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OZET

DAIRESEL RNA-HASTALIK ILISKILERININ DERIN OGRENME
METODLARIYLA TAHMINI

Dairesel RNA, kapal1 dongii yapisina sahip tek iplikli bir RNA tipidir. Son yillarda
yapilan aragtirmalar dairesel RNA’larin biyolojik stireclerde ¢ok dnemli rolleri oldugunu
ve insan hastaliklar1 ile iliskili oldugunu ortaya koymustur. Dairesel RNA’lar hastalik
biyobelirteci ve ilaclar icin hedef molekiil olabileceginden dolayi, hastaliklarin erken
evrelerde saptanmasi ve hastaliklarin tedavisinde kullanilmasi onem tasimaktadir.
Bununla birlikte, dairesel RNA’lar ve hastaliklar arasindaki iliskileri ortaya ¢ikarmak igin
yapilan geleneksel deneysel yontemler zaman alic1 ve maliyetlidir. Bu sorunun iistesinden
gelmek amaciyla, dairesel RNA’lar ile hastaliklar arasindaki iliskilerin tahmininde
kullanilabilecek ve dairesel RNA ve hastaliklarin 6nemli 6zelliklerinin sayisal olarak temsil
vektorlerinin olusturulmasinda hesaplamali yontemler gelistirilmektedir.

Caligmalar sonucunda hesaplamali yontemlerin tahminleme basarisin1 gostermis ve

hastaliklarin hangi RNA’lar ile yiliksek ihtimalle anlamli iliskilerinin oldugunu tespit
etmeyi miimkiin kildigin1 goéstermistir. Ayn1i zamanda, modellemelerde kullanilmasi
icin dairsel RNA ve hastaliklarin vektorlerinin olusturmasi tizerine de g¢alismalar
yapilmakdir. Bu ¢alisma, dairesel RNA ve hastalik vektorlerini olusturmak i¢in birden
fazla veri kaynag: kullanan, derin otomatik kodlayici (deep autoencoder) yardimi ile
dairesel RNA-hastalik ¢iftlerinin sakli 6nemli 6zelliklerini diisiik boyutta kodlayan ve
sonrasinda dairesel RNA-hastalik c¢iftlerinin alakalilik skorunu bir derin ileri beselemeli
sinir ag1 ile tahmin eden DCDA ismini verdigimiz bir derin 6grenme tabanli dairesel
RNA-hastalik iligkisi tahmin metodolojisi Onermektedir. Bu alandaki caligmalarda
kullanilan veri setinde yaptigimiz 5 katmanli ¢apraz dogrulama sonuglari, modelimizin
0.9794 AUC skoru ile literatiirdeki en gelismis tahmin yontemlerinden daha iyi

performans gdsterdigini géstermistir.

Ocak, 2022 Hacer Turgut
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ABSTRACT

PREDICTION OF CIRCRNA-DISEASE ASSOCIATIONS USING
DEEP LEARNING MODELS

Circular RNA is a single-stranded RNA with a closed-loop structure. In recent
years, researches revealed that circular RNAs have crucial roles in biological processes
and are related to human diseases. Finding out potential circRNAs as disease biomarkers
and drug targets is crucial since it can lead to detecting diseases in the early stages and be
used to treat humans. However, in conventional experimental methods, doing experiments
to reveal associations between circular RNAs and diseases is time-consuming and costly.
In order to overcome this problem, various computational methodologies are proposed to
extract essential features for both circular RNAs and diseases and predict the associations.
Studies showed that computational methods successfully predicted performance and
made it possible to detect possible highly related circular RNAs for diseases. This study
proposes a deep learning-based circRNA-disease association predictor methodology
called DCDA, which uses multiple data sources to create circRNA and disease features
and reveal hidden feature codings of a circular RNA-disease pair with a deep autoencoder,
then predict the relation score of the pair by a deep neural network. 5-fold cross-validation
results on the benchmark dataset showed that our model outperforms state-of-the-art

prediction methods in the literature with the AUC score of 0.9794.

January, 2022 Hacer Turgut
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1. INTRODUCTION

Circular RNA (circRNA) is a single-stranded RNA with a continuous loop structure
resulting from its covalently joined 5’ and 3’ ends. Due to its closed-loop structure,
circRNAs are generally stable [1]. Even though researchers discovered circRNAs in
the 1970s [2, 3], their significance was unrecognized and considered as RNA splicing
error. Thanks to improvements in RNA sequencing technology, bioinformatics, and many
studies, many circRNAs are discovered. Researchers established various functionalities
of circRNAs in biological processes such as acting as sponges for microRNAs, regulating
gene transcription, and expression by interacting RNA Binding Proteins (RBPs) [4]. In
recent years, circRNAs are seen as potential biomarkers of several diseases and treatment
targets. For example, [5] found out the correlation between tumor size and the level
of expression of hsa circ 0012673, hsa_circ_0000064, circPUMI, hsa circ 0007385,
and circ_000073558 in lung carcinoma tissue. A number of researchers collected
circRNA-disease associations from previous research papers and created circRNA related
databases, like circR2Disease [6], Circad [7], circ2Disease [8], and CircFunBase [9].
As the number of expressed associations between diseases and circRNAs increases,
the opportunity of predicting novel circRNA-disease relationships by computational
algorithms becomes possible. Recently, various machine learning and deep learning-based
methods are proposed. In the KATZHCDA model, Fan et al. [10] used similarity scores
between circRNA expression profiles for circRNA representations and disease phenotype
similarity for disease representations. From known circRNA-disease associations, the
Gaussian Interaction Profile (GIP) kernel is applied, and features are generated for
both circRNAs and diseases. A graph-based method, KATZ, is used as the prediction
algorithm. Wang et al. [11] also used the GIP kernel to extract features for disease
and circRNAs and the semantic similarity between diseases. They used Convolutional
Neural Network (CNN) as a feature extraction method and Extreme Learning Machine
(ELM) as the predictor. In MSFCNN model [12], four circRNA and seven disease
similarity feature based on topological and biological data from various sources and
circRNA-disease associations predicted by two-dimensional CNN. In [13], the proposed
method used the same features in [11]. Generative Adversarial Network (GAN) is used as

a feature extraction method and Logical Model Tree (LMT) classifier. Zheng et al. [14]



used gene associations of circRNAs and circRNA sequence similarity using Chaos Game
Representation and used Support Vector Machine (SVM) as the prediction model. Ge
et al. [15] proposed a circRNA representation method that looks circRNAs’ gene targets
and creates a circRNA vector based on semantic similarity between other circRNAs’ gene
targets. Disease vectors are created based on disease semantic similarity between diseases.
circRNA and disease vectors are reconstructed using Locality-constrained Linear Coding
(LLC) to encode vectors such that vectors can preserve local information in previous
information. In addition to these features, unlike other researches, in this study, the cosine
similarity function is applied to get circRNA and disease similarity scores from circRNA-
disease relationships instead of GIP. Label propagation methodology is appliedto all
similarity networks. The average score between circRNAs and diseases is acceptedas the
final prediction score. In AE-DNN model [16], circRNA vectors are generated from
sequence similarity by edit distance, and disease vectors are generated from semantic
similarity using disease ontology relationships. GIP kernel is also used to get additional
features for both circRNAs and diseases. circRNA and disease features are concatenated
by taking the average. To extract essential features from all features, the autoencoder
model is used. A deep neural network model is used to predict association scores between
circRNAs and diseases. Deepthi and Jereesh introduced a methodology called AE-RF
[17] that feeds information gathered from the circRNA-disease association, circRNA
functional similarities, and disease semantic similarities to an autoencoder model to
extract hidden biological patterns and predict circRNA-disease associations with Random
Forests (RF) classifier. Wei et al. proposed a model called iCircDA-MF [18]. They
constructed features using disease semantic information, circRNA-gene, gene-disease,
and circRNA-disease data. In order to detect and correct false-negative associations,
neighbor interaction profiles based on the circRNA similarity and disease similarity used
and circRNA-disease associations are predicted by matrix factorization. Want et al. [19]
formed a unified descriptor of circRNA-disease pairs by disease semantic similarity
information and GIP kernel similarity information of diseases and circRNAs. They
proposed to use fast learning with graph convolutional networks to reveal high-level
features from unified descriptors then predicted new circRNA-disease pairs with Forest

by Penalizing Attributes classifier.

