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Abstract

Micro Ribonucleic Acids (miRNAs) are short length (~24) non-coding RNAs and are
considered as key biomarkers in cancer diagnosis and treatment. They play a vital
role in classifying cancer patients from normal ones and drug resistant patients from
control ones. The control patients are those who have not received any drug for cancer
treatment. The objective is to identify a subset of miRNAs those help in the classification
of the patients using expression data. The thesis is comprised of four contributory
chapters in addition to an introduction and conclusion. In the first two contributory
chapters, computational methods for ranking and selecting miRNAs associated with drug
resistance in cancer are introduced. In the fourth and fifth chapters, deep learning based
methods are presented for identifying miRNAs for various cancer classes in pan-cancer

data. The contributory chapters are as follows:

Selecting drug-resistant miRNAs in cancer using Euclidean distance with fold

change based score.

e Integrating fuzzy rough set-based entropies for identifying drug resistant miRNAs

and classifying cancer patients.

e Interpretable convolutional neural network for selecting miRNAs from multiple

cancer classes and cancer subtypes through pan-cancer analysis.

e Set-theoretic explainable Al-based attribution score for identifying miRNAs in

pan-cancer data.

In Chapter 1, an introduction to the related problems, literature review, motivation,
and the organization of the thesis are provided. In Chapter 2, two methods to pre-
dict the miRNAs associated with drug resistance in cancer are presented. While, in
the first method, a score is developed using the Euclidean distance with weighted fold
change (EDWFC), in the second method, a histogram-based clustering and Euclidean
distance with fold change-based ranking (HCEDFCR) is introduced. The EDWFC pro-
vides a ranked list of miRNAs for classifying control and drug-resistant patients and the
HCEDFCR returns a group of miRNAs associated with drug resistance. The methods
are trained with the help of existing biological knowledge. In Chapter 3, two new z
score based fuzzy rough relevance and redundancy entropies are developed, and then a
weighted framework is introduced to integrate the entropies for ranking and selecting
miRNAs. The selected miRNAs are used for classifying the control and drug-resistant

patients. In Chapter 4, an interpretable one dimensional convolutional neural network

vii



model (ICNNM) is developed and it is optimized in terms of hyperparameters for iden-
tifying classes of patients among multiple cancer classes in pan-cancer data. An attri-
bution scores is also introduced using SHapley Additive exPlanations (SHAP) values
for interpreting the miRNAs and selecting important miRNAs for each cancer class. In
Chapter 5, a multi-objective framework for optimizing hyperparameters of a 1D CNN,
called MOHCNN, and a set-theoretic explainable Al-based attribution scores (STEAAS)
for miRNA selection are developed. The objectives for optimization are training error,
validation error, and the number of training parameters. A set-theoretic explainable
Al-based attribution score is developed for identifying miRNAs in various cancers. The
score of a miRNA is represented by an ordered pair, where the first part represents
the class score of the miRNA, and the second part denotes the reliability score of that
miRNA for belonging to the class. The miRNAs with high class scores and reliability

scores in a class are selected.

All the developed methods are compared with related miRNA and gene selection
techniques and popular classifiers. Data from public repositories such as Gene Expres-
sion Omnibus (GEO) and The Cancer Genome Atlas (TCGA) data) are used. The
biological significance of the miRNAs, selected by the developed methods, is established

using publicly available web based bioinformatics tools and existing literature.
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Chapter 1

Introduction

Cancer is a disease with a high mortality rate and it is a burden on public health
worldwide [1]. Currently, approximately 20 million of patients are estimated to be
suffering from cancer in the world [2]. The maximum number of patients is related
to lung cancer. Cancer occurs when a cell starts abnormal cell division and begins to
grow rapidly. This can happen almost anywhere in the body, and it can take years
for an abnormal cell to grow into a tumor. When abnormal cells invade neighboring
tissues or spread to other parts of the body through the blood and lymph systems,
then the process is called metastasis. There are many different types of cancer such
as sarcoma, leukemia, lymphoma, and multiple myeloma. Cancer types are divided
into more than 100 classes and also subclasses, based on the location of the tumor,
according to various literature [3]. For example, prostate cancer alone is divided into
seven subclasses depending on the micro ribonucleic acid (miRNA) or gene regulations,
fusions, and mutations [4]. In general, cancer treatment is difficult as most people are
diagnosed when the cancer is spread to the whole tissue or other nearby tissues [5].
Farly diagnosis and precise drug treatment can help in lowering the mortality rate of
cancer patients. In this regard, miRNAs are considered as one of the key biomarkers in
cancer identification and drug treatment for patients [6-8]. MiRNAs can be collected
from tissue, blood, and saliva of patients, and the expression of miRNAs can be studied
to detect cancer and its type. The expression data can be handled computationally to

identify its patterns in various cancers.

For an individual cancer type, cancer analysis can be performed by comparing the
miRNA expressions of patients with normal persons. For handling multiple classes of
cancers and identifying class specific miRNAs and patients, one can analyze expressions
of various cancer types together which is called pan-cancer analysis. Further, during
treatment, a person may develop resistance to certain drugs which is referred as drug
resistance. This can be detected by observing the change in the expression of certain

miRNAs from the control group of patients to drug resistant patients. While, the control



group consists of patients who have not received chemotherapy, the resistant group

consists of patients who have received drug treatment and developed drug resistance.

The focus of this thesis is on i) the identification of drug resistant miRNAs using
miRNA expression data of cancer patients who received drug treatment and ii) the de-
tection of important miRNAs for various cancer types using pan-cancer expression data.
Four contributory chapters are dedicated to achieve these objectives. As a result, this
thesis is comprised of six chapters, including four contributory chapters (Chapters 2, 3,
4, and 5). In the first contributory chapter, the objective is to identify drug resistant
miRNAs in various cancer types. To achieve this objective, two computational meth-
ods, called ‘Euclidean distance and weighted fold change-based ranking’ (EDWFC) and
‘Histogram-based clustering and the Euclidean distance with fold change-based ranking’
(HCEDFCR), are presented to identify drug resistant miRNAs in cancer. The novelty
of the investigation lies in utilizing the biological knowledge of known drug resistant
miRNAs for ranking the miRNAs and selecting the relevant ones. The purpose of Chap-
ter 3 is to identify a set of miRNAs whose expression values can help in classifying the
control and drug resistant patients efficiently. To achieve this, a weighted framework for
integrating two new z score based relevance and redundancy entropies (WFIFRRRE) for
miRNA (feature) selection and for classifying control and drug resistant patients is pre-
sented. The novelty of this work lies in formulating a new z score based fuzzy membership
function to compute the membership of each expression value to calculate the relevance
and redundancy entropy measures, and then developing a framework for integrating
the relevance and redundancy entropies for miRNA ranking and selection. Chapters 4
and 5 are dedicated to find a set of important miRNAs for various cancer types using
pan-cancer expression data. In Chapter 4, a one-dimensional (1D) interpretable convo-
lutional neural network model (ICNNM) is developed for identifying relevant miRNAs
in various cancer types and subtypes. The novelty of the method lies in using Bayesian
optimization with multivariate tree parzen estimator (BoMTPE) for optimizing hyper-
parameters of a one-dimensional convolutional neural network model and integrating
Shapley Additive exPlanations (SHAP) with the optimized CNN to compute attribu-
tion scores of miRNAs in different cancer types. The objective of Chapter 5 is to select
miRNAs with reliability from various cancer classes in Pan-cancer Data by developing
a set-theoretic explainable artificial intelligence-based attribution score for miRNAs. In
the process a multi-objective framework for optimizing CNN is developed. The novelty of
the framework lies in integrating two explainable Al-based scores, BayLIME and SHAP,
and combining them with optimized CNN in multi-objective framework for identifying
relevant miRNAs with reliability.



1.1 Basics of MiRNA

A miRNA is a short-length (~22nt) non-coding RNA extracted from ~60-110nt RNA
precursor [9] and regulates gene expression by binding to a particular messenger RNA
(mRNA) and promoting their degradation and/or translational inhibition [10]. The
number of miRNAs in most organisms is relatively lower than the number of genes (e.g.,
a human genome is considered to encode approximately 1000 miRNAs, whereas the
estimated number of genes is approximately 30000). A single miRNA can regulate more
than 100 genes, which can significantly affect the gene expression networks [10]. MiRNA
expression profiles are considered to be rich in biological information, since changes in
the expression of hundreds of genes may be reflected by identifying the change in the

expression of one or a few miRNAs that may have regulated them [11].

Researchers found that changes in miRNA expression profiles play an important role
in the development of cancer and drug resistance during treatment [12] that leads to
disease progression, even after the application of drugs, and decreases life expectancy.
Dysregulation of miRNAs controls the malignant cells and can act as a tumor suppressor
or promoter. There are multiple reasons for miRNA dysregulation, such as mutation,

deletions, and epigenetic changes [13].

Caline et al. [14] first identified the regulation of miRNAs, miR-15, and miR-16, in
chronic lymphocytic leukemia (CLL) in 2002, and in the last two decades, miRNAs are
established as one of the key components in cancer diagnosis and treatment. Researchers
from various fields like medical science, biology, bioinformatics, chemistry, statistics, and
computer science contributed on identifying the role of miRNAs in different cancers.
Mitchell et al. [15] established that miRNAs identified in plasma or serum can be utilized
for the detection of cancer. Furthermore, expression levels of miRNAs in serum can
differentiate the healthy and cancer samples [16]. Subtype identification of cancer is

also possible using miRNA expressions [8].

1.1.1 MiRNA Generation

MiRNA expressions are generated in biological laboratories and the process can be
broken into two steps. The first step is the generation of short-length miRNA strands
from the cell and then processing those strands in the laboratory to assess the quantity

of expressed miRNAs.

MiRNA Biogenesis: As discussed earlier, miRNAs are short-length (~22nt) RNAs
and an example of miRNA biogenesis is considered from [10] and provided in Fig. 1.1

L. The four major steps to generate them are as follows:

!The figure is taken from [10] which is available publicly.



1. Generation of primary miRNA: MiRNAs are generated by transcribing miRNA-

coding sequences into long primary transcripts (pri-mRNAs) [17].

2. Generation of Precursor miRNA: Pri-mRNA is cleaved by drosha and pasha en-
zymes in the nucleus and it results in a hairpin-looped precursor nucleotide (pre-

miRNA) of approximately 75 nucleotides in length.

3. Transportation of Precursor miRNA into Cytoplasm: The pre-miRNA is then
transported out of the nucleus into the cytoplasm by Exportin 5 [18].

4. Generation of mature strand miRNA: RNAse III enzyme, dicer, cleaves the pre-
miRNA and generates approximately a ~24 nucleotide long duplex structure with a
mature and complementary passenger strand. The simplex mature miRNA strand

is generated from the mature strand.

In Fig. 1.1, the generation of mature strand miRNA from primary miRNA (pri-mir)
is shown. Pri-mir is transformed into pre-miRNA (pre-mir) by drosha enzyme in the
nucleus. Pre-miRNA is then sent to the cytoplasm as a double-stranded miRNA, where
the strand starting from 5 prime (5p) carbon is mentioned as miR* and the strand
starting from 3p carbon is mentioned as miR. The double stranded miRNA is cleaved
by the dicer enzyme into two strands where the 5p strand is degraded and the 3p strand
is loaded into the RNA-induced silencing complex (RISC) [10].

Precursor miRNAs Mature miRNAs
miR* miR
/ \ miR/miR* .
duplex !
: pri-mir —
s 3
5 5 (-5p) l 3’ (-3p)

\ nucleus miR* degraded miR loaded

-5p in this case -3p in this case

cytoplasm

Figure 1.1: MiRNA biogenesis showing the preparation of mature miRNA from precursor
miRNA.

In Table 1.1, the mature sequences of hsa-miR-~155, hsa-miR-let-7e-5p, and hsa-miR-
21-3p from 5p carbon to 3p carbon are shown, where these are extracted from the
precursor miRNAs (pre-miRNAs) [19]. A miRNA is represented mainly using three
parts. The first part denotes the species, the second represents that it is a miRNA,
and the third part describes a unique identity number. The unique identity number of
a miRNA denotes the order of its discovery and registration to the miRNA database,

such as miRBase [19]. For example, in hsa-miR-155, hsa represents that it is a human
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miRNA, miR implies that it is a micro RNA, and 155 implies that it is the 155th miRNA
to be officially registered.

Table 1.1: Example of miRNA sequence

miRNA Sequence (5p to 3p)
hsa-miR-155 CUCCUACAUAUUAGCAUUAACA
hsa-miR-let-7e-5p | UGAGGUAGUAGGUUGUAUAGUU
hsa-miR-21-3p CAACACCAGUCGAUGGGCUGU

1.1.2 Expression Generation

After mature strand creation, the miRNAs are colored with fluorescent dye. The color
intensity value of a miRNA can be scanned and saved as its expression [20]. This can

be done in three major processes as follows:

1. Expression profiling by cloning and sequencing: It involves separating mature
miRNA, adaptor binding, reverse transcription, and polymerase chain reaction
(PCR) amplification. [21].

2. Microarray analysis: Microarray analysis includes design of oligonucleotide probes,
preparation of labeled material from RNA samples (with or without amplification),

and preparation of microarray [22].

3. Microbead analysis: Here, every miRNA is considered as a microbead. One ef-
fective approach to microbead expression analysis is xMAP, which allows for the

simultaneous investigation of one hundred distinct miRNAs.

Table 1.2: Example of miRNA expression values in Drug resistant data.

miRNA Drug resistant Control
Patientl | Patient2 | Patient3 | Patient4d | Samplel | Sample2 | Sample3

miR-21 8.1 8.3 8.2 8.4 3.9 4.2 4.1
miR-34a 3.2 3.3 3.1 3.4 3.0 3.2 3.1
miR-155 6.5 6.7 6.4 6.6 6.3 6.2 6.4
miR-200c 5.9 6.1 5.8 6.0 5.7 5.9 5.8

miR-16 7.3 7.1 7.2 7.4 6.9 7.0 6.8
miR-145 5.0 4.9 5.1 5.2 4.8 4.9 5.0
miR-451 6.1 5.9 6.0 6.2 6.0 5.8 5.9
miR-125b 5.8 5.9 5.7 5.8 5.6 5.7 5.5

Table 1.3: Example of miRNA expression values in pan-cancer.

miRNA Breast Lung Colon
S1 | S2 | S3 | S4 | S5 | S1 | S2 | S3 | S4 | S5 | S1 | S2 | S3 | S4 | S5
miR-21 82 |85 83|81 |84(91|89]90]92]93]|94]92]|91]93]95
miR-34a | 3.1 | 34 | 33 | 32 |31 |28 30|31 |32]29|29]32]|30] 31|33
miR-155 | 6.5 | 6.3 | 64 | 66 | 62 | 70 | 69 | 71 |68 | 72 |72 |71 |70 |73 |72
miR-200c | 59 | 5.7 | 58 | 59 | 58 | 6.1 | 6.3 | 6.0 | 6.2 | 6.1 | 6.0 | 5.8 | 59 | 6.1 | 6.0
miR-16 72|71 | 73|72|70]68|70|69|71|69]|69)|70]|68]|71]|69
miR-145 | 49 | 5.0 | 5.1 | 48 | 49 | 48 | 47 | 49 | 5.0 | 4.8 | 48 | 49 | 5.0 | 49 | 5.1
miR-451 | 6.0 | 58 | 59 | 57 | 5.8 | 6.2 | 6.1 | 6.3 | 6.0 | 6.1 | 6.3 | 6.2 | 6.1 | 6.4 | 6.3
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The miRNA expression values can be represented as a data matrix where numerical
values in the matrix cell represent the expression level of a miRNA in a patient suffering
from a particular disease (in our case, cancer disease). The examples of miRNA expres-
sion values in drug resistant and pan-cancer datasets is provided in Table 1.2 and 1.3,
respectively. For example, the expression values of miR-21 are 8.1, 8.3, 8.2, and 8.4 in
Patient1, Patient2, Patient3, and Patient4, respectively, in the drug resistant class. The
expression values for the same miRNA are 3.9, 4.2, and 4.1 in Samplel, Sample2, and
Sample3, respectively, in the control class. In a similar way, the expression values of 7

miRNAs for 15 patients in breast, lung, and colon cancer classes is shown in Table 1.3.

The data matrix of miRNA expression values is utilized for analysis using statistical or
machine learning methods to predict differentially expressed miRNAs, classify samples
(e.g., diseased vs. healthy), or find target genes. The level of expression values of a
miRNA represents the regulation of that miRNA for a certain disease. While a high
expression value of a miRNA corresponds to strong expression in a disease, a low or

near-zero expression value denotes no expression.

1.2 Preliminaries of Pattern Recognition-based Techniques

In this section, we discuss some preliminary concepts of pattern recognition that are

helpful in miRNA selection, clustering, and patient classification.

1.2.1 Clustering

Clustering is an unsupervised learning process for grouping data points. In the miRNA
expression domain, clustering helps to group the miRNAs or patients based on their
expression profiles whose functions or disease conditions are expected to be similar. For
example, miRNAs that are resistant to a specific drug can be grouped together based

on their expression profiles. Some of the clustering methods are discussed below.

K-means Clustering [23-25]: K-means clustering partitions the data into K groups,
where K is a user defined number of clusters. The concept of K-means relies on mini-
mizing the variance among the data points in each cluster. The first step is the selection
of K-random values as cluster centers. The second step is assigning each data point to
the nearest cluster center. The third step is to compute the mean of all the data points
assigned to each cluster as cluster center, update the previous cluster center with the
new one, and compute the variance among the data points for each cluster. The second
and third steps are repeated until the variance among the data points in each cluster

remains unchanged.

Spectral Clustering [26-28]: Spectral clustering is a graph-based data partitioning

algorithm in which each data point is represented as a node. Edges between all possible
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pairs of nodes are calculated as an affinity matrix and it signifies the relationships, may
be distances, among the data points. The affinity matrix is converted into a Laplacian
matrix for computing the eigen values and eigen vectors such that communities, i.e.,
closely connected graphs, within the graph can be identified. Finally, clusters are formed

based on the similarity among communities.

Self-Organization Maps (SOMs) [29-31]: SOMs are competitive learning-based neu-
ral networks that cluster the data points while maintaining the topological relation-
ship among them. These are also used for data reduction and visualization into two-
dimensional space such as hexagonal or rectangular grids. Two important parameters
that control the learning of SOM during training are learning rate and neighborhood
radius, which decrease over the iterations (a user defined number) to group the data
points that are more similar to each other. The training of SOM involves four major
steps: initialization, competition, cooperation, and adaptation. The first step is the
initialization of k weight vectors (nodes) where K is the number of clusters, weights of
vectors are initialized randomly, and the size of each weight vector is the same as the
size of each data point. The second step is the computation of the distance between a
data point and each weight vector. The weights of the node are updated, which has a
minimum distance from the data point, and that node is called the best matching unit
(BMU). This is repeated for all data points. The third step is cooperation where the
weights of BMU and its neighboring nodes are updated to bring them more closer to
input data points. The fourth step is adaptation, which helps decrease the number of
neighborhood data points that possess lesser similarity with the points in the cluster.

The steps from 2-4 are repeated until the weights of vectors stop updating.

1.2.2 Feature Selection

Most of the datasets contain irrelevant features that may result in poor performance
of machine learning models used for analysis. To improve the performance of a model,
the removal of irrelevant features is crucial and it can be handled using feature selec-
tion techniques. These methods identify the important subset of features that help in

classifying or grouping samples. Feature selection can be categorized as follows:

Filter Methods: These methods select the features based on their relations such as
correlation, mutual information, class difference, etc. However, different relations can be
used together to determine a subset of features. For example, if someone wants to have
multiple groups of features with high class differences and maximum correlation within
the group, then a distance metric can be used with a correlation measure. These features
are selected before using any machine learning model which makes filter methods com-
putationally efficient. Some methods based on the filtering approach are combination of

Fisher score, relief F, and mutual information [32], minimum redundancy and maximum
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relevance [33], fold change-based ranking [34], fuzzy rough entropy measure [35], fuzzy

mutual information based measure [36], and set theoretic entropy measure [37].

Wrapper Methods: Wrapper methods determine an optimal set or group of features
with the help of machine learning models such as classifiers or clustering methods. For
example, if a classifier is used then the classification accuracy is stored for each subset
of features, and the subset of features responsible for maximum classification accuracy
is considered as the optimal set of features. For clustering methods, those groups of
features are considered important which provide better clustering index values or low
variance among data points within the cluster. Some techniques based on the wrapper
method are recursive feature elimination [38], sequential forward selection [39], sequen-
tial backward selection [39], sequential backward floating selection [39], and Covariance
Matrix Adaptation Evolution [40],

Hybrid Methods: These methods consider both filter and wrapper techniques in par-
allel and combine their advantages. In general, while the filter method selects features
based on their properties, the wrapper method updates the feature set based on the
performance of the classifier. Some of the hybrid approaches are uncertainty measures
using neighborhood entropy [41], combination of Adaptive Genetic Algorithm and Mu-
tual Information Maximization [42], optimizing fuzzy mutual information using particle
swarm optimization [43], correlation based gene selection using genetic algorithm [44],

and parallelized correlation based gene subset selection [45].

1.2.3 Classification

Classification is a supervised learning process for assigning labels to samples or data
points. This is achieved using classifiers that require the labeled samples for training
and then classifying them accurately in the test process. Using this training, the classifier
then predicts the labels of the unknown samples. Therefore, the training of the classifier
should be done in a way that the classifier identifies the important patterns and neglects
the noise in the data during training. Further, the performance of any classifier depends
on the features selected by any feature selection technique. Some of the popular classifiers

are as follows:

Support Vector Machines [46-48]: Support vector machine uses the concept of hy-
perplanes and uses kernel function/s to partition the data points into different classes.
The kernel functions are helpful in determining the relationships such as linear, non-
linear, shape based, topological, etc., among data points. Hence, the classification
performance of SVM varies for different kernel functions. The classification process
of SVM involves finding an optimal hyperplane, maximizing the margins, and adjust-

ing support vectors. The objective is to maximize the margin between support vectors
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and the hyperplane, where support vectors are the nearest data points to the hyper-
plane. For example, consider a dataset with two classes and n patients represented as
(X1,11), (X2, 42), (X3,93), - - -, (XnsYn), where X; € R? is a sample containing d real-
valued features and y; € {—1,1} denotes the class label of patients. The goal is to find
a hyperplane W7 X + b = 0 that separates the classes with a maximum margin. This

can be formulated as:

1
arg max - ||[W||? (1.1)
w,b 2
subject to
yi(WTX; +b) > 1Vi (1.2)

Eq. 1.1 guarantees the maximum margin between the support vectors and the hyper-

plane. The term |[W||? is minimized to maximize the margin.

Naive Bayes [49,50]: It utilizes the concept of Bayes theorem for categorizing samples
in their respective classes. It is suitable for both binary and multiclass classification.

The mathematical expression of Bayes theorem is as follows:

P(X|C) x P(C)

P(CIX) = =5

(1.3)

where P(C|X), P(X|C), P(X), P(C) represent the probability of the occurrence of,
class C given sample X, sample X given class C, class C, and sample X, respectively.
X is denoted by n features X = [zr1,x2,%3,...,2,]. In naive bayes, every feature is
considered to be independent. The goal is to determine the posterior probability P(C|X)

by utilizing the relation of joint and conditional probabilities.

P(X|C) = P(x1,2z2,23,...,Zpn,C)
= P(x1|x2,x3,...,20n,C) X P(x2,23,...29,C) (1.4)
= P(x1|xe,x3,...,x4,C) X P(x2|zs,...2Tn, C) X P(xs3,24,...25,C)
= P(x1|xe,x3,...,24,C) X -+ X P(xp_1|xn, C) X P(xy,C)

With the assumptions of independent features, P(x;|zit1,...,%n,C) is reduced to
P(z;,C). Now, Eq. 1.3 can be written as:

I, P(25C) x P(C)
P(X)

P(C|X) = (1.5)

Consider an example of two classes (C1,C3). Based on Eq. 1.5, the sample X can be
assigned to class Cy if P(C1]|X) > P(C2|X) else to class Cy .

Random Forest [50,51]: Random forest is a tree-based classifier that uses an ensem-
ble of various decision trees to increase the classification accuracy. The predictions of

different trees are aggregated by using an average of the values or voting algorithm.

15



The limitations of individual trees such as high variance and instability of features are
tackled by exploiting the concepts of feature randomness and bagging. The main steps

of random forest are as follows:

Ensemble of Decision Trees: Random forest divides the datasets into many regions
randomly and various regions are then used to train different decision trees indepen-
dently. Predictions from all the trees are combined using selection procedures such as

voting.

Bootstrap Aggregating: Random subsets of features are used with replacements to
train the trees in the forest. This process helps in some features getting selected many
times and some being left out, and that helps in preventing overfitting by decreasing the

variance of the model.

Feature Randomness: Random forest only considers a subset of random features
while splitting the nodes of trees instead of all the features like a decision tree. This
increases the robustness and generalization of the model by decreasing the correlation

among trees.

Out-of-Bag (OOB) Error: Each tree is trained with a bootstrapped sample, thus a
part of the data is only selected. The excluded samples, referred to as out-of-bag samples,

are utilized to assess the model’s performance without requiring a distinct validation set.

1.3 Performance Evaluation

The performance evaluation techniques are useful in determining the efficiency of se-
lected features while classifying samples. The learning process of any model is divided
into two major parts training and testing. The training part utilizes the available in-
formation about samples to train the model. The testing part involves the decision
provided by the model for unseen samples. The developed methodologies in this thesis
are evaluated in terms of various measures such as sensitivity, specificity, F-score etc.,
using cross-validation (CV) techniques for various classifiers. In the next two sections,

the performance measures and cross-validation techniques are discussed.

1.3.1 Performance Measures

The performance measures help in evaluating the performance of a classifier by observ-
ing the correct and wrong predictions. A confusion matrix is constructed that shows
the predictions using true positive, false positive, false negative, and true negative per-
formance measures. The rows in the confusion matrix represent the predicted labels of
patients by the classifier, and the columns denote the actual labels of the same (See Fig.

1.2). The positives and negatives in the matrix are assigned based on the class labels.
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For example, let us consider the C1 class as positive and C2 as negative. Then the

variables can be defined as:

True Positive (TP): When the predicted label C1 of patients aligns with the

actual class label C'1.

False Positive (FP): The patients from class C2 are predicted as patients from
class C1.

False Negative (FN): The patients from class C1 are predicted as patients from
class C2.

True Negative (TN): When the patients from class C2 are predicted as patients

from class C2.
Actual

C1 C2

Cc1| TP FP

Predicted
aQ
G

FN TN

Figure 1.2: Confusion Matrix for binary class.

The above variables are utilized to compute the performance measures such as sen-
sitivity, specificity, Fl-score (F score), accuracy, and Matthews correlation coefficient

(MCC) for evaluating the developed methods. The measures are defined as follows:

Sensitivity/Recall: Tt measures the ratio between the number of correctly predicted

positive patients and the number of actual positive patients. It is defined as:

TP

Specificity: It measures the ratio between the number of correctly predicted negative

patients and the number of actual negative patients. It is defined as:

TN
Speci ficity = TN + FP (1.7)

Preciston: It measures the ratio between the number of truly predicted positive

patients and the number of all predicted positive patients. It is defined as:

TP
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F1-score: It measures the accuracy of a classifier by computing the harmonic mean

of precision and sensitivity (recall). It is defined as:

1 - 2xTP (1.9)
e = TP+ FN + FP ‘

Accuracy: It measures the capability of a classifier in assigning samples to their

correctly labeled classes.

Correctly classi fied samples

Accuracy = * 100 (1.10)

total number of samples

MCC: It measures the correlation between predictions and actual labels. It is defined

as:
MOC — TPxTN —FP x FN (L11)
/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

The sensitivity, specificity, and F1l-score values range from 0 to 1. Accuracy can be
denoted in the range of 0 to 1 (in ratio) and 0 to 100 (in percentage). The MCC ranges
from -1 to +1 which indicates whether the prediction capability is better or worse than
random prediction. A positive value of MCC denotes that the prediction capability is

better than random prediction.

The pan-cancer data analysis is a multiclass problem. The positives and negatives
cannot be assigned in multiclass classification like binary classes. Here, the positives
and negatives are computed for each class, and to find out the overall performance of
the model, their average value is determined. This is better understood by an example
provided in Fig. 1.3. In the figure, the cells with colors blue, green, purple, and brown
represent true positive (TP), true negative (TN), false positive (FP), and false negative

(FN), respectively, for a class from multiple classes.

Actual Actual
ar c2 3 d4 d1l Others
o)
C1 % Cl| pp
= S
22 £ Others | pN | TN
.S A
T
= C3
A
C4

Figure 1.3: Computation of positives and negatives for a class from confusion matrix for
multiclass problem.
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The above measures are defined for one class. Similarly, these can be computed
for the remaining classes such as C2, C3, and C4. The Fl-score for class C1 can be
computed as:

2 X TPCl

F1— — 1.12
S = S TPoy + FNey + FPoy (1.12)

Similarly, other measures can also be computed. The overall F-score for the model is
defined as:

F1 — scoreci + F1 — scorecog + -+ -+ F1 — scorecn
F1 — score = (1.13)
Number of classes

1.3.2 Cross Validation

Cross validation (CV) is a prediction evaluation process to enhance the robustness of a
computational model while applying it to various types of datasets [52]. Sometimes a
model cannot identify the patterns in the data and it results in random predictions or
lower accuracy which is considered as underfitting of the model. In contrast, a model
may capture the patterns as well as noise in the data and may perform poorly for unseen
data which is considered as overfitting of the model [53]. The CV is one of the ways to
prevent underfitting and overfitting of the learning models. Some of the important CV

techniques are as follows:

Train Test Split method: The dataset is partitioned into train and test data. The
default ratio of partitioning is 70:30 where 70 percent of data is used to train the model
and 30 percent is kept aside to test the model [52]. Sometimes, the train test split is
modified by dividing the training data (70 percent of data) into training and validation
data, and 30 percent is used to evaluate the test performance of the trained model. This

is used for the hypertuning of parameters of a model.

Leave One Out Cross Validation (LOOCYV): In LOOCV, one sample, as a
test sample, is removed from all samples and the remaining are used for training the
classifier [54,55]. The prediction of the test sample is saved, and this process is repeated
for all the samples. LOOCYV is desirable where the number of samples (patients) is less
as it is an exhaustive and time consuming technique. Leave-p-out CV is a generalized

version of LOOCYV where p samples are removed from the whole set as test samples [54].

K Fold Validation: In k-fold CV (K is a user defined number), k-1 folds of samples
out of k folds are selected to train the proposed ICNNM model and the remaining one
fold of samples is used for the validation process [56]. This process is repeated k-times
for training and validating all folds. Sometimes, the K-fold CV is named based on the
values of the K. For example, if K=10, then it is called as 10-fold CV technique.

Stratified K Fold Validation: In stratified K-fold, the samples are chosen from

each class for each fold unlike in k-fold where the samples are selected randomly [57]. The
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stratified K-fold is suitable for imbalanced data like cancer. The imbalanced datasets
are those containing an unequal number of samples in different classes and their ratio is
greater than a threshold [58].

1.4 Literature Review

The thesis contributes in developing computational methods to analyze the miRNA
expression data, generated from biochemical methods, in cancer. The association of
miRNAs in cancer diagnosis and treatment can be divided into two categories, biological
or biochemical experiments (Section 1.4.1), and computational investigations (Section
1.4.2).

1.4.1 Biochemical Methods

Various biochemical investigations are conducted for identifying miRNAs in various
types of cancer and in drug resistance [37,59-62]. Some of the related studies are
discussed in this section, and these are categorized into three types: i) identification
of miRNAs in individual cancer, ii) identification of drug resistant miRNAs, and iii)

identification of miRNAs in various cancer classes using pan-cancer data.

1.4.1.1 Identification of miRNAs in Individual Cancer

One of the earlier investigations that established the role of miR-15 & miR-16 in chronic
lymphocytic leukemia (CLL) was in 2002 [14]. Thereafter, other types of cancers are
also analyzed using miRNAs, and those are found expressed differently in normal and
cancer patients [6]. Lu et al. [63] analyzed miRNAs from 334 leukemia patients and
reported that miRNAs possess discriminating capabilities. MiRNA expressions of 363
patients from six cancers and 177 normal persons are analyzed in [64]. It is reported that
21 miRNAs are downregulated and 36 are upregulated out of a total of 228 miRNAs.
In [65], the role of miRNAs in breast cancer is investigated. MiR-21 and miR-146 are
found deregulated and revealed as key biomarkers in breast cancer diagnosis. While
miR-21 is established as an oncogene and upregulated, miR-146 is found as a tumor
suppressor. MiR-15, miR-~16, miR-143, and miR~145, are reported as downregulated in
abdominal cancer and responsible for tumor development [66]. These are also found
resistant to multiple drugs for stomach cancer. In [67], deregulation of miRNAs is
found to be one of the reasons for cancer initiation and progression in head and neck.
Alpha protein is considered as a key biomarker for diagnosis of hepatocellular carcinoma
(HCC), but its false negative rate is approximately 40% at early stages [68]. This is
addressed by finding expression levels of miRNAs (miR-101, miR-32, and miR-96) in
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HCC. Petillo et al. investigated the levels of expression in kidney subtypes and reported
that shifts in expression levels of miRNAs may develop different tumor subtypes. For
example, miR~-424 and miR-203 are upregulated in papillary whereas downregulation of
miR-203 is observed in benign oncocytoma [69]. In benign oncocytoma, its expression
is downregulated as compared to normal tissues in the kidney. Besides the discussed
cancers, there are multiple types of cancers like acute myeloid, brain, bone and soft
tissue, cervical, colon, esophageal, lung, lymphoma, nasopharyngeal, rectal, pancreatic,
prostate, skin, testicular, thyroid, uterine, and uveal. These cancers are investigated
as a part of many international projects such as Gene Expression Omnibus (GEO),
the Cancer Genome Atlas (TCGA), and the International Genome Cancer Consortium

(ICGC).

1.4.1.2 Identification of Drug Resistant miRNAs

In the last two decades, the role of miRNAs in drug resistance of patients is evaluated
in different types of cancers such as breast, colon, ovarian, lung, etc. One of the earlier
investigations related to miRNAs and their role in drug resistance is performed by Miller
et al. [70]. They reported that miR-221 and miR-~222 control tamoxifen drug resistance
in breast cancer. Further, clustering of miRNAs revealed eight and seven significantly
overexpressed and underexpressed miRNAs, respectively. Pichiorri et al. [71] investi-
gated vivo nucleolin (NCL), a major nucleolar protein that regulates the expression of
a specific subset of miRNAs, which may cause breast cancer. Inhibition of NCL us-
ing guanosine-rich aptamers reduces the levels of miRNAs that are dependent on NCL
and their target genes. Mencia et al. [72] studied the role of miRNAs associated with
drug resistance in human colon cancer cells, treated with methotrexate (MTX), and
reported the significance of miR-224 using the GeneSpring GX11.5 software. Kurokawa
et al. [73] reported that miR-19b and its target mRNAs are up-regulated in response to
5-Fluorouracil and are thus responsible for the resistance to the drug treatment. Ku-
mar et al. [74] applied locked nucleic acid (LNA) technology to investigate the role of
miRNAs associated with drug resistance in an ovarian cancer cell line, (A2780/CP70)
treated with cisplatin. The results revealed that five miRNAs are up-regulated in the
cell line and six miRNAs are down-regulated as compared to cisplatin sensitive A2780
cells. Kitamura et al. [75] reported that miR-134, miR-487b, and miR-655 regulate
drug resistance towards Gefitinib by targeting the gene MAGI2 in lung adenocarcinoma
cells. These miRNAs regulated the epithelial-mesenchymal transition and then acquired
resistance to the epidermal growth factor receptor tyrosine kinase inhibitor (EGFR-
TKI). Hummel et al. [76] studied the role of miRNAs associated with drug resistance
in esophageal adenocarcinoma (EAC) and squamous cell carcinoma (ESCC) using the
drugs cisplatin and 5-fluorouracil. Chemotherapy-resistant sublines presented different
miRNA signatures and responses to cisplatin vs 5-FU resistant cells from the cell line of

the same tumor. Schotte et al. [77] discussed how miRNAs characterize genetic diversity
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and drug resistance in pediatric acute lymphoblastic leukemia. Expression levels of 397
miRNAs are measured by quantitative RT-PCR in 17 control patients and 81 cases of
pediatric leukemia. Resistance to the drugs vincristine and daunorubicin is shown by
up-regulation of miR-125b, miR-99a, and miR-~100 by approximately 20-fold [77]. Fur-
ther, drug resistance in some other cancers like prostate [78], gastric cancer [79], human
laryngeal cancer [80], and myeloma [81], is also explored. Apart from experimental stud-
ies of individual cancers, some review articles [82-86] also exist that provide deep insight

into the association of miRNAs with drugs in cancer.

