
Identification of novel miRNAs as diagnostic molecules for 

detection of breast cancer using in silico approaches  

 

 

 

 

 

 Najua Ali Ferrara  

 

A thesis submitted in fulfilment of the requirements for the degree of 

Magister at the department of Biotechnology, Faculty of Science 

University of the Western Cape 

 

Supervisor: Dr Ashley Pretorius 

 

October 2017 



i 

 

PLAGIARISM DECLARATION 

I declare that Identification of novel/miRNAs as diagnostic molecules for detection of 

breast cancer using in silico approaches is my own work, that it has not been 

submitted for any degree or examination in any other university and that all the 

sources I have used or quoted have been indicated and acknowledged by complete 

reference. 

 

                                                                                                                            

Signed:                                                                                                                                               .                                               Date : 10/10/2017           

 

 

 

 

  

 

 

 

 

 

 

 

http://etd.uwc.ac.za



ii 

 

ACKNOWLEDGMENTS 

First and foremost, I praise Allah, the almighty for providing me this opportunity and 

granting me the capability to proceed successfully. You have given me the power to 

believe in myself and pursue my dreams and blessing in completing my studies. I 

could never have done this without the faith I have in you, the Almighty. 

 

I would like to thank the valuable assistance I received from the following people. 

Their contributions towards the success of this project were perceived. 

 

I would like to express my sincerest gratitude to my supervisor, Dr Ashley 

Pretorius, for his supervision, knowledge; guidance, encouragement expertise, 

understanding, and patience. Your belief in me and commitment to my success has 

been invaluable; and added considerably to my graduate experience. I acknowledge 

him for proofreading my thesis.  

 

I would like to thank Dr. Mustafa Drah, Miss Chipampe Patricia Lombe for all the 

guidance and mentoring throughout my Master‘s degree. She is truly an incredible 

mind in bioinformatics. I greatly appreciate it.  

I would like to thank all the students especially Miss Sharneal Lottering and Mr 

Riziki Martin. 

 

 

 

 

http://etd.uwc.ac.za



iii 

 

I cherish the friendship I had and take this opportunity to thank them. Graduation 

friends have always been an encouragement and their motivation boosted my 

confidence that has helped me reach my goals. My heartfelt thanks to my close 

friends Mr.Naser Al Jahmi, Miss Hager Al Shaafi and Mrs Amane Allalgee for their 

support. 

 

My sincerest gratitude goes to the Libyan government and DST/ Mintek 

Nanotechnology Innovation Centre NIC for the funding and financial aid. A grateful 

acknowledge. 

 

I would also like to say a heartfelt thank you to my mother and father for always 

believing in me and encouraging me to follow my dreams. And my sister and my 

brothers for helping in whatever way they could during this challenging period. 

  

 

 

 

 

http://etd.uwc.ac.za



iv 

 

DEDICATION 

 

 

 

 

For my father and my mother 

 

  

 

 

 

 

http://etd.uwc.ac.za



v 

 

ABSTRACT 

Breast cancer (BC) is the most common cancer in women worldwide, and is the 

second most common cancer in the world, responsible for more than 500 000 deaths 

annually. Estimates are that 1 in 8 women will develop BC in their lifetime. In South 

Africa, BC in women affects about 16.6 % of the population and could see a 78 % 

increase in cases by 2030. The failure of conventional diagnostic tools to detect BC 

from an early onset has revealed the need for diagnostic tools that would enable early 

diagnosis of BC. The current diagnostic tools include breast self-examination, 

mammography magnetic resonance imaging, ultrasonography and serum biomarkers; 

BRACA1, BRACA2, HER2. These conventional methods lack sensitivity, specificity 

and positive predictive value, and some of these diagnostic tools may be expensive 

and quite invasive. Therefore, novel diagnostic tools such as microRNAs which 

address the short comings of current methods are required for early diagnosis as well 

as BC management. MicroRNAs are a class of non-coding RNA molecules, which 

are important in RNA stability and gene expression. Various methodologies have 

been employed to identify novel microRNAs for diagnostics such as bioinformatics, 

also referred to as in silico analysis. The aim of this study is to identify novel 

microRNAs that can potentially detect BC at its earliest stage. 

