced dataset was
the fingerprints that combine minimum and average free energy values of matches, which only
reached a maximum accuracy of 59.11% using the 5-layered model; while the poorest performing
counterpart was the fingerprints that only use the minimum free energy values, which reached a
low evaluation accuracy of 39.94% with the 5-layer model as well [135].
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5.2.4 Combining Free Energy Values to Produce the Secondary
Structure Fingerprints

Our original secondary structure fingerprints based on the curated common known RNA struc-
tural motifs only takes the match with the minimum free energy (i.e. most stable match in terms
of thermodynamic stability) in case there are multiple secondary structure matches of a descriptor
representing one of the curated secondary structure motifs [134]. However, for the RNA virus
dataset, we also extracted the average free energy value and the match with the maximum free
energy (i.e. least stable or poorest secondary structure match) when there are multiple matches
of a descriptor in a sequence [135]. To determine how the extra free energy values contribute to
or affect the overall classification performance, we used 3 different combinations of the values in
the study: using the minimum free energy value only (same as our original common structural
motifs based secondary structure fingerprints [134]); combining/concatenating minimum and av-
erage free energy values; and combining/concatenating the minimum, average, and maximum free
energy values of the matches [135]. Combining/concatenating refers to including and using them
in the feature vector — thus, if a secondary structure fingerprint of a sequence that only uses the
minimum free energy value consists of 44 values (corresponding to the rescaled free energy values
of the 44 curated secondary structure motifs), a counterpart that includes the minimum and
average free energy values would consist of 88 values (44 rescaled minimum free energy values,
and 44 rescaled average free energy values); while a fingerprint representing a sequence that uses
the minimum, average, and maximum free energy values would consist of 132 values (from 44
minimum free energy values, 44 average values, and 44 maximum values) [135].

The results indicate that the additional free energy values are relevant to the host species
identification, as the classification performance increased in all but one case when the additional
values are included. For instance, with the primary dataset, the highest accuracy of the finger-
prints that only use the minimum free energy is 36.75% (with the 4-layered model), while the
accuracy of the fingerprints with the minimum and average free energy values is 52.60% (with
the 5-layered model) [135]. The performance improved further when all of the minimum, average,
and maximum free energy values are combined and used together, reaching a maximum 10-fold
validated overall accuracy of 59.42% (with the 5-layers model) [135]. This increase can also be
observed with the 10-fold validated precision: using only minimum free energy values yielded a
highest precision of 69.70%, while using both minimum and average free energy values yielded
75.20% in precision, and using all three free energy values achieved a precision of 77.10% — all
of which were obtained with the 4-layered deep neural network configuration. Meanwhile, the
10-fold validated recall increased from 36.60% (using only minimum free energy values, with the
4-layered deep learning model), to 52.60% (using minimum and average free energy values, with
the 5-layered model), and further to 59.50% when all of three free energy values are used (with
the 5-layered model).

There is a similar increase in accuracy when the reduced dataset with up to 80% sequence
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similarity: from 31.29% (using minimum free energy only, and the 5-layered model), to 32.65%
(minimum and average free energy, with the 5-layered model), and finally, 36.05% (minimum,
average, and maximum free energy, with the 4-layered model). However, the case is different
with the other reduced dataset which consists of sequences that are only up to 90% similar:
using minimum free energy only yielded the lowest accuracy among all three of 39.94%, and
using both minimum and average free energy values of matches yielded an improved accuracy of
59.11%; however, using all of the minimum, average, and maximum free energy values degraded
the accuracy to 48.88% instead of improving it like in all of the other cases. This special case may
or may not still be the same if 10-fold cross validation is performed with the reduced dataset, as
it differed from the rest of the cases.

To summarize our findings, using the additional free energy values to form the secondary
structure fingerprints resulted in an increase of classification performance in all except one of the
cases. The additional improvements may be due to how RNA sequences themselves on their own
may not fold into stable secondary structures without additional “folding kinetics” [58,97]; and
as a result, using the information from the non-optimal matches (i.e. represented by average and
maximum free energy values of matches) retains representations of the secondary structures that
could only be formed by the RNA sequences with the additional kinetics (which would otherwise
be discarded if only the minimum free energy values are used, as the sequences themselves cannot
fold into those structures optimally).

