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Abstract

MicroRNAs (miRNAs) refer to tiny RNA molecules that have a crucial part in regulat-

ing drug sensitivity and resistance in cancer. Identifying these miRNAs can significantly

enhance the effectiveness of cancer treatment. In this study, a computational method is

developed to identify drug resistant miRNAs. Additionally, a comprehensive review of

studies focused on identifying those miRNAs is presented. The developed method intro-

duces a scoring system based on expressions of miRNAs in control and resistant groups

and involves integration of absolute distance, fold change, and Pearson correlation coeffi-

cient in a weighted framework to reduce the average ranking of miRNAs. In the process,

the power of the fold change is also varied. Arranging the miRNAs in a descending order

based on the score helps in selecting the top ranked miRNAs which helps in classification

of the patients. This score offers an effective strategy for identifying miRNAs linked to

drug resistance in cancer. Its application may provide valuable insights into potential

therapeutic targets, thereby improving the outcomes of cancer treatment.
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Chapter 1

Introduction

Drugs play a crucial role in the treatment of various diseases, ranging from common colds

to complex conditions like cancer (1). They are essential for restoring health and well-

being. However, it is important to recognize that drugs are foreign substances to the

body, and with frequent or prolonged use, the body can develop resistance to them. This

resistance mechanism can be both beneficial and detrimental. For instance, in the case

of chickenpox, once a person has contracted the disease, their body develops resistance,

making it unlikely for them to be affected by it again (2). However, in the context of drug

resistance, the body develops resistance to specific drugs, which can hinder the treatment

process and allow the disease to progress despite drug administration.

Cancer is a widely known term, and many families have been affected by this severe illness

(3). It can originate in various parts of the body and gradually spread through rapid

cell division. Unlike normal cells, cancer cells divide rapidly, and both old and new cells

continue to grow uncontrollably, forming tumors in some cases (4). In other types of

cancer, such as leukemia or blood cancer, tumors may not be present. Unfortunately,

the chances of survival from cancer have been relatively low, primarily because it is often

detected at later stages when it has already spread extensively throughout the body.

Prior to the formation of cancer cells within the body’s tissues, there occur anomalous

transformations referred to as hyperplasia and dysplasia (1). Hyperplasia signifies a rise in

cell count within an organ or tissue, where these cells appear normal when observed under

a microscope. Conversely, dysplasia denotes the presence of abnormal cellular morphology

under a microscope, although they have not reached a cancerous state yet.

1
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Chemotherapy serves as the main treatment modality for cancer (3). Nonetheless, its long-

term effectiveness is impeded by the emergence of resistance to drugs. This resistance can

arise due to various factors, such as genetic alterations, Enhanced expression of the target

proteins, modifications in drug targets, impaired drug delivery to target cells, drug expul-

sion from cells, drug inactivation, enhanced DNA repair mechanisms, impaired apoptosis

pathways, modified drug metabolism, and spontaneous mutations induced by drugs, non-

mutational changes in gene function triggered by drugs, and drug-induced changes in the

structure of chromosomes (5). Recent studies on chemotherapy resistance provide valuable

insights into the significant role played by noncoding RNAs in cancer development and

their potential contribution to the evolution of drug resistance (3). MicroRNAs (miRNAs)

are short noncoding RNAs, they play a vital role in post-transcriptional gene regulation by

exerting their influence on mRNA molecules’ 3’untranslated region (UTR) in descending

order, based on their impact, leading to the downregulation of gene expression. Analyz-

ing the expression patterns of miRNAs can offer valuable insights into the development

of chemotherapy resistance. Typically, miRNA expression data obtained from cancer pa-

tients are utilized to identify the specific miRNAs responsible for conferring resistance to

chemotherapy in that particular type of cancer.

1.1 miRNA in cancer

MicroRNAs (miRNAs) have a significant role in the initiation and progression of cancer,

significantly impacting its development and advancement. These small RNA molecules

regulate gene expression at the post-transcriptional level (1–4). In the context of cancer,

miRNA expression profiles can undergo alterations, disrupting essential cellular processes

such as cell apoptosis, differentiation, and proliferation.

The influence of miRNAs on cancer is multifaceted. Some miRNAs act as suppressors

of tumor growth by restraining the expression of oncogenes or genes that promote tumor

growth. Conversely, certain miRNAs can function as oncogenes by suppressing the genes

responsible for maintaining normal cellular functions (1).