MicroRNAs (n=757) were extracted from various databases and all duplicates 

removed. These microRNA’s were rigorously screened using several in silico 

methods identify those that have been previously validated as biomarker for BC thus 

leaving 27 microRNAs that could be potential novel biomarkers for BC management. 
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Target genes associated with these 27 microRNAs were identified using 

TargetScanHuman and miRDB. Duplicate target genes were removed and prioritized 

according to a prediction score of 90 % or higher.After which then gene lists obtained 

from the various databases with more than 900 gene targets were excluded and 

finally, duplications eliminated. A final list was generated containing 1,876 gene 

targets for 14 microRNAs. The 13 microRNAs not producing target genes based on 

these criteria were excluded. Functional annotation analysis generated 160 genes for 

the 14 microRNAs, which were further validated for their novelty as BC biomarkers. 

Through protein/protein interaction analysis and differential expression, nine genes 

were prioritized as BC biomarkers. These genes are regulated by five microRNAs 

(MiR1-MiR5) which may play key roles in the development of BC and its 

progression. Databases used for this part of the study included DAVID, STRING and 

Gene Expression Atlas. 

 The nine genes including the miRNAs were further analysed for their prognostic 

value in BC. Each database showed different microRNA target genes expression to 

have a poor prognostic outcome for the disease based on the p-values (p ≤ 0.05). 

However, ACTN4 was predicted as a good marker using SurvExpress and Kaplan-

Meier Plotter. Combining the target genes seemed to provide good value for BC 

outcomes prognostic predictors when using the SurvExpress and GOBO databases. 

Using different bioinformatics tools, viz. in silico approaches for expression analysis 

of microRNAs and their target genes, identified MiR1 and MiR2 as potential new 
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prognostic and diagnostic signatures as circulating microRNAs for BC. MiR5 can 

also act as a novel biomarker for BC but require further study.  

KEYWORDS: Biomarkers, Bioinformatic, Breast cancer, Early Diagnosis, 

Expression profiling, In silico, MiRNAs, Validation 
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CHAPTER 1 

1. Literature review 

1.1 Overview of cancer 

Cancer, a deadly disease is characterized by uncontrolled cell division leading to 

abnormal cell proliferation (Cancer Facts, 2012). According to the National Cancer 

Institute statistics in 2012, 14 million new cases and 8.2 million cancer-related deaths 

were recorded worldwide which is further expected to rise to 22 million in the next 

two decades (National Cancer Institute, 2016). In developing countries cancer is a 

major problem and the second common cause of death (Xu et al., 2008). In a recent 

study, Hashim and co-workers revealed that in 60 countries, the death rate due to 

cancer reached 3.7 million cases in 2010 (Hashim et al., 2016) whil 56 % of new 

cancer cases and 63 % of cancer deaths were reported in less developed countries. In 

developing countries the rate of new cancer cases is expected to increase from 56 % 

to 60 % by 2030 (Ferlay et al., 2010; Jemal et al., 2010). In the African population, 

cancer is an emerging public health problem with 715,000 new cancer cases by 2008 

out of which 542,000 cases resulted in death (Stefan et al., 2013; Jemal et al., 2012).  

 

In a country specific variability of occurrence of cancer types in 184 countries 

worldwide, breast cancer (BC) has emerged as the leading cancer type in 73 

countries, including parts of Central and South America, Africa, and Asia (Figure 

1.1). On the contrary, in 34 countries prostate cancer turned out to be the most 
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frequent type. These countries were characterized by a high life expectancy and 

prevalent testing of prostate surface antigens (Atun et al., 2015). Similarly, cervical 

cancer was also found to be the most common cancer type in 26 countries, mainly 

within sub-Saharan Africa and parts of Southern America. In-addition, while in 18 

countries including parts of Eastern Europe, Western Asia, Northern Africa, and 

Eastern Asia (including China), lung cancer is reported to be the most frequent cancer 

type, colorectal cancer incidence was found to be highest in Europe and in Eastern 

Asia.  