5.2.5 Combining Different Feature Types

Using more than one type of features does not always result in improved classification performance
in this study. For instance, using 5-mer representation alone to identify the susceptible host
species of a viral sequence resulted in a highest 10-fold validated overall accuracy of 72.52%,
whereas adding match-1-skip-1 skip-mer of length 9 to be used together with the 5-mer as features
degraded the highest overall accuracy to 69.97% [135].

Similarly, although we used feature sets with up to 3 different types of features; with the
primary dataset, the best performing feature sets consists only of 2 types. When it comes to
accuracy, a combination of the 6-mer and the skip-mer of length 9 that alternatingly matches 2
consecutive nucleotides and skips 1 nucleotides after achieved the highest 10-fold overall accuracy
of 86.89% (using the 3-layered deep learning model) [135]. Meanwhile, in terms of precision, 6-
mer combined with the match-1-skip-1 skip-mer of length 11 yielded the highest 10-fold precision
of 88.6% (again, using the 3-layered model). Finally, when it comes to recall, the highest 10-fold
overall recall of 87.0% was achieved by using 6-mer together with the 9 nucleotides long (including
the skipped nucleotides) match-2-skip-1 skip-mer with the 3-layered deep learning configuration
as well. None of the sets with 3 feature types combined exceed these 10-fold validated accuracy,
precision, and recall [135].
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5.2.6 Best Performing Feature Set is Different for the Reduced
Datasets

We found that the feature set that performed best with the non-reduced primary dataset was
outperformed by other sets when the reduced datasets are used for training and evaluation. For
instance, with the reduced dataset of up to 80% sequence similarity, a combination of 5-mer
and skip-mer of length 7 that matches 2 nucleotides and skips 1 nucleotide alternatingly, yielded
the highest evaluation accuracy of 60.54% (using the model configuration with 3 layers) [135].
A different feature set achieved the best classification performance when it comes to the other
reduced dataset of up to 90% sequence similarity — using 6-mer on its own yielded an accuracy
of 80.51% (using the 3-layers deep learning model configuration as well) [135].

One major difference between the 3 different RNA virus datasets used in the study is their
completeness. As the best performing feature set differed between the 3 datasets, including
between the 2 different reduced datasets despite using the same set of host species, it is entirely
possible that the best performing set of feature will also differ when our proposed approach is
used with a more complete dataset in the future [135].
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Chapter 6

Limitation

6.1 Limited Sequence Length

The RNA sequences in our studies were limited in length, as we found the RNAMotif [96] tool
incorporated in our pipeline require large memory, and therefore significant amount of computa-
tional resources, to process longer sequences [134].

Based on our attempts in processing such longer sequences with RNAMotif, we observed that
the memory usage of the program will increase until all of the available memory is used up,
followed by a crash as no more additional free memory is available for it to allocate.

We found that this is especially true with our RAG-based secondary structure fingerprints,
possibly because pseudoknots are taken into account. As a result, our study involving classifica-
tion of non-coding RNA from the Rfam database [76,77] only includes RNA sequences that are
148 nucleotides long or less [134]. Consequently, RNA classes that consist exclusively or mostly
of longer sequences were excluded — one of such excluded classes was Intron Group I, despite the
inclusion of Intron Group II in the study [134].

The maximum sequence length was significantly higher for our study involving viral RNA
sequences — the longest sequence is 31,473 in length [135]. However, none of the secondary struc-
ture fingerprints take pseudoknots into account. In addition, only secondary structure fingerprints
built without G-U wobble pairs were used, as we found that allowing the wobble pairs caused
RNAMotif [96] to require larger memory for the longer sequences. In other words, if the wob-
ble pairs are allowed, the maximum length of a sequence that can be processed with reasonable
computational resources would be reduced, and as a result, the total entries in the dataset would
also be limited.

In addition to the reduced included data entries and RNA classes, this current limitation
also made it difficult to perform direct comparisons between our approach and similar previous
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studies which involve longer sequences in their datasets, without access to exceptionally large
computational resources.