The dysregulated expression of miRNAs in cancer can arise from various mechanisms

(5). It can be a result of genetic alterations affecting the miRNA genes themselves or

the regulatory elements controlling their expression, including amplifications, deletions, or

mutations. Epigenetic modifications such as histone modifications or DNA methylation

can also influence the patterns of miRNA expression in cancer cells.
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The irregular expression of specific miRNAs in cancer has been linked to multiple aspects

of the disease, such as the initiation of tumors, their progression, metastasis, and the

response to therapy. Therefore, miRNAs have emerged as potential diagnostic biomarkers

for cancer detection and prognostic indicators for patient outcomes. Moreover, miRNAs

hold promise as therapeutic targets or agents themselves, with ongoing research focused

on developing miRNA-based therapies for cancer treatment.

It’s important to note that the field of miRNA research in cancer is rapidly evolving, and

discoveries continue to uncover the complex roles of miRNAs in tumor biology.

1.2 Foundational Concepts and Terminology

a. Drug Resistance: Resistance occurs when the body builds a defense mechanism

against a drug due to its frequent or prolonged use, resulting in the advancement of the

disease despite the drug’s administration (1).

b. Computational techniques: Computational techniques (6) rooted in computer

science and mathematical models aid in the analysis and resolution of scientific problems.

c. Bioinformatics: Bioinformatics is an interdisciplinary field that merges biology, com-

puter science, and statistics to examine and make sense of biological data. It involves the

application of computational methods, algorithms, and databases to understand biological

processes, genetic information, and molecular interactions (6).

d. Chemotherapy: Chemotherapy (5) is a common treatment approach used in the

management of cancer and certain other diseases. It entails the utilization of pharma-

ceutical substances formulated to eliminate or impede the proliferation of cancer cells.

Chemotherapy drugs can be utilized or employed orally, intravenously, or through other

routes depending on the specific treatment plan.

e. Cancer: Cancer is a multifaceted and diverse collection of illnesses marked by the

unregulated proliferation and dissemination of anomalous cells throughout the body. It

can affect almost any part of the body and can arise from various types of cells (7).
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1.3 Motivation

The research work is highly motivated by the profound impact of cancer on human life.

Cancer is a devastating disease that affects countless individuals and their loved ones.

Extensive research efforts are underway worldwide to enhance cancer treatment and ul-

timately find a cure. However, one significant challenge in the treatment process is the

development of drug resistance, which hampers the effectiveness of chemotherapy and

reduces patients’ lifespan.

The computational technique developed in this research aims to address this critical issue

by predicting the specific microRNAs (miRNAs) responsible for drug resistance mecha-

nisms in cancer. Identifying these miRNAs holds the potential to improve cancer treatment

procedures and facilitate the development of more effective drugs (1). The significance of

this research lies in the potential positive impact it can have on the lives of cancer patients,

providing them with better treatment options and extending their survival.

The diligent efforts and hard work invested in this research are justified by the potential

outcomes it can bring about. By unraveling the miRNAs involved in drug resistance, this

research has the potential to contribute significantly to advancements in cancer treatment

and provide hope for patients and their families. Ultimately, the ultimate goal is to

alleviate the suffering caused by cancer and enhance the quality of life for those affected

by this devastating disease.

1.4 Objective

This study aims to determine the specific miRNAs related to drug resistance in cancer

patients affected by different types of cancer. The levels of expression of these miRNAs

are analyzed to achieve this objective. The research collects miRNA expression data from

two distinct patient groups: the control group and the resistant group. The study focuses

on seven different types of cancer data to identify the relevant miRNAs involved.

1.5 Problem Statement

Cancer is a devastating disease that claims the lives of numerous individuals, often resulting

in a painful demise. Unfortunately, there is currently no definitive cure for advanced-stage
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cancer. However, certain drugs, such as cisplatin and methotrexate, are widely utilized

and renowned for their effectiveness in cancer treatment, particularly in chemotherapy.

Nevertheless, the repeated use of these drugs can prompt the development of drug resis-

tance within the body of cancer patients, leading to disease progression despite undergoing

chemotherapy.

Recent research has illuminated the involvement of microRNAs in the mechanism of drug

resistance. microRNAs play a crucial role in gene regulation by binding to the 3’untrans-

lated region (UTR) of target messenger RNA (mRNA) of genes. This interaction can

result in mRNA cleavage or translation inhibition, ultimately affecting gene expression

(1). Recent discoveries have highlighted the contribution of miRNAs to the emergence of

resistance to drugs for cancer treatment patients.

In this study, instead of conducting wet lab experiments to collect miRNA expression

data, Gene Expression Omnibus (GEO) data archives have been utilized. Specifically,

datasets from seven different types of cancer have been collected. The primary objective

is to develop a computational approach that utilizes the expression values of miRNAs to

identify those responsible for the mechanism of drug resistance in cancer patients. By

leveraging existing data, the aim is to gain insights into the specific miRNAs associated

with drug resistance, without the need for additional experimental procedures.