In this study, we propose a deep learning-based methodology called DCDA



that consists of two parts: a circRNA-disease association feature extraction model and
a circRNA-disease association prediction model. This methodology uses multiple data to
generate circRNA-disease association features, these are manually curated circRNA-
disease associations, disease-disease semantic similarity information, and disease-
miRNA associations. In order to have a consistent overall dataset, we generated synonym
dictionaries for both diseases and circRNAs. The experimental results revealed that
DCDA has the highest AUC score on the CircR2Disease dataset comparing other state-

of-the-art methodologies.

1.1. Contributions of the Thesis

In recent years, circRNAs are seen as potential biomarkers of several diseases and
treatment targets. Using circRNAs as biomarkers or therapeutic targets needs to be further
investigated due to their complex roles. Based on these characteristics, circRNAs are
likely to guide the development of new diagnostic and therapeutic strategies as well as the
prevention of diseases. Moreover, finding out potential circRNAs as disease biomarkers
and drug targets is very crucial since it would decrease the potential RNA molecules that
should be examined. Several researchers proposed various machine learning, and deep
learning-based models that are used for both feature extraction and circRNA-disease
association prediction. Those studies showed that deep learning methods increase the

prediction performance of circRNA-disease interactions. In this study, our aims are:

* building a model that efficiently predicts which diseases are associated with which
circRNAs,

* providing direction for the development of new and accurate diagnostic and/or
prognostic biomarkers and has the potential to aid in the design of personalized
medical approaches to complex human diseases in the future,

« after applications of our proposed study, other new classes of non-coding RNAs
such as piwi-interacting RNAs (piRNAs), Small interfering RNA (siRNAs), etc.
may be used to find their potential associations in diseases. We will create an

exemplary workflow for other types of RNAs as well.
To reach our aims, we will use different methodologies. These are:

* using a deep autoencoder to reveal hidden feature combinations,



* extracting representative circRNA and disease feature vectors in low dimensional
space,

* exploring a deep learning model that has high prediction performance for
circRNA-disease interactions,

+ using miRNA-disease information as a validation of our proposed interactions,

+ validating our model’s performance on different circRNA-disease datasets.

1.2. Outline of the Thesis

The rest of the thesis is organized as follows. In Chapter 2, circular RNAs,
associations between circular RNA and diseases, previous methodologies used in the
prediction of association between circular RNAs and diseases, circular RNA-disease
association databases, and auxiliary databases used in the area are explained. In chapter
3, background information about the proposed methodology is explained such as feature
generation methods, deep learning model structure and model parameters, useful
methodologies in neural network models, and performance metrics. In chapter 4, our
proposed model will be described including data preparation, model structure, model
parameters, and used methodologies. In chapter 5, experimental results during model
parameter optimization and feature selection, the performance of the model on two
commonly used datasets, comparison of the methodology with state-of-the-art methods,
and examination on predicted circRNA-disease pairs are performed. Finally, the last

chapter is about methodology overview, discussing results and the future work.



2. RELATED WORK

2.1. Circular RNA-Disease Associations

Ribonucleic acids (RNAs) are complex polymeric compounds that play essential
biological activities such as encoding and decoding genetic information, regulatingthe
environment during gene transcription, catalyzing chemical reactions, and making
proteins by joining amino acids. There is a type of functional RNA group callednon-
coding RNAs that do not have the capability of encoding proteins but has essential roles
during gene expressions. Twenty years ago, a type of non-coding RNA, microRNAs, was
discovered, and in recent years long non-coding RNAs (IncRNAs) are investigated [20].
Even though researchers discovered circRNAs in the 1970s [2, 3], their significancewas
unrecognized and considered as RNA splicing error. The organism in which researchers
first noticed circRNA are pathogens [2]. In the early 2000s, researchers discovered that
circRNAs are also produced in rat, and human organisms [21, 22, 23]. Thanks to
improvements in sequencing technology and change in biological approaches after the
discovery of the importance of non-coding RNAs, circRNAs are put under the scope and
thousands of circRNAs are discovered [24, 25, 26]. Nowadays, thousands of circRNAs

are discovered in diverse eukaryotic species.

Unlike linear RNA, circular RNA (circRNA) is a single-stranded RNA with a
continuous loop structure resulting from its covalently joined 5° and 3’ ends. Due to
its closed-loop structure, circRNAs are generally stable [1]. circRNAs comprise from
different ways such as from introns, from exons, from both from exon and introns, and
tRNAs. ecircRNA, ciRNA and EIciRNA, tricRNA are examples of these formation types,
respectively [27, 28, 29, 30]. Most of the circRNAs are formed as a result of back-splicing

and comprise from exons [24]. Figure 2.1 shows different types of circRNA formations.

Numerous circRNAs have been found to be associated with diseases. Wang
et al. [5] reported the correlation between tumor size and the level of expression of
hsa_circ 0012673,  hsa circ 0000064,  circPUMI1,  hsa circ 0007385, and
circ_ 000073558 in lung carcinoma tissue. Yang et al. [31], compared glioblastoma
clinical samples with other tumor-adjacent tissues and found out that Circ-FBXW?7 is

reduced in glioblastoma samples. Liang et al. [32] discovered circRNA circ-ABCB10 in
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Figure 2.1: Different type of circRNA formations. (A) Exonic circRNA and exon—intron
circRNA. (B) Circular intronic RNA. (C) tRNA intronic circRNA [24].

breast cancer cells and how it promotes breast cancer by sponging miR-1271.

As the importance of circRNAs come to light, the computational power of
computers developed and computational models improved circRNA-disease association
prediction algorithms became prevalent. As some of the methodologies are based on
classical statistical models, some of them are based on graph and machine learning-based.
In recent years, researchers in the area applied deep learning algorithms to explore novel

circRNA-disease associations.

2.2. Circular RNA-Disease Association Databases

A number of researchers collected circRNA-disease associations from previous
researches and created circRNA related databases. These databases are public and

available online. Some of these databases are circR2Disease [6], Circad [7], circ2Disease



[8], and CircFunBase [9].

2.2.1. CircR2Disease

CircR2Disease database [6] contains experimentally supported associations
between circRNAs and diseases. The current version of the database has 739 entries
which include 661 unique circRNAs and 100 diseases. The database also includes
circRNA name, coordinates and gene symbol of circRNAs, disease names, expression
patterns of circRNAs (upregulated or downregulated), information of how a circRNA
is related to a disease, the PubMed ID, and the year of the publication, whichis
the evidence of the association. CircR2Disease database is available through
http://bioinfo.snnu.edu.cn/CircR2Disease/ the link. Database website has an easy-to-use

user interface with browse, search and download functionalities.

2.2.2. Circ2Disease

Circ2Disease database [8] is published in 2018. Circ2Disease database has
manually curated associations between circRNAs and human diseases collected from
reliable 120 publications. There are 273 associations between 273 circRNAsand 54
human diseases. Each association is shown with circRNA name, disease name,
expression pattern, method of the experimentation, description of the association, and
some extra information. The database is available through

http://bioinformatics.zju.edu.cn/Circ2Disease/index.html.

2.2.3. CirFunBase

CirFunBase [9] is a web-based database published in 2019. CirFunBase is the first
database that has circRNA-disease relationships in species other than humans such as Mus
musculus. The database contains both experimentally validated and predicted circRNA
functionalities. In the last version, there are more than 7000 manually curated circRNA
entries. CirFunBase also has circRNA-miRNA interaction network visualizations. The

database website is http://bis.zju.edu.cn/CircFunBase/.
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Figure 2.2: Example search result of "lung cancer" term in MeSH database. Tree numbers

and entry terms are marked with a red box.

2.2.4. Circad

Circad database [7] is published in 2020. The database contains manually curated
circRNA-disease associations. There are 1388 circRNAs, 150 diseases, and 720 genes on

their website http://clingen.igib.res.in/circad/.
2.3. Auxiliary Databases

Researchers use auxiliary databases to extract useful information about circRNA
and diseases. MeSH and HMDD datasets are very popular in studies.

2.3.1. circBank

CircBank [33] is an extensive database of human circRNA. There are more than
140,000 human-annotated circRNA that are gathered from multiple sources. The database
contains basic information of circRNA such as chromosome location and host gene as

well as predicted related miRNAs. The database is publicly available at circbank.cn.

2.3.2. circBase

CircBase [34] is a database that provides users a single unified circRNA information
database with a simple web-based interface. It is possible to search circRNAs by names

or their sequence and download datasets in a variety of file types. We used this database



to collect circRNA sequences. The database is available at http://www.circbase.org/.