1.4.1.3 Identification of miRNAs in Various Cancer Classes using Pan-

cancer Data

In this section, we discuss the studies that investigated the role of miRNAs in various
cancers through pan-cancer analysis. For pan-cancer analysis, many public reposito-
ries such as ‘The Cancer Genome Atlas (TCGA)’ [1], ‘Broad GDAC Firehose’ [87], and
‘Xena’ [88] are available. In [89], the miR-sequence of 575 (normal and tumor) patients
for 11 cancer types is extracted from the cancer genome atlas (TCGA) database. Two
‘R’ language packages, DeSeq2 and edgeR are used for finding differentially expressed
miRNAs (DEmiRNAs). Twenty-one miRNAs out of 81 DEmiRNAs are found to be
significantly expressed. Among those, 9 are found to be upregulated and 12 are down-
regulated. Wong et al. [90] presented an online tool named OncomiR for identifying
DEmiRNAs in various cancers. In this study, they integrated miR-sequence, RNA se-
quences, and clinical data from TCGA for identifying miRNAs responsible for tumor
development, staging, grading, and survival analysis of cancer patients. They used
ANOVA for staging and grading of cancer patients, and univariate Cox proportional
hazard analysis along with Student t-test for survival analysis. In [91], the survival rate
of European American (EA) and African American (AA) patients for 42 cancer types
is studied. It is found that AA patients have a higher fatality rate than EA. Expres-
sion levels of miRNAs specific to AA patients are correlated with resistance to cancer
treatments. Elevated levels of miRNAs (miR-15a, miR-17, miR-130-3p, miR-~181a) are
observed consistently among AA patients with thyroid, prostate, kidney, and breast.
Sabbaghian et al. [92] analyzed miRNA expressions of 11 cancer types and established
that the expression levels of miRNAs are different in healthy and cancer patients. They
found 7 significantly DEmiRNAs whose expression levels were dysregulated in all can-
cers. Wu et al. [93] developed an early cancer detection study by analyzing miRNA
expression profiles of approximately 15000 patients for 13 cancer types. They reported
100 cell-free immune-related miRNA profiles that showed fluctuations in levels in healthy

and tumor patients.
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1.4.2 Computational Investigations

The expression data for analysis may be labeled or unlabeled. Labeled data can be
handled with supervised learning, where the labels help the model to classify the patients.
Unlabeled data can be analyzed with unsupervised learning, such as clustering methods.
Based on the above two learning techniques, miRNA expression data can be analyzed

for patient classification and miRNA selection.

1.4.2.1 Identification of miRNAs in Individual Cancer

Here, some techniques that are very specific to miRNA or gene selection using expression
data are discussed. Pal et al. [94] developed a feature grouping and selection method
based on fuzzy mutual information (FMIMS) and SVM classifier to select miRNAs
using their expression profiles. The SVM classifier is used to generate the miRNAs
groups and fuzzy mutual information helps in selecting the best group of miRNAs. The
more the fuzzy mutual information of the group, the higher the group’s significance. An
improvement of this work is presented in [43] where a fitness function for particle swarm
optimization is developed. Navon et al. [95] developed a fold change ranking method
to find characteristics of miRNAs in multiple cancers. They used data consisting of
paired samples from normal and tumor origins. The benign and malignant tumors are
extracted from the same patient. The miRNAs that are dysregulated in eight cancer
datasets are considered important ones. Piao et al. [96] developed an ensemble learning
algorithm for miRNA selection based on a feature subset technique to classify multi-
class cancer patients. Leidinger et al. [34] made a hypothesis that miRNAs showing fold
change values greater than 2 are considered deregulated and selected 51 miRNAs using
that hypothesis. Sathipati et al. [97] combined an inheritable bi-objective combinatorial

genetic algorithm and SVM classifier to select miRNAs in breast cancer.

Some popular gene selection techniques can also be used for miRNA selection. Peng
et al. [33] presented a feature filtering method based on minimum redundancy-maximum
relevance (MRMR) criteria. The MRMR features are obtained through first-order incre-
mental learning. Selected features are evaluated with support vector machine (SVM),
naive Bayes (NB), and Linear Discriminant Analysis (LDA) classifiers. Leave-one-out
cross-validation (LOOCV) method is used in the process. In [38], genes are recursively
eliminated by checking the performance of the SVM classifier (SVMRFE). The set of
genes is considered important which provides the highest classification accuracy. Mundra
and Rajapakse [98] developed an integrated approach using the support vector machine-
based recursive feature elimination (SVMRFE) with MRMR approaches. The method
is computationally more expensive than both SVMRFE and MRMR. Alok et al. [99] de-
veloped a null linear discriminant analysis-based algorithm for gene selection. Selected
genes are validated using a nearest neighbor classifier after gene selection. Ghalswal et

al. [100] developed a gene selection approach to find out the jointly discriminative group
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of genes. Guo et al. [101] used the gradient descent approach with an objective func-
tion involving regularized logistic regression in order to obtain the global optimum. A
graph-based gene selection model with minimum redundancy and maximum relevance
is presented in [102]. The method uses social network algorithms, such as the maxi-
mum weighted complete sub-graph of a graph to maximize the relevance of genes in a
particular class. Edge centrality measure is also used to deal with the local and global
structure of the graph to rank the genes. A hybrid ensemble based fuzzy approach is
developed in [103] for gene selection using expression data. An ensemble of feature se-
lection methods is used to create a gene pool for cancer patient classification. In [104],
a score is developed by a weighted combination of mutual information, f-classification,
and chi-squared test results to rank genes. Maji and Pal [36] presented a fuzzy rough
set based information measure (FRMI). Ensemble learning using fuzzy rough approach
is developed in [105] for gene selection using expression data. First, informative features
are selected using active learning based on a fuzzy rough set, and then an ensemble of
classifiers is used for patient classification. A fuzzy similarity relation by using feature
neighborhood and sample class information is developed in [106] for selecting important

genes in cancer patient classification.

1.4.2.2 Identification of Drug Resistant miRNAs

Several investigations deal with the task of identifying miRNAs related to drug resistance
[37,59-62]. In [37], a set based approach, called SPEM, is introduced where a set S is
extended to ST utilizing the z number concept to handle the uncertainty in miRNA
selection with confidence. Each element (miRNA) of the set is presented as a tuple,
where the first part of the tuple is the relevance of the element to a particular category
(sensitive or drug resistant), and the other part determines the confidence of selecting the
element where the confidence is computed using histogram-based granular probability.
A data integration method for protein-protein, miRNA-mRNA, and miRNA-IncRNAs
interaction is developed by Yang et al. [60]. A graphical network of biological molecules
is constructed and random walk with restart is used to find a probability that prioritizes
the IncRNAs and miRNAs related to chemoresistance. A ROC curve using the results
of the leave-one-out cross-validation procedure is plotted, and the Wilcoxon sum rank
test is used to validate the identified top IncRNAs in 60 cancer lines. Moughari and
Eslahchi [61] presented a classification of drug sensitivity method using machine learning
(CDSML) based on manifold learning techniques. The method is focused on extracting
binary responses from various inputs like gene expression, copy number variation, and
mutation profiles. In the process, a combination of standardization and normalization of
inputs is performed. K-nearest neighbour is used to impute missing values in the dataset.
The classification performance of the CDSML is compared with different classification
methods and regression algorithms. The drug sensitive dataset is collected from the

‘Genomics of Drug Sensitivity in Cancer’ (GDSC) database. Xin et al. [59] examined the
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role of miRNAs using fulvestrant-resistant MCF7-FR cells in breast cancer and compared
the global miRNA and mRNA expression patterns. Fourteen downregulated miRNAs
are identified in MCF7-FR cells. Computational tools like TargetScan and PITA are used
to predict potential target genes, from which a negative correlation is found between the
expression of these miRNAs and their predicted target mRNA transcripts. The results
suggested a significant role of miRNA-regulated gene expression in the onset of breast

cancer antiestrogen resistance.

In [107], four graph convolutional networks utilizing unique combinations of features,
including drug fingerprints, drug label encoding, miRNA expression profiles, and miRNA
GO-based similarities, are constructed, and then the latent representations of drugs
and miRNAs from the sub-networks are learnt. Attentive representations of drugs and
miRNAs from their corresponding latent representations are derived using an attention
neural network. A dot product of the attentive representations is computed to predict
the miR-drug resistance association. Zheng et al. [108] integrated a neural architecture
search and a graph isomorphism network to predict miR-drug resistance association by
leveraging features instead of graph interactions. They mapped the miRNA sequences
into miRNA k-mer sparse matrices and then utilized the non-negative matrix factoriza-
tion technique to represent the k-mer sparse matrix into a low-dimensional space. Later,
they integrated various graph isomorphism networks to construct descriptors as features
to find suitable association models [109]. In [110], a fusion of multi-view contrastive
learning and graph collaborative filtering (GCF) approach is utilized to determine the
association of miRNAs and drugs, where the model considers the miR-drug topology as
a bipartite graph and exploits GCF to find homogeneous neighborhood features repre-
sentation from the layers of the graph neural network. Guan et al. [111] developed a
feature-integration method using a CNN and a deep neural network to determine the
association between miRNAs and drugs. Drug miRNA association is treated as a bi-
partite graph and then a structural embedding is used to find the topological properties
of the graph. The Word2vec technique is employed to develop attribute features of
drugs and miRNAs. Finally, these two types of features are utilized as input to CNN
and DNN to combine features and predict the target miRNAs of drugs. Yu et al. [112]
developed a web server to determine the impact of drugs on miRNAs. They employed
k-mer, sequence data, and MACCS fingerprints to characterize the miRNAs and drugs.
The modulation of miRNA expression by the drugs was subsequently predicted using
random forests. In [113], a model to determine the miR-small molecule association
is developed utilizing non-negative matrix factorization (NNMF) and regularized least
square (RLS) techniques. Initially, the integrated similarity matrices are interpolated
by utilizing symmetric non-negative matrix factorization (SymNMF), subsequently, the
Kronecker products of the newly integrated similarity matrices are computed, and ulti-
mately derived a function for calculating the association probabilities of disease-miRNA
pairs via regularized least squares (RLS). In [114], an interpretable deep learning frame-

work, comprising a dual-channel representation technique and a heterogeneous graph
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global-attention network, is developed to predict miRNA-drug sensitivity associations.

1.4.2.3 Identification of miRNAs in Various Cancer Classes using Pan-

cancer Data

Pan-cancer miRNA expression data deals with multiple cancer classes. In [115], an en-
semble of K-nearest neighbor and decision tree is used to classify patients from 42 cancer
classes using 64 miRNAs. Lopez et al. [116] developed a miRNA selection algorithm by
combining ensemble classifiers and feature selection methods such as gradient boosting,
random forest, and logistic regression. They selected 100 miRNAs to classify patients in
each cancer using an ensemble of 8 classifiers. In [117], a framework, called CancerSig, is
introduced to find miRNAs responsible for classifying 15 types of cancer. CancerSig uses
an inheritable bi-objective combinatorial genetic algorithm to optimize the SVM classi-
fier performance and number of miRNAs. In [118], three feature selection techniques,
lasso, SVM-RFE, and random forest, are used in the ensemble for miRNA selection.
The selected miRNAs are used to classify patients using an ANN as a classifier. The
findings are further validated using quantitative polymerase chain reaction (qPCR) ex-
periments. Cheerla and Gevaert [119] classified patients from 21 cancers using the radial
basis function as a metric in the support vector machine. They used miRNA pan-cancer
expression from the Cancer Genome Atlas (TCGA) database. Li et al. [120] combined
gene algorithms and K-nearest neighbor to classify 31 types of cancer using gene expres-
sion data from the TCGA database. An ensemble of 14 classifiers, with 182 combinations
using the R package ‘glm’, is presented for pan-cancer classification in [121]. Ruidong
et al. [122] developed a database named as CancerMIRNome to analyze and visualize
miRNA expression data of the 10554 patients from 33 cancer types and 28633 samples
from 32 cancer types. The database is useful for differential expression analysis, survival
analysis, and functional enrichment analysis. It also involves identifying miRNAs using
DE analysis using LASSO, dimensionality reduction techniques, and univariate survival
analysis. In [123], a prognosis prediction method using univariate and multivariate Cox
regression techniques for cancer-specific survival (CSS) using miRNA expression data is
presented. The Univariate and multivariate Cox regression methods helped in identify-
ing a five miRNA set linked to CSS of breast cancer patients. Kaplan—-Meier (KM) and
receiver operating characteristic (ROC) curves were also used to validate the clinical
relevance of the five-miRNA signature. Shuting et al. [124] introduced a framework for
patients’ survival in various cancer types using miRNA expression data. Firstly, survival
analysis is conducted on cancer-stratified and drug-stratified patient subpopulations to
predict the miRNAs that may function as drug-specific survival biomarkers. Secondly,
miRNAs showing significant correlation with survival outcomes of patients are identi-
fied. In [125], a pan-cancer analysis is performed to identify miRNA-gene associations by
integrating multi-omics datasets, including DNA methylation, copy number aberrations,

miRNA, and gene expression data, altered in specific DNA regions using a Lasso-based
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regression technique. The analysis is performed on 7294 sample datasets of 18 cancer
types from the TCGA database. Kuthethur et al. [126] presented a framework for iden-
tifying deregulated miRNA during breast cancer progression and related to homologous
recombination deficiency in breast cancer patients. In [127], a framework is introduced
for identifying miRNAs that can suppress the various types of tumors by analyzing pan-
cancer expression data of 14 tumor types with the help of the 'Limma’ package (a R

language package).

Recently, deep convolutional neural networks became popular in bioinformatics, nat-
ural language models, and biomedical health informatics for their ability to deal with
HDC data. Lopez et al. [128] meta-heuristically optimized the hyperparameters of a
CNN model using genetic algorithms, where the number of hidden layers is already fixed
at 3. They classified 29 types of cancers using miRNA expression data with no mention
of normal samples. Li et al. [129] developed an integrated approach where features are
first selected using the elastic net algorithm. Those features are then used to classify
multiclass cancer patients using a deep neural network. In [130], a two-dimensional CNN
model is provided to classify pan-cancer samples using images as input data. Assuming
nearby genes interact better, gene expression data is arranged based on chromosome
loci, and gene expression of a sample of shape 10302x 1 is reshaped into a 102*102-sized
image. In this work, 33 cancer types are classified without considering the gene expres-
sions of normal samples. This issue is resolved by Mostavi et al. [131] by considering
both cancer and normal gene expression data and classifying them using three different
CNN models 1D CNN, 2D Vanilla-CNN, and 2D Hybrid-CNN. In [132], genes are first
selected using the Laplacian score, and then the selected genes are fed to a 6-layer 1D
CNN model for patient classification. Mohammed et al. [53] used LASSO [133] for gene
selection and then used a stack of 5 1D CNN models, with one layer in each CNN,
in an ensemble framework. For layer ensemble, the K-nearest neighbor algorithm is
used. Raghu et al. [134] developed a miRNA selection method to detect tissue of ori-
gin (TOO) for metastatic cancer using various classifiers such as decision tree, random

forest, logistic regression, and deep neural networks.

1.5 Motivation

It is well established in the literature (See Section 1.4) that miRNAs play an important
role in cancer diagnosis and treatment. It is also evident that not all miRNAs are re-
sponsible for cancer and identification of responsible miRNAs in an unknown patient is a
crucial task from a computational perspective. Therefore, the aim of the thesis is to iden-
tify a subset of miRNAs for two-class drug resistant expression data and also multi-class
pan-cancer expression data, and thereafter using those miRNAs for the classification of

cancer patients. The summary of the motivations for each chapter is provided as follows:
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1. To select a set of drug resistant miRNAs, from two class drug resistant expression
data, by utilizing the known drug resistant miRNAs from existing literature as

biological knowledge.

2. To identify a set of miRNAs from drug resistant expression data that efficiently
classifies the control and drug resistant patients by using information about known

patient labels.

3. To find relevant miRNAs for multiple cancer classes in pan-cancer expression data

and to improve the accuracy in classifying patients for various classes.

4. To identify relevant miRNAs and to classify patients for various classes in pan-
cancer expression data by enhancing the methods developed in the previous chap-

ter.

Now we discuss the motivation for developing various techniques in each chapter in
detail. The four contributory chapters are 2, 3, 4, and 5. In Chapter 2, the motivation
is to identify unknown drug resistant miRNAs by using a known set of drug resistant
miRNAs. This is achieved by developing feature selection methods, namely, Euclidean
distance with weighted fold change (EDWFC) and histogram-based clustering and Eu-
clidean distance with fold change-based ranking (HCEDFCR). EDWFC and HCEDFCR
are feature selection methods for selecting drug resistant miRNAs. While EDWFC is
proposed to select user defined number of drug resistant miRNAs by exploring the non-
linear relationships among various miRNAs using the biological knowledge of known
drug resistant miRNAs, HCEDFCR is proposed to automatically select a group of drug
resistant miRNAs using histogram based clustering technique. The strength of EDWFC
lies in utilizing biological knowledge to find a power of fold change which minimizes the
average rank of known drug resistant miRNAs. As EDWFC is a product of the Euclidean
distance and fold change with varying power, it helps to explore the search space using
two different similarity measures based on the distance and ratio of expression values.
Further, multiplying two linear functions results in a quadratic function and applying
weight as a power increases its nonlinearity beyond the quadratic relation, which helps in
identifying non-linear relationships, known as well as unknown drug resistant miRNA.
The strength of HCEDFCR lies in identifying automated groups of miRNAs instead
of user specified choice of the number of miRNAs using a histogram-based grouping
method. Groups of useful miRNAs are required if the user has not determined about
how many miRNAs will be enough for classifying an unknown (drug resistant or not)
patient. Further, the ranking of groups using HCEDFCR helps to find the most impor-
tant ones. Note that the product of the Euclidean distance and the fold change value,
using the control and resistant miRNA expressions, is used to rank the clusters and the
miRNAs inside the clusters. The developed methods are efficient for both small sample
size and large sample size datasets as these are developed using classical measures or

techniques such as Euclidean distance, fold change, and histogram.
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In Chapter 3, the motivation is to select a set of miRNAs for which the classifi-
cation accuracy in distinguishing control and drug-resistant patients is maximized. A
miRNA selection method called a weighted framework for integrating fuzzy rough set-
based relevance and redundancy entropies (WFIFRRRE) is introduced. The weights in
WFIFRRRE, assigned to relevance and redundancy entropies, are varied in a supervised
manner to maximize the F' score in the patient classification process. Note that, while in
Chapter 2, information about known drug resistant miRNAs is utilized, here in Chapter
3, information about known patients is utilized. The strength of WFIFRRRE lies in
integration of relevance and redundancy entropies those help in finding a set of miRNAs
that provides high classification accuracy. Moreover, the judicious integration of fuzzy
set and rough set not only helps in handling uncertainty in control and drug-resistant
class overlapping but also helps in determining the exactness of class size. A tradeoff
between relevant and redundant miRNAs for drug resistant class is also explored. The
method is suitable for both small and large datasets as fuzzy rough set are utilized to

develop them.

In Chapters 4 and 5, the motivation is to select miRNAs in multiple types of cancer
and to classify patients through pan-cancer analysis. In Chapter 4, an interpretable con-
volutional neural network model, called ICNNM, is developed. While the CNN model
is developed for classifying patients from different cancer classes, the interpretable ap-
proach is developed using SHapley Additive exPlanations (SHAP) values for selecting
miRNAs in various cancer classes. Higher SHAP values are obtained for miRNAs those
help in accurate prediction of the cancer class of a patient. The strength of the devel-
oped method lies in optimizing the hyperparameters of a one-dimensional CNN model,
in single objective framework, which helps in maximizing the classification accuracy of
patients. The strength of SHAP values based interpretation lies in selecting those miR-
NAs which contributes in the classification process. The method is suitable for large

sample datasets. For small sample datasets, CNNs may suffer from an overfitting issue.

The method developed in Chapter 4 is enhanced in Chapter 5 to further improve the
classification accuracy of patients and to select the relevant miRNAs for multiple cancer
classes. This is achieved by developing a multi-objective framework for optimizing hy-
perparameters of a 1D CNN (MOHCNN) for patient classification and a set-theoretic ex-
plainable Al-based attribution score (STEAAS) for miRNA selection, using pan-cancer
expression data. The strength of MOHCNN lies in utilizing training error, validation
error, and the number of training parameters as objective functions, and using Bayesian
optimization with the tree Parzen estimator for optimizing the hyperparameters in the
patient classification process. The strength of STEAAS lies in integrating two explain-
able methods, Shapley additive explanations (SHAP) and Bayesian Local Interpretation
model agnostic explanation (BayLIME) for ranking and selection of miRNAs for various
cancer classes. Integration of two explainable methods provides more comprehensive and

robust assessment of data relationships than any single method. Here also the methods
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are suitable for large sample datasets.

1.6 Scope and Organization of the Thesis

Considering this, two major problems, the identification of miRNAs associated with
drug resistance using expression data and the detection of the miRNAs that efficiently
classify various cancers using pan-cancer expression data, are addressed in this thesis. In
this regard, four contributory chapters, namely, Euclidean distance with weighted fold
change based score for identifying drug resistant miRNAs, integrating fuzzy rough set-
based entropies for identifying drug resistant miRNAs, identifying pan-cancer and cancer
subtype miRNAs using interpretable convolutional neural network, and multi-Objective
framework for optimizing CNN and set-theoretic explainable Al based attribution score
for selecting miRNAs in pan-cancer data, are presented to address the mentioned prob-
lems. A schematic diagram representing the organization of the thesis is provided in
Fig. 1.4. The various datasets are collected from public data repositories such as Gene
Expression Omnibus (GEO) [135] and the Cancer Genome Atlas (TCGA) [136]. The
datasets available on these repositories are deposited by various research groups after
taking care of ethical issues. For example, the miRNA expression data for various cancer
types are submitted to TCGA by the Michael Smith Genome Center, Canada, where
the ethical issues are handled. The organization and scope of the chapters are provided

in the next sections.

1.6.1 Selecting Drug-Resistant miRNAs in Cancer using Euclidean
Distance with Fold Change based Score

In Chapter 2, two computational methods, called ‘Euclidean distance and weighted fold
change based ranking’ (EDWFC) and ‘Histogram based clustering and the Euclidean
distance with fold change based ranking’ (HCEDFCR), are presented to identify drug
resistant miRNAs in cancer [137]. In EDWFC, the Euclidean distance and fold change,
computed using the averages of control and resistant expressions, are multiplied by
varying the power of fold change to minimize the average rank of biologically known
miRNAs. The miRNAs are then sorted in descending order according to the EDWFC
values to select the top miRNAs. In HCEDFCR, the miRNAs are first divided into
different clusters using a novel histogram-based clustering method. The product of the
Euclidean distance and the fold change value, using the control and resistant miRNA
expressions, is then used to rank the clusters and the miRNAs inside the clusters. Finally,
the top ranked miRNAs from the top ranked clusters are considered as an important
group of identified miRNAs.
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Figure 1.4: Structural organization of thesis and the grouping of proposed contributions.

The performance of the developed methods is evaluated on eight datasets consisting
of miRNA expressions of control and drug resistant patients. Self-evaluation of the
developed methods and their comparison with related methods are discussed. For self-
evaluation of EDWFC, the power of fold change at which the average rank of known
miRNAs is minimized for various datasets is reported. EDWFC is compared with related
methods, used for miRNA and gene selection, such as SPEM [37], 1D-CNN [131], CSPS
[138], MRMR [33], SVMRFE [38], SVMRFE with MRMR [98], FSNLDA [99] and Lasso
[139]. A percentage of top ranked miRNAs is selected for each method and used for
patient classification using SVM [140] and RF [140] classifiers. The EDWFC performed
better in most of the cases for different datasets. For HCEDFCR, the ranks of clusters
and ranks of miRNAs inside each cluster are reported to show the efficiency of the model.
HCEDFCR is also compared with related clustering methods. The cluster ranks and
ranks of miRNAs, obtained using HCEDFCR, are found to be superior to the related

methods.

While EDWFC uses biologically known miRNAs to select top miRNAs for patient
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classification, HCEDFCR uses clustering techniques for miRNA selection without any
biological knowledge. In the subsequent chapters, the selection of miRNAs is performed
based on the patient classification performance without using knowledge about any
known miRNA.

1.6.2 Integrating Fuzzy Rough Set-Based Entropies for Identifying
Drug Resistant miRNAs and Classifying Cancer Patients

In Chapter 3, two new z score based fuzzy rough relevance and redundancy entropies
are developed and then a weighted framework is introduced to integrate the entropies
for ranking and selecting miRNAs for classifying control and drug resistant patients.
Here, two key components of soft computing, fuzzy set and rough set are utilized. The
methodology is called as weighted framework for integrating fuzzy rough set-based rel-
evance and redundancy entropies (WFIFRRRE). The z score is used to compute the
fuzzy membership of expression values required for both entropies. Fuzziness deals with
the overlapping nature of miRNA expression profiles and rough set helps in determining
the exact class size. The weights in WFIFRRRE, assigned to relevance and redundancy
entropies, are determined in a supervised manner to maximize the F score used for val-
idating the classification performance in discriminating between the control and drug

resistant patients.

The performance of the miRNAs selected by WFIFRRRE is evaluated using binary
SVM [140], random forest [140], and Naive Bayes [140] classifiers on eight drug resis-
tant cancer datasets. Binary SVM, NB, and RF are used for classifying control and
drug-resistant patients because there are only two classes present in the drug resistance
miRNA expression data. In our investigation, the number of samples is low, and the
boosted trees may suffer from overfitting issues [141]. The performance of WFIFRRRE
is also compared with some well-known miRNA and gene selection techniques such
as EDWFC [137], SPEM [37], MRMR [33], SVMRFE [38], SVMRFE-MRMR [142],
FRMI [36], CBFS [143], FSNLDA [144], FSHDD [145], GSPSO [146], BPSOFS [147]
and Lasso [139]. It is observed that WFIFRRRE performed better than the related
methods in most of the cases. The classification accuracy values, in terms of the F1-
scores, achieved at different percentages of miRNAs shows that it decreases for higher
percentages of selected miRNAs. From the results it is clear that not all miRNAs are

responsible for drug resistance and it signifies the importance of WFIFRRRE.

Chapters 2 and 3 deal with the methodologies developed for the detection of miRNAs
those help in classifying control and drug resistance patients using expression data. The
next chapters (Chapters 4 and 5) deal with the identification of miRNAs in various types

of cancer using pan-cancer miRNA expression data.
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1.6.3 Interpretable Convolutional Neural Network for Selecting miR-
NAs from Multiple Cancer Classes and Cancer Subtypes through
Pan-cancer Analysis

As discussed earlier, pan-cancer miRNA expression data is high dimensional and complex
(HDC) in nature and convolutional neural networks are proven to be good performer due
to their ability of finding patterns in complex data. Therefore, an interpretable convolu-
tional neural network model (ICNNM) is developed for classifying patients and selecting
miRNAs for various cancer classes. The ICNNM is a one dimensional CNN model. The
layers and other hyperparameters are optimized using Bayesian optimization with multi-
variate tree parzen estimator (BoMTPE). An interpretable approach is developed using
SHapley Additive exPlanations (SHAP) values for explaining the behavior of ICNNM.
This approach helps in introducing an attribution score for identifying relevant miRNAs
using SHAP values. The attribution scores are assigned higher values for those miRNAs
which help in the accurate prediction of tumor class of patients by utilizing the game

theory concept in computing the SHAP values.

The model is evaluated on seven datasets among which six datasets are derived from
a single TCGA pan-cancer dataset [88], and the breast subtype data is downloaded
from the study in [8]. The ICNNM is seen to perform better as compared to related
techniques such as three variations of the CNN model (Base-CNN [131], Ens-CNN [53],
and LS-CNN [132]), random forest [140], Gboost [140], XGboost [140], Catboost [148],
and SVM [119]. The performance is evaluated in terms of F-score, discriminability
power of expressions between normal and cancer classes, and biological significance of
the selected miRNAs. The performance of ICNNM in terms of accuracy and F-score
varies from 0.98 to 0.99 and 0.91 to 0.99, respectively. Some top miRNAs, achieving high

attribution scores by ICNNM, are found to be the key biomarkers in various cancers.

In ICNNM, the 1D CNN is optimized in a single objective framework for classifying
patients and SHAP is used for global interpretation and selection of miRNAs. The
miRNAs in various cancers are identified based on the attribution score obtained using
normalized SHAP values. In the next chapter, a 1D CNN is optimized in multi-objective
framework, and a set-theoretic explainable Al-based attribution score is developed for
the selection of miRNAs in different cancers. The relevance of miRNAs, as well as their

reliability in each class are obtained using the score.

1.6.4 Set-theoretic Explainable Al-based Attribution Score for Iden-
tifying miRNAs in Pan-cancer Data

In Chapter 5, a multi-objective framework for optimizing hyperparameters of a 1D CNN,
called MOHCNN, and a set-theoretic explainable Al-based attribution scores (STEAAS)
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for miRNA selection are developed. In MOHCNN, the number of layers and other hyper-
parameters of the convolutional neural network is optimized using Bayesian optimization
with tree parzen estimator in a multi-objective framework. Three objective functions,
training error, validation error, and a number of training parameters, are considered for
the optimization of hyperparameters. The training and validation error represent the
model’s learning capability, and the number of training parameters denotes the compu-
tational complexity of the model. A new set-theoretic explainable Al-based score is also
defined, which uses the Z —number concept, to find the importance of a miRNA and the
level of reliability for that miRNA belonging to a particular cancer class. In STEAAS,
the attribution score is represented as an ordered pair where the first value represents the
importance of the miRNA computed using a class score in a particular cancer class, and
the second part denotes the reliability score of the miRNA belonging to that class. The
class score of a miRNA is computed by considering the average of BayLIME (Bayesian
Local Interpretable Model Agnostic Explanations) [149] and SHAP (Shapley Additive
exPlainations) [150] values of the patients belonging to that class. The reliability score
utilizes the concept of Gini index for measuring the spread of expression values for all
patients of a miRNA in a class. Finally, the class score and the reliability score of each
miRNA for each cancer class are combined in a set-theoretic manner as an attribution

score for selecting the relevant miRNAs.

The performance of the developed model is evaluated on 7 datasets. The devel-
oped MOHCNN model is compared with 4 relevant CNN models (ICNNM [151], Base-
CNN [131], Ens-CNN [53], and SixL-CNN [132]) and 3 miRNA selection methods
(EFS [116], SVM-RBF [119], and Onco-Cls [121]) in pan-cancer. Further, MOHCNN is
also compared with two highly cited boosted classifiers, such as extreme gradient boost-
ing (XGBoost) [152] and Catboost [148]. The proposed MOHCNN performed better
than all the related CNN models used for comparison during training. The test perfor-
mance of MOHCNN is also observed to be superior to the related methods in most cases.
The performance of MOHCNN in terms of accuracy, F-score, and MCC ranges from 0.99
to 1.00, 0.97 to 1.00, and 0.96 to 1.0, respectively. The miRNAs selected by STEAAS are
validated using OncomiR [90] and ENCORI/Starbase [153] database and related exist-
ing studies. Most of the miRNAs selected by STEAAS are found to be mentioned as key
biomarkers in various studies. For example, hsa-miR-125a and hsa-miR-30a are selected
from lung and breast subtype datasets and these are also mentioned as biomarkers in

those cancers in [154] and [155], respectively.

1.6.5 Conclusion and Future Scope
Expression profiles of miRNAs are different in normal and cancer patients, and even in

cancer patients expressions are different for those who are treated with drugs. Identifying

the miRNAs responsible for accurate patient classification is one of the ways to increase
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the survival rate among cancer patients. The role of miRNAs in drug resistance and
various cancers is explored in the different chapters of the thesis. The conclusion and
future scope of the developed methodologies are discussed in Chapter 6. Brief results, key
findings, importance, and limitations of the various methods are provided. Some possible
modifications of the developed techniques and their usage beyond miRNA detection are

also mentioned.
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Chapter 2

Selecting Drug-Resistant
miRNAs in Cancer using
Euclidean Distance with Fold

Change based Score

2.1 Overview

The importance of developing computational methods for identifying miRNAs associated
with drug resistance in cancer is discussed in Chapter 1. In analyzing miRNA expression
data for drug resistance, the number of miRNAs is much greater than the number of
samples (patients) which makes the identification of drug resistant miRNAs a difficult
task. One more challenge is that not all miRNAs are responsible for drug resistance in
patients. Hence, the objective is to identify the miRNAs those help in classifying control
and drug resistant patients using expression data. While, the control group consists of
patients who have not received chemotherapy, the resistant group consists of patients
who have received drug treatment and developed drug resistance. To find the miRNAs
associated with drug resistance in cancer, two computational methods using biological

knowledge are discussed in this chapter. The methods are as follows:

1. The Euclidean distance and weighted fold change based ranking (EDWFC) [137]

2. Histogram based clustering and the Euclidean distance with fold change based
ranking (HCEDFCR) [137]

In EDWEFC, the Euclidean distance and fold change, computed using the averages

of control and resistant expressions, are multiplied by varying the power of fold change
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from 0.1 to 1.5 to find a value which minimizes the average rank of known miRNAs
(obtained using biological knowledge) for each dataset. In HCEDFCR, the miRNAs
are first divided into clusters using a novel histogram-based clustering method. The
product of the Euclidean distance and the fold change value, using the control and re-
sistant miRNA expressions, are then used to rank the clusters and the miRNAs inside
the clusters. Finally, a portion of the miRNAs is selected from the top of the rank list in
every cluster. The novelty of this work lies in i) utilizing the known drug resistant miR-
NAs from existing literature as biological knowledge to identify the relevant miRNAs,
ii) formulating an interclass distance and weighted fold change based miRNA ranking
method that minimizes the rank of known miRNAs, and iii) developing a histogram

based clustering method by using valley concept.

Eight drug resistant miRNA expression datasets are used for the performance evalua-
tion of the developed methods. The EDWFC is compared with related miRNA and gene
selection algorithms, and HCEDFCR is compared with relevant clustering techniques.
For both the methods, the selected miRNAs are compared with those obtained using
various techniques. Further, the classification performance of the selected miRNAs by
EDWFC is measured in terms of sensitivity, specificity, accuracy, F-score, and MCC
using SVM and random forest (RF) classifiers. Leave one out cross-validation technique

is used.

The rest of the chapter is organized as follows: The cancer datasets are summarized
in Section 2.2. The schematic diagrams of EDWFC and HCEDFCR are provided in
Section 2.3. The methodologies for EDWFC and HCEDFCR are described in Section
2.3.1 and 2.3.2, respectively. The results are reported in Section 2.4. The significance

of the results is discussed in Section 2.6.