Chapter 2

Literature Survey

2.1 REVIEW OF EXISTING STUDIES

2.1.1 Biochemical Studies

The study conducted by Miller et al. (8) holds great significance as it predates recent

research on the involvement of MicroRNA (miRNA) in drug resistance. Miller’s study

specifically explored the role of MicroRNA-221/222 in the development of resistance to

Tamoxifen, a commonly used drug for the therapeutic approach for breast cancer with

estrogen receptor positivity. The effects of Tamoxifen on MCF-7 cell lines were assessed

using microarray analysis, which identified gene expression changes with a fold change

greater than 1.8. The study revealed the up-regulation of three promising miRNAs (miR-

221,222 and 181) and the down-regulation of three other miRNAs (miR-21,342 and 489) in

both Tamoxifen-sensitive and Tamoxifen-resistant MCF-7 cell lines. Moreover, introducing

miR-221/222 into parental MCF-7 cells resulted in their resistance to Tamoxifen. This

research was the first to establish a link between the expression of miR-221/222, the

overexpression of HER2/neu in breast cancer tissues obtained directly from patients, and

inherent resistance to Tamoxifen therapy.

Bockhorn et al. (9) conducted research on the role of MicroRNA-30c in chemotherapy

for breast tumors. The study aimed to understand how this specific miRNA contributes

to chemo-resistance by targeting TWF1 directly. To investigate the relationship between

miRNA targets, epithelial-to-mesenchymal transition (EMT), and drug resistance in breast

cancer cells, the author utilized microarray analyses, miRNA target prediction algorithms,

and experimental validation methods. Initially, gene and miRNA expression analyses were

6
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performed on frozen primary breast tumor tissues (University of Chicago [UC] tumor

set, n=46) and adjacent normal tissues (n=5). Out of the 757 expressed miRNAs, 152

miRNAs meeting specific criteria underwent unsupervised hierarchical clustering, resulting

in two distinct expression patterns known as Cluster A and Cluster B. To examine the

involvement of miR-30c in breast tumor progression and resistance to chemotherapy, the

study assessed the impact of miR-30c on chemotherapy-induced cytotoxicity in tumor cells.

The findings revealed a consistent and significant inverse association between miR-30c

expression levels and cell survival across six different cell lines (T47D, MCF-7, MDA-MB-

231, BT-20, HCC-70, and HCC-38) when treated with paclitaxel and doxorubicin. This

association was particularly evident at higher concentrations of paclitaxel (50 nM) and

doxorubicin (500 nM).

Kovalchuk et al. (1) conducted a study highlighting the role of microRNA-451 in the resis-

tance of MCF-7 breast cancer cells to the chemotherapy drug doxorubicin. According to

Kovalchuk, breast cancer patients often develop drug resistance during treatment, leading

to relapse and a worsened prognosis. The study utilized microarray analysis to examine

miRNA expression profiles and identify miRNA deregulations. Hierarchical clustering was

performed on the miRNA genes that exhibit distinct expression patterns using ANOVA,

resulting in the identification of 137 miRNA genes that exhibited significant differential

expression (p < 0.05). Among these genes, microRNA-451 showed the most promising

association with drug resistance.

Palagani et al. (10) conducted research on multiple myeloma cells and published his find-

ings, suggesting that ectopic transcription of MicroRNA-150-5p sensitizes the response to

glucocorticoid therapy. The research involved comparing the mRNA and microRNA tran-

scription profiles of glucocorticoid (GC)-sensitive MM1S cells with GC-resistant MM1R

cells. The analysis of the transcriptome unveiled that GCs regulated the expression of

numerous genes responsible for cell cycle regulation, cellular organization, cell death, and

immunological diseases specifically in MM1S cells, while MM1R cells remained unaffected.

Among the validated microRNAs (mir-26b,125a-5p,146-5p,150-5p, and 184), mir-150-5p

exhibited the most consistent response to GC regulation. Interestingly, the transfection of

mir-150-5p in combination with low doses of GC in MM1S cells increased the sensitivity

to the response of the treatment, while the contrary effects were observed when a specific

antagomir targeting mir-150-5p was utilized.