 

 

 

 

 

 

 

 

 

 

Figure 1.1: Estimated most frequent cancer types worldwide (Adapted from Atun et 

al., 2015). 
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1.2 Hallmarks of cancer 

Tumours arise from normal cells through genetic alterations affecting the tightly 

controlled systems for growth control. More than a decade ago, Hanahan and 

Weinberg pointed out six hallmarks of cancer – (i) self-sufficiency in growth signals, 

(ii) insensitivity to growth inhibitory signals, (iii) evasion of apoptosis, (iv) limitless 

replicative potential, (v) sustained angiogenesis, (vi) tissue invasion and metastasis, 

all accepted universally in almost all human malignancies (Figure 1.2) (Pietras, and 

Arne, 2010; Cook et al., 2005). However, research advancements expand the 

understanding of these hallmark capabilities with new pathways discovered in cancer 

development (Gutschner & Diederichs, 2012). 

 

 

Figure 1.2: Six cancer hallmarks undertying transformation of normal cells to a 

neoplastic state (Hanahan & Weinberg, 2011). 
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1.2.1 Sustaining proliferative signalling 

The most fundamental characteristic of cancer cells is their ability to sustain chronic 

proliferation. While normal tissues carefully control the production and release of 

growth-promoting signals that regulates the cell growth-and-division cycle, these 

signals get disturbed in cancer cells (Hanahan & Weinberg, 2011). In addition, 

tumour cells generate most of their own growth signals through the alteration of 

extracellular growth signals, trans cellular transducers of those signals, or 

intracellular circuits that translate these signals into action (Mees et al., 2009). These 

altered signals are transmitted by growth factors which in turn binds to intracellular 

tyrosine kinase domains of cell-surface receptors resulting in an aberrant cell cycle 

and growth. These signals often influences other cell-biological properties, such as 

cell survival and energy metabolism. Therefore, tumour cells depend to some extent 

on exogenous growth stimulation (Hanahan & Weinberg, 2011). 

 

1.2.2 Evading growth suppressors 

Cancer cells have the ability to evade anti-proliferative signals, such as soluble 

growth inhibitors and immobilized inhibitors, either by forcing cells out of the active 

proliferative cycle into the G0 phase of the cell cycle or by inducing cells to 

permanently give up their proliferative potential and forcing them to enter into post 

mitotic states (Lando,2011). 
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At the molecular level, most of these proliferative signals are funnelled through 

retinoblastoma 1 (RB1) and its two relatives, retinoblastoma-like 1 (RBL1) and 

retinoblastoma-like 2 (RBL2) proteins. Disruption of the RB1 pathway allows 

proliferation and thus renders cells insensitive to antigrowth factors, that normally 

operates along this pathway, to block cellular progression (Hanahan & Weinberg, 

2000). Furthermore, cancer cells also avoid the powerful programs that negatively 

regulate cell proliferation and many of these programs depend on the actions of 

tumour suppressor genes. The two quintessential tumour suppressor genes encode the 

retinoblastoma (RB) and tumour protein P53 (P53) proteins which operate as central 

controls within two complementary cell regulatory circuits of cell proliferation 

(Chaffer & Weinberg, 2011; Hanahan & Weinberg, 2011). Hence, tumour cells with 

defects in the RB or P53 pathways lack important gatekeepers of cell cycle 

proliferation. This may cause cells to cease proliferation and enter the G 0 (rest) 

phase of the cell cycle (Hanahan & Weinberg, 2000; Hanahan & Weinberg, 2011). 

 

1.2.3 Resisting cell death 

Apoptosis represents an essential mechanism to avoid the accumulation of damaged 

cells and mutations that are likely to culminate in the process of cancer formation 

(Fulda, 2009). In normal cells this form of programmed cell death is initiated by a 

variety of physiological signals that will unfold a sequential series of steps, including 

disruption of cellular membranes, breakdown of cytoplasmic nuclear skeletons, 

degradation of chromosomes, and fragmentation of the nucleus (Fulda, 2009). Cancer 
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cells are able to evade this induction of cell death perhaps due to the presence of 

survival signals supplied by the stromal compartment (Hanahan & Weinberg, 2011). 

Furthermore, cells use a variety of ways to avoid cell death, the most common one is 

mutations within the tumour suppressor p53 gene. The loss of p53 gene activity in 

cancer cells is paralleled by the increased synthesis of p53 inhibitors, or silencing its 

activators. The PI3 Kinase-AKT/PKB pathway is another pathway used by tumour 

cells to avoid programmed cell death. This pathway is concerned with anti-apoptotic 

survival signals. This survival signalling circuit is found to be up-regulated either by 

extracellular factors such as IGF-1 and IL-3, or by intracellular signals like RAS, thus 

leading to evasion of apoptosis (Wong, 2011). 