2.2 Datasets

Eight different cancer datasets used in this study are: breast cancer [71], colon cancer
[73] treated with fluorouracil (Colon_FU), colon cancer [72] treated with methotrexate
(Colon_M), esophageal cancer [76] treated with cisplatin (Esophageal CIS), esophageal
cancer [76] treated with fluorouracil (Esophageal FU), lung cancer [156], lymphoblastic
leukemia [77], and ovarian cancer [74]. These datasets are collected from the Gene
Expression Omnibus (GEO), a publicly available data repository. The datasets for
which the miRNAs associated with drug resistance are clearly defined in the related
peer-reviewed journals, with available expressions for both the control and drug resistant

groups, are selected.

The breast cancer dataset consists of 12 (6 control and 6 resistant) patients and 654
miRNA expressions [71]. While the colon cancer treated with fluorouracil dataset con-

sists of 8 (4 control and 4 resistant) patients and 723 miRNA expressions [73], the colon
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cancer treated with methotrexate dataset consists of 6 (3 control and 3 resistant) pa-
tients and 723 miRNA expressions [72]. Both of the esophageal cancer datasets consists
of 12 (6 control and 6 resistant) patients and 847 miRNA expressions [76]. Further, the
lung cancer dataset consists of 8 (4 control and 4 resistant) patients and 377 miRNA
expressions, the lymphoblastic leukemia dataset consists of 58 (29 control and 29 resis-
tant) patients and 365 miRNA expressions and the ovarian cancer dataset consists of 14
(7 control and 7 resistant) patients and 727 miRNA expressions. In [71], 4 miRNAs out
of 654 are pointed out to be the responsible ones for drug resistance in breast cancer.
Similarly in [73], 1 out of 723 miRNAs is identified as the most differentially expressed
in colon cancer dataset treated with fluorouracil. In [72] also 1 miRNA is identified as
the most differentially expressed in colon cancer treated with methotrexate. In [76], 4
miRNAs out of 847 are identified as the responsible ones in esophageal cancer treated
with cisplatin and 3 miRNAs out of 847 are pointed out as the responsible ones for
esophageal cancer treated with fluorouracil. In [157], 3 miRNAs out of 377 are identi-
fied as the most differentially expressed ones for lung cancer, 6 miRNAs out of 365 are
identified as the responsible ones in lymphoblastic leukemia in [77] and finally 1 miRNA
out of 727 is identified as the most differentially expressed one in ovarian cancer [74]. A

summary of the used datasets is reported in Table 2.1.

Table 2.1: Summary of the datasets used.

Cancer Total No. of No. of No. of

Type No. of Control | Resistant | Identified

miRNAs | samples patients miRNAs
Breast [71] 654 06 06 04
Colon_FU (73] 723 04 04 01
Colon_M [72] 723 03 03 01
Esophageal CIS [76] 847 06 06 03
Esophageal FU [76] 847 06 06 02
Lung [156] 377 04 04 03
Lymphoblastic [77] 365 29 29 06
Ovarian [74] 727 07 07 01

2.3 Developed Methods

In this section, first EDWFC and HCEDFCR are discussed briefly along with their
schematic diagrams, and then these are described in detail. In EDWFC, the averages
of control and resistant expressions are used for computing the Euclidean distance and
fold change. The Euclidean distance is then multiplied with fold change and the power
of fold change is varied such that the rank of the known miRNAs associated with drug
resistance is minimized. Fig. 2.1 shows the block diagram of EDWFC method.

In HCEDFCR, a histogram is plotted using the expression values of the miRNAs
of the resistant group. A valley concept is used to form the clusters, where a valley is

represented by the bin whose left and right bins are higher. Then, the product of the
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(Compute the Euclidean distance and fold change value by us-
ing average of control and resistant expressions of each miRNA
.
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Lassociated with drug resistance

i

ESort the miRNAs in descending order based on EDWFC value ]
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{Select the top portion of miRNASs from the ranked list and Vali—}

J

J
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Figure 2.1: Schematic diagram of EDWFC method.

Euclidean distance and the fold change value, using the control and resistant miRNA
expressions, is computed and used to rank the clusters and also the miRNAs inside the
clusters. Fig. 2.2 shows the schematic diagram of HCEDFCR method.

[Input miRNA Datasetj

I

p
Plot a histogram using sum of expression of each miRNA in
control group

.

!

(Divide the miRNAs into different clusters using the valleys of
histogram

¥
(Compute the Euclidean distance and the fold change value

by using average of control and resistant expressions of each

(miRNA

!}
/For each cluster, multiply the Euclidean distance with fold
change for each miRNA and find their average for cluster rank
.

I

[Sort the clusters in descending order based on cluster rank}

|

[Select the top cluster of miRNAs from the ranked list }

Figure 2.2: Schematic diagram of HCEDFCR method.

2.3.1 EDWFC

A ranked list of miRNAs is provided by the Euclidean distance with weighted fold change
(EDWFC) method. The different steps of computing EDWFC are now discussed. These
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are followed by the pseudocode in Algorithm 1. Given a set of miRNA expression values
for the control and resistant group data for a particular type of cancer, the mean of the
expression values for every miRNA is calculated for both groups. Thus, two mean values
are obtained for each miRNA, one in the control data group and another in the drug
resistance data group. This helps in identifying the centers of the classes. The Euclidean
distance between these two means is then calculated for each miRNA. The aim is to find
the separation between the control and drug resistant classes for a particular miRNA.
Thereafter, fold change for each miRNA is computed and the Euclidean distance value
is multiplied by the value of fold change for each miRNA. This helps to explore the
search space using two different similarity measures based on the distance and ratio of
expression values. The power P of fold change varies from 0.1 to 1.5 to find a value which
minimizes the average rank of miRNAs for a particular dataset. Here, multiplying two
linear functions results in a quadratic function and applying weight as power increases
its non linearity beyond the quadratic relation, which helps in identifying non-linear

relationship among data points. EDWFC can be described in the following steps:

Step 1: Load the control and resistant group data for a single cancer type. Suppose

these are represented by ¢ and r respectively.

Step 2: If there are N number of miRNAs in the dataset, then compute the mean

expression value of each miRNA for both the control and resistant groups as follows:

l
1

where [ is the total number of patients in a group/class. ¢;; and r;; are the expression
value of i th patient corresponding to the x th miRNA in the control and resistant groups,

respectively.

Step 3: Compute the Euclidean distance (D,) between each mean of the control and

resistant group of xth miRNA as
D, = (Mcx - er)2 (23)

Step 4: Determine fold change of each miRNA as:

M — M,
F, = (me) if (Mey— Myz) >0 (2.4)
cxT
M, — M,
or, F,= Mz = Mex) if (Mpy— My) > 0. (2.5)
M,y

here, F) is fold change for the xth miRNA.
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Step 5: Multiply the values of distance and fold change obtained for each miRNA by

varying the power P of fold change from 0.1 to 1.5 in steps of 0.1 using m, as follows:

mg = Dy * (F)Y, 01<=P<=15 (2.6)

Step 6: Sort the miRNAs in descending order according to the value of m,. Let R;
represent the rank of the jth miRNA for a particular dataset, considering the set of

miRNAs to be R as those reported in the corresponding article.

Step 7: Identify the reported miRNAs (set R) in the ranked list obtained in Step

Step 8: Compute the average of the ranks of miRNAs for each value of P (see Step
5) as follows:

1 .
A:WZ] (2.7)

JER

where A is the average of the ranks of all the identified miRNAs in a dataset for a
particular value of P and j is the rank of a miRNA. For example, suppose that three
miRNAs are identified. For P = 0.1, the ranks of those miRNAs are 4, 7, and 10. Then,
the average (A) of ranks is 7.

2.3.2 HCEDFCR

The histogram based clustering and the Euclidean distance with fold change based rank-
ing (HCEDFCR) provides groups of miRNAs instead of user specified choice of number
of miRNAs. A group of useful miRNAs is required if the user has not determined
how many miRNAs will be enough for identifying a drug resistant patient. Further,
the ranking of groups and ranking of miRNAs within each group will help to find the
important miRNAs. The steps of HCEDFCR are discussed and the pseudocode is pro-
vided in Algorithm 2. In HCEDFCR, for a particular dataset, the size of the control
group is determined. The square root of the number of rows (miRNAs) is used as the
number of bins (B). Here, B is v/N such that the number of clusters remains less than
equal to \/g while identifying the valleys in the histogram in a later step. Choosing

% number of clusters for a dataset is a widely accepted simple approach [141]. The

sum of the expression values of each miRNA in the control data is computed and a
histogram is generated using the resultant sum values. The histogram obtained using
the sum of expression values helps in identifying the miRNAs with similar magnitude of
expression values considering all patients. A valley concept is introduced to define the
boundaries for clustering the miRNAs and groups with similar sum of expression values
for all patients are identified. A bin is then identified as a valley if its left and right
bins are higher (i.e., they have a greater number of miRNAs). This way, all the valleys
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Algorithm 1 EDWFC

input : Control, X, and drug resistant, Y;, miRNA expressions.
output: Ranked list of miRNAS

Info( Number of miRNAs are a. No. of control and drug resistant patients are b and d, respectively.)

XI = {le,wzz,...,xlb};

Y@' = {y$17y$27"'7y1d};

/* T E€a */
Zk :{21,22,-”,7«%};

/* no. of identified miRNAs are k. */

Meg  mean(Xz);
My < mean(Yz);
for x <+ 0 to a do
D, + \V4 (mcx - mrac)2§
if mey > My, then
‘ Fp  (Mea — Mra)/Meg;
else
‘ Fy «— (Mrz — Mea)/Mra;
end
end
P=0.1;
while P < 1.5 do
for x <+ 0 to a do
Mg < Dy * Ff;

end

rank < sort(mg);

for i + 0 to k do
kpi < rank(z;);

/* kp represents the rank of identified miRNAs at value P */
end
avgp + (avg(kp));
/* avgp represents the average rank of identified miRNAs at value P */
P+ =0.1;
end

min_avg-rank = min(avgp);
Return P, rank, min_avg_rank;

are located in the histogram. If there are V valleys, then the dataset is divided into
V 4 1 clusters such that the first cluster consists of miRNAs starting from the first bin
and ending in the first valley by including those in first valley also. The second cluster
consists of miRNAs in the bins after the first valley to the second valley and so forth for
the remaining clusters. Finally, the last cluster consists of miRNAs from the bins after
the last valley and up to the last bin. For each cluster, the mean of expression values of
the control and resistant group are computed and the Euclidean distance between the
mean values is determined. Fold change for each miRNA is calculated and multiplied
with the corresponding Euclidean distance. The motivations for these steps are similar
to those mentioned for EDWFC method. In summary, these similarity measures help
in identifying non-linear relationships among data points. The values obtained after
the multiplication are sorted in descending order for each cluster to rank the miRNAs
within the clusters. The mean of these values is computed for each cluster and sorted
in descending order to rank the clusters. HCEDFCR is described as follows:
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Step 1: Load the control (c) and resistant (r) data.

Step 2: Find the size of the control dataset. Say, it has N rows (miRNAs) and !

columns (patients).

Step 3: Find the square root of N as follows:
r=+vVN (2.8)

Step 4: Round the value of the square root calculated in Eq. 8 to be set as B and use

it as the number of bins in the histogram.

Step 5: Compute the sum of the expression values for zth miRNA in the control

group data as:
1
Se = Cia (2.9)
i=1

where S, is the sum of the expression values of xth miRNA in the control group and

¢; is the ith expression of that miRNA. Here, [ is the number of patients in the control

group.
Step 6: Plot a histogram using the values of (S).

Step 7: Locate the position of valleys in the histogram by identifying bins whose left
and right bins are higher.

Step 8: For V number of valleys, divide the control group into V + 1 clusters.

Step 9: For each cluster, find the mean of expression values of the control and the

resistant group as:

1
Mea = 5 > iy and (2.10)
i=1
1 l
M,, = 7 Z'riw respectively. (2.11)
i=1

where [ is the number of patients in the control or resistant group of a dataset and the
variables ¢;; and 7;, are the expression values of x th miRNA in the control and resistant

groups, respectively.

Step 10: Determine the Euclidean distance between each mean value of the control

and resistant group of zth miRNA in a cluster as:

Dy = /(Muy — My )? (2.12)
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Step 11: For each cluster with w miRNAs, compute fold change of each miRNA as

follows:
(Mc:v - Mm:) .
Fp=~——2_"" if (My— M) >0
Mex (2.13)
Mm; - Mca: . .

Step 12: Multiply the value of the Euclidean distance with the value of fold change

for x th miRNAs in a cluster as:

my = Dy *x (Fy) (2.14)

Step 13: Sort the values of m, in a descending order for each cluster to rank the
miRNAs within it.

Step 14: To rank the clusters, compute the mean of the values obtained in Step 12

of kth cluster as: .
My =— S [ma 2.15

mqz €k

where w is the number of miRNAs in the k¥ cluster.
Step 15: Sort M} in descending order to rank the clusters.

The source code, for EDWFC and HCEDFCR, and the steps to run the code are
provided on Github page https://github.com/joginder12/EDWFC-HCEDFCR.

2.4 Experimental Evaluations

The methods, EDWFC and HCEDFCR, are implemented in the Python programming
language using Intel(R)Xeon(R) CPU E3-1270 V2 @ 3.50 GHz processor and 32 GB
RAM. The EDWFC provides a ranked list of miRNAs, whereas the HCEDFCR delivers
clusters of miRNAs with cluster ranks. EDWFC and HCEDFCR are evaluated in terms
of their capabilities to identify the top miRNAs associated with drug resistance as well
as in terms of comparative results w.r.t. related methods. The miRNAs identified in the
existing biochemical studies as drug resistant ones are used to validate the top miRNAs

identified by any method.

2.4.1 Evaluation of miRNAs selected by EDWFC

Table 2.2 shows the best ranks of the miRNAs achieved by EDWFC for various datasets.

The power P of fold change corresponding to those ranks and the average of ranks for
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Algorithm 2 HCEDFCR

input : Control, X, and drug resistant, Y;, miRNA expressions.
output: A group of miRNAs associated with drug resistance.
Info( Number of miRNAs are a. No. of control and drug resistant patients are b and d, respectively.)

Xz = {xzhl‘zz, N ,Izb};
Ye = {Yao1,Ya2, .., Yzd};
/* T €a )

Meg < mean(Xz);
Myy < mean(Yy);
B« Va;
/* Rounding off of B provides no. of valleys in histogram. */
Sy sum(Xyz);
Plot (Plot histogram using Sy.)
Identify valleys.;
if valleys ==V then
Neluster < %4 + 1;
/* Necluster represents the no. of clusters. */
clusterigper < {0,1,...,0};
end
for z < 0 to a do
Dy \/(Mecz — Mra)?;
if mer > My, then
‘ Fyp — (Mex — Mrz)/Mes;
else
‘ Fyp <+ (mr:c _mcm)/mrac;
end
Mg < Dy x Fy;

end
for v < 0 to V do
for x < 0 to a do
if Clusterigpe;(Sz) == v then
fow  Ma;

end
end
end
for v < 0 to V do
My, + sum(fv)/co;
/* c, is the no. of elements in cluster v */

end
Sort (My);
topCluSte"‘r’ank A mzn(MK)7

a particular dataset are also reported in the table. Only in cases of 2 out of 8 datasets,
the average rank of miRNAs goes beyond 10 (the average rank of known miRNAs is 16
for both breast can lymphoblastic datasets). For all the datasets, the reported miRNAs
lie within the top 25 of the ranked list. Interestingly, the miRNAs in Colon_FU and
Colon_M are ranked at top of the list and the miRNA in ovarian cancer is ranked
second. The P value and average rank for breast, Colon_FU, Colon_M, Esophageal CIS,
Esophageal FU, lung, ovarian and lymphoblastic leukemia datasets are 0.1 and 16, 0.2
and 1, 0.6 and 1, 0.4 and 10, 0.4 and 5, 0.3 and 10, 0.1 and 2, and 1.3 and 16, respectively.

Figs. 2.3(a) and 2.3(b) show the variation in the average rank of miRNAs for different

powers of fold change. Here, the x-axis shows the power P of fold change while the y-axis
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Table 2.2: Evaluations of selected miRNAs by EDWFC.

Cancer miRNA Best value of P
Type names ranks | and average rank
miR-21 17 0.1, 16
miR-103 19
Breast miR-221 05
miR-222 25
Colon_FU miR-19b 1 0.2,1
Colon_-M miR-224 1 0.6, 1
miR-125a-5p 5 0.4, 10
Esophageal CIS | miR-455-3p 9
miR-638 17
miR-125a-5p 5 04,5
Esophageal FU miR-935 6
miR-134 11 0.3, 10
Lung miR-487b 7
miR-655 13
let-7b 15 1.3, 16
miR-93 23
. miR-126* 17
Lymphoblastic miR-191 3
miR-213 21
miR-223 2
Ovarian miR-634 2 0.1, 2

shows average ranks of miRNAs associated with drug resistance. The average ranks in
Fig. 2.3(a) correspond to Colon_FU, Colon-M, ovarian, and lung data, while Fig. 2.3(b)
provides the same for breast, Esophageal FU, Esophageal CIS, and lymphoblastic.

Colon FU -+ Colon M ‘,.*A &0 4 Breast -+ Esophageal CIS

& Ovarian > Lung y -4 Esophageal FU -»- Lymphoblastic
1] { x
x e X 50 4 Y
e / i -
d hY P

Average rank of known miRNAs
)
. X
:Z' %,
>
Average rank of known miRNAs
&

2] m—a—a—E - e e e e —
T 10 4

010203040506070809 101112131415 0102030405060708001.01112131415
Power of fold change Power of fold change

(a) (b)

Figure 2.3: Variation of ‘average rank of reported miRNAs’ with power (P) of fold
change using EDWFC. (a) Curves for Colon_FU, Colon-M, Ovarian, and Lung datasets.
(b) Curves for Breast, Esophageal CIS, Esophageal FU, and Lymphoblastic Leukemia
datasets.

2.4.2 Performance Evaluation of EDWFC

The efficiency of the developed EDWFC is evaluated by comparing it with some existing
feature selection methods like SPEM [37], 1D-CNN [131], CSPS [138], MRMR [33], SVM-
RFE [38], SVMRFE with MRMR (SVMRFE_M) [98], FSNLDA [99], and Lasso [139].

These methods are used for miRNA or gene expression analysis in cancer. All the above
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mentioned approaches are either classical and highly cited methods or recently devel-
oped techniques for miRNA or gene selection using their expression values. First, the
miRNAs are ranked using any particular method and the top 1% miRNAs are selected
from the ranked list. The classification performance of the selected (top 1%) miRNAs
in terms of specificity, sensitivity, accuracy, F' score, and MCC using the support vec-
tor machine (SVM), random forest (RF), and Naive Bayes (NB) classifiers is shown
in Table 2.3. Recently, boosted trees gained popularity and were also used for binary
classification in several studies. However, in this investigation, the number of samples
is low, and the boosted trees may suffer from overfitting [141] issues. Hence, the above
mentioned classifiers are used for classifying control and drug resistant patients using
selected miRNAs. Here, leave one out cross-validation technique is used for the per-
formance measurement. The results in terms of minimum and maximum values of F'
scores are 0.72 and 1.0, 0.73 and 1.0, and 0.67 and 1.0 for SVM, Naive Bayes (NB), and
random forest (RF) classifiers, respectively, for different datasets. Similar results are
also obtained in terms of specificity, sensitivity, accuracy, and MCC and shown in Table
2.3. To show the efficiency of EDWFC, the classification performance using the top 1%
miRNAs obtained from each method are then compared using the support vector ma-
chine (SVM) and random forest (RF) classifier in terms of their classification accuracy
in discriminating the control (cancer patients without drug) and drug resistant cancer

patients.

Table 2.3: Classification results for top 1% miRNAs selected by EDWFC using support
vector machine (SVM), random forest (RF), and Naive Bayes (NB) classifiers of various
cancer datasets.

Classifiers Datasets Sensitivity | Specificity | Accuracy | F-score | MCC
Breast 1 1 100 1 1
Colon_FU 0.81 0.71 76.19 0.77 0.52
Colon-M 0.63 0.81 67.86 0.74 0.40
SVM Esophageal FU 0.91 0.88 89.58 0.89 0.79
Esophageal CIS 0.91 0.88 89.58 0.89 0.79
Lung 0.75 0.75 75.00 0.75 0.50
Lymphoblastic 0.75 0.71 72.99 0.72 0.46
Breast 1 1 100 1 1
Colon_FU 0.74 0.79 71.88 0.74 0.44
Colon-M 0.71 0.63 66.67 0.68 0.35
RF Esophageal FU 0.90 0.89 89.82 0.90 0.80
Esophageal _CIS 0.91 0.89 89.84 0.90 0.80
Lung 0.75 0.75 75.00 0.75 0.50
Lymphoblastic 0.65 0.70 67.68 0.67 0.36
Breast 1 1 100 1 1
Colon_FU 0.76 0.78 72.76 0.75 0.48
Colon_M 0.76 0.67 68.35 0.73 0.43
NB Esophageal FU 1.0 0.83 91.67 0.92 0.85
Esophageal CIS 1.0 0.83 91.67 0.92 0.85
Lung 0.75 0.75 75.00 0.75 0.50
Lymphoblastic 0.72 0.74 74.14 0.76 0.48

The results using SVM as a classifier are presented in Table 2.4, where the best results
are marked in bold. From the table, it is evident that our method provides comparable

or better results than the related techniques used for comparison in all the cases except
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Table 2.4: Comparing EDWFC with different methods using SVM classifier. The best
results are marked in bold.

Datasets Methods Sensitivity | Specificity | Accuracy | F-score | MCC
EDWFC 1 1 100 1 1
SPEM 1 1 100 1 1
CNN 1 1 100 1 1
Breast MRMR 1 1 100 1 1
SVMRFE 0.97 0.92 95.23 0.95 0.90
SVMRFE_-M 0.97 0.92 95.23 0.95 0.90
FSNLDA 1 0.85 92.85 0.92 0.87
CSPS 1 1 100 1 1
Lasso 0.96 0.93 95.50 0.94 0.90
EDWFC 0.81 0.71 76.19 0.77 0.52
SPEM 0.79 0.56 62.50 0.66 0.38
CNN 0.72 0.80 75.0 0.76 0.51
Colon FU MRMR 0.24 57 40.48 0.34 -0.20
SVMRFE 0.52 0.22 52.38 0.52 0.04
SVMRFE_M 0.53 0.23 52.35 0.53 0.05
FSNLDA 0.57 0.57 57.14 0.57 0.11
CSPS 0.62 0.42 52 0.50 0.04
Lasso 0.53 0.25 53.36 0.54 0.05
EDWFC 0.63 0.81 67.86 0.74 0.40
SPEM 0.84 0.58 63.80 0.68 0.41
CNN 0.60 0.73 70.83 0.67 0.37
Colon.M MRMR 0.71 0.71 71.42 0.71 0.43
SVMRFE 0.53 0.42 48.21 0.47 -0.03
SVMRFE_M 0.54 0.43 49.34 0.48 -0.01
FSNLDA 0.35 0.42 39.38 0.21 -0.03
CSPS 0.54 0.50 51.78 0.52 0.03
Lasso 0.56 0.45 53.75 0.51 0.07
EDWFC 0.91 0.88 89.58 0.89 0.79
SPEM 0.83 0.92 87.50 0.87 0.73
CNN 0.89 0.73 83.44 0.60 0.76
Esophageal FU MRMR 0.88 0.90 89.28 0.89 0.79
SVMRFE 0.37 0.52 44.79 0.43 -0.10
SVMRFE_M 0.38 0.53 44.78 0.44 -0.10
FSNLDA 0.79 0.81 80.20 0.60 0.66
CSPS 0.54 0.58 56.25 0.56 0.12
Lasso 0.78 0.82 81.35 0.79 0.65
EDWFC 0.91 0.88 89.58 0.89 0.79
SPEM 0.83 0.92 87.50 0.87 0.73
CNN 0.91 0.69 80.64 0.58 0.71
Esophageal CIS MRMR 0.79 0.87 83.33 0.83 0.67
SVMRFE 0.33 0.52 42.86 0.40 -0.14
SVMRFE_M 0.33 0.52 42.86 0.40 -0.14
FSNLDA 0.79 0.81 80.20 0.80 0.60
CSPS 0.54 0.58 56.25 0.56 0.12
Lasso 0.78 0.82 81.35 0.79 0.65
EDWFC 0.75 0.75 75.00 0.75 0.50
SPEM 0.61 0.72 66.57 0.59 0.32
CNN 0.66 0.71 68.75 0.70 0.40
Lung MRMR 0.42 0.33 37.50 0.37 -0.25
SVMRFE 0.25 0.58 41.67 0.35 -0.18
SVMRFE_-M 0.24 0.56 41.65 0.34 -0.17
FSNLDA 0.68 0.50 59.37 0.66 0.19
CSPS 0.38 0.43 40.63 0.40 -0.18
Lasso 0.65 0.56 62.50 0.67 0.21
EDWFC 0.75 0.71 72.99 0.72 0.46
SPEM 0.74 0.69 70.67 0.66 0.34
CNN 0.83 0.92 91.37 0.91 0.8
Lymphoblastic MRMR 0.63 0.63 63.21 0.63 0.26
SVMRFE 0.55 0.65 60.34 0.60 0.21
SVMRFE_M 0.54 0.63 59.99 0.65 0.23
FSNLDA 0.59 0.61 60.34 0.60 0.21
CSPS 0.56 0.63 59.48 0.59 0.19
Lasso 0.62 0.58 59.35 0.59 0.19
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Table 2.5: Comparing EDWFC with other methods using random forest classifier. The
best results are marked in bold.

Datasets Methods | Sensitivity | Specificity | Accuracy | F-score | MCC
Breast EDWFC 1 1 100 1 1
SPEM 0.98 0.95 96.61 0.98 0.95
CNN 1 1 100 1 1
MRMR 0.93 0.97 95.00 0.95 0.90
Colon FU EDWFC 0.74 0.79 71.88 0.74 0.44
SPEM 0.79 0.56 62.50 0.66 0.38
CNN 0.80 0.66 70.32 0.74 0.47
MRMR 0.53 0.35 43.75 0.48 -0.13
ColonM EDWFC 0.71 0.63 66.67 0.68 0.35
SPEM 0.66 0.53 60 0.62 0.18
CNN 0.73 0.66 68.75 0.65 0.38
MRMR 0.70 0.74 72.22 0.72 0.45
Esophageal FU EDWFC 0.90 0.89 89.82 0.90 0.80
SPEM 0.90 0.88 88.88 0.89 0.77
CNN 0.88 0.72 80.56 0.82 0.63
MRMR 0.83 0.80 81.67 0.82 0.64
Esophageal CIS EDWEFC 0.91 0.89 89.84 0.90 0.80
SPEM 0.90 0.88 88.89 0.89 0.77
CNN 0.91 0.74 83.33 0.84 0.66
MRMR 0.86 0.82 85 0.85 0.70
EDWFC 0.75 0.75 75.00 0.75 0.50
Lung SPEM 0.66 0.68 67.50 0.68 0.37
CNN 0.62 0.73 65.63 0.69 0.33
MRMR 0.53 0.49 50.71 0.52 0.02
Lymphoblastic EDWFC 0.65 0.70 67.68 0.67 0.36
SPEM 0.67 0.64 66.20 0.67 0.32
CNN 0.81 0.87 83.62 0.84 0.65
MRMR 0.49 0.51 50.68 0.50 0.02

for 1D-CNN using lymphoblastic leukemia data (0.83, 0.92, 91.37, 0.91, and 0.80) and
using Colon FU data in terms of specificity (0.80), for SPEM using Colon M data in
terms of sensitivity (0.84) and two types of esophageal data in terms of specificity (0.92
and 0.92), and for MRMR using Colon_M data in terms of accuracy (71.42) and MCC
(0.43). In other words, EDWFC provides the best results in 302 out of 315 cases (7
datasets x 9 methods x 5 measures x 1 classifier). In the case of the lymphoblastic
dataset, 1D-CNN provides the best results, but not in other datasets where the sample

space is low and an overfitting problem arises.

In Table 2.5, EDWFC is compared with SPEM, 1D CNN, and MRMR using random
forest as a classifier. Here, SPEM, 1D CNN and MRMR are chosen as they are within
the top three methods when SVM is used as a classifier. From the table, it is clear
that EDWFC performs better than the compared methods except for 1D CNN using
lymphoblastic data for all the measures and using Colon_FU data in terms of sensitivity
and MCC, for SPEM using Colon.M and lymph data in terms of sensitivity, and for
MRMR using Colon_M data in terms of specificity, accuracy, f-score and MCC. Here,
EDWEFC provides the best results in 127 out of 140 cases (7 datasets x 4 methods x 5

measures X 1 classifier).

The EDWEFC is also compared with the related methods using various percentages of
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Figure 2.4: Variation of F-score with different percentages of miRNAs for various meth-
ods. SVM is used as a classifier.

selected miRNAs in terms of F-score. Figs. 2.4(a) and 2.4(b) show the related curves for
colon cancer treated with fluorouracil drug and lymphoblastic leukemia datasets using
EDWEFC. SVM is used as a classifier. The curves for EDWFC lie at the top in both
figures. Note that SPEM achieved comparable F-score values with EDWFC using 15%
and 20% percent of miRNAs for colon cancer treated with fluorouracil and lymphoblastic

leukemia data. Further, the F-score decreases at higher percentages of miRNAs.

2.4.3 Evaluation of miRNAs selected by HCEDFCR

In this section, the results obtained by HCEDFCR for the different cancer datasets are
discussed. The nature of the bins and valleys corresponding to each dataset is shown in
Fig. 2.5(a)-2.5(h). Here, the bins identifying the valleys are marked as Vi, Va,..., V.
The numbers of valleys are 6, 7, 9, 6, 5, 6, 4, and 6 for breast, colon FU, colon_M,
esophageal _CIS, esophageal FU, lung, lymphoblastic and ovarian datasets, respectively.
These valleys result in 7, 8, 10, 7, 6, 7, 5, and 7 clusters for the same datasets. The
minimum and maximum number of clusters are 10 and 5 for colon_M and lymphoblastic
datasets, respectively, (Figs. 2.5(c) and 2.5(g)). The results of HCEDFCR are provided
in columns 1 to 4 of Table 2.6. The remaining columns (5, 6, and 7) will be required in
the next section (Section 2.4.4) for comparison with related methods. For each dataset,
the number of clusters, names of the miRNAs, the rank of the clusters in which the
miRNAs are found along with the ranks of those miRNAs in the cluster are reported.
Interestingly, miR-19b in Colon_FU, miR-~224 in Colon_M, miR-634 in ovarian dataset
are ranked at the first position in the top cluster. For breast cancer, miRNAs are found
within the top three ranking positions in the top four clusters. For example, miR-21
and miR-221 are ranked second and third in the first and second clusters, respectively,

whereas miR-222 and miR-103 are ranked second and third in the fourth cluster. In
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Figure 2.5: Identification of valleys in the histogram using HCEDFCR, for various
datasets.

lymphoblastic data, all miRNAs are found in the top 2 clusters except miR-93 which is

ranked first in the fourth cluster.
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Table 2.6: Evaluations of selected miRNAs by HCEDFCR, spectral clustering, k-means,

and SOM.
Cancer Total miRNA cluster cluster cluster cluster
Type no. of names rank with rank with rank with rank with

clusters miRNA rank | miRNA rank miRNA miRNA

HCED Spectral rank rank

FCR Clustering K — means SOM

07 miR-21 01-02 01-01 03-82 06-61

Breast miR-103 04-03 04-05 03-55 06-37
miR-221 02-03 02-03 03-26 01-23

miR-222 04-02 04-11 02-28 05-37

Colon_FU 08 miR-19b 01-01 04-379 01-166 02-154
Colon_M 10 miR-224 01-01 03-234 01-181 01-174
07 miR~125a-5p 03-03 01-194 01-135 01-142

Esophage- miR-455-3p 03-02 01-107 01-26 01-26
al_CIS miR-638 03-01 04-201 01-227 01-72
Esophage- 06 miR~125a-5p 03-03 01-194 01-135 05-45

al_ FU miR-935 02-01 01-279 01-45 01-61
07 miR-134 01-02 03-14 01-22 03-29

Lung miR-487b 01-03 03-36 02-107 05-31
miR-655 02-02 06-22 01-35 03-15

05 let-7b 01-01 02-13 05-23 01-29

miR-93 04-01 02-43 03-25 04-17

Lympho- miR—126* 01-06 02-46 02-52 01-12
miR-191 01-03 04-17 02-42 01-47

blastic miR-213 01-08 04-49 05-33 03-13
miR-223 02-01 04-60 04-21 01-65

Ovarian 07 miR-634 01-01 02-1 01-55 01-52

2.4.4 Performance Evaluation of HCEDFCR

The HCEDFCR is compared with three popular clustering algorithms: spectral cluster-
ing [29], Kmeans [158], and self-organizing maps (SOM) [27]. The radial basis function
(RBF) is used for similarity matrix computation in spectral clustering. The k-means
and SOM use the Euclidean distance as a metric for similarity calculation. For com-
parison purposes, thehistogram-basedd clustering is replaced by each of these clustering
methods in HCEDFCR, while the steps such as the ranking of clusters and the ranking

of miRNAs inside the clusters are kept the same.

The comparison results of HCEDFCR with spectral clustering, Kmeans, and SOM
are provided in Table 2.6. The miRNAs obtained using spectral clustering are within
the top 10 ranks for top 4 clusters only for 2 datasets, breast and ovarian. Hence, the
results of spectral clustering are close to HCEDFCR for only two datasets and inferior
for others. For example, using ovarian dataset, while miR-634 is ranked second in the
first cluster using spectral clustering, it is ranked first using HCEDFCR. The results
of k-means and SOM show that the miRNAs are poorly ranked in all the datasets. In
some cases, SOM performs better than k-means and spectral clustering but is inferior to
HCEDFCR. For example, using lymphoblastic data, miR-126* and miR-213 are ranked
12th in cluster 1 and 13th in cluster 3, respectively using SOM, whereas they are ranked
6th and 8th in the first cluster using HCEDFCR.
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The results of related methods are not close to the desired level and are inferior to
HCEDFCR. A possible reason may be that for the drug resistant problem, the overall
magnitude of expression values across all control patients for a miRNA is more impor-
tant than the expression value of each patient. This is accomplished in HCEDFCR by

considering the sum of expression values (Step 5, Eq. 2.9) for a miRNA in the control

group.

2.5 Complexity of EDWFC and HCEDFCR

In this section, the time complexity of EDWFC and HCEDFCR is discussed where the
expression data consists of [ number of patients in a group/class and N number of

miRNAs in a cancer type.

2.5.1 Complexity of EDWFC

Suppose [ number of patients are present in both the control and drug resistant classes.
Each patient will have one expression value of a miRNA. Therefore, the time to compute
the mean of expression values for each miRNA for both classes will be O(l + 1), which
can be represented as O(l). The time to compute the mean of expression values for
N miRNAs in a dataset will be O(l x N). The Euclidean distance and weighted fold
change (varying the power p from 0.1 to 1.5) can be calculated in O(N) and O(p x N).
For each value of p, the miRNAs in the list are sorted with complexity O(p x N log N)
time. The total computational complexity for EDWFC can be computed as O(l x N +
N+px N+px NlogN).

2.5.2 Complexity of HCEDFCR

In the previous section, [ and N are the number of samples in a group/class and the
number of miRNAs, respectively. The sum of expression values of a miRNA is calculated
for a class, and the required time is O(l). It is performed for all the miRNAs, and the
time is O(l x N). The summed values are distributed in B number of bins into a
histogram with computational complexity time O(N + B). The complexity to detect

valleys in a histogram is O(B).

The miRNAs will be assigned to each cluster with complexity O(/N). The mean of
expression values can be computed in O(I x N). The ED and FC can be calculated in
O(N). The average EDFC score for each cluster is computed with complexity O(N).
The clusters are sorted based on their average EDFC score, and the complexity for this

operation is O(C'log C'). The complexity of sorting miRNAs inside clusters can be at
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most ZZC:l O(m;logm;) < O(mlogm). Therefore, the overall computational complexity
of HCEDFCR is O(l x N + N + B + C'log C + mlogm).