2.3.3. MeSH

MeSH database [35] is provided by the National Library of Medicine (NLM).
MeSH is a vocabulary for indexing medical and biological publications. The database also
has disease-specific information and Directed Acyclic Graphs (DAGs) generated from
relationships between diseases. Using these DAGs, tree numbers are assigned to diseases.
For example, Figure 2.2 illustrates some information from lung neoplasms disease’s page.
Tree Numbers(s) are numbered format of lung neoplasms’ DAGs. If we split a tree number by
dot symbols, we will end up with nodes of the DAG where the first node is the top level
of the DAG and the last node is the disease node. Diseases can be searched through

https://meshb.nlm.nih.gov/search page.

2.3.4. HMDD

The Human microRNA Disease Database (HMDD) [36] is a human miRNA-disease
relationship database that is derived from experimentally validated researches. HMDD is
first published in 2017 and the last version (HMDD v3.2) is released in 2019. In the last
version, there are 35547 miRNA-disease association entries, 1206 unique miRNA genes,

and unique 893 diseases. In this study, we used HMDD v3.2.



3. BACKGROUND INFORMATION

3.1. Interaction Profile

An interaction profile is a binary vector that has interaction and the absence of
an interaction between an element with other elements in a network. For example, in a
disease-circRNA association network, if there is an association between a disease and a
circRNA, the corresponding instance in the vector is 1, otherwise 0. Figure 3.1 shows how

disease interaction profiles and circRNA interaction profiles are generated.

3.2. Gaussian Interaction Profile Kernel

GIP kernel is a way of constructing an interaction kernel to find similarities in a
network. GIP kernel, also known as Radial Basis Function (RBF) kernel. Laarhoven et al.
[37] proposed to build a kernel from interaction profiles of drug-target protein associations
mentioned in Section 3.1. The idea behind this is that drugs associated with similar target

proteins will also interact with similar target proteins.

GIP kernel similarity between element x and element y is calculated as follows:

GIP(x,y) = exp(=2 Il I(x) = I(y) I*) (3.1)

1
N OYE (3-2)

A=

Where I(x) is the interaction profile matrix, and /(x) and /(y) represent interaction
profiles of element x and element y respectively. A is the regularization parameter that is

used to control the kernel bandwidth. n stands for the total number of unique elements.

3.3. Sequence Similarity Method: Levenstein Distance

CircRNAs are composed of small elements called ribonucleotide bases: adenine
(A), cytosine (C), guanine (G), and uracil (U). A circRNA can be represented via its
sequence of elements. Similar patterns between two circRNA sequences can reveal similar
functionalities between circRNAs. Looking at sequence information of circRNAs to

reveal similarities is a common technique. Several sequence similarity functions are used
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Figure 3.1: Construction of disease interaction profiles and circRNA interaction profiles
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from a disease-circRNA network. Squares are diseases and circles are circRNAs.

in the literature such as Cosine, Jaccard, Levenstein, and Euclidean distance algorithms.

In this section, we are going to present the Levenstein distance sequence similarity

algorithm.

Levenstein distance algorithm measures the difference between two sequences by
looking at the minimum number of character edits to transform one sequence to the other

sequence. Character-based edits are insertions, deletions, and substitutions. An example

of edit operations between two sequences is shown in Figure 3.2.

The Levenstein distance between two sequences a and b is described in Equation

3.3.
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Figure 3.2: An example of edits to make one sequence similar to the other sequence in

Levenstein distance algorithm [38].

( la], if |b] =0,
Ibl,  ifla] =0,
lev(a,b) = J lev(tail(a),tail(b)), if a[0] == b[0], (3.3)

lev(tail(a),b)
1+ min{ lev(a, tail(h)) otherwise
lev(tail(a), tail(b))

3.4. Disease Semantic Similarity

Semantic similarity is a method of calculating the similarity of documents or words
based on their content/meaning. Wang et. al. proposed a method to calculate semantic
similarity between genes by their Gene Ontology (GO) terms [39]. GO terms are
generated based on directed acyclic graphs (DAGs) where nodes are genes and edgesare
relationships between genes. Based on the same idea, Li et al. used Disease Ontology(DO)

terms to calculate semantic similarity between diseases where DO terms [40].

The semantic similarity between disease d; and disease d; is calculated as follows:

ZeENdiﬂNdj(Ddi(e)+de(e))

SemanticSimilarity(d;, d;) = 3.4

DV(di)+DV(dj)
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DV (d) = Xeeny Dale) 3.5)

num(DAGs(e))

num(diseases)

Dy(e) = —log ( ) (3.6)
Where num(DAGs(e)) represents the number of DAGs containing disease e,

num(diseases) represents a number of all diseases. If there are no common trees between

diseases, their similarity score is set to 0.
3.5. Deep Learning

3.5.1. Neural Networks

Neural networks are part of machine learning algorithms. The neural network
structure is inspired by the human brain. Neural networks provide machine learning with
interconnected neurons, just as the learning activity takes place with the signals between

the neuron networks in the human brain.

L
! w1
k
9 > —— Y
w3
£r3

Figure 3.3: Perceptron model [41].

The most basic type of neural network, perceptron, is proposed in 1969 [42]. The
perceptron model is a single-layer model that has an input and output. As shown in Figure

3.3 in inputs are x values, w values are weights and y is the output value. Model learning
is based on the following equation and the learned function is represented as f:
f(x)=w.x+b (3.7)

Where b is the bias value. The model aims to find optimal weights and bias values such

that predicted values are close enough to the real y values.
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Figure 3.4: Deep neural network [43].

There are a considerable amount of neural network architectures. Some of the
architectures are feed-forward networks that mean the model does the learning operation
straight ahead from the input to output layer without having a backward connection.
Recurrent neural networks (RNNs) are different from feed-forward neural networks, they

can have a connection with past nodes and can have a looped structure.

Deep neural networks (DNNs) are more complex structures than perceptrons. As
shown in Figure 3.4, DNNs have multiple layers and can have multiple neurons in layers.
We can consider each node in a DNN as a regression function. Connections between nodes
have weight and these weights show the importance of the node. Inputs of a node are
multiplied with the corresponding weight and then summed. The output of this operation
is fed into an activation function which determines the final output of the node. There are
several activation functions such as sigmoid, tanh, and ReLU. Figure 3.5 shows some of

activation functions’ formulations and their line graphs.
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Figure 3.5: Different activation functions and their graphs [44].

Some activation functions enable neural networks to converge faster. For example,
while the sigmoid function has exponential operation ReLU function is not
computationally expensive and converges quickly. ReLU is the most preferred activation
function because of its speed and simplicity while running backpropagation. The sigmoid
function is generally preferred for classification problems since its output range is between

0 and 1.

The most important thing in a neural network is learning optimal weights and biases.
In the first phase, weight and biases are initialized with random values. Optimization of
weight and biases is accomplished by backpropagation. Firstly, the estimation is made
with the current weight and biases, and the difference between the real value and the
prediction is calculated with the cost function. Which way to update weights and biases
is answered by finding the gradient by taking the derivative of the cost function. Weights
and biases are updated according to the opposite direction of the gradient such that it

minimizes the loss calculated by the cost function.

There are several types of cost functions used based on the problem. If the problem
is regression then the cost function should be appropriate for real values for example mean
squared error (MSE), and mean absolute error (MAE). For classification problems, there is
a cost function that calculates the probability of an instance being part of a class. The most
common cost function for classification problems is cross-entropy. When cross-entropy is

used for binary classification problems it is called binary cross-entropy also known as log
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loss. Binary cross-entropy is calculated as follows:

—~ %o yi - log(p(y) + (1 — yo) -log (1 — p() (3.3)

Where N is the number of instances, y; is the real label, and p(y;) is the predicted label of

the i” sample.

Optimizers are functions that adjust how the model should learn with
backpropagation. Stochastic Gradient Descent (SGD) is one of the most well-known
optimization functions. In this method, a mini-batch, in other words, a small sample of
the input, is taken as the input. Weights are initialized with a small number such as 0.1
and biases with zeros. After a one-time feed-forward iteration, the loss is calculated with
a cost function. The gradient is calculated by taking the derivative of the cost function.
Weights and biases are updated by the opposite direction of the gradient since we want to
minimize the loss. Adam optimizer [45], which is an extensive version of SGD, is oneof
the state-of-the-art optimizers used widely in machine learning applications. Adam
optimizer is preferred because of its efficiency in computation, low memory usage, and
is appropriate for non-stationary and sparse samples. The algorithm uses an adaptive
learning rate instead of a static learning rate and accelerates finding the local minimum
during gradient descent. Since The algorithm use exponentially weighted average and
exponential moving average of the gradients, it solves sparse gradient problem and works

well on non-stationary data.