6.2 No Distinction between Local and Global Matches
by the Secondary Structure Fingerprints

One of the steps to build our secondary structure fingerprints is finding secondary structure
matches of each descriptor in the set (representing the RAG graphs [11,50,68,101], or our curated
common known RNA secondary structure motifs) that can be formed by the sequence [134].
The match can either be local, which means that the corresponding secondary structure can be
formed by just a part of the sequence; or global, which means that the secondary structure would
be formed by the entire sequence. However, the secondary structure fingerprints currently do
not make the distinction between local or global matches. In other words, information on the
aforementioned types of match is not retained in the fingerprints in any way.

As aresult, RNAs that share “local substructures” with one or more different classes of RNAs,
despite not sharing global structures, such as the HACA-box class of non-coding RNA [16], may
be misclassified often when only the secondary structure fingerprints are used as deep learning
features.

6.3 Use of RNAMotif Default Minimum Length for
the RAG-based Secondary Structure Fingerprints

Our descriptors used to build the RAG-based secondary structure fingerprints initially specify
a minimum consecutive paired nucleotides of 2 for a stem to be considered (which would corre-
spond to an edge in the “dual graphs” RAG representation), a minimum number of consecutive
nucleotides that was also specified by the authors of “RNA-As-Graphs” [14,50]. However, this
resulted in significant slowdown and increased memory requirement of RNAMotif [96] — we have
provided up to 64 GB of RAM to process a single sequence with a single descriptor. As a result,
we resorted to using the default minimum consecutive paired nucleotides of 3 instead of specifying
the initial minimum of 2.

6.4 Complete Viral Sequence Requirement

The approach proposed in our study that involves predicting susceptible host species given a se-
quence of RNA virus has been developed and tested only with complete viral sequences, although
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most of viral sequences from the NCBI Virus are indicated as “partial” sequences [18,135]. This
results in not only limited entries that could be used by our approach, but also the limited num-
bers of both viral species and susceptible host species that could be included, compared to if the
approach were to work with both partial and complete viral sequences.
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Chapter 7

Future Work

7.1 Improved Secondary Structure Fingerprints

7.1.1 Produce and Include Different Score Variations to Build
Better Performing Fingerprints

Our findings indicate that producing different variations of scores and combining them, and com-
bining different types of secondary structure fingerprints, produced better performing secondary
structure fingerprints overall for classification purposes. For example, as previously discussed,
in our study that uses secondary structure fingerprints to identify the type of an RNA given its
sequence from the Rfam database [70,77], combining the different scores from the 2 variations
of the curated common structural motifs based fingerprints, one variant that allows wobble pairs
and another that does not allow wobble pairs (i.e. concatenating two sets of 44 scores from the
different variations of the fingerprints, to form a set of 88 scores which is then used as deep
learning features), resulted in a higher accuracy than when each variation is used on their own as
features [134]. Similarly, further increase of the 10-fold validated accuracy can be observed when
this combination consisting of the wobble and non-wobble pair variants of the fingerprints, is fur-
ther combined with the scores from the RAG-based fingerprints (forming fingerprints consisting
of 88 4+ 47 for each sequence, the latter being the number of scores in the RAG-based fingerprints
per sequence) [134]. The same trend also applies to the precision and recall.

In another study of ours involving prediction of susceptible host species from a sequence of
RNA virus; we found that in all cases, curated common motifs based secondary structure finger-
prints that consist of both rescaled minimum and average free energy values of motif matches per-
formed better compared to the fingerprints with only rescaled minimum free energy values [135].
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In almost all cases, adding the rescaled maximum free energy values further improved the classi-
fication performance as well [135].

To summarize; based on our findings, producing different variations of scores or fingerprints,
then combining them such that they are used together as deep learning features, will likely yield
improved secondary structure fingerprints in terms of their resulting classification performance.

7.1.2 Include Information on Local vs. Global Matches

In order for the secondary structure fingerprints to be able to distinguish between different classes
in which parts of the RNAs may share the same or similar secondary structures, but the RNA
sequences in their entirety do not share the same secondary structure (for example, the HACA-
box and CD-box [1(]), the fingerprints need to contain information on whether the secondary
structure matches are local (produced by only parts of the sequence) or global (produced by the
entire sequence).