Kurokawa et al. (11) conducted a study focusing on colon cancer cells and published the

findings regarding the involvement of miR-19b and its target mRNAs in the development

of resistance to 5-fluorouracil (5-FU), a commonly used chemotherapy drug. Two variants
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of colon cancer cells resistant to 5-fluorouracil (5-FU) were created from the DLD-1 and

KM12C cell lines. A microarray containing 723 microRNAs was employed to analyze the

expression levels of microRNAs, and the results were confirmed using qRT-PCR. In order to

identify potential direct targets of the microRNAs, an mRNA immunoprecipitation (RIP)-

Chip technique and a pathway analysis tool were employed. The study demonstrated the

up-regulation of miR-19b in response to 5-FU and identified potential targets of miR-19b

involved in cell cycle regulation during 5-FU treatment.

The regulatory role of the cluster of miRNAs consisting of miR-134,487b and 655 in trans-

forming growth factor-b-induced epithelial-mesenchymal transition (EMT) and drug re-

sistance to gefitinib by targeting MAGI2 in lung adenocarcinoma cells was reported in

one study. The research aimed to explore the microRNA (miRNA)-related mechanisms

involved in EMT and the acquisition of resistance to EGFR tyrosine kinase inhibitor

(EGFR-TKI) in non-small cell lung cancer (NSCLC). The expression profiles of miR-

NAs were examined in four human adenocarcinoma cell lines, with or without epithelial-

mesenchymal transition (EMT), before and after exposure to transforming growth factor

b1 (TGF-b1). Through miRNA array and qRT-PCR analysis, it was discovered that

TGF-b1 significantly upregulated the expression of miR-134,487b and 655, which are clus-

tered together on chromosome 14q32, in lung adenocarcinoma cells undergoing EMT. The

study demonstrated that the miR cluster played a crucial part in TGF-b1-induced EMT

and influenced resistance to gefitinib by directly targeting the MAGI2 gene. The restain

of MAGI2 subsequently resulted in the destabilization of PTEN in lung cancer cells.

Wolfson et al. (5) conducted a study focusing on the involvement of miR-140 in early-

stage of breast cancer associated with stem cells. The author observed that genetic and

epigenetic changes commonly observed in ductal carcinoma in situ (DCIS) are frequently

shared with invasive ductal carcinoma (IDC), and both mRNA and miRNA expression

profiles undergo significant alterations. As the tumor grade increases, there is a progressive

downregulation of miRNA-140. The study revealed that miR-140 plays a crucial role in

suppressing tumors within the Wnt, SOX2, and SOX9 stem cell regulator pathways. The

downregulation of miR-140 removes the blocking of these pathways, leading to an increased

population of cancer stem cells and the progression of breast cancer.

R. Hummel et al. (7) conducted a study on microRNA signatures observed in chemotherapy-

resistant esophageal cancer cell lines. The study utilized an in-vitro model to investi-

gate acquired chemotherapy resistance in esophageal adenocarcinoma (EAC) and squa-

mous cell carcinoma (ESCC) cells. MicroRNA expression profiles were compared between
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chemotherapy-resistant variants (cisplatin or 5-fluorouracil) and microarray and quanti-

tative real-time polymerase chain reaction (PCR) techniques were employed to compare

chemotherapy-sensitive controls with chemotherapy-resistant samples. Distinct miRNA

signatures were observed in the chemotherapy-resistant sublines, and these signatures var-

ied between cisplatin and 5-FU-resistant cells within the same tumor cell line, as well as

between EAC and ESCC cells resistant to the same chemotherapy agent. The findings

of the study provide evidence supporting the hypothesis that microRNA expression is

involved in chemotherapy resistance in esophageal cancer.

2.1.2 Computational Approaches

A computational strategy to reconstruct mutational pathways of drug resistance by utiliz-

ing a combination of phylogenetic and Markov models was developed in (6). The objective

of the research was to gain a comprehensive understanding of the emergence of drug re-

sistance. The approach consisted of two main phases. Firstly, a model is constructed

to simulate the evolutionary process of the virus within the human host. Secondly, a

Markov model was developed to estimate the probabilities of transitioning between var-

ious genotypes. The resulting model offered a more comprehensive representation of the

evolutionary trajectory over time compared to previous models.

A study, demonstrating the potential and effectiveness of a miRNA-based fuzzy mechanism

called fuzzy cognitive map, which combines neural network and fuzzy logic principles was

presented in (12). The research aimed to investigate the apoptosis/proliferation control

mediated by the miRNA-17-92 cluster/E2F1/cMYC circuitry. By experimentally vali-

dating the concept of fuzzy control, the author proposed that it could revolutionize the

analysis and modeling of gene expression, potentially influencing the design of therapeu-

tic interventions based on miRNA silencing. The study highlighted the capability of the

fuzzy cognitive map (FCM) to represent models of various complexities, consider linear

and non-linear relationships, and enable causal propagation.