3.5.2. Autoencoders

Autoencoders are first proposed in Rumelhart et al.’s [46] study. An autoencoder is
a type of neural network that composes an encoder and decoder parts such that the middle
layer in the network learns an informative representation of the input data in a supervised
way. The encoder part compresses the input data into a small dimensional vector, and the
decoder part transforms the compressed data to the original input data as far as possible.
As described in [47], the aim of the autoencoder is learning 4 : R™ — RP (encoder part)

and B : RP — R" (decoder part) such that

argmin = E[A(x, B ° A(X))] (3.9)
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Figure 3.6: Structure of a sample deep autoencoder [48].

R™ is the input set, RP is the encoded set, A is the class of functions from R" to R” and
B is the class of functions from RP to R™. n and p are positive integers. E is the expectation
over the distribution of x, A is the dissimilarity function which is used to calculate the

similarity between the input and the output of the decoder.

A simple autoencoder composes of an input layer, a hidden layer, and an output
layer. In our study, we are using a deep autoencoder similar to Figure 3.6. Adding a hidden
layer in the encoder and decoder parts makes a model more complex and enablesthe

model to discover complex relationships between features.

3.6. Overfitting and Underfitting Problems and Their Solutions

Statistical and machine learning models can have various problems such as
overfitting and underfitting. Overfitting occurs when the model learns the training data so
well but can not have a good performance on the test data because of its poor
generalization. Underfitting occurs when the model can not capture the trend and
characteristics of the data so that does not fit the data well. Since overfitting and
underfitting problems can occur, researchers split their data into train and test sets so that
they can check the model performance. To make testing more reliable cross-validation

(CV) methodology is mostly used. There are three variations of CV, these are k-fold,
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Iteration 1 Test Train Train Train Train
Iteration 2 Train Test Train Train Train
Iteration 3 Train Train Test Train Train
Iteration 4 Train Train Train Test Train
Iteration 5 Train Train Train Train Test

Figure 3.7: 5-fold cross-validation train-test split example [49].

stratified, and leave-one-out CV methods. In the K-fold CV method, data is split into K
parts where K-1 of the parts is used in training and the remaining 1 part is used in testing.
This process is repeated until each part from K parts is used as the test set. Figure 3.7

shows an example of 5-fold CV’s train test splits.

Stratified CV has the same logic as k-fold CV but it splits data using a stratified
random sampling method. The stratified random sampling method [50] generates subsets
of the data with the same proportions of labels in subsets. For example, for a binary
classification problem, data will be split into K parts where the proportion of categories

are the same in each part.

To resolve the overfitting problem, early-stopping is another widely used method.
The early-stopping function stops the model training after some iterations where the loss
of the test data starts increasing. In this method, the maximum number of iterations and
the maximum number of consecutive increasing loss results are going to be toleranced

should be set.

3.7. Performance Metrics

The area under the receiver operating characteristics curve (AUC) [51] is used to

compare overall performance. Receiver operating characteristic (ROC) [52] curves figures
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display the performance based on true positive and false-positive rates of the model.

Accuracy, precision, recall, and F-1 metric formulas are described below.

TP+TN
Accuracy = ————
TP+FP+TN+FN
. . TP
Precision =
TP+FP
TP
Recall =
TP+FN
PrecisionxXRecall
F—1=2x —
Precision+Recall
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4. DCDA: DEEP LEARNING BASED CIRCULAR
RNA-DISEASE ASSOCIATION PREDICTION
METHODOLOGY

In this study, we propose a methodology called DCDA to predict the association
between circRNAs and diseases based on multiple data sources and deep learningmodels.
Multiple datasets are gathered from different sources including circRNA-disease
association databases, circRNA related datasets, and disease-related datasets. After data
collection, our methodology has five main steps as illustrated in Figure 4.1. Firstly,
circRNA and disease synonym dictionaries are created in order to have a common
language between multiple datasets. In the second step, we generated 6 features from
circRNA-disease  associations, circRNA-miRNA associations, disease-miRNA
associations, circRNA sequence similarities, and disease semantic similarities. In the next
step, selected circRNA and disease features are concatenated to have circRNA-disease
pair representation. In the next step, we used a deep autoencoder (DAE) to extract high-
level hidden features from fusion circRNA-disease pair representation. Finally, a deep
neural network model (DNN) is trained with the final circRNA-disease pair vectorsand
novel circRNA-disease pairs are predicted with the trained model. To find out optimal
parameters in the methodology, different feature combinations, circRNA-disease pairs’

embedding sizes, DAE layer sizes, and DNN layer sizes are tried in experiments.

Multiple Data Sources

Synonym Feature
Dictionaries Generation

v

Feature Concatenation

v

Figure 4.1: Flow of the DCDA methodology.
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4.1. Data Preparation

In this section, dataset preparation steps and feature engineering methods will be

described.

4.1.1. CircR2Disease: The Benchmark Dataset

CircR2Disease database is used as the benchmark dataset in our experiments. There
are 739 entries which include 661 unique circRNAs and 100 diseases in the database. We
selected only human disease-related circRNA-disease pairs in this study. In order to have
a common language between all datasets used in the study, we mapped circRNA names
using circRNA synonyms dictionary. Diseases names are also mapped using the disease
synonyms dictionary. There was a small number of duplicated circRNA-disease pairs
in the data, so we filtered out duplicated circRNA-disease pairs. Eventually, we ended
up with 639 entries, 75 unique diseases, and 559 unique circRNAs. These confirmed
circRNA-disease pairs are our positive sample. Since we do not have a dataset that shows
not associated circRNA-disease pairs, we generated a negative sample set. In order to have
a balanced dataset, we created the negative sample set such that it has the same number
pairs as the positive set. We randomly created circRNA-disease pairs from circRNAs and
diseases in the CircR2Disease database and selected pairs that are not confirmed. Finally,
we have 639 positive samples and 639 negative samples, in total 1278 pairs, in our

benchmark dataset.

4.1.2. Circ2Disease

We used the Circ2Disease dataset to see the performance of our methodology on
a different dataset. 273 circRNAs-disease pairs are experimentally validated in the data.
We changed circRNA and disease names by using our circRNA and disease synonyms
dictionaries. After that, we excluded duplicated pairs in the data. Finally, we had 268
pairs, 233 unique circRNAs, and 60 unique diseases. We did the same steps in the previous
section, we created our positive sample from these pairs and created a negative sample set
with the same size as the positive sample set. In the end, we ended up with 536 pairs in

the data that consists of 268 positive and 268 negative samples.
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4.1.3. CircRNA Synonyms Dictionary

CircRNA synonyms are collected from CircR2Disease, circbase, Circ2Disease,
circRNADisease, and CircFunBase databases. We looked at every circRNA-disease
association information in the benchmark dataset and checked if the same circRNA-
disease pair occurs in other datasets. We used PMID information to findcommon
pairs. If there is a common circRNA-disease pair in another database, we collected the
circRNA name or the circRNA id and put them in a dictionary as key, valuepairs. Key is
the circRNA name mentioned in the CircR2Disease database and the valueis a set of
synonym names of the circRNA mentioned in other datasets. From the circRNAsynonyms

dictionary, 5 circRNA names and their synonyms are illustrated in Table 4.1.

Table 4.1: 5 circRNA names and their synonyms from circRNA synonym dictionary.

circRNA Synonyms

hsa circ_0000977 | hsa circ_ 001918, chr2:10784445-10808849

circ-Foxo3 hsa_circ_0006404, chr6:108984657-108986092

circZNF609 chr15:64791491-64792365, hsa_circ_0000615, hsa_circ 000193, cZNF609, cir-ZNF609
circ-FBXW7 novel circ_ 022705

CircDOCK1 chr10:13701322-13717044, hsa_circRNA 004183, hsa circ 100721, hsa_circ_0004183

4.1.4. Disease Synonyms Dictionary

Disease synonyms dictionary created using Circ2Disease, Circ2Disease, MeSH,
and HMDD dataset. Each unique disease in those datasets are searched in the MeSH
browser, if a disease found in the database websites redirects to the disease page. Disease
page title is considered as the disease name and any search term (disease names from
datasets) considered as synonyms of the disease. From the disease synonyms dictionary,

5 disease names and their synonyms are illustrated in Table 4.2.