 

1.2.4 Inducing angiogenesis 

Tumours secrete growth factors that promote the formation of new blood vessels 

(angiogenesis) in order to support the growth of cancerous cells by supplying oxygen 

and nutrients. These growth factors stimulate proliferation of endothelial cells within 

the walls of capillaries in surrounding tissue with consequent production of new 

capillaries in tumours (Hanahan & Folkman., 1996). Furthermore, these actively 

growing new capillaries help the cancer cells to enter the circulatory system and 

begin the metastatic process (Garraway & Lander, 2013). 
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1.2.5 Activating invasion and metastasis 

Invasive and metastatic cancer cells acquire the ability to migrate from the original 

tumour site to various organs. Changes promoting invasion and metastasis happen at 

the cellular level that include changes in the expression of surface markers which in 

turn allow the cells to adhere to the neighbouring tissues (Hanahan & Weinberg, 

2011). 

 

1.2.6 Enabling replicative immortality 

Restricted life cycle of normal cells is mainly attributed to two barriers of 

proliferation, namely; senescence, the irreversible entrance into a non-proliferative 

but viable state, and crisis, which causes cell death. Cancer cells rarely emerge from 

crisis and this transition is called immortalization, which is essential for an infinite 

replicative potential to produce macroscopic tumours (Hanahan & Weinberg, 2011). 

Furthermore, telomeres, which protect the ends of chromosomes, are also implicated 

in restricted cell proliferation. In normal cells, telomere is reduced progressively with 

each cell cycle and eventually fails to protect the chromosomal DNA (Jafri et al., 

2016). In addition, telomerase activity is generally absent in normal cells but it may 

be highly expressed in immortalized cancer cells (Killela et al., 2013). The presence 

of telomerase activity is directly correlated with resistance of both senescence and 

apoptosis (Simon et al., 2000; Hanahan & Weinberg, 2011). Moreover, activation of 

proto oncogenes due to genetic alteration can also induce tumourigenesis (Mayr et 

al., 2009). While proto-oncogenes in mammalians regulate normal cell proliferation 
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and differentiation, these genes have been frequently activated in cancer cells either 

by mutation of the encoded protein (Mayr et al., 2009). 

 

1.3 Cancer risk factors  

In developing countries, cancer is an emerging public health challenge. This is partly 

attributed to the aging and growth of the population and increased spread of cancer 

risk factors (Braithwaite et al., 2012). In Africa, the increased prevalence of cancer 

risk factors is associated with economic transition as well as adoption of western 

lifestyles. According to the United Nation’s Population estimates a 50 % and 90 % 

increase in emergence of new cancer cases in the elderly population in 2010 and 2030 

respectively is anticipated (Jemal et al., 2012). The limited resources and other 

pressing public health problems, including communicable diseases such as acquired 

immunodeficiency syndrome (AIDS)/human immunodeficiency virus (HIV) 

infection, malaria, and tuberculosis have added a burden to public efforts to address 

cancer (Jemal et al., 2012). 

 

Cancer can be caused by external factors or internal factors. External factors that 

increase the risk of cancer includes: tobacco, chemicals, radiation or infectious 

organisms. Internal factors, on the other hand, include genetics, chemicals, hormones, 

immune conditions and mutations that occur from metabolism (Stratton et al., 2009).  
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In Africa the most important cause of lung cancer is smoking. In South Africa, for 

instance, smoking is responsible for 61 % of male and 48 % female deaths from lung 

cancer (Sitas et al., 2008). Obesity is another main risk factor for developing chronic 

diseases, including malignancies and several types of tumours such as breast, 

prostate, and kidney cancer (Sanchez-lara et al., 2009). 