2.6 Discussion and Conclusion

In this chapter, two methods (EDWFC and HCEDFCR) are presented to identify a sub-
set of miRNAs associated with drug resistance in patients with cancer. In the EDWFC,
the Euclidean distance and fold change between the averages of control and resistant
expressions are multiplied by varying the power of the fold change value to minimize
the average rank of biologically known miRNAs. A portion of miRNAs is selected from
the top of the ranked list. In the HCEDFCR, a histogram-based clustering method is
employed to categorize miRNAs into distinct clusters. The product of the FEuclidean
distance and fold change value between the control and resistant miRNA expressions is
used to rank the clusters and miRNAs inside the clusters. MiRNAs in the top-ranked

cluster are considered as important.

The results of EDWFC show that miRNAs associated with drug resistance are present
within the top 20 positions in the ranked list for all the datasets except for breast cancer,
where one of the identified miRNAs is ranked 25th. Moreover, the important miRNAs, as
reported in the corresponding biochemical studies, are found within the top five positions
in the ranked list for all the datasets. The classification performance of EDWFC, using
top 1% miRNAs from the ranked list, is compared with related methods and EDWFC
provided the best results in 302 out of 315 cases and 127 out of 140 cases, using SVM
and RF classifiers, respectively. The variations of F-score for different percentages of
miRNAs using various methods for two datasets (colon cancer treated with fluorouracil
drug and lymphoblastic leukemia datasets) show that the performance of all the methods

decreases as we increase the percentage of miRNAs.

From the results of HCEDFCR, it is observed that the top three miRNAs of the top
four clusters contain the miRNAs associated with drug resistance for all the datasets,
except for the lymphoblastic leukemia dataset where the miRNAs are found in the
sixth and eighth position of cluster 1. Comparison of HCEDFCR with other clustering
methods shows that HCEDFCR performs better in identifying important drug resistant
miRNAs. In some cases such as breast, ovarian, and lymphoblastic datasets, spectral
clustering and SOM perform well and their results are close but inferior to HCEDFCR.
In general, the results indicate that HCEDFCR can serve the purpose of detecting the

miRNAs associated with drug resistance in patients with cancer.

In summary, if the user wants to get a specific number of miRNAs for a particular
cancer and related drug, then the EDWFC is recommended to rank individual miRNAs
based on its capability to differentiate between two classes (control and drug resistance).

The user then selects the required number of miRNAs from the top of the ranked list.
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On the other hand, if the user wants a group of miRNAs without any user defined
number of miRNAs, then the HCEDFCR is recommended. The HCEDFCR provides
the ranked clusters. The miRNAs in the top ranked clusters are considered as groups
of important miRNAs. In future, the EDWFC and HCEDFCR can be used on similar
miRNA datasets where the miRNAs from the top of the ranked list and the top five
miRNAs from the top clusters, respectively, can be biochemically tested to identify the

miRNAs associated with cancer drug resistance.
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Chapter 3

Integrating Fuzzy Rough
Set-Based Entropies for
Identifying Drug Resistant
miRNAs and Classitying Cancer

Patients

3.1 Introduction

In Chapter 2, all miRNAs, within a dataset, are ranked using the biological knowledge
of known drug resistant miRNAs and the performance of the top ranked miRNAs is
evaluated in terms of classifying control and drug resistant patients. In this chapter, the
miRNAs are ranked using information about patient labels and evaluated in a way similar
to that in Chapter 2. A framework, named “a weighted framework for integrating fuzzy
rough set-based relevance and redundancy entropies (WFIFRRRE)”, for identifying
a set of miRNAs that efficiently classifies the control and drug resistant patients, is
developed. The weight is introduced for integrating two z score based relevance and
redundancy entropies. The entropies are computed using fuzzy membership function
and rough approximation (lower and boundary region), two major components of soft
computing. While fuzzy set handles the uncertainty emerging from the overlapping
expressions of miRNAs (two miRNAs expressions can overlap, and expressions of any
miRNA in two samples/patients can also overlap), rough set takes care of the exactness
in the class shape of control and drug resistant groups. WFIFRRRE is comprised of
four important steps: (a) compute the fuzzy relevance and redundancy membership of
each expression value using the z score based fuzzy membership function and determine

their upper and lower approximations using indiscernibility relations of rough set, (b)
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find the relevance of each miRNA to a particular class (control or drug resistant) by
calculating the relevance entropy measure, (c) compute average redundancy entropy of
each miRNA w.r.t other miRNAs in the dataset, (d) integrate the relevance entropy
and average redundancy entropy through weights in a supervised manner to maximize
the accuracy of classifying patients using top-ranked miRNAs. The set of miRNAs
responsible for achieving maximum accuracy for patient classification is selected from
the ranked list. The novelty of this work lies in i) formulating a new z score based
fuzzy membership function to compute the membership of each expression value and
then determine the relevance and redundancy entropy measures for each miRNA, and
ii) developing a framework for integrating the relevance and redundancy entropies for

miRNA ranking and selection.

The classification performance of selected miRNAs by WFIFRRRE and the related
methods is evaluated using Naive Bayes (NB), random forest (RF), and SVM classi-
fiers. For cross validation, leave one out technique is used. The top 1% of miRNAs is
chosen for all the compared methods to classify the control and drug resistant patients.
The methods are evaluated in terms of sensitivity, specificity, accuracy, F score, and
MCC. WFIFRRRE outperforms the relevant approaches used for comparison in most
of the cases. The miRNAs selected by WFIFRRRE are validated using different exist-
ing biochemical /biological studies. Most of the selected miRNAs by WFIFRRRE are

mentioned in those investigations.

The chapter is organized into six more sections. An outline of various datasets is
provided in 3.2. The methodology is described in 3.4. Expermental results are reported
in Section 3.5. The biological relevance of selected miRNAs is discussed in Section 3.6.

The study is concluded in Section 3.7.

3.2 Datasets

Fight miRNA expression cancer datasets, viz., esophageal, ovarian, colon M, colon FU,
breast, lung, lymphoblastic, and squamous, are downloaded from the publicly available
data archive Gene Expression Omnibus (GEO) [94]. The datasets used in the studies are
deposited by the researchers to GEO by taking care of the pertinent ethical concerns.
The number of miRNAs and patients in different datasets are provided in Table 3.1
along with their source articles. The datasets, except for esophageal and squamous,
in this chapter are the same as Chapter 2. Here, while the drug resistant patients of
the esophageal and squamous data are the same as those in the Esophageal FU and
Esophageal M datasets in Chapter 2, the control patients of the Esophageal FU and
Esophageal M datasets are combined and used in both the esophageal and squamous
datasets. This is performed to increase the sample size and is inspired by the study
in [37].
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The number of control and drug resistant patients is equal for each cancer type ex-
cept esophageal and squamous cell, where the number of control patients is more than
the number of drug resistant patients. The total number of samples is 6 in colon can-
cer treated with the methotrexate drug (Colon M) and 58 in lymphoblastic leukemia
which are minimum and maximum among all the datasets, respectively. Note that, some
miRNAs are repeated with different expression values in some of the used datasets, as ex-
pressions of these miRNAs are generated using different expression-detecting techniques.

The repeated miRNAs are also counted in the total number of miRNAs.

Table 3.1: An outline of the miRNA expression datasets

Cancer No. of No. of No. of
Type miRNAs | Control | Drug resistant

Patients Patient
Esophageal [76] 847 12 6
Ovarian [74] 727 7 7
Colon FU (73] 723 4 4
Colon M [72] 723 3 3
Breast [71] 654 6 6
Lung [156] 377 4 4
Lymphoblastic [77] 365 29 29
Squamous [76] 847 12 6

3.3 Preliminary Concepts

In this section, first, some preliminary definitions like crisp set, fuzzy set, and rough
set are provided, and then the advanced concepts like fuzzy rough sets and fuzzy rough

approximation regions are defined.

Let, U be the universal non-empty finite set and A be the set of attributes then
R =< U, A > will be an information system [159]. In our problem, the information
system can be represented with a row-column table where the columns will represent
patients/samples and the rows will denote miRNAs as objects. Patients are labeled as
control or drug resistant. Let us now define the crisp set, fuzzy set, rough set, and fuzzy

rough set.
Crisp set: Let, x C U then y is a crisp set if x(g) € {0,1} where g € x [160].
Fuzzy set: Let, x’ C U then y’ is a fuzzy set if x'(g) € [0, 1] where g € ¥’ [160].
Here, x(g) and x/(g) represent the membership of g in x and X/, respectively.

Rough Set: Let, 8 creates a group of similar objects called granules where 3 is
an indiscernibility relation [161]. The indiscernibility among objects results in rough

definition of x. x can be approximated using indiscernibility relation 8 by defining
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B — lower and B — upper regions of set x as [161]:
Bx = {9 € X'llgls €X'}, and (3.1)

Bx ={g € Xllglsnx' # ¢} (3.2)

Here, Bx and By are the lower and upper approximation regions of set Y, respectively.
The tuple < éx,ﬁx > is rough set.

Fuzzy Rough Set: From the above definition, if 8 and x are a fuzzy indiscernibility
relation and a crisp set, respectively, then the tuple < ﬁx,ﬁx > will result in a fuzzy
rough set of x. Bx and By are derived as:

Bx ={(9,1(9))lg € U}, and (3.3)

Bx ={(g,m(9))lg € U}. (3.4)

Here, in Eq. (3.3, 3.4), g is an element in U and p(g) and fi(g) represents the membership
of g in Bx and B, respectively.

3.4 Weighted Framework for Integrating Fuzzy Rough Set-

based Relevance and Redundancy Entropies

The existing fuzzy membership functions do not consider the distance of each expression
value from the mean of both classes in terms of standard deviations. Hence, we develop
a membership function which not only addresses the aforementioned issue but also con-
siders the belongingness of an expression value in both the classes by computing the
ratio of its distance from the means of both the classes. The membership of expression
value will be higher in the class in which z score of the expression value is minimum. Fur-
ther, the existing research works for finding rank of miRNAs, to properly discriminate
patients deal with sequential computation of first relevant miRNAs and then redundant
miRNAs. These approaches cannot handle both relevance and redundancy of a miRNA
w.r.t other miRNAs at the same time and they may lead to loss of information. In this
situation, “a weighted framework for integrating fuzzy rough set based relevance and
redundancy entropy”, called WFIFRRRE, is developed which combines fuzzy set and

rough set for ranking and selecting drug resistant miRNAs in cancer.

3.4.1 1z score based Entropy Computation

Now we discuss about the way of entropy computation which will be used for miRNA
ranking. First we define the fuzzy relevance membership and fuzzy redundancy mem-

bership functions using ratio of z scores of an expression value from one class to another
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class and then we provide the formulation and schematic diagram for the computation

of relevance and redundancy entropies.

Let, fiy,(gj) represents the fuzzy membership of g; in the class x; where g; denotes

the j* expression value of miRNA g. The fuzzy membership function is as follows:

-1
c

2

e

fy(95) = | 1+ (d> (3.5)
i

where z{ and zid are the z scores of g; in control and drug resistant classes, respectively.

z score is a statistical measure to find the distance of data point (g;) from the group

mean in terms of standard deviations. Lower the value of the z score nearer the data

point will be to the mean. z score can be calculated as:

gj —m
g

(3.6)

Zscore =

where, m and o are the mean and standard deviation of the group. Now, the membership

function can be written as:

-1
d

2
tx: (95) = 1+<Z*W€_%> : (3.7)
7 (2
Here, m{ and of represent the average and the standard deviation of expression values,
respectively, in the control class, and mgl and O'Zd are the average and the standard
deviation of the values, respectively, in drug resistant class. Here, j = 1,2, ... 9, where g
represents the number of elements/miRNAs in dataset. The nearness of g; to the mean
of the expression values of the class will result in a higher fuzzy membership of g;. If g;
becomes equal to the mean of both classes (m¢ and m¢) then (m¢ — g;) and (m¢ — g;)

will result in J and it will be treated as 1 as lim,—o 2 = 1 [162].

To compute relevance entropy, the dataset is divided into two classes as control and
drug resistant based on patient labels and fuzzy relevance membership of an expression
value of a miRNA in a class is computed using Eq. 3.7. On the other hand, for redun-
dancy entropy computation, the whole expression profiles of a miRNA from control and
drug resistant classes are considered to be in one class and the expression profile of any
the other miRNA is treated as another class. Hence, fuzzy redundancy membership of
the expression profile of miRNA can also be computed using Eq. 3.7. This is repeated
iteratively for all the miRNAs and the average of membership values is considered as

average fuzzy redundancy membership and it is computed as:

rk—1
() = 2 3 al9y) (38)
gj=1
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Here, iy, (7;) depicts the average redundant membership of 7" miRNA with respect
to the other miRNAs and « represents the number of miRNAs in the dataset.

The boundary region of the fuzzy rough approximation region is < Sy — Bx >. The

granules in fuzzy rough lower and upper regions < éx,BX > are determined as:
ppx(ci) = inf {maz{(1 — pe,(95)), by (g5)}}, Vi, and (3.9)

ugx(cz')ZSgp {min{(pe;(95)), ix(95)}}, Vi (3.10)

Here, ¢; is a fuzzy equivalence class inside the set U/3, g; denotes the 4t value of
feature g and x is a crisp set within universal set U. p,(g;) represents the membership

of element g; in set x where p,(g;) € {0,1}.

The membership of g; in lower and upper approximation set is defined as follows [163]:

tpx(95) = sup  min{puc,(9;), ppy(ci)}, and (3.11)
CrL'EU/,B

15, (95) = sup  min{pe,(9;), g, (ci)}- (3.12)
CiEU/ﬂ

The cardinality of a crisp set is the sum of the number of objects belonging to the crisp
set. The cardinality of a fuzzy rough set can be computed as a sum of the non-zero
memberships of miRNAs belonging to the fuzzy rough set. The cardinality of fuzzy
rough regions can be calculated as < Z 1x(95), Z 13, (g;) > where g; € x;, and & is
j_

the number of elements in U.

Relative frequency: Average relative frequency is the representation of how frequently
miRNA expressions occur in an approximation region. The average relative frequency

of each miRNA expression is computed as [161]:

Q
1 i 2 Hpx (g])
Yreljpw — ; — ) and (313)

w1 | 2o max(95)

Jj=1 -

ryredlow = (314)

k—1 P
Here, vrei,,,, and Yreq,,, represent the average relevance relative frequency and average
redundancy relative frequency, respectively, of lower approximation set. In Eq. 3.13,
i = 2, as there are only two classes (control and drug resistant). In Eq. 3.14, k is the
number of elements/miRNAs in the dataset as each miRNA is treated as one class for

redundancy calculation. g; is the number of objects having non-zero membership. The
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average relative frequency in the boundary region is calculated as [161]:

e

1 0i — Z:l:uﬁx(gj)
Vrely =~ Z = , and (3.15)
Lo Qi
0
e Zl 18x(95)
‘]:
= ) 3.16
IYTEdboun K — 1 1/_21 Qz ( )

Now, the relevance (H,¢;) and redundancy (H,eq) entropy measures are definded as
follows [36]:

1
Hrel = _5(’7’/‘6llow * loQQ’Yrellow + Vrelpoun ¥ lOQQFYrelboun)a and (317)

1
Hyea = _i(yredlow * lOQQfYredlow + Yredpoun * loQZ'Yredbmm)- (318)
Where, YVrel,,,» Vrelyouns Vredipws 0 Vred,,,, are defined in Eqgs. 3.13, 3.15, 3.14, and
3.16, respectively.

The entropy computation is mainly divided into six steps:

(a) Categorize the dataset into two groups (1 and y2) based on the patients’ labels

(control or drug resistant),

(b) Calculate the fuzzy relevance membership (fiy,(g;)) of a miRNA to the control
and drug resistant class and fuzzy redundancy membership (i, (7;)) of a miRNA w.r.t

other miRNAs using Eq. 3.7 and 3.8, respectively.

(c¢) Determine the membership of a miRNA in fuzzy rough lower and upper regions

as fipy(g;) and 'UBX(gj) using Eq. 3.11 and 3.12, respectively, using fuzzy rough set.

(d) Compute the average relevance ( 7, ) and average redundancy (Vreq,,, ) fre-
quency of each miRNA in the lower approximation region of fuzzy rough set using Eq.

3.13 and 3.14, respectively.

(e) Calculate the average relevance ( 7ye,,,,) and average redundancy (Vred,,,,) fre-
quency of each miRNA in the boundary approximation region of fuzzy rough set using

Eq. 3.15 and 3.16, respectively.

(f) Find the redundancy (#H,.q) and relevance (H,;) entropy of each miRNA using
Eq. 3.18 and 3.17, respectively.

The schematic diagram for entropy computation is shown in Fig. 3.1.
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Figure 3.1: Schematic diagram for computation of relevance and average redundancy
entropy of each miRNA

3.4.2 Integrating Entropies

The integrated entropy, called WFIFRRRE, is computed as follows:

E=wxHpe+ (1 —w) x (1 —Hpeq)- (3.19)

Here w is varied from 0 to 1 in steps of 0.01 [164, 165] to maximize the classifica-
tion accuracy of patients in terms of F' score. The steps of the developed framework,
WFIFRRRE, are as follows:

S1) Initialize the weight w as 0.
S2) Integrate the relevance and redundancy entropies using Eq. 3.19.

S3) Sort the miRNAs in ascending order based on integrated entropy E and select a
top percentage of miRNAs.

S4) Classify the patients using selected miRNAs using SVM classifier and compute

the F score.
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S5) Vary the weight w from 0 to 1 in steps of 0.01 and repeat the Steps S2-S4.

S6) Find the weight w for which the F' score is maximum and select those miRNAs

as the final set.

The source code for WFIFRRRE and the steps to run the code are provided in the
webpage https://www.isical.ac.in/~shubhra/WFIFRRRE.html as well as on Github
page https://github.com/joginder12/WFIFRRRE.

3.5 Experimental Evaluations

WFIFRRRE is also implemented in the Python programming language, and the same
machine as EDWFC and HCEDFCR is used to run the code. The performance of
WFIFRRRE and the related methods for comparison is evaluated using Naive Bayes
(NB), random forest (RF), and linear SVM classifier. The Scikit-learn package [140] is
installed in a Python environment for using the classifiers with their default parameters,
which are also mentioned in [140]. For example, in NB, the prior probability and vari-
able smoothing are selected as none and le™%, respectively, by default. The command
is NB(priors=None, var_smoothing=1e~%?). For RF, the default values for the number
of trees in the forest, the criterion for split, the minimum number of samples needed
for split, and maximum features are 100, gini entropy, 2, and the square root of the
actual number of features, respectively. The command for RF is RandomForestClas-
sifier(n_estimators=100, criterion=‘gini’, min_samples_split- =2, max_features=‘sqrt’).
The SVM classifier is used with a linear kernel, 12 regularization, squared hinge loss, and
a maximum of 1000 iterations. The related command is svm.LinearSVC(penalty="‘12,
loss=‘squared_hinge’, max_iter=1000). These parameters are also kept the same for all
the compared methods for a fair comparison. Leave-one-out cross-validation technique
is used for patients to train and test the selected set of miRNAs. The top 1% of miRNAs
are chosen for all the compared methods to classify the control and drug resistant pa-

tients. The methods are evaluated in terms of sensitivity, specificity, accuracy, F' score,
and MCC.

3.5.1 Performance Evaluation

The performance of WFIFRRRE is assessed on top 1% of selected miRNAs and those
miRNAs are shown in Table 3.2. These miRNAs are further validated using previously
existing biochemical /biological studies and discussed in Section 3.6. The classification
performance of top 1% miRNAs in terms of F score is shown in Table 3.3. The results in
terms of minimum and maximum values of F' scores are 0.77 and 1.0, 0.75 and 1.0, and
0.74 and 1.0 for SVM, Naive Bayes (NB), and random forest (RF) classifiers, respectively,
for different datasets. On the other hand, using all the miRNAs, these values are 0.19
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and 0.62, 0.14 and 0.74, and 0.18 and 0.71. These are shown in Table 3.3. It is clear
from Table 3.3 that F score is improved after using top 1% of miRNAs as compared to
total number of miRNAs. Similar results are obtained in terms of specificity, sensitivity,

accuracy, and MCC and shown in Table 3.4.

Table 3.2: MiRNAs selected by WFIFRRRE from different drug resistant cancer data
sets.

Esophageal Ovarian Colon FU
hsa-miR~30e-st miR-324-3p miR-485-5p
miR-125a-5p-st miR-149 miR-488

miR-221-st miR-940 miR-556-3p

miR-1265-st miR-615-3p miR-651
miR-27a-st miR-513a-3p miR-376a
miR-191-st miR-20b* miR-124*
miR-20b-st miR-150 miR-767-3p
miR-224-st
Breast Colon M Squamous
miR-499-3p miR-505 miR-99b
miR-21 miR-224 miR~18a
miR-1306 miR-149 miR-125a-5p
miR~26b miR-~193b miR-1226
miR-320b miR-505%* miR-935
miR-1305 miR-770-5p miR-297
miR-365 miR-146a
Lung Lymphoblastic
miR-410 miR-100
miR-27a miR-99a
miR-483-5p miR-125b

Table 3.3: Comparing the F' score of top 1% miRNAs selected by WFIFRRRE with all
miRNAs using SVM, Naive Bayes (NB), and random forest (RF) classifiers.

Cancer Type F score for F score for 100%
top 1% of of miRNAs
miRNASs using using

SVM | NB RF | SVM | NB RF
Ovarian 0.77 | 0.75 | 0.76 | 0.22 | 0.37 | 0.38
Colon FU 0.84 | 0.82 | 0.87 | 0.48 | 0.54 | 0.49
Colon M 0.98 | 093 | 0.96 | 0.25 | 0.14 | 0.18
Esophageal 1.0 0.99 1.0 0.41 0.66 | 0.44
Lung 0.92 | 0.85 | 0.96 | 0.62 | 0.34 | 0.52
Lymphoblasticf 0.73 0.75 | 0.74 0.19 0.33 | 0.48
squamous 0.90 091 | 0.90 | 0.50 | 0.74 | 0.71
Breast 1.0 1.0 1.0 0.62 0.68 | 0.61

3.5.2 Comparison with other methods

WEFIFRRRE is compared with some well known miRNA and gene selection techniques
such as EDWFC [137], SPEM [37], MRMR [33], SVMRFE [38], SVMRFE-MRMR [142],
FRMI [36], CBFS [143], FSNLDA [144], FSHDD [145], GSPSO [146], BPSOFS [147],
and Lasso [139].
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Table 3.4: Classification results for top 1% miRNAs selected by WFIFRRRE using
Naive Bayes (NB), random forest (RF), and SVM classifiers of breast, esophageal, lung,
and ovarian datasets.

Classifier Performance Breast | Esoph- | Lung | Ova- | Lympho- | Squa- | Colon | Colon
Measures ageal rian -blastic -mous M FU

Sensitivity 1.0 1.0 0.88 0.76 0.74 0.93 0.86 0.75

Naive Specificity 1.0 1.0 0.82 0.75 0.76 0.77 1.0 0.93
Bayes Accuracy (%) 100 100 84.37 | 75.23 75.0 87.5 95.71 | 83.92
MCC 1.0 1.0 0.70 0.51 0.50 0.72 0.90 0.70

Sensitivity 1.0 1.0 1.0 0.76 0.71 0.89 0.96 0.93

RF Specificity 1.0 1.0 0.92 0.76 0.78 0.80 0.98 0.79
Accuracy (%) 100 100 95.83 | 75.55 75.29 86.80 95.56 | 87.50

MCC 1.0 1.0 0.92 0.51 0.51 0.67 0.95 0.72

Sensitivity 1.0 1.0 0.92 0.79 0.72 0.93 0.95 1.0

SUM Specificity 1.0 1.0 0.92 0.76 0.77 0.71 1.0 0.61
Accuracy (%) 100 100 91.67 | 76.05 73.95 85.41 98.57 | 80.35

MCC 1.0 1.0 0.83 0.50 0.48 0.67 0.97 0.66

The comparison results are shown in Table 3.5 using top 1% of miRNAs selected
by each method. The best outcomes are shown in bold fonts. From the results, it is
observed that WFIFRRRE provides the best results in 404 out of 416 cases (8 datasets
x 13 methods x 4 measures). The F score values for WFIFRRRE are 0.84, 1.0, 0.92,
0.73, 0.77, 1.0, 0.98, and 0.91 for eight datasets. These values are the best and marked
in bold fonts in Table 3.5. Interestingly, SPEM and BPSOFS also achieved the best
F score (1.00) for the breast dataset. The second best results in terms of F' scores for
the remaining datasets are also obtained using SPEM and BPSOFS where these values
are 0.80 (BPSOFS), 0.87 (SPEM), 0.87 (BPSOFS), 0.66 (SPEM), 0.64 (BPSOFS), 0.94
(BPSOFS) and 0.90 (SPEM).

Similarly, WFIFRRRE also obtained the best results in terms of accuracy for all the
8 datasets where the values are 80.35, 100, 91.67, 73.27, 75.51, 100, 98.57, and 87.50.
Note that, SPEM and BPSOFS also achieved the same accuracy (100) for the breast
dataset. The second best results in terms of accuracy for the remaining datasets are 76.50
(SPEM), 89.27 (MRMR), 87.00 (BPSOFS), 70.67 (SPEM), 69.25 (SVMRFE-MRMR),
95.00 (BPSOFS), and 85.41 (SPEM).

The sensitivity values achieved by WFIFRRRE are the best for 6 datasets which are
1.0, 1.0, 0.92, 0.79, 1.0, and 0.93 for colon FU, esophageal, lung, ovarian, breast, and
squamous datasets respectively. For lymphoblastic and colon M data, SPEM performed
better than WFIFRRRE. While using SPEM these values are 0.81 and 1.00, using
WEFIFRRRE these values are 0.72 and 0.96.

The specificity values achieved by WFIFRRRE are found to be the best for 6 datasets,
which are 1.0, 0.92, 0.77, 0.76, 1.0, and 1.0 for esophageal, lung, lymphoblastic, ovarian,
breast, and colon M datasets, respectively. WFIFRRRE performed inferior to EDWFC,
FRMI, and BPSOFS for squamous, colon FU, and colon FU data, respectively. For
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Table 3.5: Comparison of WFIFRRRE with related methods using SVM classifier.

Methods | Performance | Colon | Esoph- | Lung | Lympho- | Ovar- | Breast | Colon | Squa-
Measures FU ageal blastic ian M mous

Sensitivity 1.0 1.00 0.92 0.72 0.79 1.00 0.96 0.93

WFIF Specificity 0.61 1.00 0.92 0.77 0.76 1.00 1.00 0.78
RRRE F' score 0.84 1.00 0.92 0.73 0.77 1.00 0.98 0.91
Accuracy (%) | 80.35 100 | 91.67 | 73.95 76.05 | 100 | 98.57 | 87.50
Sensitivity 0.81 0.91 0.75 0.75 0.72 1.00 0.63 0.91

Specificity 0.71 0.88 0.75 0.71 0.75 1.00 0.81 0.88

EDWEFC F score 0.77 0.89 0.75 0.72 0.74 1.00 0.74 0.89
Accuracy (%) | 76.19 | 89.58 75 72.99 68.74 100 67.86 | 89.58
Sensitivity 0.86 0.83 0.75 0.81 0.61 1.00 1.00 0.93

SPEM Specificity 0.56 0.92 0.81 0.60 0.72 1.00 0.79 0.71
F score 0.66 0.87 0.77 0.66 0.59 1.00 0.88 0.90

Accuracy (%) | 62.50 | 87.50 | 78.13 70.67 66.07 100 89.28 | 85.41
Sensitivity 0.24 0.87 0.41 0.60 0.59 0.99 0.76 0.71

MRMR. Specificity 0.60 0.89 0.32 0.60 0.66 0.99 0.70 0.70
F score 0.35 0.88 0.36 0.60 0.62 0.99 0.73 0.81

Accuracy (%) | 41.00 | 89.27 | 37.48 63.22 62.50 | 99.99 | 73.21 | 70.83
Sensitivity 0.53 0.38 0.26 0.54 0.57 0.96 0.54 0.63

SVM Specificity 0.23 0.53 0.57 0.64 0.38 0.91 0.43 0.55
RFE F score 0.53 0.44 0.34 0.59 0.45 0.94 0.48 0.58
Accuracy (%) | 52.35 44.78 41.67 59.99 47.32 94.25 | 48.22 | 58.00
Sensitivity 0.63 0.58 0.66 0.65 0.75 0.69 0.81 0.70

FRMI Specificity 0.76 0.69 0.78 0.65 0.57 0.59 0.78 0.79
F' score 0.69 0.63 0.71 0.65 0.48 0.63 0.80 0.75

Accuracy (%) | 69.61 | 63.94 | 72.66 65.54 62.48 | 89.78 | 80.00 | 75.00
Sensitivity 0.53 0.38 0.24 0.54 0.63 0.96 0.54 0.71

SVM Specificity 0.23 0.53 0.56 0.64 0.75 0.91 0.43 0.76
RFE- F score 0.53 0.44 0.34 0.59 0.61 0.94 0.48 0.73
MRMR | Accuracy (%) | 52.35 | 44.78 | 41.65 59.99 69.22 | 94.25 | 49.34 | 72.57
Sensitivity 0.65 0.53 0.37 0.62 0.63 0.99 0.54 0.54

CBFS Specificity 0.43 0.57 0.43 0.62 0.60 0.99 0.50 0.58
F score 0.49 0.55 0.39 0.62 0.62 0.99 0.52 0.56

Accuracy (%) | 51.98 56.24 40.62 62.21 61.72 99.99 51.78 | 56.25
Sensitivity 0.58 0.78 0.67 0.55 0.56 0.99 0.35 0.79

FSN Specificity 0.56 0.82 0.48 0.58 0.62 0.84 0.42 0.76
LDA F score 0.58 0.81 0.57 0.57 0.58 0.90 0.21 0.78
Accuracy (%) | 56.99 | 80.21 | 59.36 59.35 59.84 | 91.99 | 39.38 | 78.20
Sensitivity 0.78 0.72 0.71 0.47 0.49 0.83 1.00 0.62

FSHDD Specificity 0.60 0.77 0.82 0.67 0.57 0.86 0.72 0.57
F score 0.71 0.74 0.76 0.55 0.53 0.83 0.84 0.59

Accuracy (%) | 71.74 74.98 76.19 57.57 53.49 | 85.21 84.57 | 59.50
Sensitivity 0.65 0.66 0.62 0.44 0.59 0.73 0.45 0.51

GSPSO Specificity 0.44 0.57 0.68 0.71 0.61 0.78 0.38 0.65
F' score 0.52 0.61 0.65 0.55 0.60 0.76 0.42 0.56

Accuracy (%) | 54.62 | 62.02 | 65.37 58.07 60.73 | 76.19 | 38.87 | 57.19
Sensitivity 0.90 0.80 0.90 0.63 0.62 1.0 0.96 0.93

BPS Specificity 0.72 0.95 0.84 0.70 0.70 1.0 0.92 0.68
OFS F' score 0.80 0.86 0.87 0.63 0.64 1.0 0.94 0.85
Accuracy (%) | 76.50 | 87.50 | 87.00 66.67 68.23 100 95.00 | 83.50
Sensitivity 0.53 0.80 0.65 0.62 0.43 0.96 0.56 0.78

Lasso Specificity 0.25 0.82 0.56 0.58 0.71 0.93 0.45 0.82
F score 0.54 0.80 0.67 0.59 0.50 0.94 0.51 0.79

Accuracy (%) | 82.42 | 87.50 | 62.50 59.35 57.14 | 95.50 | 53.75 | 82.50

Colon Fu, while FRMI performed best (0.76) and BPSOFS performed second (0.72),
WFIFRRRE achieved the third (0.61) best result.

In summary, sensitivity, specificity, F' score, and accuracy ranges from 0.72 to 1.0,
0.61 to 1.00, 0.73 to 1.00, and 73.95 to 100, respectively, using WFIFRRRE considering
all the datasets. In most of the cases, WFIFRRRE outperforms the existing approaches

67



used for comparison.

Table 3.6: Comparison of WFIFRRRE with related methods using RF classifier.

Methods | Performance | Colon | Esoph- | Lung | Lympho- | Ovar- | Breast | Colon | Squa-
Measures FU ageal blastic ian M mous

Sensitivity 1.0 1.00 0.92 0.72 0.79 1.00 0.96 0.93

WFIF Specificity 0.61 1.00 0.92 0.77 0.76 1.00 1.00 0.78
RRRE F score 0.84 1.00 0.92 0.73 0.77 1.00 0.98 | 0.91
Accuracy (%) | 80.35 100 91.67 73.95 76.05 100 98.57 | 87.50
Sensitivity 0.74 0.90 0.75 0.65 0.68 1.00 0.71 0.90

EDWFC Specificity 0.79 0.89 0.75 0.70 0.72 1.00 0.63 0.89
F score 0.74 0.90 0.75 0.67 0.71 1.00 0.65 0.89

Accuracy (%) | 71.88 | 89.82 75 67.68 66.74 100 66.67 | 89.81
Sensitivity 0.79 0.90 0.66 0.79 0.63 0.98 0.96 0.89

SPEM Specificity 0.56 0.88 0.68 0.64 0.70 0.95 0.80 0.77
F score 0.66 0.89 0.68 0.67 0.61 0.98 0.89 0.86

Accuracy (%) | 62.50 | 88.89 | 67.50 66.20 67.40 | 96.61 | 90.45 | 86.50
Sensitivity 0.70 0.83 0.53 0.62 0.63 0.93 0.70 0.86

MRMR. Specificity 0.68 0.81 0.50 0.60 0.67 0.97 0.74 0.82
F' score 0.60 0.82 0.52 0.60 0.66 0.95 0.72 0.82

Accuracy (%) | 63.50 81.67 50.71 63.22 66.67 | 95.50 72.22 | 85.30
Sensitivity 0.92 0.81 0.87 0.65 0.64 1.00 0.96 0.95

BPS Specificity 0.75 0.93 0.84 0.71 0.73 1.00 0.92 0.68
OFS F' score 0.82 0.87 0.83 0.65 0.67 1.00 0.94 0.86
Accuracy (%) | 78.50 | 87.50 | 84.30 67.50 69.70 100 95.00 | 84.20

In Table 3.6, the WFIFRRRE is compared with EDWFC, SPEM, MRMR, and BP-
SOFS using random forest as a classifier. Here, SPEM, MRMR, and BPSOFS are chosen
as they lie within the top three methods when using the SVM classifier. From the ta-
ble, it is clear that WFIFRRRE performs better than the compared methods except for
EDWFC using squamous data for specificity (0.88) and accuracy (89.81) measures, for
SPEM using lymphoblastic and Colon M data for sensitivity measures (0.79 & 0.96), for
BPSOFS using squamous data for the sensitivity measure (0.95). Here, the WFIFRRRE
provides the best results in 177 out of 192 cases (8 datasets x 6 methods x 4 measures
x 1 classifier). WFIFRRRE performs better than EDWFC in 124 out of 128 cases (8

datasets x 2 methods x 4 measures x 2 classifiers).