Another research developed a method for improving HIV-1 drug resistance prediction by

utilizing cross-resistance information through multilabel classification. The researcher per-

formed experiments on a large dataset consisting of over six hundred reverse transcriptase

sequences, along with corresponding resistance data for six nucleoside analogs. Through

the use of multilabel classification models and considering cross-resistance patterns, signif-

icant improvements in the overall accuracy of drug prediction were achieved compared to
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using individual binary classifiers without additional data. Furthermore, the study identi-

fied specific sequence patterns in the reverse transcriptase sequences that could determine

the optimal sequence of classifiers within the classifier chains.

Two methods, namely EDWFC and HCEDFCR, to identify miRNAs were introduced

in (2) that contribute to drug resistance in cancer. The study found that the identified

miRNAs consistently ranked among the top positions in the datasets, highlighting their

significance. Additionally, the miRNAs that were previously reported as significant in

biochemical studies were also among the top-ranked miRNAs. The EDWFC method can

be applied to similar miRNA datasets, with a focus on analyzing the top 20 miRNAs

through biochemical testing to identify the specific miRNAs related to drug resistance.

The HCEDFCR method demonstrated that the top clusters contain miRNAs linked to

drug resistance across most datasets, successfully predicting the most influential miRNAs

in certain types of cancer. This suggests that HCEDFCR can effectively detect the primary

miRNAs responsible for drug resistance in cancer patients. Conducting biochemical testing

on the top miRNAs from the identified clusters can provide valuable insights into their

role in drug resistance.

L. Luz Gomes (4) developed the application of Self-Organizing Maps (SOM) to identify

miRNA expression profiles in Gastric Cancer. The SOM network was constructed based

on the observed differences in miRNA expression between healthy and cancerous gastric

tissues, with a particular focus on miRNAs that exhibited either under-expression or over-

expression. By analyzing 514 miRNAs in gastric cancer samples, the neural network iden-

tified a specific miRNA signature comprising nine miRNAs: mir-21,29a,29c,148a,141,hsa-

let-7b,mir-31,451 and 192. These miRNAs displayed significant values (p − value <

0.01 and fold change > 5) and facilitated the clustering of samples into two distinct

groups: healthy tissue and gastric cancer tissue. In a clustering approach called Pat-

ternClus for gene expression data, regulation-based clustering was incorporated and sub-

clusters were identified using an order-preserving ranking method. The method was evalu-

ated using real-life datasets, and the results were reported to be satisfactory. A comparison

with popular clustering algorithms such as k-means and hierarchical clustering showed that

PatternClus outperformed them in terms of cluster validation measured by z-score.



Chapter 3

Datasets

3.1 Dataset Collection

Human miRNA expression data is obtained from the GEO website, also known as the Gene

Expression Omnibus www.ncbi.nlm.nih.gov/geo/. The GEO serves as a public reposi-

tory for genomics data, including sequence or array-based data submitted by researchers

after their studies have been published. This data is sourced from actual patients and

can be freely downloaded by users for their experiments. Essentially, it functions as an

accessible archive of publicly available gene-related data. Each dataset in GEO is assigned

a unique identifier called a GEO accession number (e.g., GSE28549), which provides in-

formation about the specific dataset, including the type of data it contains and the title

of the associated research paper. By using the GEO accession number, researchers can

retrieve the desired dataset through the GEO Accession viewer. To determine if a dataset

is relevant to our research, we can examine the title of the associated paper and assess the

similarities between the work described in that paper and our current research objectives.

This study involves gathering human miRNA expression data from patients diagnosed with

various types of cancer, specifically Lung cancer, Breast cancer, Lymphoblastic Leukemia,

Esophageal cancer, and Colon cancer. Consequently, data on miRNA expression is col-

lected from individuals affected by these distinct cancer types.

11
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3.2 Datasets

For each cancer type, the patients are categorized into two groups: the control group

and the resistant group. The control group consists of patients with cancer who have

not received chemotherapy treatment yet, while the resistant group comprises patients

who have shown resistance to chemotherapy, with their disease progressing despite the

administration of drugs. Datasets with a small number of patients are excluded, and

only datasets with a minimum of four patients in each group (control and resistant) are

considered for the study.

The datasets available in GEO, are accompanied by documents that provide information

about the data acquisition process, including the number of patients involved, patient cat-

egorization for the experiment, the specific cancer treatment drug used, and the duration

of treatment. It is crucial to have a clear understanding of the dataset before proceeding

with the main work, particularly when it pertains to a critical issue like cancer. Addi-

tionally, each miRNA in the dataset is assigned an identification (ID), and it is important

to determine which microRNA is represented by each ID. This information can be ob-

tained by referring to the document that contains the platform details, where the miRNAs

corresponding to their respective IDs can be found.