Table 4.2: 5 disease names and their synonyms from disease synonym dictionary.

Disease Synonyms
Lung Neoplasms lung cancer
Diabetes, Gestational Gestational Diabetes Mellitus

Urinary Bladder Neoplasms | Urinary Bladder Cancer, bladder urothelial carcinoma, bladder cancer, Bladder Neoplasms

Acne Vulgaris acne

Tuberculosis Mycobacterium tuberculosis Infection
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4.1.5. Circular RNA Features
4.1.5.1. CircRNA-circRNA GIP kernel similarity (GIP_CD). According tothe

CircR2Disease dataset, circRNA-disease association matrix CD is generated where rows

are circRNAs and columns are diseases. Suppose an association between circRNA ¢; and
disease d;, CD(c;, d;) is set to 1, otherwise 0. We construct circRNA-circRNA GIPkernel
similarity matrix from circRNA-disease associations (GIP_CD) using CD. The similarity

between circRNA ¢; and circRNA c¢; is calculated as follows:

GIP_CD(c;,¢;) = exp(—=A Il €D(c;) — CD(c;) %) 4.1)

1
—
—=XisollcD(eI?

(4.2)

Where CD(c;) and CD(c;) represents ith and jth rows in CD. A is the regularization
parameter which is used for controlling kernel bandwidth. nc stands for the number of

unique circRNAs.

4.1.5.2. CircRNA-miRNA GIP kernel similarity (GIP_CM). We

hypothesized that similar circRNAs have similar miRNA interactions and can be related
to similar diseases. We used the circBank database since the circBank contains predicted
human circRNA-miRNA relationships. We used entries related to the benchmark
dataset’s circRNAs and come up with 13624 entries with 841 unique miRNAs, and 48
unique diseases. Using the circBank database, circRNA-miRNA association matrix CM
is generated where rows are circRNAs and columns are miRNAs. circRNA-miRNA GIP
kernel similarity matrix (GIP_CM) is created from circRNA-miRNA association matrix
CM. The similarity between circRNA ¢; and circRNA ¢; is calculated as follows:

GIP_CM(c;, ¢;) = exp(—=A 1l CM(c;) — CM(c;) 1I1) (4.3)

A= (4.4)

RS IeD (eI
Where CM(c;) and CM(c;) represents ith and jth rows in CM. A is the regularization
parameter which is used for controlling kernel bandwidth. nc stands for the number of

unique circRNAs.
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4.1.5.3. CircRNA-circRNA sequence similarity (SIM_CC). CircRNAs that

have similar sequences are more likely to have similar functionalities and so related to
similar diseases. According to this theorem, we calculated sequence similarity between
circRNAs. circRNA sequence information is retrieved from the circBase database.We
generated a circRNA-circRNA sequence similarity matrix called SIM_CC. The
Levenstein distance algorithm is used to calculate the distance between circRNA

sequences. The similarity between circRNA ¢; and circRNA c¢; is calculated as follows:

lev(seqci,sech)

SIM_CC(Ci,Cj) =1- (45)

len(seqci)Hen(sech)
Where seq.; is the sequence of circRNA c¢;. len function calculates the length

of the given sequence. /ev function is the levenstein distance explained in 3.2. In the
levenstein distance calculation, insertion, deletion and substitution costs setto 1, 1, and 2

respectively.

4.1.6. Disease Features

4.1.6.1. Disease-disease GIP kernel similarity (GIP_DC). Disease-diseaseGIP

kernel similarity matrix (GIP_DC) is created using the CircR2Disease database. The

similarity between disease d; and disease d; is calculated as follows:

GIP_DC(d;,d;) = exp(=A |l DC(d;) —DC(d)) II*) (4.6)

A= 1

S — 4.7
—ynd IDC(dpI? 4.7

DC is tranpose of CD. Where DC(d;) and DC(d)) represents ith and jth rows in DC. A
is the regularization parameter which is used for controlling kernel bandwidth. nd stands

for the number of unique diseases.

24



4.1.6.2. Disease-miRNA GIP kernel similarity (GIP_DM). HMDD database

contains experimentally supported human miRNA-disease relationships. In this study, we
used HMDD v3.2. There are 35547 miRNA-disease association entries in this version,
1206 unique miRNA genes, and unique 893 diseases. We used entries related to the
benchmark dataset’s diseases and attained 13624 entries, 841 unique miRNAs, and 48
unique diseases. Using the HMDD database, disease-miRNA association matrix DM is
generated where rows are diseases and columns are miRNAs. Disease-miRNA GIP kernel
similarity matrix (GIP_DM) is created from disease-miRNA association matrix DM. The

similarity between disease d; and disease d; is calculated as follows:
GIP_DM(d;,d;) = exp(—A | DM(d;) — DM(d;) I*) (4.8)

1
-y IDM(dy)II2

(4.9)

Where DM(d;) and DM(d;) represents ith and jth rows in DM. A is the regularization
parameter which is used for controlling kernel bandwidth. nd stands for the number of

unique diseases.

4.1.6.3. Disease-disease semantic similarity (SIM_DD). In the MeSH database,

diseases have tree numbers that describe DAGs containing the disease. We searched
unique diseases from CircR2Disease in the MeSH database and gathered tree numbers
and entry terms of diseases. From 75 unique diseases from the benchmark dataset, we
found 68 diseases in the MeSH database. As proposed in [11], we calculate the semantic

similarity between disease d; and disease d; as follows: as follows:

Eeenyong, (0a,()+Da;(®))

SIM_DD(d;, d;) = DV(dy)+DV (d;) 4.10)
DV(d) = Xeen,y Dale) (4.11)

_ num(DAGs(e))
Dq (e) = log (num(diseases)) (4.12)

Where num(DAGs(e)) represents the number of DAGs containing disease e,
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num(diseases) represents a number of all diseases. If there are no common trees between

diseases, their similarity score is set to 0.

4.1.7. Feature Concatenation

circRNA-disease association fusion matrix (FUSION MATRIX) is formed by
concatenating feature vectors horizontally. For example, if we want to create a fusion
vector that represents association between circRNA ¢; and disease d; using GIP_CD,
GIP DC, GIP DM, and SIM DD features, the fusion vector is formed by joining
GIP _CD(c), GIP DC(d;), GIP_DM(d;), and SIM DD(d;) vectors horizontally. Figure
4.2 shows how FUSION MATRIX(c; d;) is formed in the example scenario.

GIP_CD(c) GIP_DC(d) GIP_DM(d) SIM_DD(d)
FUSION_MATRIX(c, )~ [ [ [ | [ [ [ | [ [ [ |

[ 2t

Figure 4.2: Feature concatenation of circRNA ¢; and disease d; using GIP_CD, GIP_DC,
GIP DM, and SIM DD features.

4.2. Generating circRNA-disease Pair Embeddings

Autoencoders are a type of neural network that learns unique encodings of data in
an unsupervised way. There are several studies which apply autoencoder neural networks
to reveal unique hidden encodings in biological data [53, 54, 16, 17, 55]. In this study, we
use a deep autoencoder (DAE) neural network as the feature extraction model.
Autoencoders are composed of two symmetrical parts called encoder and decoder and
an encoded input vector in the middle of the encoder and the decoder parts. The basic idea
behind autoencoders is discovering a representation vector that can store all the critical
information in a reduced size vector such that the encoded input vector can be used to
create the original input in the output vector. Deep autoencoders have one or morehidden
layers in both encoder and decoder parts. Figure 3.6 shows an example of a deep

autoencoder.
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Figure 4.3: Deep autoencoder structure in our methodology.

In our methodology, a deep autoencoder with 3 hidden layers where 1 of them is the
encoding layer is built. 4.3 shows the structure of our deep autoencoder model. Input and
output layers are represented as 7, O respectively. Hidden layers are represented as Hi,
H>, and H3. Input, output, and hidden layer sizes are selected based on our experiments.
The rule is that layer sizes of H1 and H3 are equal and proportional to input and encoding

layer sizes. Layer size of H1 and H3 is calculated as follows:

size(I)+size(Hy)

size(H,) = .

(4.13)
size(H;) = size(H,) (4.14)
Where size function gets the layer size of the given layer. As an example, if an input

layer and encoding layer sizes are 784 and 256 respectively, the layer sizes in the deep

autoencoder are 784, 520, 256, 520, 784, respectively.