Fig. 3.2 shows the variations of F' score with different percentages of miRNAs for var-
ious methods (WFIFRRRE, SPEM, MRMR, SVMRFE, SVMRFE-MRMR, and CBFS)
and datasets. From the curves, it is clear that the F' scores of WFIFRRRE are better
than the related methods in most of the cases. For example, the curves for WFIFR-
RRE lie above the related methods for breast, squamous, esophageal, colon M, and
lung datasets. The cases where the curves for WFIFRRRE lies below those of related
methods are: a) for SPEM using colon FU data in the range 1% to 2% of miRNAs, b)
for SPEM using ovarian data in the range 12.5% to 20% of miRNAs, and c¢) for SPEM
& SVMRFE-MRMR using lymphoblastic data in the range 12.5% to 20% & 12.5% to
17.5% of miRNAs, respectively.
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Figure 3.2: Comparing WFIFRRRE with related methods in terms of F score for dif-

ferent percentages of miRNAs using SVM classifier.
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3.5.3 Complexity of WFIFRRRE

The major components of WFIFRRRE are computation of z-score-based relevance and
redundancy entropies, integration of relevance and redundancy entropies using a su-
pervised weight, and classification of patients using selected miRNAs. The complexity

discussion for these components is discussed as follows:

Relevance Entropy Computation: Let r and n be the number of miRNAs and
patients in a dataset, respectively, where n = n. + n, is the total number of samples
across the two classes (control n. and drug resistant n,). The complexity to compute
the class-wise mean and standard deviation of expression values for each miRNA in
the z-score (Eq. 3.6) is O(mn). After obtaining fuzzy relevance membership for each
sample for every expression value of miRNA, the complexity for determining the lower
approximation region, relative frequency, and relevance entropy is also O(mn), O(mn),
and O(mn), respectively. The total complexity to compute z-score based relevance

entropy is O(mn + mn + mn + mn) ~ O(mn).

Redundancy Entropy Computation: In z-score based redundancy entropy com-
putation in WFIFRRRE, the whole expression profile of a miRNA is treated as one
“class” against every other miRNA’s profile as the second “class,” and then the z-score
is calculated. This is repeated for all the miRNAs. If the membership calculated for
each miRNA is reused while computing the redundancy w.r.t. other miRNAs, then the
complexity involving aggregations across all m(m — 1) ordered pairs over n samples for

pairwise combinations is O(m?n).

Integration of Relevance and Redundancy Entropies: The complexity to
integrate relevance and redundancy entropies with a weight is O(m). When the weight,
say w, varies from 0 to 1 in steps of 0.01, the complexity to rank the miRNAs at various

values of w is O(wmlogm).

Patient Classification using selected miRNAs using SVM classifier: The
complexity for linear SVM with leave one out cross validation is O(wn d) [166] where d
is the number of selected features. In WFIFRRRE, d is 1% of total miRNAs).

Hence, the computational complexity of WFIFRRRE is
O(mn + m*n + wmlogm) + O(w,n,d).

For high-dimensional miRNA expression data (m > n and m > w), the complexity for

redundancy entropy, O(m?n), will dominate.
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3.6 Biological Evaluation

The biological relevance of miRNAs selected by WFIFRRRE is shown in Table 3.7.
Their type of regulation, role in tumour, and target genes are also shown in the table.

The role of some of those miRNAs are discussed now.

Lymphoblastic: MiR-125b advances the tumorigenicity of BCR-ABL protein and
shows resistance towards vincristine and daunorubicin drug in upregulation with miR-

100 and miR-99a [77].

Lung: MiR-483-5p is upregulated in progression of lung adenocarcinoma and it is
dysregulated in some other cancers also. MiR-483 is over-expressed in malignant tumor
than in benign tumor and it regulates more than 100 genes. Among them 7 genes
(ALCAM, FOXJ2, FOX3, RHOGDHI1, NDRG2, SOX11, and TFAP2B) are involved
in suppression of cancer metastasis [167]. MiR-410 promotes epithelial-mesenchymal
transition (EMT) and radio-resistance in non-small cell lung cancer (NSCLC) cell lines.
MiR-410 is upregulated in NSCLC than non-cancerous bronchial epithialial cell lines
and promotes cell invasion as well as migration. Hsa-miR-27a shows resistance towards
four drugs such as AZD, Erl, Gel, G6 [156].

Ovarian: MiR-324-3p is upregulated by silencing gene AS1 which prevents cell
growth. MiR-513-3p is underexpressed in ovarian cancer than other cancers. Over-
expression of miR-513a-3p may enhance sensitivity towards the drug cisplatin used in
ovarian cancer. [168]. MiR-~149 shows sensitivity to cisplatin by suppressing the pro-
liferation in ovarian cancer cell lines. MiR-~149-5p expression is upregulated in chemo-
resistant ovarian cells. MiR-615-3p suppresses the tumor and its over-expression prevents
the proliferation of NSCLC cell lines and reverses the antimatastatic ability of IncRNA
HOXA [169].

Esophageal: MiR-20b is downregulated and found to be resistant to drugs in A2780
and A2780/CF70 cell lines. MiR-125a-5p_st is upregulated and increases the cytotoxic
effect of cisplatin [170]. MiR-221-3p is sensitive to anti-cancer treatment and dysregu-
lated in different chemotherapeutic-resistant cells. MiR-27a-3p is sensitive to radiation
and chemotherapy in esophageal cancer cells. MiR-191-5p is dysregulated in esophageal
cancer and shows resistance towards the drug cisplatin [76]. MiR-204 is upregulated and
shows sensitivity towards the drug 5-FU. MiR-204 is seen to be down-regulated in many

other cancers also.

Colon: MiR-92b-3p shows a higher expression level in tumors of patients who
responded to the drug bevacizumab and folfox. MiR-708-5p shows up- and down-
regulation in CRC. Its role in prostate and ovarian cancer is also observed. MiR-~224

shows resistance towards methotrexate drug resistance, where it is underexpressed [72].
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Table 3.7: Biological relevance of the miRNAs selected by WFIFRRRE.

Cancer miRNAs Regulation | Role/Function Target genes
324-3p Down Suppressor WNK2
940 Down Suppressor PKC-§, SRC
19a Up cell invasion, PTEN
Ovarian migration, and
proliferation
149 Up OncomiR MSTI,
FOXM1, SAV1
615 Up Cell-growth, NF-kB2,
tumorigenesis HOTTI1P
and apoptosis
513-3p Down chemotherapy SMAD4, NFKBI,
Resistance SMAD3, TP53
and HNF4A
499-3p Up cell apoptosis, NBN
Breast proliferation
21 Up control cell HER2, CYP1BI,
proliferation, PDCD4, KRAS,
apoptosis, NOTCHI1, BCL-6
resistant to
Doxorubicine
26b Down Suppressor METTLS,
MALATI,
HMGA2
1305 Up modifies Not available
cancer genes
410 Up metastasis Not available
Lung 27a Up OncomiR, cell RXRalpha,
proliferation BCL-2
483-5p Up Invasion, ALCAM,
metastasis RHOGDI1
100 Up induced MALATI1, DNTT,
Lvmnho- 99a apoptosis, SNRPE, KIF5B,
ymp 125b proliferation, NUCKS1, PNOL,
blastic RPS11, SET,
PRPS2, RPL23A,
RPL38
99b Dys Cisplatin and
Squa- 18a Dys 5-FU KRAS
125a-5p Down resistant ERBB2
mous 1226 Dys
935 Dys
505 Dys patients’ Not available
survival
224 Up suppressor ADIPOQ, SMAD4,
Colon M ADHI1D, IL1R
149 Down OncomiR and FOXMI1, SP1,
suppressor SRPX2, GPC1
suppressor EphB3
193b Dys metastasis Not available
770-5p Down proliferation HIPK1
365 Down Suppressor Mybl2
30e-st Down proliferation, RPS6KB1
invasion
125a-5p-st Low promotes STAT3, ERBB2
Esoph- proliferat'%on
apoptosis
ageal 221-st Dys Sensitive to Not available
drugs
2Ta-st Dys
191-st Dys
20b-st Up metastasis TP53INP1, RB1
224-st Up OncomiR or PHLPPI,
Up suppressor PHLPP2
485-5p Down Suppressor MCL1
Colon FUj 488 Down Suppressor Not available
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Breast: Dysregulation of miR-21 is found to increase resistance of CYP1B1, K-RAS,
NOTCHI1 genes towards the drug doxorubicine (DOX) in breast cancer [71]. Down-

regulation of hsa-miR-320b is found to be correlated with lymph node metastasis.

Squamous: MiR-935, 1226, 99b, and 125a-5p are found to be resistant towards the
drug 5-FU and sensitive towards chemotherapy in squamous cell carcinoma. 125-5p

also shows resistance towards cisplatin in EAC and sensitivity towards chemotherapy.
Mir-99b is found to be resistant towards cisplatin in both EAC and ESCC [76].

3.7 Discussion and Conclusion

Two new z score based relevance and redundancy entropies and a way to integrate them
in a weighted framework, called WFIFRRRE, for selecting drug resistant miRNAs and
classifying patients are presented. The fuzzy membership of each miRNA expression
value is computed using the ratio of z scores from one class to the other and these
membership values are used to determine the fuzzy rough membership of expression
values in lower and boundary regions. The average frequency of expression values of a
miRNA in the lower and boundary region of the fuzzy rough set is then determined to
compute the relevance and redundancy entropies of each miRNA. Finally, the entropies
are integrated through weights in a supervised manner to rank the miRNAs and a
portion of miRNAs is selected based on the user’s choice. The method, WFIFRRRE,
integrates relevance and redundancy of miRNAs in a systematic way to improve the
patient classification process. It also judiciously integrates fuzzy logic (FL) and rough
set (RS) in the soft computing paradigm. This concept helps not only in handling
uncertainty in normal and cancer class overlapping but also in determining the exactness
of class size. In soft computing, FL. and RS are complementary rather than competitive
in nature. Hence, these components are combined in WFIFRRRE for designing a better

feature selection technique. This is also a challenging issue in soft computing research.

The classification performance of WFIFRRRE is evaluated using top 1% of the miR-
NAs on eight datasets. The F score values of classification results, using selected miR-
NAs, range from 0.73 to 1.0 for various datasets. WFIFRRRE performs better in 404
out of 416 cases while comparing it with other existing methods for various performance
measures such as sensitivity, specificity, accuracy, F score, and MCC. Additionally,
WEFIFRRRE performs better than EDWFC in 124 out of 128 cases. WFIFRRRE also
deals with imbalanced datasets, such as esophageal and squamous, where the number
of control patients is greater than the drug resistant patients. Hence, WFIFRRRE is
more robust than EDWFC. On the other hand, EDWFC is more interpretable than
WFIFRRRE as it utilizes the known drug resistant miRNAs from existing literature as
biological knowledge to identify the relevant miRNAs. Moreover, the F' scores achieved
by WFIFRRRE are also found to be better when variable percentages of miRNAs are
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used for selection. For 7 out of 8 datasets, the peaks of the curves are observed at 1% of
the selected miRNAs. This indicates that not all miRNAs are important in control and
drug resistant patient classification and WFIFRRRE can serve the purpose of selecting

miRNAs associated with drug resistance in cancer using expression data.

The miRNAs selected by WFIFRRRE are also validated using different existing bio-
chemical /biological studies. Most of the selected miRNAs by WFIFRRRE are mentioned
in these investigations. Further, the F' score achieved by WFIFRRRE is 0.91 in colon
FU where 6 miRNAs are selected. Interestingly, only two miRNAs (485-5p and 488)
are found in previous investigations. Hence, the other miRNAs maybe relevant ones in
colon cancer and need to be validated in biochemical labs in future. As the findings on
different datasets show the importance of WFIFRRRE;, it can be also helpful in finding
drug resistant miRNAs at different stages of cancer where expressions are available for
different stages. Multiclass cancer patients can also be classified using WFIFRRRE by

modifying the membership function for multiple class.
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Chapter 4

Interpretable Convolutional
Neural Network for Selecting
miRNAs from Multiple Cancer
Classes and Cancer Subtypes

through Pan-cancer Analysis

4.1 Introduction

In the previous two chapters, frameworks for identifying drug resistance miRNAs are
discussed, and thereafter classifying control and drug resistant patients (two class prob-
lem). In this chapter, a methodology is developed for identifying miRNAs for various
cancer classes and classifying multiple classes of cancer patients (multiclass problem).
The data with various classes of cancer patients is known as pan-cancer data. Note that,

at present, there is no drug resistant patient class in pan-cancer data.

Pan-cancer data analysis is about understanding the similarities and dissimilarities
of miRNAs or genes in different cancers [171]. The analysis can be carried out using
miRNA expression data, which may help in the identification of miRNAs in various
cancers. There are certain challenges in designing a computational framework for pan-
cancer analysis using miRNA expression data such as some miRNAs may be relevant to
more than one cancer class, or some miRNAs may not be relevant at all. Further, the

pan-cancer miRNA data is high dimensional and complex (HDC) in nature.

Recently, deep learning models, especially convolutional neural networks (CNNs),
gained popularity in HDC data. Hence, to handle HDC pan-cancer data we developed a

one dimensional CNN (1D CNN) based framework for pan-cancer analysis using miRNA
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expression data. From the existing studies, it is observed that there is no 1D CNN model
for miRNA expression analysis which is optimized in layers as well as hyperparameters.
Further, there is an existing interpretable 1D CNN model for gene expression [131], but
not miRNA expression, that interprets the behavior of the networks but lacks in sensitiv-
ity [172] as it uses gradient technique to generate class activation maps. In this situation,
we incorporated interpretability in CNN model, called interpretable convolutional neural
network model (ICNNM). The novelties of ICNNM are as follows:

i) The number of layers in ICNNM is optimized using Bayesian optimization with a

multivariate tree parzen estimator (BoMTPE).
ii) The values of hyperparameters for various layers are also optimized using BOMTPE.

iii) An expected gradient method is used to interpret the developed model which takes
care of sensitivity and implementation invariance [173]. The method is used to compute
SHapley Additive exPlanations (SHAP) values which provide a good interpretation of
the model for identification of miRNAs. For each miRNA, the absolute values of SHAP
are computed for test patients and the average is considered as an attribution score for
that miRNA.

ICNNM contains a dropout layer at the end of each hidden layer (total 3 hidden layers
with one dropout layer in each). This enables every neuron to play a role in solving the
task, ensuring that none of them becomes overly specialized in a specific aspect [174].
Note that, till now 1D CNNs are applied for expression analysis without dropout layer.
Hence, this addition of a dropout layer in each hidden layer can be considered as an
improvement to the existing CNN architectures that are applied for expression analysis
only. Once the architecture is fixed, Bayesian optimization with multivariate tree parzen
estimator (BoMTPE) is used for optimization of the model. The model optimized in
terms of layers as well as other hyperparameters is finally used to classify pan-cancer and
cancer subtype miRNA expression data from the TCGA database [88]. Later, an miRNA
importance score for ranking miRNAs in each class is developed using Shapely additive

explanation (SHAP). SHAP values are computed using expected gradient technique.

The performance of ICNNM is compared with various related CNN models and some
popular boosted classifiers using seven datasets. The performance is evaluated in terms
of training and test performance. The training performance is determined in terms of
train accuracy, train error, validation accuracy, and validation error. The sensitivity,
specificity, accuracy, F-score, and MCC measures are used for test performance eval-
uations. For cross validation, the stratified k-fold validation technique is used. The
training performance of ICNNM is compared with related CNN models, whereas test
performance is evaluated by comparing ICNNM with related CNN models, pan-cancer
classification techniques using miRNA /gene expression data, and some popular well-
established boosted classifiers. The ICNNM model performed better than the compared

methods in most of the cases.
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The chapter is organized in five more sections. Section 4.2 offers a comprehensive
summary of datasets used in the study. The developed methodology is outlined in
Section 4.3 and Section 4.4 explores the experimental results. Section 4.5 presents a

discourse on the efficacy and significance of the results.

4.2 Datasets

The TCGA [1] is a comprehensive database for pan-cancer analysis. The nature of
pan-cancer data in TCGA is based on genomics, imaging, and transcriptomics. The
TCGA collaborators analyzed the data and developed various computational tools such
as the cancer imaging archive (TCIA), the cancer proteome portal (TCTP), Xena, etc.
Among them, Xena [88] is a public repository to generate expressions from transcrip-
tomic profiles of miRNA sequences. Here, the expression of a miRNA is represented by
loga(RPM +1) where RPM denotes reads per million mapped reads. The pan-cancer re-
lated miRNA sequencing data are generated by Micheal Smith Genome Sciences Center
(GSC) and then submitted to the cancer genome atlas (TCGA). The data is reported
in raw read counts, reads per million (RPM) and their expressions. The expressions of
sequences are submitted in two forms, isomiR and stem-loop, which are vectors of non-
zero values carrying relative information. The expressions are represented as a matrix
that contains the number of times a sequence successfully aligns with a given reference
sequence. For a particular miRNA, the abundance of sequences with respect to the

reference sequences provides the expression level.

Xena is used in this investigation to download the data. After downloading the data,
miRNAs with more than 20% of missing expressions are removed. For the remaining
miRNAs, the K-nearest neighbor imputation [175] method is used to impute the missing
expression values. Finally, the miRNA expressions are normalized between 0 and 1 to

use them as input for various computational models.

The dataset is described in Table 4.1. It contains 1882 miRNAs and 11,119 samples
from 55 classes (33 cancer and 22 normal classes). The number of cancer samples in
each class is provided in the third column. In the same column the name of the class
is shown in parenthesis. Their full forms are available at the url provided in [1]. There
are eleven classes such as ACC, LAML, etc. in the fourth column that contains no
normal sample. Hence, those cancer samples whose corresponding normal samples are
not available can only be used to distinguish them from other cancer samples. The breast
subtype dataset is downloaded from [8]. In Table 4.2, additional information about full
forms of the different cancers, the number of normal and cancer patients (sample size)

in each cancer, and the sources of each dataset are provided.

The original pan-cancer dataset is divided into 6 datasets and the outline of those

datasets is provided in Table 4.3. The classified pan-cancer (CP) data in the second
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Table 4.1: Outline of original pan-cancer data. The full forms of the abbreviations of

the studies are available in Table 4.2.

Dataset | Number of Number of Number of Final
miRNAs cancer normal data
samples samples
Original 1882 79 (ACC) + 413 (BLCA) 0 (ACC) + 19 (BLCA) 11,119
pan- + 1098 (BRCA) + 309 (CESC) | + 104 (BRCA) + 3 (CESC) | (55 classes)
cancer + 36 (CHOL) + 453 (COAD) + 9 (CHOL) + 8 (COAD)
data + 47 (DLBC) + 185 (ESCA) | + 0 (DLBC) + 13 (ESCA)
+ 5 (GBM) + 525 (HNSC) + 0 (GBM) + 44 (HNSC)
+ 66 (KICH) + 521 (KIRC) | + 25 (KICH) + 72 (KIRC)
+ 292 (KIRP) + 188 (LAML) | + 34 (KIRP) + 0 (LAML)
+ 530 (LGG) + 375 (LIHC) + 0 (LGG) + 50 (LIHC)
+ 518 (LUAD) + 478 (LUSC) | + 46 (LUAD) + 45 (LUSC)
+ 184 (PCPG) + 87 (MESO) | + 0 (MESO) + 0 (OVAR)
+ 498 (OVAR) + 179 (PAAD) | + 5 (PAAD) + 3 (PCPG)
+ 499 (PRAD) + 162 (READ) | + 52 (PRAD) + 2 (READ)
+ 263 (SARC) + 450 (SKCM) + 0 (SARC) + 2 (SKCM)
+ 436 (STAD) + 156 (TGCT) + 41 (STAD) + 0 (TGCT)
+ 514 (THCA) + 124 (THYM) | + 59 (THCA) + 2 (THYM)
= 10,349 (33 classes) =670 (22 classes)
Table 4.2: Pan-cancer study type along with their abbreviations, sample sizes, and
sources.
Cancer Abbreviations No. of samples References
Cancer | Normal
Acute Myeloid Leukemia LAML 188 0
Adrenocortical Carcinoma ACC 79 0 [176]
Bladder Urothelial Carcinoma BLCA 413 19 [177,178]
Breast Ductal Carcinoma BRCA 1098 104 [179]
Cervical Carcinoma CESC 309 3 [180]
Cholangiocarcinoma CHOL 36 9 [181]
Colorectal Adenocarcinoma COAD 453 8 [182]
Esophageal Carcinoma ESCA 185 13 [183]
Stomach adenocarcinoma STAD 436 41 [184]
Glioblastoma Multiforme GBM 5 0 [185,186]
Head and Neck Squamous Cell Carcinoma HNSC 525 44 [187]
Hepatocellular Carcinoma LIHC 375 50 [188]
Chromophobe Renal Cell Carcinoma KICH 66 25 [182]
Clear Cell Renal Cell Carcinoma KIRC 521 72 [189]
Papillary Renal Cell Carcinoma KIRP 292 34 [190]
Lower Grade Glioma LGG 530 0 [191]
Lung Adenocarcinoma LUAD 518 46 [192]
Lung Squamous Cell Carcinoma LUSC 478 45 [193]
Mesothelioma MESO 87 0 [194]
Ovarian Serous Adenocarcinoma OVAR 498 0 [195]
Pancreatic Ductal Adenocarcinoma PAAD 179 5 [196]
Paraganglioma & Pheochromocytoma PCPG 84 3 [197]
Prostate Adenocarcinoma PRAD 499 52 [198]
Rectum adenocarcinoma READ 162 2 [199]
Sarcoma SARC 263 0 [200]
Skin Cutaneous Melanoma SKCM 450 2 [201]
Testicular Germ Cell Cancer TGCT 156 0 [202]
Thymoma THYM 124 2 [203]
Thyroid Papillary Carcinoma THCA 514 59 [204]
Uterine Carcinosarcoma Uucs 57 0 [205]
Uterine Corpus Endometrioid Carcinoma UCEC 542 33
Uveal Melanoma UVM 80 0 [206]
Lymphoid Neoplasm Diffuse Large B DLBC 47 0

row contains only 33 cancer classes and it is used to classify patients with cancer only.
This dataset cannot be used to identify a normal patient from cancer. Hence, to address
this issue all normal samples are combined in one class with 33 cancer classes in the

classified pan-cancer and normal (CPN) dataset and presented in the third row of Table
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4.3. In the fourth row of Table 4.3 the classified normal (CN) dataset is described.
Here, only normal samples are used to determine the role of miRNA in normal sample
classification. In the fifth row of the table, classified pan-cancer classified normal (CPCN)
data is presented where the combination of cancer and normal samples will be used to
classify normal and cancer samples for each cancer class. The sixth and seventh row of

the table describe the kidney and lung subtype datasets.

The eighth row of Table 4.3 describes the breast subtype data. As mentioned earlier,
Finally, the ninth and tenth row of the table

describes two rare cancer datasets, bone and soft tissue sarcoma (GSE124158) [207] and

this dataset is downloaded from [§].

nasopharyngeal carcinoma staging (GSE32960) [208]. These datasets are downloaded
from Gene Expression Omnibus (GEO) [135]. In summary, the ICNNM is evaluated
on 9 datasets among which 6 datasets (4 general pan-cancer and two subtypes) are
derived from a single TCGA pan-cancer dataset, one dataset is downloaded as Breast
sub-class from TCGA, and two datasets, nasopharyngeal carcinoma and bone and soft

tissue sarcoma, are downloaded from GEQO as rare cancer ones.

The abbreviations of the derived datasets, namely, classified pan-cancer, classified
pan-cancer and normal, classified normal, and classified pan-cancer classified normal
are CP, CPN, CN, and CPCN, respectively. The same abbreviations are used through-
out the article to represent these datasets. In the original pan-cancer data, out of
22 normal classes the number of samples in 6 classes (CESC, PAAD, PCPG, READ,
SKCM, THYM) are five or less. Hence, those classes are removed from the derived
datasets in Table 4.3. The derived datasets from original pan-cancer data are available

at https://www.isical.ac.in/~shubhra/icnnm.html.

Table 4.3: Summary of datasets. The datadets in rows 2 to 7 are derived from the
original pan-cancer dataset in Table 4.1. The Breast dataset is not a derived one.

Dataset Number of Number of Number of Final
miRNAs cancer normal data
samples samples
Classified 1882 10,349 0 10349
pan-cancer (CP) (33 classes) (33 classes)
Classified 1882 10,349 670 11,119
pan-cancer (33 classes) (1 class) (34 classes)
and normal (CPN)
Classified 1882 0 670 653
normal (CN) (22 classes) (16 classes)
Classified 1882 10,349 653 11,002
pan-cancer (33 classes) (16 classes) (49 classes)
classified
normal (CPCN)
Kidney 1882 879 130 1009
(KICH, KIRC, KIRP) | (KICH, KIRC, KIRP) | (6 classes)
Lung 1882 996 91 1087
(LUAD, LUSC) (LUAD, LUSC) (4 classes)
Breast 1035 136 (BASAL) +
65 (HER2) + 25 817
176 (Luminal B) + (normal) (5 classes)
415 (Luminal A)
=792
(4 classes)
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4.3 Interpretable Convolutional Neural Network Model

In the literature, most of the existing CNN models for expression analysis transform the
expression into an image and use it as an input to a 2D CNN model. The 2D CNN model
requires millions of parameters while training even when expressions can directly be used
as an input to a one dimensional CNN. There are few works for expression analysis using
1D CNN [53,131,132], but they are not optimized in layers as well as hyperparameters,
and the number of layers also varies for different models. Further, a deep learning
technique that interprets the behavior of the model is still missing for pan-cancer miRNA
expression data. Hence, we develop an optimized 1D CNN model called interpretable
convolutional neural network model (ICNNM) to address the aforementioned issues.
The developed ICNNM is comprised of three major parts, namely, network architecture,
optimization of hyperparameters, and interpretation of the developed model. In the
architecture, a dropout layer is added at the end of each hidden layer which removes
some neurons with a probability in each step to ensure that none of them becomes
overly specialized. After designing the architecture of the CNN model, the number of
layers and the other hyperparameters are optimized using Bayesian optimization with
a multivariate tree parent estimator (BoMTPE). Later, expected gradient technique is
used to compute Shapely additive explanation (SHAP) to interpret the ICNNM. These
parts of ICNNM are explained as follows: the network architecture is explained in Section
4.3.1, the optimization of user-defined hyperparameters, including the layers, is discussed
in Section 4.3.2, and the interpretation of the developed model is provided in Section
4.3.3.

4.3.1 Network Architecture

The main network of the ICNNM contains 7 kinds of layers. Among those layers,
the first three are hidden layers. Each of them also contains four kinds of layers: (i)
convolutional layer for extraction of features from the data, (ii) batchnormalization
layer for normalizing the distribution of neurons in the convolutional layer, (iii) pooling
layer for dimensionality reduction of output from batchnormalization layer, and (iv)
dropout layer for eliminating some neurons to avoid overfitting. The remaining three
layers among seven kind of layers are: (v) flatten layer to transform the input from
previous layer into a single array, (vi) dense layer to generate the feature combination
for classification layer, and (vii) softmax layer to find the distribution of data over

different classes. Now we discuss about these layers in detail.

Convolutional Layer: Features extraction from the data is performed in the convolu-
tion layer. Extracted feature maps which are transmitted to the next layer are obtained
using 1D kernel. Feed forward propagation in 1D CNN from previous layer (I — 1) to

next layer (1) is defined as:
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Gr | Sty (1)
kEMj

where X? and bé- represent the j** feature map and bias of I** layer, respectively, wfc y
is the weight between k" neuron at I — 1 layer and j** neuron at layer [, x represents
convolution operation, Xfl is the feature output from k** neuron at I — 1 layer, M. j is

the size of input feature, and f(.) is the activation function.

Activation Functions: Activation functions are mathematical formulation in neural
networks that decide activation/non-activation of neuron in the network. Two activation
functions as LeakyReLu and Softmax are used in this architecture where LeakyReLu
[209] is used in convolutional and dense layers, and Softmax [210] is used later in output

layer as a classifier. The LeakyReLu is defined as:

x, ifx>0, and
flz) = (4.2)

ax, otherwise

where x is the input feature to the network.

BatchNormalization layer: Training deep neural networks is difficult due to variations
in the distribution of network activations and this behavior is known as internal covariate
shift. This problem is addressed by introducing batchnormalization in the network.
Batchnormalization reduces the internal covariate shift and accelerates the DNN training

by fixing mean and variance of input layer [211].

Pooling Layer: The pooling layer is also known as downsampling layer. It reduces the
feature map size and decreases the number of parameters while maintaining translation

invariance. The pooling layer can be expressed as:

Xy=r <ﬁjl * downsampling (Xﬁc_l) + b§> (4.3)

where Bé- and bé- are the multiplicative and additive biases.

Dropout layer: Dropout is a regularization technique for neural network. In dropout
layer, each neuron is kept with a probability p such that it can be dropped with proba-
bility (1 — p) [212]. Dropout is defined as:

r=rx*f(Wx) (4.4)

where x denotes the size of binary mask vector with each element drawn independently
from m; ~ Bernoulli(p) and * denotes the element wise product. Bernoulli(p) represent

the Bernoulli distribution.
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Flatten Layer: The flatten layer receives the output from the last layer and transforms
the multi-dimensional output into a single-dimensional vector. This transformation is

known as flattening [213].

Dense Layer: Dense layer consists of neurons connected to every neuron from the
previous layer. It is also known as fully/completely connected layer. The input is 1
dimensional data and the output is a feature vector. The function for dense layer is
defined as:

X =Y whis a4+ bt (4.5)
=1

where Wilj_i is the weight connecting i neuron of previous layer and the j** neuron
(=1 th

i is the input from ** neuron of previous layer, bé-_l represent the

of current layer, a

bias of the j'* neuron in the current layer, and f(.) is the activation function.

Softmax layer: This layer computes probabilities of an input feature vector into a
class. It is often used in multi-class classification problems where an input can belong
to one of several classes [210]. The softmax function is defined as:

eri

f(ﬂfz‘):m

(4.6)
where ¢ is the number of output classes.

A loss function is constructed for the network in the developed framework and pre-

sented as:

loss = CE(y', yP) + A Z sz (4.7)
j=1

here CE(y!, yP) represents the categorical cross entropy between true label (y') and
predicted label (y*), and A3 5_; VV]-2 is the regularization terms in which X is the hyper-

parameter. CE(y;,yp) is further extended and the new loss equation is defined as:

N ¢ c
1
loss = N Z Z(yfj log(y;)) + A Z T/Vj2 (4.8)
i=1

i=1 j=1

where N and c¢ represent the number of instances and classes, respectively.
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4.3.2 Optimization of Hyperparameters

Hyperparameters can control the learning parameters of a model [214]. Optimization of
hyperparameters can be done automatically through optimization algorithms or man-
ually. Some of the widely known optimization algorithms for hyperparameter tuning
are random search, grid search, particle swarm optimization, genetic algorithms, and

Bayesian optimization (BO) algorithms [215].

Here, Bayesian optimization using multivariate tree parzen estimator (BoMTPE) is
used as a hyperparameter tuning algorithm as it finds the inter-dependencies among
hyperparameters if any. BO belongs to the informed search methods where the search

algorithm learns parameters from previous iterations to find a better search space [216].

Initially, the number of layers, kernels, filters, batch size, dropout rate, pooling size,
and dense size are set to 1, 2, 32, 32, 0.1, 2, and 64, respectively. After that, they
are varied in steps of 1, 1, 1, 16, 0.01, 1, and 1 till they reach 6, 5, 256, 128, 0.5, 5,
and 256. This is performed using BoOMTPE. The BoMTPE finds the optimum values
of hyperparameters using a stratified k-fold cross-validation method. The value of k
is chosen as 10 and the maximum number of epochs for ICNNM is fixed at 50, as
inspired by many studies [217-219], for each fold during training. The objective is to
minimize the validation error. An early stopping criterion is implemented to determine
the optimal number of epochs by monitoring performance and enhancing the fitness of
the model. The model stops if it observes that the validation error has not changed for
five consecutive epochs. The optimized hyperparameters are reported in Table 4.4. It
can be observed from the table that the optimal number of layers in ICNNM is 3. The
batch size (128) and dropout layer rate (0.10) are obtained as the same for all three
layers. The filter size and pooling size for the 3 layers in sequence are 121, 107, and 103,
and 2, 3, and 2, respectively.

Table 4.4: Optimal hyperparameters for ICNNM.

Layer | Filter Size | Batch Size | Pooling Size | Dropout Rate
Layerl 121 128 2 0.10
Layer2 107 128 3 0.10
Layer3 103 128 2 0.10

4.3.3 Interpretation based Attribution Score

Interpretation of a deep learning model involves examining the model’s prediction based
on feature (in our case miRNA expression) contribution. Interpretable methods can be
categorized into two classes, namely, local interpretation and global interpretation [220].
Local interpretation of a model helps to understand the decision making capability of
a model for a single instance [221] while global interpretation models determine the
overall behavior of the model [150]. SHapley Additive exPlanations (SHAP) are often
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used as global explanation approaches. SHAP uses the coalition game theory concept
for a fair distribution of payout among features based on their contributions [222]. The

contribution of a feature is calculated as:

=y P EED U ) @)

sC{x1,z2,....xm }\{j}

where s represents the subset of features, m is the number of miRNAs to be in-
terpreted, and x is the vector of miRNA expression values to be interpreted. fy(s)
represents the prediction for miRNA expression values in the set s that are marginalized

over the set of miRNAs that are not included in set s. f,(s) can be computed as:

Fals) = / F@1, - 20) dPogs — Ey(f(x)) (4.10)

where [ f (1,2, ..., Tn) dPyg, is the multiple integrations performed for each miRNA

not contained in s. E,(f(x)) represents the mean estimation.

This interpretation method helps in finding those miRNAS whose expressions for
different classes are responsible for class label prediction. A miRNA attribution score
based on expected gradient [173] is computed which follows two of the fundamental
axioms sensitivity and implementation invariance [172].

Sensitivity: If two instances say I1 (input) and 12 (baseline) differ in one feature
and predict different outcomes then the feature differing in one instance from the other
should be given a non-zero contribution value.

Implementation Invariance: Two networks are considered equal if they generate

the same result for the same input despite differing implementations.

Expected gradient (EG) is computed due to lack of specific baseline knowledge. Ex-

pected gradient can be computed as:

1 ZL‘I a X IZ‘—ZL', ’ ’
EGi(az):/m/((xi—:E;)x/a:O OF( +8xi( D da) x pp(z)da (4.11)

where EG;(z) is the EG of input z along with i** dimension, z’ is the baseline,
and both z, 2" € R™. pp and a indicate the data distribution and the progress along
the integration path, respectively. Integration path is the path along which the inputs
are integrated from a baseline to the actual input to compute the attributions. EG,
being a path method, fulfils the axiomatic properties of sensitivity and implementation

invariance [173].

To interpret the model, a subset of sample is used as an input to the network to

compute SHAP values of each miRNA, using Eq. 4.9, that determines their contribution
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in class prediction. Based on the SHAP values, a miRNA attribution score is computed
using the mean of absolute SHAP value of each miRNA across all samples in each class.
Attribution score of a miRNA determines the expression of that miRNAs responsible
for that particular class label prediction. It also helps us to rank the miRNAs in a class

based on their participation in that particular class.
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Figure 4.1: Schematic diagram of the ICNNM framework. The dotted rectangle repre-
sents the 1D CNN architecture of the developed model and the dashed rectangle shows
the part which is optimized (Optimization of hyperparameters). Here, k and n represent
the number of samples and number of miRNAs in data, respectively.

A schematic diagram of the ICNNM is shown in Fig. 4.1. It contains the three major
parts as discussed above. While the data input is provided in the convolution layer, the
output is obtained from the output layer termed as the softmax layer. The source code
for ICNNM is provided on Github page https://github.com/joginder12/ICNNM.