This study utilizes seven distinct cancer datasets sourced from the publicly available Gene

Expression Omnibus (GEO) database. These datasets cover a range of cancer types,

namely breast cancer, colon cancer treated with fluorouracil (colon-FU), colon cancer with

methotrexate (colon-M), esophageal cancer with cisplatin (esophageal cis), esophageal can-

cer with fluorouracil (esophageal FU), and lung cancer. The primary focus of these datasets

is to analyze the expression levels of microRNAs (miRNAs) in both control (untreated)

samples and samples obtained from patients who have developed drug resistance.

The selected datasets have been previously studied, and the miRNAs related to drug

resistance have been identified. The GEO repository provides readily available expression

data for both control and drug-resistant samples.

The breast cancer dataset consists of twelve samples, with six samples representing control

cases and 6 samples representing drug-resistant cases. The dataset includes information

on the expression levels of 654 miRNAs.

For colon-FU cancer, the dataset includes 8 samples, with 4 control samples and 4 drug-

resistant samples. It comprises expression data for 723 miRNAs.
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Similarly, the dataset for colon-M cancer consists of six samples, with three control samples

and three drug-resistant samples. It includes expression data for 723 miRNAs.

Both esophageal cancer datasets consist of twelve samples, with six control samples and

six drug-resistant samples. These datasets encompass expression data for 847 miRNAs.

Finally, the lung cancer dataset comprises eight samples, with four control samples and

four drug-resistant samples, along with expression data for 377 miRNAs.

Table 3.1: miRNA expressions for Resistant group in Breast Cancer

0 1 2 3 4 ... 651 652 653

0 11.43 10.75 6.72 8.88 3.63 ... 4.85 6.06 5.45
1 11.37 10.73 6.98 9.04 3.73 ... 4.98 6.05 5.32
2 11.27 10.84 6.85 9.02 3.61 ... 4.95 6.13 5.62
3 11.19 10.84 6.80 9.26 3.70 ... 5.05 6.03 5.31
4 11.16 10.88 6.76 9.23 3.57 ... 4.58 6.02 5.45
5 11.17 10.97 6.77 9.30 3.89 ... 5.13 5.95 5.50

Table 3.2: miRNA expressions for Control group in Breast Cancer

0 1 2 3 4 ... 651 652 653

0 7.8 6.9 4.1 7.0 4.8 ... 5.2 4.7 5.2
1 7.8 6.9 4.1 7.0 4.9 ... 4.9 4.7 5.3
2 7.9 6.8 4.3 6.9 4.9 ... 4.9 4.5 5.2
3 7.8 6.8 5.7 6.4 4.7 ... 5.1 6.5 4.9
4 7.7 6.8 5.5 6.5 4.6 ... 4.8 6.5 5.2
5 7.5 6.8 5.4 6.3 4.6 ... 4.8 6.4 5.0



Chapter 4

Proposed Approach

As mentioned earlier, the primary objective of this study is to identify the specific microR-

NAs (miRNAs) related to drug resistance in various cancer types. In this regard, a new

score called, ADFCPCC, is developed where absolute distance(AD), fold change(FC), and

Pearson correlation coefficient(PCC) are integrated into a weighted framework. To ac-

complish this, the dataset was divided into two groups: control and resistant. The control

group comprises miRNA expression data from cancer patients who have not yet undergone

chemotherapy. On the other hand, the resistant group consists of miRNA expression data

from patients who have developed resistance to the chemotherapy drugs they are receiving

as part of their treatment. The main steps of ADFCPCC are as follows:

i. Load the dataset of control and resistant groups and some known data of both groups

responsible for a single type of cancer (e.g., Breast cancer).

ii. Calculate the mean of control and resistant expressions for each miRNA for both the

known and unknown data.

mcx =
1

n

n−1∑
i=0

cxi (4.1)

mrx =
1

n

n−1∑
i=0

rxi (4.2)
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iii. Compute absolute distance and fold change values by using the means of control and

resistant expressions of each miRNA.