ReLU activation function is used in all layers. Adam optimizer is used as the

optimization function.
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4.3. Prediction of circRNA-disease Associations

In this study, a deep feed-forward deep neural network (DNN) model is used to
predict circRNA-disease associations. The DNN model has one input layer, one output
layer, and five hidden layers. All layers in the model are fully connected. ReL U activation
function used in hidden layers and sigmoid function used in the output layer. Adam

optimizer is used for optimization.
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Figure 4.4: Deep Neural Network (DNN): circRNA-disease association prediction

model.
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5. EXPERIMENTS AND RESULTS

In this section, we run some experiments to find out the best inputs and parameters
in our methodology. We also performed some experiments to measure the performance
of our methodology and compare our methodology with state-of-the-art methodologies in

the literature.
In all experiments, the following rules are applied:

* DAE structure presented in 4.3 is used, but layer sizes can vary according to the
experiment,

* DNN structure presented in 4.4 is used, but layer sizes can vary according to the
experiment,

* 5-fold cross-validation with stratified random sampling method is performed to have
reliable results,

+ AUC score is used as a performance metric for comparisons.

Measuring the performance of all possible feature combinations with a different set
of model parameters is computationally expensive. That is why, we first tried to find the
best feature combinations, and then find the best model parameters for the selected feature
combination. Firstly, we performed a feature selection experiment and choose feature
combinations that has the highest AUC scores. In the next steps, we used only selected
feature combinations. In the model optimization part, we run our methodology with
different DAE and DNN layer sizes. After these experiments, we selected our best feature
combination, DAE layer sizes, and DNN layer sizes and showed the final methodology
in the next part. Performance of the final methodology in detail in the next two parts.
In the final part, we compared our methodology with state-of-the-art circRNA-disease

association prediction methodologies.

5.1. Feature Selection

There are 3 circRNA features (GIP_CD, GIP_CM, SIM_CC) and 3 disease features
(GIP_DC, GIP_DM, SIM DD) generated from different sources. Using a lot of features
does not always lead to having high model performance. Some features can cause noise
effects in the model. Therefore, feature selection is an important step while building a

model.
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Table 5.1: 5-fold CV results on feature combinations.

CircRNA Features Disease Features AUC +- std. dev.
GIP_CD GIP_DC, SIM_DD 0.9764 +- 0.0047
GIP_CD GIP_DC, GIP_DM, SIM_DD | 0.9742 +- 0.0065
GIP_CD GIP_DM, SIM_DD 0.9667 +- 0.0132
GIP_CD SIM_DD 0.9623 +-0.0110
GIP_CD GIP_DC 0.9594 +- 0.0175
GIP_CD GIP_DC, GIP. DM 0.9581 +- 0.0137

GIP_CD, GIP._CM

GIP_DC, GIP._DM, SIM_DD

0.9565 +- 0.0165

GIP_CD, GIP._CM

GIP_DC, SIM_DD

0.9542 +-0.0193

GIP_CD, SIM_CC

GIP DM, SIM DD

0.9524 +- 0.0069

GIP_CD, SIM_CC

GIP_DC, SIM_DD

0.9519 +-0.0126

GIP_CD, GIP._CM

GIP_ DM, SIM DD

0.9516 +- 0.0214

GIP_CD, SIM_CC

GIP_DC, GIP._DM, SIM_DD

0.9463 +- 0.0161

GIP_CD, GIP_CM

GIP_DC, GIP. DM

0.9430 +- 0.0214

GIP_CD, SIM CC GIP_DC 0.9419 +- 0.0169
GIP_CD, SIM_CC GIP_DC, GIP. DM 0.9385 +- 0.0047
GIP_CD, SIM_CC SIM_DD 0.9364 +- 0.0088
GIP_CD, GIP CM SIM_DD 0.9329 +- 0.0247

GIP_CD, GIP_CM, SIM_CC

GIP_DC, GIP_DM, SIM_DD

0.9288 +- 0.0180

GIP CD

GIP DM

0.9280 +- 0.0071

GIP_CD, GIP._CM

GIP DC

0.9211 +-0.0385

GIP_CD, GIP_CM, SIM_CC

GIP_DC, SIM_DD

0.9151 +-0.0195

GIP_CD, GIP_CM, SIM_CC

GIP_ DM, SIM_ DD

0.9108 +- 0.0236

GIP_CD, GIP. CM, SIM_CC | SIM DD 0.9059 +- 0.0119
GIP_CD, SIM_CC GIP DM 0.9039 +- 0.0183
GIP_CD, GIP. CM, SIM_CC | GIP_DC, GIP. DM 0.8939 +- 0.0247
GIP_CD, GIP CM, SIM_CC | GIP.DC 0.8791 +- 0.0266
GIP_CD, GIP CM GIP DM 0.8748 +- 0.0252
GIP_CD, GIP CM, SIM_CC | GIP. DM 0.8405 +- 0.0282
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Table 5.2: 5-fold CV results on feature combinations (continued).

CircRNA Features

Disease Features

AUC +- std. dev.

GIP_CM, SIM_CC

GIP_ DM, SIM_ DD

0.7399 +- 0.0207

GIP_CM, SIM_CC

GIP_DC, SIM_DD

0.7393 +- 0.0326

SIM_CC GIP_DC, SIM_DD 0.7354 +- 0.0191
SIM_CC GIP_DM, SIM_DD 0.7319 +- 0.0319
GIP_CM, SIM_CC | SIM DD 0.7265 +- 0.0182
SIM_CC GIP_DC, GIP_DM, SIM_DD | 0.7255 +- 0.0414

GIP_CM, SIM_CC

GIP_DC, GIP._DM, SIM_DD

0.7238 +- 0.0120

SIM_CC

GIP_DC, GIP. DM

0.7166 +- 0.0394

SIM_CC SIM_DD 0.7151 +- 0.0335
GIP_CM, SIM__CC | GIP DC, GIP. DM 0.6770 +- 0.0645
GIP_CM GIP_DC, SIM_DD 0.6651 +- 0.0355
SIM_CC GIP DM 0.6647 +- 0.0469
GIP_CM, SIM_CC | GIP. DM 0.6247 +- 0.0485
GIP._ CM SIM_DD 0.6236 +- 0.0404
SIM_CC GIP_DC 0.6075 +- 0.0956
GIP_CM, SIM_CC | GIP DC 0.5944 +- 0.0758
GIP_CM GIP_DC, GIP. DM 0.5847 +- 0.0500
GIP_CM GIP_DC, GIP_DM, SIM_DD | 0.5778 +- 0.0749
GIP_CM GIP_DC 0.5757 +- 0.0238
GIP_CM GIP DM 0.5682 +- 0.0499
GIP_CM GIP_DM, SIM_DD 0.5610 +- 0.0705
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We created all combinations of circRNA and disease features and feed them to
our methodology. We set encoding size to 128 and the DNN model’s hidden layer
sizes to 256, 512, 256, 128, and 64 respectively. We considered the AUC score as the
performance score. Table 5.1 and 5.2 show circRNA and disease features used in the
model and AUC score with standard deviation (std. dev.) of the model. As shown in the
table, the model with all circRNA and disease features has AUC score of 0.9288 which

is satisfying. However, some models with a fewer number of features have outstanding




AUC scores. We did not select only the best feature combination from the experiment
because two combinations have really high scores and AUC scores are so close to each
other. Therefore, we selected those two feature combinations that are highlighted in Table

5.1

5.2. Model Optimization

Selecting the optimal embedding size of circRNA-disease pairs, and layer sizes in
the prediction model is very critical in model optimization. Embedding size should be fair
enough to represent circRNA-disease pairs such that the representation vector has a low
vector size to run models efficiently and do not lose information. DNN prediction model
also should have an appropriate structure to predict circRNA-disease associations
successfully. There is no best model structure that works for every data and problem,
so we need to perform experiments with different values to find out optimal parameters.
In this section, we run our methodology with different encoding sizes and DNN hidden
layer sizes. We used two feature combinations selected in Section 5.1 and considered
AUC score as the comparison metric. We run the methodology with 4 different embedding
sizes and 3 different hidden layer size combinations. As shown in Table 5.4, the best AUC
score, 0.9794, is obtained by GIP_CD, GIP_DC, GIP_DM, and SIM_DD features with
embedding size of 512 and DNN hidden layer size combination of 1024, 512, 256, 128,
64. Combining GIP_CD, GIP_DC, GIP_DM, and SIM_DD features generates a vector of
784 for a circRNA-disease pair. The autoencoder model generates the best model with an
embedding size of 512 which means the autoencoder model finds hidden features from

input features and reduced dimension in the same time.