One possible approach to achieve this is by using two sets of scores instead of one for a single
type of secondary structure fingerprints: one set is derived only from local matches with the de-
scriptors, while the other set is derived only from global matches. In other words, local secondary
structure matches will only affect one of the sets, while global structural matches will only affect
the other set. Thus, in case of different RNA classes with differing global secondary structures
but similar local secondary structures, the set of scores derived from only global matches would
be different; and these differences in the resulting fingerprints could then indicate the different
RNA classes.

7.1.3 Include Positional Information of Secondary Structure
Matches

In addition to including information on whether a secondary structure match is local or global in
the fingerprints, positional information of structural matches could also be encoded and included
in them. Presently, there is no such information in the fingerprints — the fingerprints currently
do not differentiate whether a secondary structure match is at the beginning, middle, or end of a
RNA strand. A future study could develop secondary structure fingerprints with such positional
information included in them, and assess if the positional information improved the resulting
classification performance.

Improvements have indeed been shown by results of our study that extends the work covered
in this thesis [133]. This extended study separates the match scores produced by, and in turn,
differentiates between global and local structural matches [133]. The overall results validated
our hypothesis that incorporating positional information in the secondary structure fingerprints
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would improve the classification performance. In fact, the best classification performance in the
study is achieved when the secondary structure fingerprints are used along with k-mer [133].

7.2 More Efficient Secondary Structure Fingerprints
Pipeline

7.2.1 Use Smaller but More Descriptors

One way to reduce the memory requirements of RNAMotif [96] used in our secondary structure
fingerprints pipeline is by using smaller or shorter descriptors — and to make up the shorter
lengths, additional descriptors could be written and used [135]. A future study that incorporates
the same pipeline using RNAMotif [96] to produce secondary structure fingerprints could focus
on creating such smaller but more numerous descriptors, including how to split the original
larger descriptor into smaller ones without breaking the connections — i.e. the smaller descriptors
that were broken down from a larger descriptor should still be connected as opposed to becoming
completely separate descriptors. For example, given a group of small descriptors that were broken
down from a single larger descriptor, one approach to achieve the simulated connectivity is by
ignoring any secondary structure matches in one small descriptor if there is no secondary structure
match with the other small descriptors in the group (as the large original descriptor would not
produce a match either in this case).

7.2.2 RNAMotif Substitution

RNAMotif plays a key role in the pipeline to create secondary structure fingerprints from RNA
sequences. However, as already mentioned, this software requires significant computational re-
sources. In order to circumvent this limitation, a new tool could be built to match RNA secondary
structure motifs.

To ensure computational efficiency, the tool could leverage approaches used by the Seed pro-
gram [3]. Seed is based on an efficient data structure, called suffix array, that allows simultaneous
search of all starting positions of the input sequence for a given motif. This makes the search time
proportional to the size of the motif, and not the size of the input sequence. The preprocessing
time needed to build the required indices is linear with respect to the size of the input sequence.
Likewise, the memory requirement for the indices also grows linearly with the size of the input
sequence. Consequently, it is reasonable to expect that such pattern matching tool would be able
to process the longer sequences that were excluded in our studies. Furthermore, a dedicated tool
could be optimized for our needs. For example, certain parts of the search space could be pruned
if deemed unnecessary.
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Herein, the structural features were either extracted from RAG or manually curated. Another
interesting avenue to pursue is developing a method that automatically learns and selects a set
of structural features that would yield the highest classification performance. Thus, structural
features that are not informational for a particular dataset would not be used. Again, the
techniques used by Seed could be leveraged.

7.3 Classification with Partial Sequences

For some sources of data, including the NCBI Virus [18] we used for our study [135], partial
sequences are more abundant than complete sequences. Extending our approach such that the
classifier works with partial sequences would be useful for datasets and cases where the newly
discovered sequences (e.g. newer RNA viruses) are only partially available [135].
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Chapter 8

Conclusion

We proposed a pipeline to produce secondary structure fingerprints from RNA sequences, which
represent the possible secondary structures that can be formed by the RNA sequence, and can be
used as input features in order to identify or classify the sequences. This approach is based on the
facts that it is possible for a single strand of RNA to form multiple secondary structures [110];
and that RNA functions may depend on the secondary structures [110], thus secondary structure
information can be used to infer the function and consequently the identity of the RNA.