4.4 Experimental Evaluations

In this section, we discuss the performance and interpretability of ICNNM. In Section
4.4.1, we compare the classification performance of the ICNNM with related CNN mod-
els, miRNA or gene selection techniques, and some popular classifiers. Afterwards, to
interpret the ICNNM, SHAP values of miRNAs in each class are computed using ex-
tended gradients for identifying the responsible miRNAs in class prediction mechanism.
The SHAP values are further used to calculate the attribution score of each miRNA in
each class as mentioned in Section 4.3.3. The miRNAs with higher attribution scores
are considered to be important and selected for further analysis. The analysis of the se-
lected miRNASs is performed in terms of UMAP projection, student t-test, and biological

significance in Sections 4.4.4, 4.4.5, and 4.4.6, respectively.
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4.4.1 Comparison with Other Methods

To show the efficiency of the ICNNM, the classification performance of the model is
compared with several methods. These methods, including ICNNM, are implemented in
Python language using Intel(R) Xeon(R) CPU E3-1270 V2 @ 3.50 GHz processor and
32 GB RAM. While the classifiers gradient boosting (Gboost), random forest (RF), and
support vector machine with radial basis function (SVM-RBF) are available with the
Sklearn package, the Catboost and extreme gradient boosting (XGboost) classifiers are
available in packages with the same name. These methods along with their parameters

are described as follows:

e One layer CNN model (Base-CNN) [131]: The implemented model consists of one
hidden layer and one dense layer. Relu and ADAM are used as activation function
and optimizer, respectively. The hyperparameters are number of filters (71), filter
size (5), and pool size (2). The optimized values of hyperparameters are obtained

using grid search.

e Stacking ensemble-based CNN (Ens-CNN) [53]: The architecture of this CNN
model is similar to that in [131] but the hyperparameters are different. The model
is implemented as mentioned in [53] where the hyperparameters are number of
filters (32), filter size (13), and pool size (2).

e Laplacian and CNN (LS-CNN) based model [132]: In the implementation process,
first the Laplacian is used to select the miRNAs, and then the CNN is used for the
classification of patients using the selected miRNAs. The CNN is comprised of 6
hidden layers and each layer is comprised of a convolutional layer, a pooling layer,
a batch normalization layer, and a relu activation function. Stochastic gradient
descent is used as an optimizer. The filter sizes are 1, 8, 16, 32, 64, and 128 for
six convolution layers. Max pooling operation is used in the pooling layer. Some
additional regularization techniques, such as padding and stride, are also used in

each convolution layer.

e GradientBoosting (Gboost) [140]: The parameters used in the command for run-
ning the GBoost classifier from SKlearn package are n_estimators=100, learn-
ing rate=0.1, max_depth=3, and random_state=42. Here, n_estimators is the num-

ber of trees and max_depth is the depth of each tree while splitting.

e Random Forest (RF) [140]: The parameters of RF from SKlearn package are
n_estimators=100, criterion="‘gini’, min_samples_split=2, and random_state=42.
Here, min_samples_split indicates the number of splits for a node in a tree. The

Gini entropy measure is used as a classification function.

e SVM-RBF: In [119], it is mentioned that the SVM-RBF from Sklearn package is
used. The parameters used for SVM-RBF are kernel=‘rbf’;, C=1.0, and gamma="‘scale’.

86



The C and gamma are parameters for RBF where the gamma parameter implies
the range of the influence of a training sample, and C indicates the trade-off be-
tween the correct prediction of the training sample and the margin of decision

function.

e Catboost [148]: The parameters for Catboost classifier are iterations=1000, learn-
ing_ rate=0.1, depth=6, and loss_function=‘MultiClass’. Here the loss function is

multiclass cross entropy loss and the depth indicates the depth of each tree.

e XGboost [152]: The parameters for XGboost classifier are objective=‘multi: soft-
max’, max_depth=3, learning_rate=0.1, and n_estimators=100. Softmax is used

as a multiclass classification function.

Seven datasets CP, CPN, CN, CPCN, breast, kidney, and lung are used for comparing
different methods. Each dataset is partitioned into train and test sets where 70 percent
of the data is used for training, and 30 percent of the data is kept separately for testing.
Stratified k-fold (keeping k = 10) cross-validation is performed using this 70 percent of
data where out of k folds, k-1 folds of the samples are selected to train the proposed
ICNNM model, and the remaining one fold of samples is used for the validation process.
After training and validation, the performance of the ICNNM is evaluated with the

remaining 30 percent of the test data.

The training performance of ICNNM, Base-CNN, Ens-CNN, and LS-CNN is evalu-
ated in terms of training accuracy, training error, validation accuracy, and validation
error. The results are reported in Table 4.5. The best results are obtained for ICNNM
for all the 48 cases. For example, the training accuracy, training error, validation ac-
curacy, and validation error for ICNNM using CPCN data are 0.991, 0.061, 0.999, and
0.043, respectively. The second best result is obtained for Ens-CNN.

The training and validation accuracies of ICNNM using CP, CPN, and CPCN data
are 0.9940.05 & 0.99840.03, 0.993+0.05 & 1.0040.030, and 0.99140.03 & 0.99940.043,
respectively. The Ens-CNN is second best performing method which achieves average

training and validation accuracy of 0.97 4+ 0.08 and 0.96 £ 0.145, respectively.

The variation of training accuracies with epochs for various methods are shown in Fig.
3.2 using CPN data. Six curves are plotted using the training and validation accuracies
for Base-CNN, Ens-CNN, and LS-CNN at various epoch values. It can be observed that
the gap between training and validation accuracy is minimum for ICNNM and maximum
for LS-CNN. For example, the highest gap for ICNNM is 0.05 at epoch 6 and the same
for LS-CNN is 0.19 at epoch 13. The averages of the gaps for three methods are also
computed using all epochs and they are 0.27, 0.09, and 0.39 for Base-CNN, Ens-CNN,
and LS-CNN respectively. It is observed that the average number of epochs for training
ICNNM using CPN data is 24 (maximum epochs 50) due to the early stopping criterion.
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Table 4.5: Comparing the performance of ICNNM with related CNN models. The bold
fonts indicate the best outcomes.

Datasets Methods Train accuracy | Train error | Validation accuracy | Validation error

ICNNM 0.992 0.053 0.998 0.034

Cp Base-CNN 0.958 0.150 0.912 0.374
Ens-CNN 0.971 0.091 0.962 0.123

LS-CNN 0.950 0.156 0.900 0.477

ICNNM 0.993 0.052 1.00 0.030

CPN Base-CNN 0.949 0.177 0.900 0.423
Ens-CNN 0.974 0.086 0.960 0.152

LS-CNN 0.930 0.225 0.880 0.826

ICNNM 0.991 0.061 0.999 0.043

CPCN Base-CNN 0.936 0.219 0.894 0.431
Ens-CNN 0.973 0.087 0.959 0.160

LS-CNN 0.974 0.085 0.905 0.530

The average number of epochs for CN, CP, CPN, CPCN, breast, lung, and kidney data
is observed as 35, 25, 24, 28, 18, 22, and 33, respectively.

Table 4.6: Comparing the test performance of ICNNM with different methods. The
bold fonts indicate the best outcomes.

Datasets Methods Sensitivity | Specificity | Accuracy | F-score | MCC

ICNNM 0.96 1.0 0.99 0.97 0.96

Base-CNN 0.93 0.99 0.98 0.92 0.92

Ens-CNN 0.92 0.99 0.98 0.92 0.92

LS-CNN 0.91 0.89 0.90 0.91 0.91

CP Gboost 0.78 0.99 0.89 0.88 0.88

XGboost 0.86 0.99 0.92 0.92 0.92

Catboost 0.88 0.99 0.93 0.93 0.93

RF 0.82 0.99 0.91 0.90 0.90

SVM-RBF 0.82 0.99 0.91 0.90 0.91

ICNNM 0.97 1.0 0.99 0.99 0.97

Base-CNN 0.96 0.99 0.96 0.96 0.94

Ens-CNN 0.91 0.99 0.99 0.91 0.91

LS-CNN 0.95 1.0 0.99 0.94 0.94

CPN Gboost 0.81 0.99 0.88 0.88 0.88

XGboost 0.89 0.99 0.92 0.92 0.92

Catboost 0.91 0.99 0.94 0.93 0.93

RF 0.85 0.99 0.91 0.90 0.90

SVM-RBF 0.86 0.99 0.91 0.89 0.91

ICNNM 0.95 1.0 0.99 0.98 0.98

Base-CNN 0.96 0.99 0.99 0.96 0.96

Ens-CNN 0.88 0.99 0.99 0.95 0.95

LS-CNN 0.96 0.99 0.99 0.96 0.96

CPCN Gboost 0.69 0.99 0.86 0.86 0.85

XGboost 0.80 0.99 0.92 0.92 0.92

Catboost 0.83 0.99 0.93 0.93 0.93

RF 0.77 0.99 0.90 0.89 0.90

SVM-RBF 0.63 0.99 0.88 0.85 0.88

ICNNM 0.96 1.0 1.0 0.95 0.94

Base-CNN 0.95 0.99 0.99 0.93 0.93

Ens-CNN 0.94 0.99 0.99 0.93 0.93

LS-CNN 0.75 0.99 0.99 0.71 0.70

CN Gboost 0.84 0.99 0.88 0.88 0.88

XGboost 0.88 0.99 0.92 0.91 0.91

Catboost 0.85 0.99 0.91 0.90 0.91
Continued on next page
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Datasets Methods Sensitivity | Specificity | Accuracy | F-score | MCC
RF 0.83 0.99 0.90 0.89 0.89
SVM-RBF 0.61 0.98 0.76 0.68 0.75
ICNNM 0.90 0.98 0.98 0.91 0.90
Base-CNN 0.87 0.95 0.93 0.86 0.83
Ens-CNN 0.85 0.97 0.96 0.87 0.85
LS-CNN 0.2 0.8 0.79 0.32 0.4
Breast Gboost 0.56 0.91 0.77 0.75 0.62
XGboost 0.59 0.92 0.79 0.77 0.67
Catboost 0.56 0.92 0.79 0.76 0.66
RF 0.50 0.90 0.76 0.72 0.60
SVM-RBF 0.47 0.90 0.76 0.70 0.60
ICNNM 0.96 0.99 0.99 0.97 0.97
Base-CNN 0.96 0.96 0.97 0.96 0.96
Ens-CNN 0.96 0.99 0.99 0.96 0.96
LS-CNN 0.91 0.9 0.9 0.9 0.88
Kidney Gboost 0.87 0.98 0.94 0.94 0.91
XGboost 0.93 0.98 0.94 0.94 0.92
Catboost 0.95 0.98 0.95 0.95 0.93
RF 0.96 0.98 0.94 0.94 0.91
SVM-RBF 0.65 0.98 0.90 0.88 0.84
ICNNM 0.98 1.0 0.98 0.98 0.98
Base-CNN 0.97 0.98 0.98 0.97 0.95
Ens-CNN 0.97 0.98 0.98 0.97 0.97
LS-CNN 0.98 0.99 0.99 0.99 0.98
Lung Gboost 0.81 0.99 0.88 0.87 0.87
XGboost 0.91 0.96 0.92 0.92 0.87
Catboost 0.93 0.97 0.93 0.93 0.88
RF 0.92 0.97 0.92 0.92 0.87
SVM-RBF 0.56 0.94 0.86 0.84 0.76
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Figure 4.2: Comparing training and validation accuracy curves of ICNNM with LS-CNN
and Base-CNN for CPN dataset.

The test performance of ICNNM and related methods in terms of sensitivity, speci-
ficity, accuracy, F-score, and MCC is reported in Table 2.4 for CP, CPN, CPCN, CN,
breast, kidney, and lung datasets. The fonts in bold show the best results. The F-score
values for the ICNNM are 0.97, 0.99, 0.98, 0.95, 0.91, 0.97, and 0.98, for seven datasets.
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These values are the best as compared to the related methods except for the lung dataset
where LS-CNN achieved the best F-score (0.99). The second best results in terms of
F-score for various datasets are obtained using Catboost (0.93), Base-CNN (0.96), Base-
CNN and LS-CNN (0.96), Base-CNN and Ens-CNN (0.93), Ens-CNN (0.87), Base-CNN
and Ens-CNN (0.96), and ICNNM (0.98).

Similarly, the ICNNM also obtained the best results in terms of accuracy in 6 out of 7
datasets where the values are 0.99, 0.99, 0.98, 0.95, 0.91, and 0.97 for CP, CPN, CPCN,
CN, breast, and kidney dataset, respectively. LS-CNN achieved the best accuracy value
(0.99) for the lung dataset and ICNNM achieved the second best value (0.98).

The ICNNM also obtained the best results in terms of sensitivity in 6 out of 7 datasets
where the values are 0.96, 0.97, 0.96, 0.90, 0.96, and 0.98 for CP, CPN, CN, breast,
kidney, and lung, respectively. For CPCN dataset, Base-CNN, and LS-CNN achieved
the best sensitivity value (0.96) and ICNNM achieved the second best sensitivity value
(0.95). In terms of specificity and MCC, the performance of ICNNM is found to be the
best for all 7 datasets.

It can be observed that ICNNM performed better than the related models in 311 cases
out of 315 (7 datasets x 9 methods x 5 measures). The 4 cases where ICNNM performed
inferior are for Base-CNN and LS-CNN using CPCN data in terms of sensitivity (0.96
and 0.96) and for LS-CNN using Lung cancer data in terms of accuracy and F-score
(0.99 and 0.99). In summary, the performance of ICNNM in terms of various measures

for general pan-cancer and subtype datasets is as follows:

Sensitivity: The sensitivity of the model varies from 0.95 to 0.97 for general pan-

cancer data and from 0.90 to 0.98 for subtype datasets.

Specificity: The specificity values achieved by the model are 1.0 for all of the general

pan-cancer datasets, It varies from 0.98 to 0.99 for subtype datasets.

Accuracy: The classification accuracy varies from 0.99 to 1.0 for general pan-cancer
datasets and from 0.98 to 0.99 for subtype datasets.

F-score: The F-score achieved by the model varies from 0.95 to 0.99 for general

pan-cancer datasets and from 0.91 to 0.99 for subtype datasets.

MCC: The MCC values of ICNNM range from 0.94 to 0.98 for general pan-cancer
datasets and 0.90 to 0.98 for subtype datasets.

4.4.2 Interpretability of the Proposed Model

To interpret the ICNNM, SHAP values of miRNAs in each class are computed using
extended gradients for identifying the responsible miRNAs in the class prediction mech-

anism. The SHAP values are further used to calculate the attribution score of each
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miRNA in each class as mentioned in Section 4.3.3. The miRNAs with higher attribu-
tion scores are considered to be important and selected for further analysis. The analysis
of the selected miRNAs is performed in terms of UMAP projection, student t-test, and
biological significance in Sections 4.4.4, 4.4.5, and 4.4.6, respectively.

4.4.3 Selection of relevant miRNAs using SHAP values based Attri-

bution Scores

In this section, we describe how the attribution score helps in identifying the relevant
miRNAs. To find the relevance of a miRNA in a particular cancer class, the attribution
score is computed by considering the average of SHAP values for all the patients (in-
volving that miRNA) in that class. As discussed earlier in Section 4.3.3, SHAP utilizes
the game theory concept for assigning scores to the miRNAs based on their performance
in prediction of cancer class of patients. A higher attribution score of a miRNA indi-
cates that it is more important than the other miRNAs in class prediction. The SHAP
values of a miRNA are obtained in a vector form in Eq. 4.9 where it is defined as
the marginalized estimation of miRNA expression values in the set over the expression
values of miRNAs that are not included in the set. Finally, the attribution scores for
all miRNAs in a particular class are normalized with in 0 to 1 to rank the miRNAs.
While an attribution score of 1 in a class means that the relevance is maximum for that

miRNA, a score of 0 indicates that relevance of that miRNA is the lowest.

4.4.4 UMAP Projection

Universally manifold approximation projection (UMAP) is a dimensionality reduction
technique that helps in data visualization by projecting high dimensional data into a
lower dimensional (usually in 2D) space [223]. First, a weighted k-nearest neighbor based
fuzzy simplical graph is constructed with the help of a distance metric. Thereafter, a
low dimensional graph layout is initialized based on spectral embedding that helps in the
formation of an affinity matrix. This matrix is constructed using a similarity function
and applying spectral decomposition to graph Laplacian [30]. Finally, approximation is
performed by minimizing entropy loss between the initialized layout and the generated
k-neighbor weighted graph. The schematic diagram of the UMAP method is provided
in Fig. 4.3. For UMAP [223] projection miRNAs having attribution score > 0.2 for each
of 33 cancer classes and 1 normal class, using CPN data, are selected. The UMAP is
shown in Fig. 4.4. While the classes are overlapping in Fig. 4.4(a) by considering all
the miRNAs, the classes are well separated in Fig. 4.4(b) using miRNAs selected by
ICNNM. For example, classes 4 & 5, and 3 & 16 are overlapping in Fig. 4.4(a) but those
are well separated in Fig. 4.4(b). Similar patterns are also observed for breast, kidney,

and lung subtype datasets which are not shown here.
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Figure 4.3: Schematic Diagram for UMAP.
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Figure 4.4: Visualization of CPN data using UMAP 2D projection. (a) projection of
expressions for all miRNAs and (b) projection of expressions for selected miRNAs.

4.4.5 Discriminability power of Selected miRNAs

The discriminability power of the miRNAs, selected by ICNNM, in differentiating normal
and cancer classes is shown by using miRNAs having an attribution score greater than
0.2 in the normal class for the CPN, breast, kidney, and lung data sets. The same
miRNAs are also selected from the cancer class along with their expression profiles for
each of the datasets. The statistical significance of expressions of normal class with
those of cancer class is evaluated using student’s t-test. The ¢ value can be computed

as follows:
(4.12)

where T and 7 denote the means of expression values of normal and cancer classes,
respectively, s, and s, represent the standard deviations of expression values of normal

and cancer classes respectively, and n, and n, denote the numbers of samples in normal
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and cancer classes, respectively. After computing ¢ statistics, we either accept or reject
the null hypothesis that “there is no difference between the expressions of miRNAs in
normal and cancer class for a dataset” with a particular significance level based on

p-value. The p-value is defined as:

p=infla:t>1,} (4.13)

where « is the smallest value at which we reject the null hypothesis and 7, is the
threshold associated with type 1 error. The ¢t-values and the corresponding p-values are
provided in Table 4.7. From the results of the t-test for all four datasets, we reject the
null hypothesis in favor of the alternative hypothesis that “the expressions of miRNAs

are different in normal and cancer class” with a significance level of 0.05.

Table 4.7: Results of t-tests for different pairs of normal and cancer samples using
selected miRNAs.

Measures CPN Breast Kidney Lung
t-value -3.60 -3.46 17.39 -6.29
p-value | 3.07x 1077 [ 238x10°° | 1.88x 107°Y | 4.39 x 109

4.4.6 Biological Significance of Selected miRNAs

As a computational model, ICNNM selects relevant miRNAs for each class, which helps
in the classification of patients. The biological significance of the selected miRNAs
is first established with references to existing literature mentioning their role as key
biomarkers in respective cancers. Thereafter, the target genes for the selected miRNAs
are obtained using the miRDB database [224]. The target genes are then validated using
Gene Ontology (GO) [225] and the Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathways [226]. Note that the selected miRNAs are not biologically validated using any

wetlab-based experiments.

The significance of miRNAs selected by ICNNM for each cancer class or subtype is
evaluated using attribution score (Eq. 4.9). It represents the relevance of a miRNA to a
particular class. The score of a miRNA in each class varies from 0 to 1, where 1 means
that the relevance is maximum for that class. Those miRNAs whose attribution score
is above 0.50 for a particular class are selected. Fig. 4.5 shows the number of miRNAs
having attribution scores greater than 0.5 in each cancer class for the CPN dataset. It
is observed from Fig. 4.5 that the number of miRNAs varies from 3 (PCPG class) to 16

(KICH class) for various cancer classes.

While the miRNAs with attribution score > 0.5 for a particular class are available at
www.isical.ac.in./~shubhra/miRNAset_AttSc0.5.pdf, the miRNAs achieving attri-
bution score > 0.75 are reported in Table 4.8. In the table, cancer classes, miRNAs,
attribution scores, target genes, and KEGG pathways are mentioned. The target genes

are obtained using miRDB database and validated using gene ontology. In several rows
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Figure 4.5: Number of miRNAs having attribution score > 0.5 in different classes in
CPN data.

of the second column in Table 4.8, it can be observed that more than one cancer class
is related to a single miRNA according to the attribution score. Now we discuss those
cancer classes and related miRNAs that are obtained using ICNNM and also supported

by existing studies.

In the 1% row of Table 4.8, it can be seen that miR-503 targets the genes EPOR,
CCND2, MGAT4A, CYP26B1, CCND1, MSH6, ZNF367, MLH1, and PMS2 according
to miRDB. The GO analysis of all these genes shows that they are responsible for the
positive regulation of isotype switching to IgA (GO:0048298) and IgG (GO:0048304)
subtypes, and are also responsible for DNA Repair (GO:0006281). Moreover, it is also
mentioned in [171] that four genes, MLH1, MSH2, MSH6, and PMS2, are correlated with
cancer class STAD, and EPOR shows a positive correlation with cancer class COAD
and a negative correlation with PAAD. Note that miR-503 can be a novel prediction for
the cancer classes PRAD and READ (See Table 4.8) as its target genes are related to
pathway P13K-Akt in PRAD cancer and pathway MAPK & MSI in colorectal cancer,

respectively. It also achieved a high attribution score of 1 for those classes.
Table 4.8: Biological validation of the selected miRNAs by ICNNM. The target genes are

obtained using the miRDB database. The cancer names, target genes, KEGG pathway,
and related references are mentioned in different columns.

Row| Cancer | MiRNA |Attribution Target Gene KEGG References
No. | class names Score Genes Ontology Pathway
1 |COAD,| miR-503 1 EPOR, CCND2, G0:0016446| Pathways in Cancer, [171]
ESCA, CYP26B1, CCND1, |GO:0048298| MAPK signaling,
STAD, MSH6, ZNF367, |G0:0048304|  Insulin signaling,
PAAD, MLH1, PMS2 GO:0006281| Neurotrophin signaling
PRAD, MGAT4A, MSH2. P13-ATK, MSI
READ
2 ACC |miR-514a-2 1 NCOA7, ANOS5, GO0:2000401| Pathways in Cancer, [227]
TMEMG68, JAM2, |G0:0030334| Ubiquitin mediated
PTPRG, CD200R1 |G0O:2000145 proteolysis
3 |BLCA,| miR-508 1 PCAT-1, COL4A3BP, |GO:0009987| Pathways in Cancer, | [228,229]
LIHC, ARL4C, UPRT GO:0051179| Focal adhesion, Wnt/
SKCM, [B-catenin-signaling
CHOL
4 |HNSC,| miR-483 1 IGF2, GAN, PGAM]1,|G0:0043161| Pathways in Cancer, [230]
THCA AMZ2, AFF1 Chronic Myeloid
Continued on next page
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Row | Cancer | MiRNA |Attribution Target Gene KEGG References
No. | class names Score Genes Ontology Pathway
Leukemia,
Neurotrophin
signaling
5 | SARC,| miR-202 1 STARD13, ARID3B, |G0:0035196| Pathways in Cancer, | [231,232]
LGG, CCND2, TRIM71, |GO:0140374 Prostate cancer,
KIRC, DICER1, PXDN G0:0000082 Colorectal cancer
KIRP, USP44, MSH2. mismatch repair (MMR)
MESO,
LUAD
6 |THYM,| miR-141 1 QSER1, TMEM170B, |[GO:0050896| Pathways in Cancer, [233,234]
BRCA ZFR, TNRC6B, GO:0065007| Adherens junction,
EPHA7, TCF12. G0O:0009987 MAPK signaling
7 | CESC | mir-203a 0.798 ELL2, CAB39, GO:0009653| Pathways in Cancer, [235]
PHIP, MSH2, AFF4, Ubiquitin proteosomal
BBX, SIAH1 Wnt signaling.
USP44, THSDTA,
ADAMTS6, PDE4D.
8 | PCPG | miR-375 1 RLF, POCI1B, GO0:0010557| Pathways in Cancer, [236]
SPAGY9, CENPM, [GO:1990090 MAPK signaling,
COLCA2, UBE3A |GO:0031325| Neurotrophin signaling
7ZBTB20, ELAVLA4.
9 | BRCA | miR-429 0.769 VASH2, MAP2, GO:0045765| Pathways in Cancer, [126]
ZEB1, NR5A2, G0O:0030336 Focal adhesion,
ERRFI1, SLIT2, G0:0090263| Neurotrophin signaling
HIPK3, WIPF1.
10 |[LAML,| miR-10b 1 CADM2, TFAP2C, |GO:0045944| Pathways in Cancer, [237,238]
LUSC RORA, CRLF3, G0O:2000134| Neurotrophin signaling
GALNT1, E2F7 G0:0045893
CNOT6, SOBP.
11 | LGG mir-10a 0.967 CADMZ2, CNOT6, , |GO:0045893| Pathways in Cancer, [239]
GALNT1, E2F7, G0:1902680 MAPK signaling,
CRLF3, SOBP, GO:0051254 Wnt signaling
ELOVL2, TFAP2C .
RORA, KCNAG6 .
12 | DLBC | mir-149 1 CACHD1, ELP5, |GO:0007049| Pathways in Cancer, [240]
IFFO2, DLL1, Endocytosis
VPS53, KIF2A. Neurotrophin signaling
STRADB, REPS2 .
13 | UCS mir-206 1 HACD3, MMD, GO0:0065007| Pathways in Cancer, | [241,242]
CDK14, CPEDI1, G0O:0009987 Insulin signaling
SLC44A1, SMIM14. |G0O:0032502
PAXT. GO:0008152
14 | KICH | mir-205 1 MOSMO, BICC1, [GO:0050794| Pathways in Cancer, [153]
CHN1, CDK19, G0:0050789 Wnt Signaling,
mir-30a 0.993 DCUNI1D3, NFAT5, [GO:0045664| Pathways in Cancer,
KLHL20, PPARGCI18, MAPK signaling
mir-221 0.921 GABRA1, RIMS3, Pathways in Cancer,
TCF12, PANK3 ErBB signaling
15 |UCEC, | mir-135a-2 1 SIAH1, ZNF99, GO:0006357| Pathways in Cancer, | [235,243]
TCGT, CLDN20, ZNF208 MAPK signaling,
CESC ZNF138. Wnt signaling
16 | OVAR | mir-200c 1 NRP1, VASH2, GO0:0001938| Pathways in Cancer, [244]
ZEB1, NR5A2, G0:0000226| Ubiquitin proteosomal
mir-504 0.830 WDRA47, PRR11, |GO:0045766| Pathways in Cancer,

VAMP3, UPK1B

Chronic Myeloid

Continued on next page
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Row | Cancer | MiRNA |Attribution Target Gene KEGG References
No. | class names Score Genes Ontology Pathway
MAP2, MITF. Leukemia
17 | SARC | mir-182 0.948 TIAMI1, RGS17, G0:0030318 Focal adhesion, [245]
PFN2, BNC2, MITF |GO:0006355 Mapk signaling,

mir-183 0.773 SNX30, MEF2C, |GO:0065003 Endocytosis,

GNG5, UNC13B. Neurotrophin
signaling,

In the 3"¢ row of the table, miR-508 targets the genes PCAT-1, COL4A3BP, ARL4C,
and UPRT according to miRDB. These genes take part in cellular localization (GO:
0051179). PCAT-1 is found to be upregulated in LIHC and BLCA [229]. PCAT-1 is
also found to be related to cancer CHOL [246]. In [228], miR-508 is also reported as a
key biomarker in SKCM.

In the 4" row, miR-483 is observed to target the genes IGF2, GAN, PGAM1, AMZ2,
and AFF1. These genes are responsible for proteasome-mediated ubiquitin-dependent
protein catabolic process (GO:0043161) as per GO analysis. Further, according to [230],
IGF2 is found to be related with cancer classes HNSC and THCA along with other

classes.

In the 5" row, miR-202 is found to be related to the cancer classes LGG, KIRC,
KIRP, MESO, LUAD, and SARC. In [231], it is reported that mir-4435-2hg can sponge
miR-202 and promote cancer progression in kidney renal cell carcinoma (KIRC), Kidney
renal papillary cell carcinoma (KIRP), lung carcinoma (LUAD), gliomas (LGG), and
osteosarcoma (SARC). Hence, for the remaining class MESO, miR-202 can be considered
as a novel prediction as its target gene MSH2 is related to MMR pathwat in MESO [247].

It also achieved a high attribution score of 1 for that class.

In the 14" row, three miRNAs (miR-205, miR-30a, miR-221) are found to be related
with KICH cancer [153]. This information is supported by “ENCORI: an encyclopedia
of RNA interactome” [153] database where it is mentioned that these miRNAs are

differentially expressed in KICH.

In the 15" row, miR-135a is found to be related with genes SIAH1, ZNF99, ZNF138,
ZNF208, and CLDN20. The GO analysis of all these genes shows that they are re-
sponsible for the regulation of transcription by RNA polymerase IT (GO:0006357). Ac-
cording to [235], miR-135a is found to be key biomarker in cervical cancer (CESC)
with target gene SIAH1. Further, upregulation of miR-135a is related to proliferation,
invasion, and migration of cells in uterine cancer (UCEC) by suppressing MMP2 and
MMP9 proteins [243]. Hence, for the remaining class TGCT, miR-~135a can be consid-
ered as a novel predictionas MAPK pathway is found to be regulated in TGCT [248].
Moreover, according to NCBI (https://www.ncbi.nlm.nih.gov/gene?Db=gene&Cmd=
DetailsSearch&Term=7697) the target gene ZNF138 shows ubiquitous expression in
testis. MiR~13ba also achieved a high attribution score of 1 for TGCT class.
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In 16" row, miR-200c and miR-504 are found to be related to ovarian cancer and
some of the target genes are NRP1, ZEB1, MAP2, MITF etc. These genes are respon-
sible for the positive regulation of angiogenesis (GO:0006357) and positive regulation of
endothelial cell proliferation subtypes (G0O:0001938). Further, it is found that miR-200c
suppresses gene NRP1 in ovarian cancer that is resistant to therapy and miR-504 is also

related with ovarian cancer [244].

In 17*" row, one of the target genes, TTAMI1, for miR-182 is found to be related
with sarcoma cancer (SARC) [245]. Moreover, lower expression levels of miR-182 and
miR-183 are found to be correlated with advanced clinical stage, metastasis, and cancer
size in SARC [245]. The GO analysis of the target genes shows that they are responsible
for the assembly of protein-containing complex (GO:0065003).

For the remaining rows in Table 4.8, the information about miRNAs and the related
cancer classes are discussed. In the second row, miR-514a-5p is found to be related to
cancer ACC which is also reported in [227]. The role of miR-141 (6!") row) as a key
biomarker in BRCA and THYM is established in [233] and [234], respectively. MiR-203a
(7*h row) is found to be a key biomarker in cervical cancer [235]. MiR-375 (8" row) is
found overexpressed by upregulating Yes-associated protein 1 and downregulating axin2
and beta-catenin in pheochromocytoma (PCPG) cancer [236]. MiR-429 (9" row) is
reported as associated with homologous recombination deficiency in breast cancer [126].
A deficiency in homologous recombination leads to better survival of patients with breast

cancer.

According to GO analysis, regulation of angiogenesis (GO:0045765), negative regula-
tion of cell migration (GO:0030336), and positive regulation of canonical Wnt signaling
pathway (G0:0090263) are some of the biological processes associated with the target
genes of miR-429.

MiR-10b (10th row) is seen to regulate the apoptosis and proliferation of acute myeloid
leukemia (LAML) [237] and lung cancer (LUSC) [238]. The target genes are found re-
sponsible for positive regulation of transcription by RNA polymerase II (GO:0045944),
positive regulation of DNA-templated transcription (GO:0045893), and negative regula-
tion of G1/S transition of mitotic cell cycle (GO:2000134). In the 11** row, our finding
is supported in [239] where miR-10a is reported as a key biomarker in lower grade glioma
(LGG). The target genes of miR-10a positively regulate DNA-templated transcription
(GO:0045893), RNA biosynthetic process (GO:1902680), and RNA metabolic process
(GO:0051254). In the 12! row, miR-149 is found to be related to cancer DLBCL which
is also reported in [240]. The target gene is found to be associated with the GO pro-
cess cell cycle (GO:0007049). In the 13'" row, our observation is supported in [242]
where miR-206 is found to be differentially expressed in uterine cancer (UCS). The
target genes of miR-206 are associated with developmental process (G0:0032502) and
metabolic process (GO:0008152).
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In summary, 18 out of 21 miRNAs, shown in Table 4.8, are mentioned as key biomark-
ers in their respective cancer classes according to existing investigations. Three miRNAs,
miR-202, miR-503, and miR~135a, reported in Table 4.9 achieved an attribution score
of 1 for certain cancer classes but not mentioned as key biomarkers for any cancer class
in existing literature. Interestingly, the target genes of these miRNAs are found to
be related to cancer-specific pathways as shown in Table 4.8. Hence, miR-503, miR-
202, and miR-135a can be considered as novel predictions for cancer classes PRAD &
READ, MESO, and TGCT, respectively but further biochemical experiments need to

be conducted for confirmation.

Table 4.9: Novel class prediction of miRNAs based on the associations of their target
genes in certain cancers.

miRNA Target KEGG Cancer Classes Predicted
Genes pathways [related to pathways Classes by ICNNM
CCND1 P13-ATK PRAD PRAD
miR-503 [CCND1, MLHI,|MSI, MAPK| Colorectal cancer READ
MSH1, MSH6 (Rectum Adenocarcinoma)
miR-202 MSH2 MMR MESO MESO
miR-135a ZNF138 MAPK TGCT TGCT

MiRNAs in Subtypes: The top 3 miRNAs (miR-135b, 18a, 190b) found in breast
subtype by ICNNM are mentioned as key biomarkers in breast cancer diagnosis in [249].
In the lung subtype, four miRNAs (miR-326, 205, 6510, 375) out of the top 5 miRNAs
are found to play a significant role in lung cancer apoptosis and metastasis [250]. The
top five miRNAs selected from kidney subtypes based on attribution score are miR-
141 [251], 3607 [252], 155 [251], 34a [253], and 204 [254]. These miRNAs are reported in

many researches as responsible biomarkers in kidney cancer.

4.4.7 Complexity of ICNNM

There are three major components of ICNNM: 1D CNN; hyperparameter optimization
using Bayesian Optimization, and SHAP value computing for identifying relevant miR-
NAs. Moreover, CNN is the major component of ICNNM, as the hyperparameters of
CNN are optimized using BOMTPE, and then the SHAP values are computed using the
resultant CNN as a classifier to determine the contribution of miRNAs in the prediction
of the patients. Therefore, the complexity is also dependent on these three modules,

and it is discussed as follows.

BOTPE: The time complexity for optimizing hyperparameters of a 1D CNN using
Bayesian optimization with the tree parzen estimator depends on the number of objective
functions, the number of iterations, the complexity of surrogate modeling, the cost of
training a 1D CNN, and the number of hyperparameters to be optimized. Suppose the
complexity of a 1D CNN model is Cy. TPE scales linearly in terms of past evaluation £
and number of hyperparameters H. The time required can be computed in O(H x E).
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1D CNN: The time complexity of 1D CNN consisting of one convolutional layer
can be computed in terms of the number of operations required to process a sample
(patient) with n features (miRNAs). The number of operations in a convolution layer
can be determined by the kernel size k, the number of filters f, and the length of the
input vector n. The convolution operation is an elementwise dot product between the
kernel and the input vector. For a convolution layer, the number of operations for one
kernel is n x k, and considering all the kernels, it is f x k x n. If the model consists of L
layers, then the complexity of the model is O(L x f x k x n). The process is repeated to
process all the samples M, iteratively, hence the complexity (Cy) is O(M x Lx f xkxn).

Attribution Score using SHAP: The complexity for SHAP is 2" where n is
the number of features (miRNAs) [255]. In the process, it calculates all the possible
combinations of features. In this investigation, SHAP values are computed using the
expected gradient methods (Eq. 4.9) where the change in gradient of the original sample
with respect to the baseline sample is computed using MOHCNN as a classifier. The
integration of SHAP with a classifier does not require retraining of the classifier and it
allows fewer computation than 2" [256]. Hence, the complexity in integrating SHAP
with MOHCNN in the class score is dependent on gradient computation for a sample
using MOHCNN, the number of points in estimating the gradient (k), and the number
of baseline points (S). As mentioned earlier, suppose the complexity of a 1D CNN is
C¢. The complexity to explain a sample can be written as O(S x k x Cy). For all the
samples M, the complexity can be computed as O(M x S x k x Cf).