5.3. Final Methodology

After selecting optimal features, embedding size, and DNN layer sizes we obtained
the final methodology. Figure 5.1 shows all steps in the final methodology. In the
following sections (5.4, 5.5, 5.6, 5.7, and 5.8) the proposed final methodology is used.
We named our final methodology as DCDA.
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Table 5.3: 5-fold CV results on different embedding sizes and DNN layer sizes.

CircRNA Features | Disease Features Embdedding Size| DNN Layer Sizes AUC +-std. dev.
GIP_CD GIP_DC, GIP_DM, SIM_DD | 512 (1024, 512, 256, 128, 64) | 0.9794 +- 0.0078
GIP_CD GIP_DC, GIP DM, SIM DD | 1024 (256,512,256, 128, 64) | 0.9792 +- 0.0089
GIP_CD GIP_DC, GIP DM, SIM DD | 1024 (1024, 512, 256, 128, 64) | 0.9791 +- 0.0077
GIP_CD GIP_DC, GIP DM, SIM DD | 1024 (512,512,256, 128,64) | 0.9791 +- 0.0069
GIP_CD GIP_DC, SIM_DD 1024 (512,512,256, 128,64) | 0.9784 +- 0.0109
GIP_CD GIP_DC, GIP DM, SIM_DD | 512 (512,512,256, 128,64) | 0.9776 +- 0.0082
GIP_CD GIP_DC, SIM_DD 1024 (256,512,256, 128,64) | 0.9773 +- 0.0022
GIP_CD GIP_DC, SIM_DD 1024 (1024, 512, 256, 128, 64) | 0.9765 +- 0.0087
GIP_CD GIP_DC, SIM_DD 512 (1024, 512, 256, 128, 64) | 0.9765 +- 0.0074
GIP_CD GIP_DC, SIM_DD 256 (1024, 512, 256, 128, 64) | 0.9764 +- 0.0064
GIP_CD GIP_DC, SIM_DD 128 (256,512,256, 128, 64) | 0.9764 +- 0.0047
GIP_CD GIP_DC, SIM_DD 512 (256,512,256, 128,64) | 0.9762 +- 0.0077
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Table 5.4: 5-fold CV results on different embedding sizes and DNN layer sizes (continued).

CircRNA Features | Disease Features Embdedding Size| DNN Layer Sizes AUC +-std. dev.
GIP_CD GIP_DC, SIM_DD 512 (512,512, 256, 128, 64) | 0.9743 +- 0.0093
GIP_CD GIP_DC, GIP_ DM, SIM DD | 128 (256,512, 256, 128, 64) | 0.9742 +- 0.0065
GIP_CD GIP_DC, SIM_DD 128 (1024, 512, 256, 128, 64) | 0.9739 +- 0.0055
GIP_CD GIP_DC, GIP_ DM, SIM DD | 128 (512,512, 256, 128, 64) | 0.9736 +- 0.0073
GIP_CD GIP_DC, GIP_ DM, SIM_DD | 256 (1024, 512, 256, 128, 64) | 0.9735 +- 0.0132
GIP_CD GIP_DC, SIM_DD 128 (512,512, 256, 128, 64) | 0.9735 +- 0.0049
GIP_CD GIP_DC, SIM_DD 256 (512,512, 256, 128, 64) | 0.9731 +- 0.0051
GIP_CD GIP_DC, GIP_ DM, SIM DD | 512 (256,512, 256, 128, 64) | 0.9709 +- 0.0150
GIP_CD GIP_DC, GIP_ DM, SIM DD | 128 (1024, 512, 256, 128, 64) | 0.9709 +- 0.0032
GIP_CD GIP_DC, GIP_ DM, SIM_DD | 256 (512,512, 256, 128,64) | 0.9701 +- 0.0126
GIP_CD GIP_DC, GIP_ DM, SIM_DD | 256 (256,512, 256, 128, 64) | 0.9690 +- 0.0092
GIP_CD GIP_DC, SIM_DD 256 (256,512, 256, 128, 64) | 0.9640 +- 0.0131
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Figure 5.1: Flow of the DCDA methodology. GIP_CD, GIP_DC, GIP_DM, and SIM_DD features are created from circR2Disease, HMDD
and MeSH databases. Then FUSION MATRIX is generated by concatenating circRNA and disease features. Feature extraction is performed
by the DAE model. Extracted features from the encoding layer of the DAE are fed to the DNN prediction model. Finally, DNN returns

whether the circRNA-disease pair is associated (1) or not (0).



5.4. Comparison with Alternative Methods

In this part, we created 2 alternative methods to find out the contribution of the DAE
model. In experiments, we used the same feature set described in the final methodology.

Alternative methods are described below:

* Fusion-DNN: To see whether generating embedding vectors with deep autoencoder
contributed to the model or not, we created a methodology same as DCDA but
without the embedding generation part. Instead of running deep autoencoder to get
embeddings, fusion vectors of circRNA-disease pairs are directly fed to the DNN
prediction model.

* PCA-DNN: Another method is built which is same as DCDA but circRNA-disease
pair embeddings are generated not with DAE but Principal Component Analysis

(PCA) with the same encoding dimension used in DAE, 512.

Table 5.5: AUC scores of alternative methodologies on CircR2Disease dataset.

Method DCDA PCA-DNN Fusion-DNN

AUC 0.9794 0.9713 0.9532

Table 5.5 shows results of alternative methodologies. As shown in the table, all
alternative methods are successful at predicting circRNA-disease associations. This shows that
we generated representative features for circRNAs and diseases. In addition to that, it is
seen that using a deep autoencoder to get circRNA-disease pairs is very useful and

increased the prediction capability.

5.5. Performance on the Benchmark Dataset

In order to evaluate DCDA’s prediction performance, we performed 5-fold cross-
validation on the benchmark dataset. We obtained 0.9241, 0.9262, 0.9013, 0.9531,and
0.9794 average scores of accuracy, F-1, precision, recall, and AUC respectively. Table
5.6 shows performance scores in each fold and the average score with standard deviation
(std). Moreover, we calculated true positive rates and false-positive rates in each fold and

plotted the ROC curves as shown in 5.2.
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Table 5.6: 5-fold CV performance scores of the DCDA model on CircR2Disease dataset.

Fold Accuracy F-1 Precision Recall AUC

1 0.9180 0.9219 0.8794 0.9688 0.9758
2 0.9063 0.9091 0.8824 0.9375 0.9760
3 0.9141 0.9147 0.9077 0.9219 0.9686
4 0.9412 0.9438 0.9065 0.9844 0.9865
5 0.9412 0.9416 0.9308 0.9528 0.9900

Average 0.9241 +-0.01 0.9262 +-0.01 0.9013 +-0.02 0.9531 +-0.02 0.9794 +-0.01
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Figure 5.2: 5-fold CV ROC curves performed by DCDA model on CircR2Disease

dataset.

5.6. Performance on Circ2Disease

To see the performance of the DCDA we run our methodology on a different

dataset. We selected Circ2Disease dataset in this experiment. We performed 5-fold
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cross-validation on the data and obtained 0.8506, 0.8639, 0.8038, 0.9367, and 0.9425
average scores of accuracy, F-1, precision, recall, and AUC respectively. Table 5.7 shows
performance scores in each fold and the average score with standard deviation (std).

Figure 5.3 shows ROC curves of each fold.

Table 5.7: 5-fold CV performance scores of the DCDA model on Circ2Disease dataset.

Fold Accuracy F-1 Precision Recall AUC

1 0.9167 0.9189 0.8947 0.9444 0.9688

2 0.8224 0.8348 0.7869 0.8889 0.9203

3 0.7757 0.8095 0.7083 0.9444 0.9261

4 0.8411 0.8522 0.7903 0.9245 0.9345
0.8972 0.9043 0.8387 0.9811 0.9630

Average 0.8506 +-0.05 0.8639 +-0.04 0.8038 +-0.06 0.9367 +-0.03 0.9425 +-0.02

1.0 _——
0.8 1
0]
-t
©
[a's
0 061
2
=
(7]
o)
o 0.4-
)
-
= —— 1th Fold
0.2 - 2nd Fold
: 3rd Fold
4th Fold
0.0 1 5th Fold
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 5.3: 5-fold CV ROC curves performed by DCDA model on Circ2Disease dataset.
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5.7. Comparison of DCDA With Relative Methodologies

We compared DCDA model’s performance with five state-of-the-art studies
including MSFCNNJ12], AE-RF[17], AE-DNNJ16], iCircDA-MF[18],
KATZHCDA[10].