Dx = |mcx −mrx| (4.3)

Fx =
mcx −mrx

mcx
, if mcx −mrx ≥ 0

=
mrx −mcx

mrx
, if mrx −mcx ≥ 0

(4.4)

iv. Compute the Pearson correlation coefficient of each miRNA between control and

resistant data in both known and unknown data and scale them in [0,1].

corrA,B =

∑
(Ai − Ā)(Bi − B̄)√∑

(Ai − Ā)2
∑

(Bi − B̄)2
(4.5)

v. Then absolute distance(AD), fold change(FC), and Pearson correlation coefficient(PCC)

are integrated into a weighted framework, and the power of fold change and the weights

are adjusted to minimize the average ranking of known miRNAs.

lx =
a ∗Dx + b ∗ abs(Fx)

p + c ∗ corrx
a+ b+ c

(4.6)

vi. Arrange the miRNAs in higher to lower order based on the measured value mentioned

above.

vii. Choose a subset of miRNAs from the ordered list, focusing on the top-ranked ones,

and perform biological validation to confirm their significance and functional relevance.



Chapter 5

Experimental Results

This method generates a list of ranked miRNAs.We assess the effectiveness of this method

by examining their ability to identify the miRNAs associated with drug resistance in the

top positions of the list. To validate the results of our computational methods, we compare

the identified miRNAs with those obtained from biochemical experiments as known drug-

resistant miRNAs.

5.1 Self Evaluation

Our method was evaluated using existing biochemical studies. Table 5.1 presents the

highest ranks of miRNAs achieved by this method for different datasets. The table reveals

that the responsible miRNA for the colon treated with fluorouracil is ranked at the top of

the list.

The results clearly indicate that in all examined cases, the miRNAs identified as responsible

in the corresponding biological studies are among the top 30 in the ranked list. Interest-

ingly, in Fluorouracil treatments in colon cancer (as shown in Table 5.1), the responsible

miRNAs achieve the highest rank. Similarly, in Lymphoblastic Leukemia cancer, the re-

sponsible miRNA attains the 4th highest rank. The only exception is Esophageal CIS

cancer data, where the only responsible miRNAs hold the 32nd and 33rd ranks.

16
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Table 5.1: Results Table

Cancer Type Known miRNA names Ranks
Breast hsa-miR-21 10

30c 11
221 13
451 14
320a 17

Colon FU 21 1
15b 9
24 13
107 18
let-7b 19
26b 20

Colon M 193b 12
210 13
365 16

455-3p 18
27b 19

Esophageal FU 192 st 26
Esophageal CIS 532-5p st 32

638 st 33
Lung 135b 6

Lymphoblastic Leukemia 100 4
125b 5
223 10
125a 14

5.2 Comparison with Related Methods

We assess the effectiveness of our proposed method by conducting a comparative anal-

ysis with several established feature selection methods commonly employed in miRNA

or gene expression analysis in cancer. These methods, including EDWFC(2), SPEM(3),

1D-CNN(13), and MRMR(14), encompass a combination of classical approaches with well-

established track records and recent advancements in miRNA or gene selection based on

expression values.

To evaluate the performance of these approaches, we rank all the miRNAs using each

respective method and select the top 5% miRNAs from the resulting ranked lists. To com-

pare the selected miRNAs in terms of their accuracy in distinguishing between control and

drug-resistant cancer patients, we utilize support vector machine (SVM) as the primary



18

classifier. Additionally, we conduct a similar comparison using random forest as an alter-

native classifier, in addition to SVM. Finally, we assess the performance of these methods

by measuring different metrics using the top 5% miRNAs selected by each approach.

Our method using SVM consistently outperforms or shows similar results to other methods

in most cases, as indicated by the bold markings in Table 5.2. The exceptions are observed

using i) Colon FU data where the best result is (0.81) in terms of sensitivity is obtained

by EDWFC method. The second best result (0.80) is obtained using our ADFCPCC, ii)

Colon M data by SPEM & MRMR, and iii) Lymphoblastic Leukemia data using 1D CNN,

where our method slightly falls behind in terms of sensitivity (0.80 vs. 0.83), accuracy

(88.5 vs. 91.37), F1 score (0.87 vs. 0.91), and MCC (0.77 vs. 0.80). In summary, the

ADFCPCC method yields the best results in 169 cases out of 175 (7 datasets x 5 methods

x 5 criteria). In a similar way, using random forest classifier(see Table 5.3), the ADFCPCC

method exhibits superior performance in 167 cases out of 175.
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Table 5.2: COMPARING ADFCPCC WITH DIFFERENT METHODS USING SVM
CLASSIFIER

Cancer Type Method Sensitivity Specificity Accuracy F1-score MCC

Breast ADFCPCC 1 1 100 1 1
EDWFC 1 1 100 1 1
SPEM 1 1 100 1 1
CNN 1 1 100 1 1

MRMR 1 1 100 1 1

Colon FU ADFCPCC 0.8 0.86 83.3 0.8 0.66
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