In summary, the computational complexity of the ICNNM is O(H x E) + O(M x
Lxfxkxn)+O0@2")~OHxExC¢)+OM x PpxCy)+ Cy.

4.5 Discussion and Conclusion

In this chapter, an interpretable optimized 1D convolution neural network model for
pan-cancer and cancer subtype classification, named as ICNNM, is developed. The
model determines the optimal hyperparameters for training the network using Bayesian
optimization with a multivariate tree Parzen estimator (BoMTPE). Modification in the
base CNN model by adding batchnormalization layer and dropout layer in each of the
convolution layers is also performed. The batchnormalization layer reduces the change
in network parameters during training by setting the mean and variance of the input to
a particular value. The dropout layer decreases the overfitting of the complex network
while training on small sample datasets such as breast, lung, and kidney subtypes.
MiRNA expression data is used in a vectorized format as an input to the model. It
is pointed out in several investigations that CNN models with one-dimensional kernels

perform well in finding relevant patterns in heterogeneous tensor-like complex biological

99



data, such as gene expressions and biomedical images [257-259]. This is accomplished

through back-propagation along with a gradient descent-based learning process.

The developed model (ICNNM) handles the miRNA expression data with varying
sample sizes, such as CPN containing 11,119 samples and the kidney dataset containing
1009 samples. It is observed from Table 4.6, ICNNM outperforms the related methods
in terms of sensitivity, specificity, F-score, accuracy, and MCC in 311 out of 315 cases,
while comparing with related techniques. The Ens-CNN is observed as the second-best
method. The model also achieves lower training and validation errors (Table 4.5) than
those of the compared models. For example, the average training and validation errors
are 0.034 and 0.01, respectively, for the developed ICNNM which is a one-dimensional
CNN model with three layers and five hyperparameters. In contrast, the error values
are 0.123 and 0.233 for the second-best method, Ens-CNN, which is an ensemble of 5

one-dimensional 1-layer CNN models.

The interpretation approach of ICNNM, based on SHAP values, shows its significance
in ranking the miRNAs based on their contribution to the prediction of class labels
of patients. The miRNAs selected by ICNNM also show their discriminability power
in distinguishing cancer classes as shown in Section 4.4.5. For example, the selected
miRNAs are found significant with p-value <0.05 for all the datasets which show the
acceptance of the alternative hypothesis, “the expressions of miRNAs are different in
normal and cancer class”. Further, some of the selected miRNAs are also found to be
biologically significant according to the existing studies. For example, miRNA-141 and
146a are selected from CP dataset and they are pointed out as important biomarkers in
various cancers in [233,234,260-262] and [263-265], respectively.

Ninety miRNAs (approximately 3 miRNAs from each class, and there are 34 classes)
are selected from CPN data based on the attribution score (varies from 0.20 to 1.0).
Similarly, the attribution scores of selected miRNAs from breast, kidney, and lung sub-
type datasets range from 0.7 to 1.0, 0.5 to 1.0, and 0.45 to 0.95, respectively. The
average F-scores for these datasets are 0.91, 0.97, and 0.99. Most of the miRNAs se-
lected by ICNNM for various datasets are also mentioned in numerous studies as miRNA

biomarkers.
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Chapter 5

Set-theoretic Explainable
Al-based Attribution Score for
Identifying miRNAs in

Pan-cancer Data

5.1 Overview

In Chapter 4, a 1D convolutional neural network (1D CNN) is optimized in single ob-
jective framework for identifying miRNAs in various cancer classes of pan-cancer data.
The use of SHAP values to interpret the relevance of miRNAs across multiple cancer
classes is also demonstrated. In this chapter, a multi-objective framework for optimiz-
ing hyperparameters of a 1D CNN, called MOHCNN, and a set-theoretic explainable
Al-based attribution scores (STEAAS) for miRNA selection are developed. The same

dataset as in Chapter 4 is used. The contributions are as follows:

1. 1D CNN is optimized in a multi-objective framework in terms of layers as well as

other hyperparameters.

2. A new set-theoretic explainable Al-based score is defined for each miRNA, which

has two parts

(a) determining the importance of the miRNA belonging to a particular cancer

class as a class score, and

(b) the level of reliability of the miRNA belonging to a particular cancer class.

Therefore, every miRNA has scores for all the cancer classes.
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As mentioned earlier in Section 1.3.1.3, most of the existing CNN models for analyz-
ing expression data deal with genes rather than miRNAs (See Section 1.3.1.3). In [131]
and [128], expression data is used, and most of the hyperparameters are optimized but
the number of layers is fixed. Hence, in our previous work, described in Chapter 4, the
number of layers and other hyperparameters are optimized in a single objective frame-
work using miRNA expression data. In this chapter, the hyperparameter optimization
of a 1D CNN is performed in a multi-objective framework (MOF) for the same data.
Note that optimization of 1D CNN in the multi-objective framework is not performed
for expression datasets to the best of our knowledge. The MOF is used to find a trade-
off between the training, validation, and number of training parameters of the CNN
model. The method is called optimized 1D CNN (MOHCNN). Moreover, a new set-
theoretic explainable Al-based attribution score (STEAAS) is also defined, which uses
the Z — number concept, to identify the relevant miRNAs. In (STEAAS), a miRNA
with a high class score and a high reliability score for a class is treated as a relevant
miRNA in that cancer class. A user-defined threshold value of 0.7 is chosen, for both
class score and reliability score, above which a miRNA is considered as a relevant one.
The selected miRNAs are then validated using publicly available databases such as the
ENCORI/Starbase and OncomiR. The regulated genes of the corresponding miRNAs in

different cancers are obtained from these databases and also reported in this study.

The performance of MOHCNN is evaluated and compared with three related CNN
models, three methods developed for pan-cancer patient classification using miRNA
expression data, and two highly cited classifiers using seven datasets. All the datasets are
partitioned into train and test data for determining the training and test performance of
the model. Sensitivity, specificity, accuracy, F-score, and MCC (See Section 1.3 for these
measures) measures are used to assess the test performance of the model. Stratified K-
fold CV is used as a CV technique for model training. The MOHCNN model outperforms
the compared methods in most of the cases. It is found that most of the miRNAs from

the selected ones are found to be key biomarkers in various cancer classes.

The chapter is arranged as follows: an outline of the datasets is provided in Section
5.2, the developed framework, MOHCNN, is explained in Section 5.3, and Section 5.4
is dedicated to experimental results and performance comparison of the framework.

Finally, the key findings and results are discussed and concluded in Section 5.6.

5.2 Datasets

The datasets used in this investigation are the same as those mentioned in Section 4.2 of
Chapter 4. The summary of the datasets is also provided in Table 5.1 for the convenience
of the readers. The details of the subtypes for a cancer class, mentioned in parenthesis

of column three of the table, are also mentioned in Section 4.2 of Chapter 4. Note that,
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hyperparameters of MOHCNN is optimized with CPCN data with 33 cancer classes and
16 normal classes. As mentioned in Chapter 4, this data set is derived from the original
pan-cancer data by removing 6 normal classes where the number of normal patients is

less than 5. This is performed to avoid biasness in the optimization of MOHCNN.

Table 5.1: Summary of datasets. The datasets in rows 2 to 7 are derived from the
original pan-cancer dataset as mentioned in Chapter 4. The Breast dataset is not a
derived one.

Dataset Number of Number of Number of Final
miRNAs cancer normal data
samples samples
Classified 1882 10,349 0 10349
pan-cancer (CP) (33 classes) (33 classes)
Classified 1882 10,349 670 11,119
pan-cancer (33 classes) (1 class) (34 classes)
and normal (CPN)
Classified 1882 0 670 653
normal (CN) (22 classes) (16 classes)
Classified 1882 10,349 653 11,002
pan-cancer (33 classes) (16 classes) (49 classes)
classified
normal (CPCN)
Kidney 1882 879 130 1009
(KICH, KIRC, KIRP)|(KICH, KIRC, KIRP)| (6 classes)
Lung 1882 996 91 1087
(LUAD, LUSC) (LUAD, LUSC) (4 classes)
Breast 1035 136 (BASAL) +
65 (HER2) + 25 817
176 (Luminal B) + (normal) (5 classes)
415 (Luminal A)
= 792
(4 classes)

5.3 Methods

In MOHCNN, a 1D CNN is first implemented and then a multi-objective framework
using Bayesian optimization is developed for optimizing its hyperparameters. A set-
theoretic explainable Al-based attribution scores is also formulated for selecting rele-
vant miRNAs. The network architecture of conventional 1D CNN and the developed
MOHCNN are described in Sections 5.3.1 and 5.3.2, respectively. The hyperparameter
optimization process in multi-objective framework is discussed in Section 5.3.3. Finally,

the set-theoretic explainable Al-based attribution score is presented in Section 5.3.4.

5.3.1 Architecture of 1D CNN

A conventional 1D CNN architecture primarily uses the convolution layer, pooling layer,
and dense layer where the convolution and pooling layer extract the features and generate
a reduced feature space. The dense layer transforms the reduced feature space from the

previous layer to provide a combination of features for the classification of samples.
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Figure 5.1: Schemetic Diagram representing the sequence of layers in MOHCNN.

A typical example of 1D CNN is shown in Fig. 5.2. To understand the working
methodology, let us consider an input of 10x1 dimension and a filter of dimension 3x1
as an example. The convolution of the filter and input vector produces an 8x1 output
by using a sliding window of 1. The product of the filter and input vector is provided
to a non-linear activation function. The dimension of the output can be reduced by
adding a pooling layer with a varying window size. In the example, the pooling size is
considered as 2 which reduces the size of the output vector of the activation function to
half. Two pooling operations are shown in Fig. 5.2, where the upper vector represents
the output of max pooling and the lower one is the output of average pooling. The
feature map is transformed into a one dimensional vector using a flattened layer. The
output of the flatten layer is sent to the dense layer of activation functions which is
connected to output layer. The output layer utilizes the ‘softmax’ function to classify

patients.

Backpropagation concept is utilized in a conventional 1D CNN where the weights are
changed recursively until the loss between the prediction and desired output is minimal.
The loss is optimized by utilizing gradient descent techniques. Minimum the loss better
the training of the CNN model. The output of the softmax function values, which are
considered as the probabilities of the patients belonging to various classes, ranges from
0 to 1 and the sum of these values is 1. Certain modifications can result in improving
the performance of the conventional 1D CNN such as changing the number of layers,
finding suitable values for hyperparameters, choices of loss functions, requirement of

regularization layers etc.

5.3.2 Architecture of MOHCNN

MOHCNN is developed to classify patients from various cancer classes using pan-cancer
miRNA expression data. The expression profile of each patient for all miRNAs is fed di-
rectly as an input vector [131] to MOHCNN. The sequence of layers in the architecture of
MOHCNN is shown in Fig. 5.1. While the convolutional and pooling layers are present
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Figure 5.2: Convolutional and pooling operation of a 1D CNN using an input data of
dimension 10.

as a part of conventional 1D CNN architecture, the batchnormalization and dropout
layers are incorporated to increase the generalization and robustness of the developed
model. The batchnormalization layer is used to normalize the distribution of neurons in
the convolutional layer which helps in preventing the vanishing and exploding gradient
problem in backpropagation [211]. While vanishing refers to the situation where gradi-
ents become too small and it prevents the network weights from changing, in exploding
situation gradients become too large and it makes the model unstable. The dropout
layer eliminates some neurons to avoid overfitting [212]. Note that, batchnormalization
and dropout layers are used individually or in combination in [266-269], but in general,

these are not used in conventional CNNs.

In MOHCNN, categorical cross-entropy loss function with L2 penalty is used as a loss
function as the classification of patients using pan-cancer data is a multi-class problem.

The loss function for the model is defined as:

Linodet = CE(y',yP) + A > _ W7 (5.1)
j=1

where, CE(y!, y?) represents the categorical cross entropy between true label (y') and
predicted label (y?), and A > %_, sz is the L2 penalty representing sum of regularization
terms multiplied with user defined parameter \. CE(yt,yP) is further extended and the

new loss equation is defined as:

N ¢

1 c
Lmodel = _N Z Z(yfj * lOg(yfj)) + A Z W]2 (52)

i=1 j=1 j=1

where N and c¢ represent the number of instances and classes, respectively.

5.3.3 Hyperparameter Optimization

In MOHCNN, the no of various types of layers, as well as other hyperparameters such
as the number of filters, filter size, dropout rate, activation function, pooling size, and
the number of units in the dense layer, are optimized in the multi-objective framework

to improve the performance. The optimal set of solutions, based on non-dominated
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solutions, and a trade-off between objectives is determined using the Pareto optimal

front.

5.3.3.1 Objective Functions

In MOHCNN, the hyperparameter optimization problem is treated in a multi-objective
framework using Bayesian optimization with a multivariate tree parzen estimator. The

hyperparameter problem can be formulated as:

minimize fr(x), m=1,2,3;

fl (.’E) = ftrain,error (53)

f? (CC) = fvalidation,er'ror

f3 (.T) = fparameters

where the objective functions fi(x) and fa(z) are error values computed on training and
validation data using the loss function defined as Eq. 5.2. The objective function f3(z)
denotes the number of training parameters. All three objective functions are considered
as minimization functions. The training and validation loss represent underfitting and
overfitting of the model, two major concerns for using any deep learning model. The
number of training parameters is minimized to reduce the computational complexity of
the model.

5.3.3.2 Optimization

The hyperparameters of the developed architecture of MOHCNN are tuned using Bayesian
optimization and CPCN data. Bayesian optimization tries to find the trials that deter-
mine the concurrence relations after a number of independent samplings. In hyperpa-
rameter optimization process, the number of filters, filter size, dropout rate, pooling
size, and the number of units are varied from 16 to 256 in steps of 1, 2 to 5 in steps of 1,
0.1 to 0.7 in steps of 0.01, 2 to 5 in steps of 1, and 16 to 256 in steps of 1, respectively.
The activation functions are chosen as sigmoid, relu, and leaky_relu, and each time, one
of them is chosen randomly in the optimization process. The model is trained using 200
runs and each run consists of 100 trials. For each trial, 10 fold cross-validation is used,
and in each fold, 50 epochs are used as inspired by existing studies [218,219]. Each trial
provides a set of hyperparameter values, and hence, 200 runs provide 200 x 100 = 20000
set of solutions. A callback regularization technique is also used to stop the model if the

errors do not change for five consecutive epochs.

Sixteen non-dominated sorted solutions, out of 20000 solutions, are obtained using
the Pareto optimal front. Out of these 16 solutions, the solutions with minimum number

of layers are first pointed out. Finally, a solution with minimum training error is chosen.
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Table 5.2: Optimal hyperparameters for MOHCNN.

Layers No. of Filters/Units|Filter Size|Activation Functions|Pooling Size|Dropout Rate
Convolution Layerl 18 5 Relu 4 -
Convolution Layer2 44 2 Relu 3 -

Dense Layerl 55 - Leaky _relu - 0.17
Dense Layer2 68 - Leaky_relu - 0.24

The chosen set of hyperparameters is shown in Table 5.2. It can be observed from the
table that the number of convolutional layers and dense layers is 2. The number of filters
and pooling size for convolutional layers are 18 & 44, and 2 & 3, respectively. The active
function is Relu for convolution layers and leaky_relu for dense layers. The number of
units in two dense layers is 55 and 68, and the dropout rate is 0.52 and 0.32. These

hyperparameters are kept constant for other datasets as well.

5.3.4 Set-theoretic Explainable Al-based Attribution Score

A Set-theoretic explainable Al based attribution score (STEAAS) is developed to find the
relevant miRNAs in a cancer class. It uses the concept of Z —number. The Z — number
is a two-element tuple where the first part represents the uncertainty of an element,
and the second part denotes the reliability of the element for having that uncertainty
[270]. In traditional Z —number concept, probability is used as a reliability measure for

determining the confidence in uncertainty. The Z — number can be represented as:

Z — number = (uncertainty, reliability) (5.4)

In STEAAS, the first tuple of Z — number is called class score, and the second
tuple is called reliability score. The class score of a miRNA is computed by considering
the average of BayLIME (Bayesian Local Interpretable Model Agnostic Explanations)
[149] and SHAP (Shapley Additive exPlainations) [150] values of the patients belonging
to that class. BayLIME [149] is a modified version of LIME where Bayesian Ridge
Regression is used as a regressor function instead of LASSO [133]. The BayLIME and
SHAP values are then normalized within 0 to 1 for all the miRNAs. In reliability score,
a class-dependent dispersion of each miRNA is computed using the GINI index which
measures the inequality of expression profiles for all patients of a miRNA in a class.
Finally, the class score and the reliability score of each miRNA for each cancer class
are combined in a set-theoretic manner as an attribution score for selecting the relevant
miRNAs. While, the details of class score involving BayLIME and SHAP are presented
in Section 5.3.4.1 and 5.3.4.2, respectively, the details of reliability score are provided in
Section 5.3.4.3.
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5.3.4.1 Part of Class Score using BayLIME

LIME is a model-agnostic explanation technique that utilizes a linear surrogate method
to explain a complex model locally [271]. The prediction of a classifier is used for
training and explaining an instance by perturbing a dataset around it. The set of

weight coefficients, 8, generated using LIME can be defined as [271]:

B = argmin L(f, g, mp) + w(g) (5.5)
xelG

where p denotes the instance to be explained, G is a set of g interpretable models,
L(f,g,mp) indicates the local fidelity function which determines the accuracy in approx-
imation provided by a particular model in the vicinity of m,, f represents the deep
learning model (in our case MOHCNN) to be explained, 7, is the kernel function which
helps in assigning weights to the instances from the perturbed data, and w(g) represents
the interpretable model’s complexity. The instances in the perturbed dataset around p
are weighted based on a kernel function, and the patients having expression values closer
to p are provided with higher weights. The BayLIME is a variant of LIME that uses the

Bayesian principle for estimating the values of 5 [149].

In the case of pan-cancer expression data, patients are considered as instances and the
miRNAs are considered as features which can be ranked based on their contributions in
the predictions made by the MOHCNN. Some major steps of BayLIME to assign scores

to the miRNAs for a particular patient are as follows:

S1) A patient p with m number of miRNAs is selected from the dataset for interpre-

tation and it is considered as the original instance.

S2) A data perturbation around the patient p is performed and a new perturbed
data X' = x|, 2}, ..., 2}, containing n patients, is generated. It can be represented as

X' = (:n;]) € R™™ where i is the number of patients, 7 is the number of miRNAs, and

R is a set of real numbers.

S3) The developed MOHCNN is trained with X’ and class predictions by MOHCNN

are noted as a prediction label vector ¥’ = [y}, Y5, -, y4]T-

S4) Weights to n patients of perturbed data X’ are assigned according to their close-
ness to the patient p. The weights are calculated using the exponential kernel function

and the new dataset is represented as (X", y").

S5) A linear regressor model is selected to train on the newly generated dataset,

(X",y"). The regressor model is represented as:

Y =X"B+e¢ (5.6)
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where 8 and e represent the weight coefficients and Gaussian noise parameters, respec-

tively.

S6) The steps from S1) to S5) are repeated to compute the 3 value of each patient

in a particular cancer class.

S7) The average of 3 values, using all patients in a class, is then computed as:

k

B]C- _ Zzzkl ﬁw (5_7)
where Bj is the score of jth miRNA in class ¢, 8;; is the score of jth miRNA correspond-
ing to ith patient, and k£ denotes the number patients in a class. BayLIME utilizes the
Bayesian ridge regression model (BRRM) instead of the ridge [272] and LASSO [133]
models for regression. In BayLIME, the posterior estimates on 3 are a combination of
the weighted sum of prior knowledge and new observations. This weighted sum may
help in averaging out the randomness and improving the consistency of the model for
the selection of miRNAs from the data.

5.3.4.2 Combining BayLIME and SHAP in Class Score

The concept of BayLIME is discussed in the Section 5.3.4.1 and SHapley Additive ex-
Planations (SHAP) is explained in Section 4.3.3 of Chapter 4. While SHAP is often used
as both local and global explanation approach, BayLIME is only used for the former
case. Further, both BayLIME and SHAP explanations are denoted as feature attribution
methods. That view connects the BayLIME and SHAP to obtain interpretable features.

The contributions of a feature j (miRNA) in a class using BayLIME and SHAP are
computed using 5.5 and Eqs. 4.9, respectively. The average of these values is considered
as the class score for a miRNA. This is repeated for all the patients in the class. The

class score of jth miRNA is defined as:

M, = <Zf:1 Bij + 24 Xz‘j) (5.8)

2k

where, 3;; and x;; denote the explanations of ith patient and jth miRNA obtained using
BayLIME and SHAP, respectively, in a class. K denotes the number of patients in a

cancer class.

In BayLIME and SHAP, different weighting schemes are used for the patients. While
the patients are weighted based on their proximity to the selected patient in BayLIME,
these are weighted based on the weights the ‘coalition of miRNAs for a particular patient’
obtains in the estimation of Shapley values. The lesser the number of 1’s in the coalition
vector, the smaller the weights in BayLIME. In SHAP, if the number of 1’s in the

coalition vector is few or many, then it achieves the highest weight [255]. In summary,
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the class score represents the relevance of a miRNA in various cancer classes based on

its role in the class prediction of patients during classification.

5.3.4.3 Reliability Score

The relevance of a miRNA in terms of class score is discussed in Section 5.3.4.2. How-
ever, the class score (See Eq. 5.8) does not represent the reliability of the miRNA for
belonging to that particular class. To determine the reliability of a miRNA belonging to
a class, probability can be computed using frequently occurring expressions of a miRNA
in that class. Note that, in a practical situation, it is almost impossible to have the
same expression values of a miRNA in two patients. In this scenario, the dispersion of
expression values of a miRNA in a class is computed as a reliability score, which shows
the relationship between different expression values. The dispersion shows the spread
of expressions, and a lower spread indicates higher reliability of a miRNA to that class.

The reliability score is computed using the Gini index.

Gini Index: In economics, the Gini index is utilized to determine the inequality of
the distribution of wealth in a population [273]. Here, Gini index for a miRNA helps in

finding the inequality of expression values in a class and it is defined as:

>ic1 Z?:l pi — 4

G; =
! 2n Z:‘L:1 Di

(5.9)

where p; and p; are the expression values of ith and jth patients for a miRNA. The Gini
index is subtracted from 1 to compute the reliability score of a miRNA and it is defines
as:

R;=1-G, (5.10)

Some of the properties of the score are as follows: (i) R; € [0,1], where a value of 1
represents maximum reliability, and (ii) as the difference between the expression values

decreases, the value of R; increases.

In summary the set-theoretic explainable Al based attribution score of jth miRNA
is represented as:
STEAAS; = (M;, R;) (5.11)

A miRNA with a high class score and a high reliability score is treated as a relevant
miRNA in that cancer class. A threshold of 0.8 is chosen for both class score and
reliability score. MiRNAs achieving both scores higher than the chosen thresholds are
selected for validation using publicly available databases such as the ENCORI/Starbase

and OncomiR.

The source codes of the MOHCNN-STEAAS and datasets related to the investigation
are provided on Github page https://github.com/joginder12/ICNNM.
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5.4 Experimental Results

In this section, we discuss the performance of MOHCNN. The hyperparameters are
optimized as mentioned in Section 5.3.3.2 and then used to train the model. Seven
datasets, CPCS, CPCNS, CNS, CPCCNS, breast, kidney, and lung, are used in the
study. The results regarding the training and test performance of MOHCNN are reported
in Section 5.4.1. The miRNAs selected by the developed STEAAS are biologically
validated using the ENCORI/Starbase [153] and OncomiR [90] and reported in Section
5.4.2.

5.4.1 Performance of MOHCNN

The performance of MOHCNN, in terms of the number of training parameters and the
training performance, is compared with some existing CNN models. Further, the com-
parison of MOHCNN with some existing CNN models, recent miRNA selection methods,
and well established boosted classifiers is also provided in terms of test performance. The

comparison methods are as follows:

e Three-layer CNN (ICNNM) [151], One layer CNN (Base-CNN) [131], stacked en-
semble CNN (Ens-CNN) [132], and 6 layer CNN (SixL-CNN) [53]. These models

are used for gene expression analysis but not for miRNA expression.

e Ensemble feature selection (EFS) [116], miRNA based pan-cancer diagnosis (SVM-
RBF) [119], and an ensemble of 14 classifiers (Onco-Cls) [121]. These methods are

used in previous studies for miRNA expression-based pan-cancer analysis.

e Gradient boosting (Gboost) [140] and Random Forest (RF) [140]. These two
classifiers performed the best among various classifiers used for pan-cancer analysis
in [116].

e Catboost (CBT) [148] and XGboost [152]. These are two highly cited state-of-the-

art classifiers for tabular data.

Table 5.3: Comparing MOHCNN with related CNN models in terms of layers and
parameters.

Measures MOHCNN|Base-CNN|Ens-CNN| Six[.-CNN
Number of convolution Layers 2 1 1 6
Number of parameters 33284 9,15,588 (22,90,722|24, 65, 817

In Table 5.3, MOHCNN is compared with related CNN models in terms of training
parameters. The minimum and maximum number of training parameters are 33284 and
2465817 for MOHCNN and SixL-CNN, respectively. Although the number of convolu-
tion layers is 2 for MOHCNN as compared to 1 for Base-CNN, the number of training
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parameters for MOHCNN is approximately 30 times less than that of Base-CNN, which

is the second method with the least training parameters.

Seven datasets CPCS, CPCNS, CPCCNS, CNS, breast, kidney, and lung, are used for
comparing the classification performance of the MOHCNN. Each dataset is partitioned
into training and test data where 70% of the data is used for training and 30% is kept
for testing. The MOHCNN is trained using stratified 10-fold cross-validation. Nine folds
are used for training and one fold for validation. After training, the model is tested on

the remaining 30% of data to check the performance on unseen data.

The training performance of MOHCNN, for each fold, in terms of training accuracy,
training error, validation accuracy, and validation error, and their averages for ten folds
are reported in Table 5.4. The performance of a model is considered good if the accuracy
is high and the error is low. The maximum average training and validation accuracies
achieved by the MOHCNN are 1.00 for CNS, kidney and lung datasets and 0.99 for the
same data, respectively. The minimum training and validation errors are 0.01 for the

lung dataset and 0.02 for the kidney dataset, respectively.

Table 5.4: Training Performance of MOHCNN in terms of training accuracy (T_Acc),
training error (T_Err), validation accuracy (Val_Acc), and validation error (Val_Err) for
seven datasets.

Datasets |Measures|Fold 1|Fold 2|Fold 3|Fold 4|Fold 5|Fold 6|Fold 7|Fold 8|Fold 9|Fold 10|Average
T_Acc | 0.97 | 0.99 | 0.99 | 0.99 | 0.99 | 0.99 | 0.99 | 0.99 | 0.99 | 0.99 0.99
CPCS T_Err | 0.13 | 0.07 | 0.06 | 0.06 | 0.05 | 0.05 | 0.06 | 0.05 | 0.04 | 0.04 0.06
Val_acc | 0.91 | 0.95 | 0.95 | 0.98 | 0.99 | 0.98 | 0.98 | 0.97 | 0.98 | 0.99 0.97
Val_err | 0.35 | 0.18 | 0.18 | 0.10 | 0.07 | 0.07 | 0.07 | 0.10 | 0.10 | 0.03 0.13
T_Acc | 0.95 | 0.97 | 0.98 | 0.98 | 0.98 | 0.99 | 0.98 | 0.99 | 0.99 | 0.99 0.98
CPCCNS T_Err | 0.20 | 0.12 | 0.11 | 0.10 | 0.09 | 0.07 | 0.09 | 0.07 | 0.06 | 0.06 0.10
Val_acc | 0.89 | 0.90 | 0.96 | 0.95 | 0.97 | 0.98 | 0.99 | 0.98 | 0.98 | 0.99 0.96
Val_err | 0.46 | 0.43 | 0.17 | 0.22 | 0.14 | 0.09 | 0.07 | 0.12 | 0.12 | 0.05 0.19
T_Acc | 0.96 | 0.97 | 0.98 | 0.98 | 0.99 | 0.99 | 0.99 | 0.99 | 0.99 | 0.99 0.98
CPCNS T_Err | 0.16 | 0.10 | 0.09 | 0.08 | 0.07 | 0.07 | 0.06 | 0.05 | 0.06 | 0.05 0.08
Val_acc | 0.91 | 0.95 | 0.96 | 0.97 | 0.98 | 0.98 | 0.98 | 0.99 | 0.99 | 0.99 0.97
Val_err | 0.37 | 0.18 | 0.16 | 0.11 | 0.09 | 0.08 | 0.07 | 0.06 | 0.05 | 0.04 0.12
T_Acc | 0.99 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 0.99 1.00
CNS T_Err | 0.14 | 0.05 | 0.03 | 0.02 | 0.02 | 0.01 | 0.02 | 0.01 | 0.01 | 0.02 0.03
Val_acc | 0.95 | 0.95 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 0.99
Val_err | 0.19 | 0.19 | 0.03 | 0.02 | 0.02 | 0.01 | 0.01 | 0.01 | 0.01 | 0.01 0.05
T_Acc | 093 | 095 | 0.98 | 1.00 | 1.00 | 0.92 | 0.99 | 1.00 | 1.00 | 1.00 0.98
Breast T Err | 0.22 | 0.18 | 0.09 | 0.02 | 0.02 | 0.28 | 0.04 | 0.01 | 0.01 | 0.01 0.09
Val_acc | 0.63 | 0.91 | 0.94 | 0.99 | 0.94 | 0.84 | 0.95 | 1.00 | 1.00 | 1.00 0.92
Val_err | 1.24 | 0.28 | 0.18 | 0.04 | 0.12 | 0.38 | 0.13 | 0.02 | 0.01 | 0.01 0.24
T_Acc | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 0.99 | 1.00 1.00
Lung T_Err | 0.04 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00 | 0.01 | 0.00 | 0.02 | 0.00 0.01
Val_acc | 0.95 | 1.00 | 0.98 | 1.00 | 1.00 | 1.00 | 0.98 | 1.00 | 1.00 | 1.00 0.99
Val_err | 0.32 | 0.01 | 0.02 | 0.01 | 0.00 | 0.00 | 0.03 | 0.00 | 0.00 | 0.00 0.04
T_Acc | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 1.00
Kidney T_Err | 0.03 | 0.01 | 0.01 | 0.01 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 0.01
Val_acc | 0.96 | 0.99 | 1.00 | 0.99 | 1.00 | 0.99 | 1.00 | 1.00 | 1.00 | 1.00 0.99
Val_err | 0.13 | 0.03 | 0.01 | 0.02 | 0.01 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00 0.02

The comparison of MOHCNN with related CNN models in terms of the average of
training accuracy, training error, validation accuracy, and validation error is reported
in Table 5.5. The best results are marked in bold fonts. It is observed from the table

that MOHCNN achieved the minimum average training and validation error and the

112



Table 5.5: Comparing the performance of MOHCNN with related CNN models in terms
of training accuracy (T_Acc), training error (T_Err), validation accuracy (Val_Acc), and
validation error (Val_Err) for seven datasets. The best results are marked in bold font.

Datasets |Methods| MOHCNN |Base-CNN |Ens-CNN|SixL-CNN
T_Acc 0.99 0.92 0.97 0.95
T _Err 0.06 0.31 0.09 0.18
CPCs Val_Acc 0.97 0.90 0.95 0.88
Val_Err 0.13 0.37 0.19 0.56
T_Acc 0.98 0.90 0.97 0.75
T_Err 0.08 0.38 0.11 0.82
CPCNS Val_Acc 0.97 0.87 0.96 0.60
Val_Err 0.12 0.47 0.16 3.95
T_Acc 0.98 0.91 0.95 0.97
T_Err 0.10 0.32 0.16 0.11
CPCCNS Val_Acc 0.96 0.88 0.94 0.92
Val_Err 0.19 0.47 0.22 0.40
T_Acc 1.0 0.85 0.99 0.95
CNS T_Err 0.03 1.18 0.05 0.19
Val_Acc 0.99 0.59 0.98 0.78
Val_Err 0.05 1.81 0.07 0.78
T_Acc 0.98 0.74 0.95 0.85
Breast T _Err 0.09 1.13 0.90 0.43
Val_Acc 0.92 0.14 0.37 0.54
Val_Err 0.24 1.90 0.34 1.42
T_Acc 1.0 0.92 0.99 0.56
Lung T_Err 0.01 1.04 0.12 1.38
Val_Acc 0.99 0.76 0.99 0.46
Val_Err 0.04 1.97 0.04 1.49
T_Acc 1.0 0.91 0.97 0.74
Kidney | T_Err 0.01 0.84 0.09 0.75
Val_Acc 0.99 0.85 0.97 0.61
Val_Err 0.02 0.75 0.08 1.08

maximum average training and validation accuracy for all the datasets. For example,
the training accuracy, training error, validation accuracy, and validation error values
are 0.99, 0.06, 0.097, and 0.13, respectively, for MOHCNN using CPCS data, and the
same values are obtained as 1.0, 0.01, 0.99, and 0.04 for lung data. Note that Ens-CNN
also achieved the same validation accuracy (0.99) and error (0.04) for lung data. For
other datasets, Ens-CNN achieved the second-best values for all four measures except
the CPCCNS data, where SixL.-CNN achieved the second-best training accuracy and
error. Interestinglyy, MOHCNN achieved 100% training accuracy for CNS, lung, and
kidney datasets.

The comparison of MOHCNN with the related methods and classifiers in terms of
test accuracy, F-score, and MCC on 30% of test data is provided in Tables 5.6, 5.7, and
5.8, respectively. The best results achieved by any method for a dataset are represented
in bold font.

It is observed from Table 5.6 that MOHCNN achieved the highest test accuracy
values for all the datasets. The accuracy values are 1 for all the datasets except lung,
where it is 0.99. Note that Base-CNN & Ens-CNN, Base-CNN & SixL-CNN, ICNNM,
and SixL-CNN also achieved the highest test accuracy values for the CPCCNS, breast,
CNS, and lung datasets, respectively. In general, Ens-CNN achieved the second-best
results for all the datasets except the CPCS data.
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Table 5.6: Comparing the performance of MOHCNN with related methods and boosted
classifiers in terms of test accuracy for 30% of test data.

Datasets | Base-CNN|Ens-CNN|SixL-CNN|ICNNM |Onco-Cls|SVM-RBF |Gboost | XGboost [CBT| RF IMOHCNN
CPCS 0.97 0.96 0.90 0.99 0.95 0.92 0.89 0.93 [0.94(0.91 1.00
CPNS 0.98 0.99 0.99 0.99 0.95 0.91 0.88 0.92 ]0.93(0.91 1.00

CPCCNS 1.00 1.00 0.98 0.99 0.94 0.88 0.86 0.92 ]0.93(0.90 1.00
CNS 0.97 0.97 0.96 1.00 0.96 0.77 0.89 0.93 [0.94(0.91 1.00
Breast 1.00 0.96 1.00 0.98 0.83 0.75 0.78 0.79 ]0.80(0.76 1.00
Kidney 0.98 0.99 0.98 0.99 0.97 0.91 0.96 0.96 |0.96 [0.96 1.00
Lung 0.97 0.98 0.99 0.98 0.95 0.89 0.92 0.92 ]0.93(0.92 0.99

Table 5.7: Comparing the performance of MOHCNN with related methods and popular
boosted classifiers in terms of F-score for 30% of test data.