In order to make a reliable comparison, we compared studies based on 5-fold
CV results on the same dataset, CircR2Disease. All compared methodologies used only
human-related circRNA-disease associations but applied different filtering processes.
Unlike DCDA, these five studies did not use circRNA or disease synonyms to have
a consistent dataset. MSFCNN, AE-RF, and AE-DNN are based on machine learning
prediction models, KATZHCDA is a graph-based prediction model, and iCircDA-MF’s
prediction model is based on matrix-factorization. Like in our methodology, AE-DNN and
AE-RF use an autoencoder model for feature extraction. As shown in Table 5.8, DCDA

is superior to the other state-of-the-art methods with an AUC score of 0.9794.

Table 5.8: AUC scores of different circRNA-disease association prediction

methodologies on CircR2Disease dataset.

Method DCDA MSFCNN' AE-RF?> AE-DNN® iCircDA-MF* KATZHCDA®
AUC 09794  0.9525 0.9486 0.9392 0.9178 0.7936
! Results obtained by the model reported in [12]

2 Results obtained by the model reported in [17]
3 Results obtained by the model reported in [16]
4 Results obtained by the model reported in [18] with parameter k = 2,7 = 70, ¢ =2X10-3,8 =1 X10-3
> Results obtained by the model reported in [10]

5.8. Novel circRNA-disease Associations

To verify the prediction performance of the DCDA methodology, we investigated
the novel circRNA-disease pairs predicted by the DCDA methodology. For training, the
benchmark dataset is used to train DAE and DNN. Then, we created a test set by taking all
possible combinations between unique circRNAs and unique diseases in the benchmark

dataset and excluded validated pairs. As a result, we had 41286 pairs.

Prediction results are sorted by the prediction score of circRNA-disease pairs
and the highest top-10 novel associations are examined. If the predicted association is

found in the literature, the PMID of the study is listed in the table. As shown in Table
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5.9, 7 out of 10 novel circRNA-disease associations are confirmed in publications. For
example, novel associations between circRNA CDR1as with breast neoplasms, urinary
bladder neoplasms, and glioma diseases are predicted by our methodology and researches

confirmed these associations.

Table 5.9: Top 10 novel circRNA-disease association predictions by DCDA methodology.

Rank | Disease circRNA Evidence*

1 Breast Neoplasms CDR1as 31245927

2 Urinary Bladder Neoplasms CDRl1as 29694981

3 Glioma CDRIlas 26683098

4 Glioma circBRAF 33650075

5 Glioma Cir-ITCH 29887952

6 Esophageal Neoplasms Cir-ITCH 25749389

7 Carcinoma, Pancreatic Ductal | hsa circ 0001649 29969694

8 Carcinoma, Basal Cell hsa_circ 0000284 Unconfirmed
9 Urinary Bladder Neoplasms hsa_circ 0001649 Unconfirmed
10 Colorectal Neoplasms hsa circ 0067934 Unconfirmed

*The PMID of literature in PubMed that are evidence of the corresponding circRNA-disease association.

DCDA is also evaluated for discovering potential circRNAs for three important
neoplasm types: lung neoplasms, breast neoplasms, and urinary bladder neoplasms. Lung
neoplasm is the most fatal common cancer type around the world. The number of cancer
patients who suffer from lung neoplasms is increasing and causes deaths over decades
[56]. The second most common cancer type is breast cancer and it is the most frequent
neoplasm among women [57]. Bladder neoplasms is another frequently seen cancer type
and each year approximately 550,000 patients are diagnosed [58]. We looked closely at
unknown circRNA-disease association predictions for these cancer types and examined

the top 10 circRNAs that the model predicted.
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Table 5.10: Top 10 predicted circRNAs for Lung Neoplasms.

Rank | circRNA Evidence*

1 hsa circ 0000284 32550825

2 CDRIlas 31917898

3 circRHOBTB3 33163392

4 circARHGAPS Unconfirmed
5 circSMARCIA Unconfirmed
6 circFAT1 33884267

7 hsa circRNA 103076 Unconfirmed
8 hsa circRNA 103390 Unconfirmed
9 circRNA 101877 Unconfirmed
10 circ-LDLRAD3 32658600

*The PMID of literature in PubMed that are evidence of the corresponding circRNA-disease association.

Table 5.11: Top 10 predicted circRNAs for Breast Neoplasms.

Rank | circRNA Evidence*

1 CDRIlas 31245927

2 hsa_circRNA 101113 Unconfirmed
3 hsa circRNA 104692 Unconfirmed
4 hsa circRNA 103801 Unconfirmed
5 hsa circRNA 103309 Unconfirmed
6 hsa circRNA 102485 Unconfirmed
7 hsa circRNA 100241 Unconfirmed
8 circ-NT5C2 Unconfirmed
9 cir-GLI2 Unconfirmed
10 hsa_circ_ 0001564 Unconfirmed

*The PMID of literature in PubMed that are evidence of the corresponding circRNA-disease association.
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Table 5.12: Top 10 predicted circRNAs for Urinary Bladder Neoplasms.

Rank | circRNA Evidence*
1 CDRIlas 29694981
2 hsa_circ_0001649 Unconfirmed
3 circPVT1 Unconfirmed
4 hsa circ 0001313 Unconfirmed
5 circZNF609 Unconfirmed
6 hsa circRNA 102619 Unconfirmed
7 circRNA0047905 Unconfirmed
8 hsa circRNA 000167 Unconfirmed
9 circSMARCAS 35116915
10 circ-Foxo3 31802888

*The PMID of literature in PubMed that are evidence of the corresponding circRNA-disease association.
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6. CONCLUSIONS AND FUTURE WORK

In recent years, the importance of circRNAs in diagnoses of diseases and disease
treatments come to light. Improvement of prediction algorithms, especiallydeep learning
models, stimulated using machine learning algorithms while discovering disease-related
circRNAs. In this thesis, deep learning-based circRNA-disease association prediction
methodology, called DCDA, is presented. We generated circRNA and disease feature
vectors using different sources of information such as circRNA-miRNA associations,
disease-miRNA associations, circRNA sequence similarity, and disease semantic
similarities. We created circRNA and disease synonym dictionaries to have common
language between various datasets. We generated several feature vectors for circRNAs
and diseases to find out optimal features. As a consequence of feature selection
experimentation, features derived from known circRNA-disease interactions anddisease-
miRNA associations are selected to generate circRNA and disease feature vectors. We
represented circRNA-disease pairs by concatenating circRNA and disease feature vectors
and generated representative pair vectors in lower-dimensional space through a deep
autoencoder. Finally, we build a deep neural network to predict whether the pair is

associated or not.

To identify the predictive performance of our methodology, we performed several
experiments. We tested DCDA on the CircR2Disease dataset, which is a widely-used
dataset in the literature, and showed that the performance of DCDA has an undeniable
performance with an AUC score of 0.9794. We also tested DCDA on another widely-
used dataset, Circ2Disease, and achieved an AUC score of 0.9425. Besides these
experimentations, we compared our methodology with state-of-the-art methodologies in
the literature. Our model outperformed the top-ranking methodology, MSFCNN, with a
2.82% AUC score.

Relying on DCDA’s prospering performance in all experimentations, we looked
at what DCDA predicts about unknown circRNA-disease pairs. When we investigated
circRNA-disease pairs that have the highest predictive association score, we saw that 7
out of the top-10 pair associations are confirmed in the literature. We also investigated
predicted circRNAs for 3 important cancers types (lung, breast, and urinary bladder

neoplasms), and saw that some of the circRNAs are confirmed in the literature recently.
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There are multiple benefits of this research. First of all, circRNA-disease pair
embeddings generated by the deep autoencoder model can be used in other related studies.
Relying on the successful performance of DCDA, unconfirmed predicted circRNA-
disease pairs are worth being analyzed and examined by biologists. Starting examination
from most likely associated circRNAs will bring forth saving time and spending resources

on unlikely associated circRNA-disease pairs.

6.1. Future Work

In further study, various other strategies can be applied to such research. Additional
data sources could be used to extract more circRNA and disease features such as
circRNA-gene associations, and disease-disease similarities based on disease symptoms.
Since deep learning algorithms work better with big data, training data could be expanded
with recently found circRNA-disease interactions. Moreover, parameters of the deep
autoencoder and the deep neural network model architectures can be optimized with the

help of computational power.
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