MRMR 0.24 0.57 40.48 0.34 -0.20

Colon M ADFCPCC 0.67 1 83.3 0.8 0.71
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

MRMR 0.71 0.71 71.42 0.71 0.43

Esophageal FU ADFCPCC 1 1 100 1 1
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

MRMR 0.88 0.90 89.28 0.89 0.79

Esophageal CIS ADFCPCC 1 1 100 1 1
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

MRMR 0.79 0.87 83.33 0.83 0.67

Lung ADFCPCC 0.8 0.86 83.3 0.8 0.66
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

MRMR 0.42 0.33 37.50 0.37 -0.25

Lymphoblastic Leukemia ADFCPCC 0.8 0.95 88.5 0.87 0.77
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

MRMR 0.63 0.63 63.21 0.63 0.26
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Table 5.3: COMPARING ADFCPCC WITH DIFFERENT METHODS USING RAN-
DOM FOREST CLASSIFIER

Cancer Type Method Sensitivity Specificity Accuracy F1-score MCC

Breast ADFCPCC 1 1 100 1 1
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 ADFCPCC 0.8 0.71 75 0.73 0.51
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

Colon M ADFCPCC 0.67 1 83.3 0.8 0.71
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 ADFCPCC 0.83 1 91.66 0.91 0.84
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 ADFCPCC 1 1 100 1 1
EDWFC 0.91 0.89 89.84 0.90 0.8
SPEM 0.9 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 0.7

Lung ADFCPCC 0.8 1 91.6 0.89 0.84
EDWFC 0.75 0.75 75.00 0.75 0.50
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 Leukemia ADFCPCC 0.68 0.89 79.3 0.75 0.59
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



Chapter 6

Conclusion and Future Works

6.1 Future Works

Future work for this thesis could include the following:

1. Development of a predictive model: Further refine and improve the predictive model

for identifying drug-resistant miRNAs in cancer. Explore different machine learning algo-

rithms and techniques to enhance the accuracy and reliability of predictions.

2. Integration of multi-omics data: Incorporate additional data sources such as gene

expression profiles, genomic variations, and clinical information to enhance the predictive

power of the model. Integration of multi-omics data can provide a more comprehensive

understanding of drug resistance mechanisms in cancer.

3. Validation of predictions: Validate the predictions made by the model using independent

datasets or experimental studies. Conduct functional experiments to confirm the role of

identified drug-resistant miRNAs in cancer drug resistance.

4. Exploration of underlying mechanisms: Investigate the biological mechanisms and path-

ways associated with drug-resistant miRNAs. Explore the interactions between miRNAs,

target genes, and drug targets to gain insights into the molecular basis of drug resistance.

5. Application in personalized medicine: Explore the potential of using the predicted

drug-resistant miRNAs as biomarkers for personalized medicine approaches. Assess the

clinical utility of these miRNAs in predicting treatment response and guiding therapeutic

decisions.

21
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6. Comparative analysis: Compare the effectiveness of the created model with existing

methods for predicting drug-resistant miRNAs in cancer. Evaluate its strengths and lim-

itations, and identify areas for further improvement.

7. Data sharing and collaboration: Share the developed dataset, model, and findings with

the scientific community to facilitate collaboration and further advancements in the field

of predicting drug-resistant miRNAs in cancer.

By addressing these future directions, the paper can contribute to the ongoing efforts in

understanding and combating drug resistance in cancer, ultimately leading to improved

treatment strategies and patient outcomes.

6.2 Conclusion

The developed method presents a comprehensive approach for identifying miRNAs that

are associated with drug resistance in various types of cancer. The work emphasizes

the importance of integrating various similarity measures through weights using existing

biological knowledge for selecting drug resistant miRNAs in cancer. The weights are var-

ied in a way to maximize the classification accuracy of cancer patients for the selected

genes. The developed predictive model can more accurately identify miRNAs responsi-

ble for drug resistance than related methods through the analysis of large-scale miRNA

expression datasets and integration of relevant clinical information. The findings high-

light the potential of miRNAs as predictive biomarkers for treatment response and patient

classification in cancer.

The research may help in developing personalized medicine for targeted therapies. Iden-

tification of specific miRNAs, associated with drug resistance, should help clinicians and

researchers to make informed decisions regarding treatment strategies and potentially over-

come resistance mechanisms. The model can serve as a valuable resource for future studies

and contributes towards expanding the pool of information and broader understanding of

miRNA-mediated drug resistance. We hope that these findings will ultimately lead to

improved patient outcomes and more effective cancer treatments.
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