Datasets | Base-CNN |Ens-CNN|SixL-CNN [ICNNM [Onco-Cls| SVM-RBF | Gboost | XGboost [CBT| RF [MOHCNN
CPCS 0.95 0.89 0.91 0.97 0.95 0.91 0.89 0.93 0.94 10.90 0.97
CPNS 0.94 0.91 0.93 0.99 0.95 0.89 0.88 0.92 {0.93(0.90 0.97

CPCCNS 0.94 0.84 0.96 0.98 0.93 0.86 0.86 0.92 [0.93(0.89 0.97
CNS 0.93 0.93 0.96 0.95 0.96 0.68 0.90 0.93 {0.93(0.90 0.98
Breast 0.93 0.85 1.00 0.91 0.82 0.69 0.76 0.77 |0.7810.72 1.00
Kidney 0.95 0.94 0.94 0.97 0.93 0.89 0.96 0.96 |0.96 |0.96 0.97
Lung 0.95 0.96 0.95 0.98 0.94 0.88 0.92 0.92 [0.93(0.92 0.98

It can be observed from Table 5.7 that MOHCNN achieved the highest F-score values
except for the CPNS and CPCCNS datasets, where ICNNM outperforms MOHCNN.
The values gained by ICNNM and MOHCNN for these datasets are 0.97 & 0.96 and
0.98 & 0.96 and it is noticed that the difference is insignificant. The values achieved
by MOHCNN and ICNNM for CPCS, CPNS, CPCCNS, CNS, breast, kidney, and lung
datasets are 0.97 & 0.97, 0.97 & 0.99, 0.97 & 0.98, 0.98 & 0.95, 1.0 & 0.91, 0.97 & 0.97,
and 0.98 & 0.98, respectively.

Table 5.8: Comparing the performance of MOHCNN with related methods and popular
boosted classifiers in terms of MCC for 30% of test data.

Datasets |Base-CNN|Ens-CNN|SixL-CNN|ICNNM |Onco-Cls|SVM-RBF|Gboost | XGboost [CBT| RF IMOHCNN
CPCS 0.94 0.89 0.87 0.96 0.93 0.89 0.89 0.88 [0.93(0.91 0.97
CPNS 0.93 0.91 0.94 0.97 0.92 0.90 0.88 0.92 0.9310.90 0.96

CPCCNS 0.95 0.85 0.96 0.98 0.94 0.88 0.85 0.92 0.9310.90 0.96
CNS 0.93 0.92 0.94 0.94 0.93 0.75 0.88 0.93 {0.93(0.90 0.97
Breast 1.00 0.83 1.00 0.90 0.73 0.61 0.64 0.66 |0.69(0.61 1.00
Kidney 0.91 0.92 0.96 0.97 0.92 0.85 0.93 0.94 {0.94(0.93 0.96
Lung 0.97 0.96 0.96 0.98 0.92 0.80 0.86 0.87 ]0.86(0.87| 0.98

MOHCNN also obtained the best results for all the datasets except CPCNS, CPC-
CNS, and kidney datasets in terms of MCC value as provided in Table 5.8. The values
for various datasets are 0.97, 0.96, 0.96, 0.97, 1.0, 0.96, and 0.98. For CPCNS, CPC-
CNS, and kidney datasets, ICNNM achieves higher results than MOHCNN, but the
difference is insignificant. The third-best values are obtained by Base-CNN for most of
the datasets except CNS and the kidney.
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In summary, the average training and validation accuracy achieved by MOHCNN
is 0.99 and 0.97 for all the datasets. The average training and validation accuracy
achieved by Base-CNN, Ens-CNN, and SixL.-CNN is 0.87 & 0.75, 0.97 & 0.96, and 0.82
& 0.69, respectively. The test performance of MOHCNN in terms of accuracy, F-score,
and MCC varies from 0.99 to 1.00, 0.97 to 1.00, and 0.96 to 1.0, respectively. The
MOHCNN performed better than the related methods in 215 out of 231 (3 measures X

7 datasets x 11 methods) cases.

5.4.2 Validation of miRNAs Selected using STEAAS

To determine the relevance of a miRNA in a cancer class, the developed class score and
the reliability score in STEAAS are used. The miRNAs those obtained both class score
and reliability score higher than the chosen threshold of 0.7 are selected as relevant ones.
The class score and reliability score vary from 0 to 1, where a value of 1 for both scores
indicates the maximum relevance of a miRNA in a class. The miRNAs selected for
various cancer classes from CPCS data are reported in Table 5.9. Further, the miRNAs

are also selected from subtype datasets and reported in Table 5.10.

Table 5.9: Biological validation of the selected miRNAs for CPCS dataset. The target
genes for a miRNA corresponding to a particular cancer class are obtained using On-
comiR and ENCORI/Starbase databases. The references mentioning the role of miRNAs
in the corresponding cancer class are provided in the last column.

MiRNAS |Cancer |Class|Reliability Target References

class |Score| Score Genes

BLCA| 1 0.81 GAS1, CALD1, QKI [274]

BRCA | 0.88 0.91 BCORLI, SPINK13

ESCA| 1 0.83 VPS13B

KICH| 1 0.82 DCLK3, Z1C1

KIRP | 1 0.84 SEP15

LUAD| 0.81 0.93 GASI, QKI, CALD1

OVAR| 0.77 0.89 RASD1, FNDC3B, POU3F1
hsa-mir-375 [READ | 0.93 0.95 GAS1,QKI

THYM] 0.72 0.88 HTR5A

ucCs | 0.7 0.86 TET1, PYGO1

PAAD| 1 0.93 NPAS3, CNOT7

PCPG| 1 0.95 CAMSAP2

PRAD| 1 0.98 HTR5A, XAF1

CHOL| 0.71 0.92 LANCL3, IL17RA [275]
hsa-mir-10b [LUAD| 0.71 0.97 TMOISF3 [276]

LUSC | 0.71 0.98 C30RF70 [276]
hsa-rmir-192 READ| 0.81 0.98 IGF2, BDNF [274]

STAD | 0.75 0.95 CHML, ABL2, FAM162B
hsa-mir-106a | ESCA | 0.72 0.84 FAM49B, GTF2H1, PLEKHAS, PTPRF 277
hsa-mir-30a |LAML| 0.8 0.89 FBX045, CCNF, CCNE2, MYBL2 278
hsa-mir-101-1| OVAR | 0.71 0.89 LGI2, ADAMTS17, PHLDA1, ABHD17B 279
hsa-mir-153-2| READ | 0.72 0.88 POLR2M, SH3BP4, SNAI1, RPS6KB1 280

In Table 5.9, the miRNAs selected by the developed STEAAS are reported for CPCS

dataset. The target genes of the miRNAs, for the corresponding cancer classes, are
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obtained using OncomiR [281] and ENCORI/Starbase [153] database. The selcetd miR~
NAs or their target genes are then validated with the help of existing biological studies.
It is noticed from the first miRNA in the table that has-miR-375 achieved a class score
greater than 0.70 in thirteen cancers. According to ENCORI database, has-miR-375 is
differentially expressed in PRAD cancer with a p-value of 1.5e767. It also achieved a
class score of 1 and a reliability score of 0.95. The class score of the second miRNA,
hsa-miR~10b, is 0.71 in CHOL, LUAD, and LUSC cancer classes. For the same classes,
the reliability scores are 0.92, 0.97, and 0.98. The hsa-miR-10b is mentioned as an im-
portant marker in these cancers as per OncomiR database. It is also mentioned as a key
biomarker in [275], [276], and [276] for CHOL, LUAD, and LUSC cancer, respectively.
The third miRNA, hsa-miR-192, achieved a class score of 0.81 and a reliability scores
of 0.98 for READ cancer class. The scores for the STAD cancer class are 0.75 and
0.95. This miRNa is mentioned as differentially expressed in both the cancer classes ac-
cording to OncomiR and ENCORI databases. However, hsa-miR-192 is not mentioned
as a key biomarker for these cancer classes in any existing literature. Therefore, the
finding related to OncomiR and ENCORI databases suggests that hsa-miR-192 may be
a novel biomarker for READ and STAD cancer class. The remaining four miRNAs,
hsa-miR-106a, hsa-miR-30a, hsa-miR-101-1, and hsa-miR-153-2 are also mentioned as
key biomarkers, for the mentioned cancer classes in Table 5.9, in OncomiR. database as
well as existing studies [277-280)].

Table 5.10: Biological validation of the selected miRNAs for breast, lung and kidney
datasets. The target genes for a miRNA corresponding to a particular cancer class are
obtained using OncomiR and ENCORI/Starbase databases. The references mentioning
the role of miRNAs in the corresponding cancer class are provided in the last column.

Dataset| MiRNA |Cancer|Class|Reliability Targets References
Score| Score genes
hsa-mir-455 | LUSC | 0.78 0.93 TMEFF1, CCNJ, PPFIA3, SLC17A6 282
hsa-mir-375 | LUSC| 0.77 0.89 BCORL1, SPINK13 154
hsa-mir-9 | LUSC | 0.75 0.89 PDCD4, ABCG1, MYRF, GSPT2,ARFRP1 283
Lung [hsa-mir-125a|LUAD| 0.78 0.96 FUT6, FBXL17, C120RF5, 154
JAK1, BCKDHA, FAM122A, MEGF11
hsa-mir-505 [LUAD| 0.75 0.92 FBXL17, VGLL3, CHP1 284
hsa-mir-652 [LUAD| 0.75 0.92 ATP11B 285
hsa-mir-874 |LUAD| 0.77 0.89 USPS8, KCNQ1, ZBTBT7A, TEF, LPAR5 286
hsa-mir-23a | KIRC | 0.79 0.98 STAT5B, NDST1, MED12, CBLN1, MAP3K3 287
Kidney | hsa-mir-141 | KICH | 0.83 0.87 SDHC, UGT1A7, PNMA3, ALKBH5, AK2 288
hsa-mir-625 | KIRP | 0.77 0.93 DNAJA1 289
hsa-mir-1307| HER2 | 0.75 0.96 RASSF2 290
hsa-mir-130a| HER2 | 0.76 | 0.91 RASAT, SOCS6, ENPP5, ZFYVEZ6, 201
ATG16L1, MECP2
hsa-mir-140 | HER2 | 0.76 0.97 KIAA0232, DSC1, CHD2, SRGAP3, [292]
Breast SLC24A1, ZNF772, TBX18, ZNF740
hsa-mir-144 | HER2 | 0.78 0.87 TBX18, DST, CEP68, FAT4 293
hsa-mir-146b| HER2 | 0.82 0.95 ANPEP, SEMA4C 155
hsa-mir-30a | HER2 | 0.82 0.95 SCYL3, ZFYVE26, KIF16B, RASA1, ANKRA2 155
hsa-mir-378c| HER2 | 0.81 0.94 JADE2, RBBP9, C20RF388 294
hsa-mir-191 [LUMB| 1.00 0.95 CREBBP [295, 296]
hsa-mir-3613|LUMA| 0.93 0.88 C30RF70, ATG16L1, DUSP18, KIAA0232 [297]
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In Table 5.10, the miRNAs selected from breast, lung, and kidney datasets are re-
ported along with their class score, reliability score, target genes, and references men-
tioning their role as biomarkers. In the lung dataset, three miRNAs, hsa-miR-455,
hsa-miR-375, and hsa-miR-9, are selected for the LUSC subtype. Their class scores
are 0.75, 0.77, and 0.75, and their reliability scores are 0.93, 0.89, and 0.89. These
miRNAs are also found to be relevant as per the OncomiR database and existing in-
vestigations [154,282,283]. According to the OncomiR database, hsa-miR-125a is a key
biomarker for the LUAD subtype with target genes FUT6, FBXL17, JAKI, etc. It is
also found to be deregulated in LUAD as per [154]. Hsa-miR-505 and hsa-miR-652 are

also mentioned as key markers in lung cancer [282,284].

For the breast dataset, seven miRNAs are selected from the HER2 subtype, and one
miRNA from each class LUMA and LUMB. The class score and the reliability score of
the seven miRNAs from the HER2 subtype range from 0.75 to 0.82 and 0.87 to 0.97,
respectively. These miRNAs are also validated using the Oncomir database and related
literature, as mentioned in the table. Interestingly, hsa-miR-191 achieved a class score
of 1 (which is the maximum score a miRNA can achieve) and a reliability score of 0.95
in the LUMB subtype. It is also reported as a biomarker in LUMB according to [296].
Similarly, hsa-miR~3613 is also mentioned as a biomarker in the LUMA subtype in [297].

For the kidney dataset, miRNAs hsa-mir-23a, hsa-mir-141, and hsa-mir-625 are se-
lected for subtypes KIRC, KICH, and KIRP, respectively. Their class scores are 0.79,
0.83, and 0.77, and their reliability scores are 0.98, 0.87, and 0.93. These miRNAs
are also mentioned as important biomarkers in the mentioned subtypes in various stud-
ies [287-289)].

SHAP and BayLIME Visualizations: In Fig. 5.3, SHAP and BayLIME values
for 10 patients from the ESCA class are plotted. The average SHAP and BayLIME
values of the top 20 miRNAs are shown in Figs. 5.3(a) and 5.3(b), respectively. It is
observed from the figure that the indices 222, 58, and 122 are common. The miRNA
at index 222 is ranked first in BayLIME and seventh using SHAP scores. In the CPCS
dataset, miR-375 is at 222 which is ranked top-most miRNA with a class score of 1 in
the ESCA class. The miRNAs at 58 and 122 are 135b and 203b, respectively. These
miRNAs are also selected as relevant ones using STEAAS with class scores of 0.68 and
0.68.

5.5 Complexity of MOHCNN-STEAAS

MOHCNN-STEAAS also utilizes 1D CNN model as a classifier for classifying patients
from various cancer types. While the hyperparameters of the 1D CNN are optimized
using Bayesian optimization in a single-objective framework in ICNNM, these are opti-
mized in a multi-objective framework in MOHCNN. The discussion on the complexity

of 1D CNN and SHAP is already provided in Chapter 4. Here, we provide a discussion
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Figure 5.3: The SHAP and BayLIME visualization of top ranked miRNAs.

on the complexity of the multiobjective tree-structured Parzen estimator for optimizing
hyperparameters of a 1D CNN, Baylime to determine the scores of miRNAs based on the
prediction of MOHCNN, Gini index to compute the reliability of the selected miRNA

using class score, and then the total complexity of the developed model.

Multi-objective Optimization of hyperparameters using Bayesian Opti-
mzization with the Tree Parzen Structured Estimator: In the previous chapter,
the time complexity of Bayesian optimization in single objective framework is provided.
Here, we optimized the hyperparameters of a 1D CNN in a multi-objective framework.
The complexity can be considered O(H x E x o x Cf), where o denotes the number of

objective functions.

Class Score using SHAP and BayLIME: The time computation of SHAP is
provided in Chapter 4. For BayLIME, it is mentioned in [149] that the complexity to
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generate an explanation using an explainable model is dominated by the black box model
which in this case is MOHCNN. Suppose a perturbed dataset of size Pp is generated to
explain a patient with n» miRNAs, MOHCNN will make predictions for all the samples
in the perturbed dataset. This perturbation will be repeated for all the samples in
the original dataset and the time complexity will be increased by a factor Pp to that
of MOHCNN. Hence, the complexity of integrating BayLIME with MOHCNN in class
score is O(M x Pp x L x f X k x n).

Reliability Score: The reliability score is computed using the Gini index, and the
time required to compute the Gini Index for a miRNA is O(M?) as it computes the
difference between each pair of values. For n miRNAs, the time complexity required for

the reliability score, involving the Gini index, is O(n x M?).

In summary, the computational complexity of the MOCNN and STEAAS after inte-
gration is O(H x Exo0) + O(M x Lx fxkxn)+ O(2") + O(M x Pp x L X f Xk xn)
+O0(nxM?*)~OHxXExoxCf)+ O(MxPpxCf)+OMxSxkxCy)+ Cy.

5.6 Discussion and Conclusion

In this study, a multi-objective framework for optimizing hyperparameters of a 1D CNN
(MOHCNN) and a set-theoretic explainable Al-based attribution score (STEAAS) for
identifying relevant miRNAs in various classes of cancer in pan-cancer data are devel-
oped. In the developed architecture, batch normalization after each pooling layer helps
in preventing the vanishing and exploding gradient problem in backpropagation. Fur-
ther, the addition of a dropout layer after each dense layer prevents the model from
overfitting by stopping the neurons from becoming too specific for certain tasks. In
the multi-objective paradigm, training error, validation error, and the number of train-
ing parameters are considered as objective functions. Bayesian optimization with multi
variate tree parzen estimator is used for optimizing the hyperparameters using CPCNS
data where the number of cancer classes is 33 and the number of normal classes is 16.
As mentioned earlier, to avoid biases in the optimization of MOHCNN, 6 normal classes
are removed from the original pan-cancer data (CPCN) to derive the CPCNS data as

the number of normal patients in these classes is less than 5.

The performance of MOHCNN is evaluated on the CPCS, CPCNS, CNS, CPCCNS,
breast, kidney, and lung datasets. The training and test results on different datasets
with varying sample (patient) sizes show the stability and robustness of MOHCNN. It is
observed from Tables 5.6, 5.7, and 5.8 that MOHCNN performs superior to the related
methods, used for comparison, in 215 out of 231 cases. Further, MOHCNN requires only
33284 training parameters, which is approximately 30 times less than the Base-CNN,
the second method with the least training parameters. The ranges of F-score and MCC
values are 0.92 to 1.0, and 0.89 to 1,0, respectively, for MOHCNN. The average F-score
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and MCC values are 0.97 and 0.96, respectively. Considering the results, the ICNNM
is observed as the second-best method. MOHCNN performs better than ICNNM in 37

out of 42 cases with fewer training parameters. Hence, MOHCNN is more robust than

the ICNNM.

In STEAAS, the class score and the reliability score help in identifying relevant
miRNAs in various cancer classes. While the class score, computed using BayLIME
and SHAP values, helps in selecting miRNAs based on their contribution towards the
prediction of class labels of patients, the reliability score determines the inequality of
expression values of a miRNA in a class. While ICNNM only uses SHAP to compute the
attribution score of miRNAs, STEAAS utilizes the combination of the class score and the
reliability score to select relevant miRNAs, which makes STEAAS more interpretable.
Further, two explainable Al-based methods, BayLIME and SHAP, are integrated into the
class score to improve the miRNA selection process. The miRNAs selected by STEAAS
are validated using OncomiR and ENCORI/Starbase databases and related existing
studies. Most of the miRNAs selected by STEAAS are mentioned as key biomarkers
in various studies. For example, hsa-miR-125a and hsa-miR-30a are selected from lung
and breast datasets and these are also mentioned as biomarkers in [154] and [155],

respectively.
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Chapter 6
Conclusion and Future Scope

Cancer can develop in any part of the body and can metastasize to other parts. Late di-
agnosis and anti-cancer drug resistance are major reasons for failure of cancer treatment
and low survival rates of patients. A number of biochemical and biological investigations
are conducted to establish the role of miRNAs in cancer treatment. Understanding the
roles of miRNAs in cancer using wet lab based experiments is expensive. Although this
problem can be handled computationally by overcoming certain challenges. The chal-
lenges in developing computational methods for identifying miRNAs in cancer are: i) not
all miRNAs are important in the classification of cancer, and ii) a miRNA may express
similarly in more than one cancer as discussed in Chapter 1 (See Section 1.4.1.3). To
address these challenges, various computational methods are developed and discussed
in four contributory chapters (Chapter 2-5) of this thesis. The problems handled in
these chapters involve identifying important miRNAs for improving two-class (control
and drug resistant patient) classification and multi-class cancer classification (pan-cancer
analysis) problems. In chapter 1, a literature review and organization of the thesis are
provided. In Chapter 2, two computational methods named EDWFC and HCEDFCR are
developed for identifying drug resistant miRNAs using biological knowledge. In Chapter
3, an integration of fuzzy rough set based relevance and redundancy entropy measures
using weights is introduced for identifying miRNAs that help in better classification of
control and drug resistant patients. In Chapter 4, an interpretable convolutional neural
network is developed for detecting miRNAs in various cancers using pan-cancer miRNA
expression data. In Chapter 5, a 1D-CNN is optimized in multi-objective framework
and a set theoretic explainable Al based attribution score is presented for identifying

miRNASs in various cancers.
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6.1 Conclusion

In Chapter 1, a review of the existing studies those deal with miRNAs associated with
drug resistance in cancer and role of miRNAs in various cancers is provided. It is
observed that the number of computational approaches is much lower than that of wet
laboratory based studies. The lack of computational approaches for the identification
of drug resistant miRNAs using expression data motivated us to develop three new
methods (Chapter 2 and 3). Further, most of the existing computational methods in pan-
cancer analysis are not optimized in performance and are unable to identify class specific
miRNAs. These approaches focus on only classification of various cancers. Hence, two
miRNA identification methods are developed in Chapters 4 and 5 for identifying miRNAs

in various cancers in optimization framework.

Two methods (EDWFC and HCEDFCR) are developed for identifying drug resistant
miRNAs in Chapter 2. In the EDWFC, the average rank of known drug resistant
miRNAs are minimized by first multiplying the Euclidean distance and fold change
between the averages of control and resistant expressions, and then varying the power of
the fold change. A portion of miRNAs is selected from the top of the ranked list and used
for classifying control and drug resistant patients. In the HCEDFCR, a histogram based
clustering method is used to divide the miRNAs into different clusters. The product of
the Euclidean distance and fold change value between the control and resistant miRNA
expressions are used to rank the clusters and also miRNAs inside the clusters. MiRNAs

in the top ranked cluster are considered as important. The key findings are:

e In EDWFC, Minimizing the rank of known miRNAs helps in finding an accurate
power of fold change in the similarity measure to discriminate control and drug
resistant expressions. This measure in turn helps in identifying unknown miRNAs
with high discriminating capability and ranks them in the top order. Hence, the
top miRNAs selected by the EDWFC are helpful in classifying control and drug
resistant patients in a better manner. The comparison of EDWFC with some
well-known techniques shows that the method performs the best in 302 out of 315

cases.

e In HCEDFCR, grouping of miRNAs is based on their frequency of expression
magnitude (sum of expressions of patients) and then ranking those groups and
miRNAs inside them. These help to detect top ranked drug resistant miRNAs
from each group with miRNAs having similar overall magnitude of expression
values across all drug resistant patients. For example, in colon FU & colon M

datasets the known miRNA achieved the first position in the top cluster.

The EDWFC and HCEDFCR both utilize Euclidean distance and fold change for

miRNA ranking. Further, the advantage of using biological knowledge about known
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drug resistant miRNAs is demonstrated in EDWFC but not in HCEDFCR for miRNA
ranking. In HCEDFCR, histogram based clustering is used in a unique way which uses

sum of expression values for each miRNA.

In Chapter 3, two new z score based relevance and redundancy entropies are devel-
oped. These are integrated in a weighted framework, called WFIFRRRE, for selecting
drug resistant miRNAs and classifying patients. The fuzzy membership of each miRNA
expression value is computed using the ratio of z scores from one class to the other.
These membership values are used to determine the fuzzy rough membership of expres-
sion values in lower and boundary regions. The average frequency of expression values of
a miRNA in the aforesaid regions of fuzzy rough set is then determined to compute the
relevance and redundancy entropies of each miRNA. The weight in WFIFRRRE, used
to integrate relevance and redundancy entropies, is determined in a supervised manner
where the F score is maximized in the classification performance in discriminating con-
trol and drug resistant patients for user defined number of selected miRNAs. The key

findings are:

e Incorporating the weight in integrating the entropies and updating the weight
to maximize the classification performance in terms of F score help in finding
a set of important drug resistant miRNAs. Besides F score, the classification
performance in terms of other performance measures such as sensitivity, specificity,
accuracy, and MCC is also found to be better than related methods. In summary,
WFIFRRRE performs better in 404 out of 416 cases while comparing it with

related methods.

e Most of the miRNAs selected by WFIFRRRE from various datasets are validated
using existing biological investigations. The remaining miRNAs can be validated
in biological laboratories as the group of selected miRNAs achieved a high F-score
in patient classification. For example, using the colon FU dataset, two out of six
miRNAs (related F score 0.91) are found as key biomarkers in related literature.
Hence, the remaining four miRNAs can be investigated in laboratories for their

possible role in drug resistance.

The advantage of WFIFRRRE lies in combining two complementary components
(fuzzy set and rough set) of soft computing. The judicious integration of these compo-
nents not only helps in handling uncertainty in control and drug resistant class overlap-
ping but also in determining the exactness of class size. Further, integration of relevance
and redundancy entropies helps in finding a set of miRNAs that provides high classifica-
tion accuracy. WFIFRRRE can also be applied for selecting other biomolecules whose

expression data are available.

The developed methods are efficient for small sample size datasets. Moreover, these

can also be utilized to handle the large datasets by partitioning the large dataset into
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various small datasets and considering each combination of partitions. The developed
scores can also be extended by integrating various distance measures that complement
their properties, such as the multivariate mutual information measure, Spearman’s cor-

relation coefficient, shape shape-based coefficient methods.

In Chapter 4, an interpretable 1D convolution neural network model, called ICNNM,
for pan-cancer analysis is developed. Some modifications in the conventional 1D CNN
architecture are performed by adding a batchnormalization layer and a dropout layer
in each of the convolution layers. The batchnormalization layer reduces the change in
network parameters during training by setting the mean and variance of the input to a
particular value. The dropout layer decreases the overfitting of the network while train-
ing is performed with small sample datasets, such as breast, lung, and kidney subclasses.
Once the architecture of the CNN is defined, the hyperparameters are optimized using
Bayesian optimization with a multivariate tree parzen estimator (BoMTPE). The opti-
mized CNN as a classifier is then integrated with SHAP to compute attribution scores
of miRNAs and rank them for each class of cancer in a single dataset. The key findings
of ICNNM are as follows:

e The utilization of the dropout layer and batch normalization in the architecture
improves the efficiency of the model in dealing with data of varying sample sizes
from 817 to 11000 patients. The model performs better than the compared meth-
ods in 311 out of 315 cases.

e The attribution score of miRNAs computed using the expected gradient-based
prior in terms of SHAP values identifies those miRNAs whose change in expression
values resulted in the class prediction label. Further, the class discriminating
power of the selected miRNAs is evaluated using UMAP projection, t-statistics,
and web-based bioinformatics tools. Most of the selected miRNAs are found to be

key biomarkers in various cancers as per existing literature and biological tools.

In summary, ICNNM uses two different approaches: an optimized 1D CNN model
and SHAP value-based interpretation. While optimized 1D CNN efficiently classifies
the patients in normal and various cancer classes, SHAP identifies the miRNAs through
interpretation those are responsible for efficient classification. I[CNNM serves the purpose

of miRNA or gene selection from various cancers using pan-cancer expression data.

A multi-objective framework for optimizing hyperparameters of a 1D CNN (MO-
HCNN) and a set-theoretic explainable Al-based attribution scores (STEAAS) for miRNA
selection are developed in Chapter 5. In MOHCNN, batch normalization after each pool-
ing layer prevents the vanishing and exploding of gradients during the backpropagation
process. Further, the addition of a dropout layer after each dense layer prevents the
model from overfitting by stopping the neurons from becoming too specific for certain

tasks. After fixing the architecture of the model, Bayesian optimization with a tree
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Parzen estimator is utilized in a multi-objective framework. Three functions: train-
ing error, validation error, and number of training parameters, are used as objective
functions for finding optimal hyperparameters. While the training and validation error
controls the bias-variance trade-off of the model, the number of training parameters
reduces the model’s complexity. A set-theoretic explainable Al-based attribution score
(STEAAS), which uses the Z — number concept, is also developed to identify miRNAs

from various cancer classes with reliability.

The developed MOHCNN is first utilized to classify patients from various classes, and
then BayLIME and SHAP are integrated in STEAAS to find the class score of miRNAs.
The class score helps in miRNA ranking in various cancer classes. The reliability score
utilizes the Gini index to determine the inequality in the spread of expressions. The class
score and the reliability score of each miRNA are combined in a set-theoretic manner
using the Z — number concept for the selection of miRNAs. The key findings of the

developed method are as follows:

e The multi-objective optimization framework helps the model in achieving com-
parable or superior performance with fewer training parameters than the related
methods. As discussed earlier, the model outperforms the related models with
only 33,284 parameters. The results of the model are found to be superior in 215

out of 231 cases.

e The set-theoretic attribution score, defined using the Z—number concept, identifies
the miRNAs whose i) variation in expressions results in accurate class prediction
of patients and ii) expression profiles are similar in a class. Further, the selected
miRNAs are validated using web-based bioinformatics tools. Most of the selected

miRNAs are found to be key biomarkers in various cancers.

In summary, the advantage of the developed framework lies in utilizing a multi-
objective framework for the optimization of CNN and in developing an attribution score
for identifying miRNAs in various cancer classes with reliability. While the class score
computed using explainable models helps in selecting the miRNAs responsible for better
patient classification, the reliability score determines the similarity of patients in a class.
Hence, the developed framework can serve the purpose of detecting miRNAs, genes, or

DNAs from various diseases using expression data.

6.2 Future Scope

The EDWFC and HCEDFCR use the product of the Euclidean distance and fold change,
which are computed using the average of the expressions of miRNAs of the control and

resistant classes. As mentioned in Chapter 2, this helps to explore the search space
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using two different similarity measures based on the distance and ratio of expression
values. Multiplying two linear functions results in a quadratic function, and applying
weight as a power increases its nonlinearity beyond the quadratic relation, which helps in
identifying non-linear relationships among data points. In the future, nonlinear distance
measures like generalized K nearest neighbor [298] and gradient based large margin near-
est neighbor (GB-LMNN) [299], and Spearman’s correlation [300] to assesses monotonic
relationships (whether linear or not) can be used to find similarities or distances between

miRNA expressions. These measures can also be incorporated in HCEDFCR.

The entropies in WFIFRRRE are developed using the z-score and the Type I fuzzy
set. It will be worthwhile to design the entropies using other scoring techniques, higher-
order fuzzy sets such as Type II and Type III. Type II fuzzy set handles the uncertainty
about the membership function, which is certain in Type I fuzzy sets. The membership
function of a Type II fuzzy set uses one more dimension called “footprint of uncertainty”.
This additional dimension provides information about the uncertainty of a Type I fuzzy
set in a better way [301]. Similarly, the Type III fuzzy set is more flexible and advanta-
geous in handling uncertainty than both Type I and Type II. Further, the dependency
of miRNAs selected by WFIFRRRE can be pointed out more accurately by incorporat-
ing he rating dependency criterion with relevance and redundancy. In general, features
selected using fuzzy logic and rough set-based techniques are considered fairly inter-
pretable. In Chapter 3, WFIFRRRE provides fuzzy logic and rough set-based scores to
miRNAs which help to interpret and select them. On the other hand, deep learning-
based methods are considered as black-box and hence explainable Al-based techniques
are integrated with classifiers like CNNs in Chapters 4 and 5 to interpret and select them..
In future, WFIFRRRE can be extended to provide more interpretable features in two
ways. One possible approach is by integrating WFIFRRRE with various fuzzy methods
such as Technique for Order Preference by Similarity to Ideal Situation (TOPSIS) [302],
VIse Kriterijumska Optimizacija I Kompromisno Resenje (VIKOR) [303], hexagon of
opposition [302], and graded hexagon of opposition [304]. In another way, the SVM
classifier, in WFIFRRRE, can be enhanced by integrating explainable methods with it
for selecting relevant miRNAs based on patient classification performance. Explainable
SVM can be developed by integrating SHAP [255], LIME [255] or BayLIME [149] with
SVM.

The methods, in Chapters 2 and 3, are efficient for both small sample size and large
sample size datasets as these are developed using various classical techniques such as
Euclidean distance, fold change, histogram, fuzzy logic and rough sets. The goal of the
developed methods is to rank and select the miRNAs from the drug resistant dataset
consisting of control and drug resistant classes. These methods can also be extended to
select miRNAs from multiple classes. Two popular strategies for extension are one-vs-

rest and pairwise (one-vs-one) decomposition approaches.

In one-vs-rest approach, the division is performed in such a way that each time
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one class will be separated from all the other classes and the remaining classes will be
combined into one class. For each separation, the methods developed in Chapters 2 and
3 can be applied to rank the miRNAs in each subclass. After completing the process
for all the subclasses, the ranks of all the miRNAs can be aggregated. One vs the rest
separation for pan-cancer data will result in highly imbalanced class data. This class
imbalance problem handling will be challenging for the methods developed in Chapters
2 and 3. Hence, data augmentation process will be required. It is a technique used to
generate artificial data to increase the size and diversity of the class with a lower number
of samples. Data augmentation can be performed by rotating the data, repeating the

data samples, adding noise to the data, etc.

In the pairwise (one-vs-one) decomposition approach, the multiclass problem is di-
vided into w binary subclass problems, each consisting a pair of classes (Cj, Cj).
The developed miRNA selection methods in Chapters 2 and 3 can be applied to each
pair, generating a set of discriminative miRNAs that separate C; from C;. The miRNA
relevance score can be computed by combining the pairwise scores, for instance, by av-
eraging across all pairs where the miRNAs are selected or by weighting based on class

prior probabilities.

In Chapter 4 and 5, interpretable CNN-based frameworks are utilized to classify pa-
tients from multiple cancer classes and to find the relevant miRNAs. In Chapter 4, a
1D CNN is optimized in terms of the number of layers as well as other hyperparam-
eters in a single objective framework. The optimized model is applied to expression
datasets in cancer. There are some other problems, like electroencephalogram (EEG)
and electrocardiogram (ECG) signal-based patient classifications, which may be solved
using a 1D CNN. It can be achieved by transfer learning (a learning process where a
model that is developed and trained to do one task can be used again or changed to do
a task that is similar but different), where the developed ICNNM and MOHCNN can be
directly applied to EEG and ECG data without training from scratch. Optimization of
1D CNN can be studied in the context of these problems. Further, the developed SHAP
value-based miRNA interpretation technique can also be applied to interpret the EEG
and ECG signals.

In Chapter 5, a 1D CNN is optimized using a Bayesian technique in a multi-objective
framework. Metaheuristic-based optimization techniques such as genetic algorithms
[305], particle swarm [306], and whale optimization [307] can also be explored in this
multi-objective framework. Moreover, the developed set-theoretic approach involves
attribution scores and confidence levels, which are represented in numeric form. These

can also be represented in linguistic forms such as preference or range of expressions.

In Chapters 4 and 5, the positions of layers are first fixed in CNN architecture, and
then the optimization is performed on hyperparameters of the layers. In the future,

the positions of layers, in addition to the values of hyperparameters, can be optimized.
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This approach can be used in both single and multiobjective frameworks. Further, to
interpret the miRNAs, SHAP is used in Chapter 4, and BayLIME, SHAP, and reliability
score are utilized in Chapter 5. These techniques can be improved by finding appropriate
priors and adding regularization and regressor models, which may help in stabilizing the
feature attribution and in finding robust features. Apart from BayLIME and SHAP,
some other interpretation methods, such as counterfactual explanations and individual

conditional expectations, can also be investigated.

The methods in Chapters 4 and 5 are developed to handle pan-cancer data, where the
maximum number of samples is 11,119. However, in Chapters 2 and 3, the maximum
number of samples is 58 in the lymphoblastic datasets, which is considered a low sample
size dataset. As mentioned earlier, CNNs and other deep learning frameworks require
a huge amount of data for training and may suffer from overfitting when applied to
small sample size datasets. To handle small sample size datasets, these methods may be
modified by using regularization, data augmentation, and intra-class similarity kernels

techniques, etc.

The methodologies discussed in this thesis focus on analyzing miRNA expression
data. Other types of biological data, such as sequence data, histopathological imaging,
and radiological imaging data, can also be studied individually or in an integrated way.
The integration of one dataset with another provides complementary information to each
other and helps in increasing the accuracy of results. Further, the individual datasets
as well as the integrated data can be used for identifying the deregulated miRNAs at
different stages of cancer [308] such as Stage 0 (means there’s no cancer, only abnormal
cells with the potential to become cancer), Stage I (means the cancer is small and only
in one area), Stage Il & III (cancer is larger and has grown into nearby tissues or
lymph nodes) and Stage IV (cancer has spread to other parts of the body). It will be
worthwhile to extend the developed methodologies in this thesis, such as integrating
Euclidean distance with fold change, relevance and redundancy entropies, optimized
CNNs, and attribution scores from SHAP and LIME, not only on integrated datasets

but also for identifying miRNAs important for various stages of cancer.
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