Our proposed pipeline was used to produce different sets of secondary structure fingerprints:
a set based on “RNA-As-Graphs” [11,50,68,101], which takes pseudoknots into account; another
based on our curated common known RNA secondary structure motifs [134], which takes free
energy into account, as the scores comprising the features are derived from free energy values of
matches with the curated motifs.

We then used each type of the produced secondary structure fingerprints as deep learning
features, with different datasets to solve different RNA classification problems, alone and in con-
junction with the other types of secondary structure fingerprints and/or sequence-based features
(continuous k-mers [134, 135], and non-continuous k-mers/“skip-mers” [31,135]); in order to as-
sess how the classification performance is affected. The first dataset contains non-coding RNAs
from Rfam database version 14.1 [76,77,134], and the RNAs are to be classified using the features
with deep learning into their different RNA classes [134]. The second dataset contains sequences
of RNA virus from NCBI Virus [18], and our study with this dataset involved identifying host
species that are susceptible given the viral sequences [135].

Our findings indicate that the sequence-based features overall outperformed our current sec-
ondary structure fingerprints. Combining the secondary structure fingerprints with poorer per-
forming sequence-based features (for example, 2-mer and 3-mer, but not 4-mer in our study
involving classification of non-coding RNAs [134]) resulted in improvements in the final classi-

95



fication performance. However, there is no improvements but slight degradation in classifica-
tion performance, when sequence-based features that already perform well (e.g. 4-mer in our
non-coding RNA study [134]) are used together with the secondary structure fingerprints [134].
Similarly, adding secondary structure fingerprints to the best performing combination of k-mer
and skip-mer in our RNA virus host prediction study, such that they are used together as deep
learning features, resulted in a poorer classification performance compared to when the secondary
structure fingerprints are not used [135]. Since using the secondary structure fingerprints as ad-
ditional deep learning features together with sequence-based features that already perform well
did not result in further improvements, our initial hypothesis is invalidated.

Despite of these findings regarding the secondary structure fingerprints, we found that our
deep learning approach performed well with the sequence-based features for both datasets and
classification problems — a maximum 10-fold validated classification accuracy of 86.92% was
achieved using 4-mer in our non-coding RNA classification study [134], while 86.89% was achieved
by a feature set that combines 6-mer and match-2-skip-1 skip-mer with a length of 9 in our other
study involving host susceptibility to RNA virus [135].

In addition, we also found that producing and combining different variants of secondary struc-
ture fingerprints resulted in better performing fingerprints. For example, combining secondary
structure fingerprints based on our curated common structural motifs that both allow and disal-
low wobble pairs together resulted in higher classification accuracy, compared to when only one of
the 2 variants is used separately [134]. This also applies all but one case in our other study [135].
Thus, a future study should produce different variants of the fingerprints with different rules
(e.g. wobble pairs allowed and disallowed), and combine/concatenate them such that they are
used together as deep learning features, in order to have a better performing secondary structure
fingerprints in terms of classification performance.

Furthermore, our current secondary structure fingerprints do not differentiate between local
and global structures. For instance, if there is a specific secondary structure that can formed by
only a part of specific sequence, while another sequence can form the same secondary structure but
the whole sequence is involved, the secondary structure fingerprints for the different sequences will
not differentiate between the difference in scope. As a result, different RNAs that share similar
local structures but do not share similar global structures may not be well differentiated by
the current secondary structure fingerprints [16]. Future development of the secondary structure
fingerprints could split the different scopes of matches into different scores, such that the difference
can then be inferred by machine/deep learning. Additionally, the current fingerprints also do not
include any positional information on the structural matches. Such information can be encoded
in a future version of the fingerprints, which may be useful for the neural network in order to
classify /identify the RNAs correctly.

Finally, our current pipeline involving RNAMotif [96] require large amounts of memory and
computational resources to process longer sequences. Future studies that would like to adopt our
proposed pipeline could use smaller but more RNAMotif descriptors [96] in order to reduce the
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memory requirements. Another alternative is to create a custom and efficient secondary structure
matching solution specific to the pipeline, to be used in place of RNAMotif.
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