 

1.4 Breast cancer  

Breast cancer is the second most common malignant tumour after non melanoma skin 

cancer with significant mortality (American Society 2015, Board, 2017; Ferlay, et al., 

2015). In 2012, 1.7 million women were diagnosed with BC worldwide resulting in 

522,000 deaths. While the rate of incidence was higher (71.7/100,000) in more 

developed countries in comparison to less developed countries (29.3/100,000), the 

corresponding mortality rates were 17.1/100,000 and 11.8/100,000, respectively. That 

is, deaths caused by BC are nearly 17 % higher in the less developed countries 

(Figure 1.3) (Tao et al., 2015). In the USA, an estimated 231,840 and 246,660 new 

cases of invasive BC were diagnosed amongst women in 2015 and 2016 respectively 

(American Society 2016). Furthermore, an estimated 40,730 deaths occurred amongst 

BC patients in 2015 which is likely to be increased to 40,890 in 2016 (American 

Society, 2015, 2016). In Australia, around 2 % of BC cases occurs in young women 

between 20 and 34 years of age and 11 % incidence rate amongst women aged 35 and 

44 years of age were observed (Hickey et al., 2009). In the African population, BC is 
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reported to be the most common type of cancer amongst women with an age-

standardised incidence rate of 27 per 100 000 women, and a major cause of cancer 

mortality accounting for 16 % of cancer deaths amongst women (Moodley et al., 

2016 ). It is estimated that amongst the 92,600 BC reported cases death occured in 

50,000 cases (Jemal et al., 2012). According to the National Cancer Registry of SA, 

in 2010, BC was reported in 3,157 cases amongst Blacks, 816 cases amongst 

Coloureds, 1,824 cases amongst Whites and 340 cases amongst Asians (Cancer 

Association of South Africa, 2015). In addition, BC is the most common cancer in 

pregnant and postpartum women, occurring in about 1 in 3,000 pregnant women 

(Risal et al., 2008).  
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Figure 1.3: Estimated age-standardized rates based on 2008 GLOBOCAN data for incidence and mortality of female breast 

cancer by world region (Adapted from Tao et al., 2015).  
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1.5 Types of breast cancer 

Breast cancer can be classified into in situ and invasive (infiltrating) carcinoma based 

on the histological appearance of cancer cells. Breast carcinoma in situ (CIS) can 

either be ductal or lobular (Malhotra et al., 2010). Ductal carcinoma in situ (DCIS) 

are restricted within the duct and have not infiltrated the surrounding breast tissue 

(Bravaccini et al., 2013). During DCIS development, neoplastic cells grows 

uncontrollably into a lesion resulting in multiple layers which accumulate inside the 

ducts. The breast stroma consisting of the extracellular matrix, lymphatic‘s, blood 

vessels, stromal cells, immune cells and fat cells can either promote or suppress the 

carcinogenic process by responding to secretory signals (Espina et al., 2011). If not 

treated, DCIS may advance at a later stage to invasive ductal carcinoma (IDC), but 

the mechanism of this transition is not yet well understood (Sue et al., 2013). 

 

Invasive ductal carcinoma (IDC) originates from the milk ducts and spreads through 

the walls of the ducts to surrounding breast tissues (Johnson et al., 2012). It is the 

most common type of BC accounting for 72 to 80 % of all invasive BC (Arps et al., 

2013) and 8 to 14 % of all BC cases (Malhotra et al., 2010). Invasive carcinoma is 

divided to six types namely, tubular, ductal lobular, infiltrating ductal, mucinous, 

medullary and invasive lobular carcinoma (ILC) (Malhotra et al., 2010). Invasive or 

infiltratory lobular carcinoma (ILC), is another major invasive tumour type that 

originates from lobules and compared to IDC, it is more probable to be positive to 
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hormone receptors (Arpino et al., 2004). ILC is characterized by a general thickening 

of the breast area, commonly the section above the nipple and toward the arm, which 

cannot be easily detected by mammography (Cao et al., 2012). If not treated within 3 

years of disease diagnosis, the tumour cells will spread to different parts of the body 

such as the bones, lungs, liver and brain (Fernandez et al., 2013; Switzer et al., 2015). 

 

1.6 Risk factors of breast cancer  

Major risk factors of BC include genetic predisposition related to family history, and 

personal factors such as reproductive history and medical history (Tyrer et al., 2004). 

Individuals with a family history of BC are at a higher risk for disease development 

(Breast Cancer Now, 2017). Mutations within the tumour suppressor genes BRCA 1 

(breast cancer type 1) and BRCA 2 (breast cancer type 2) are implicated in BC 

progression and are currently used as molecular markers for diagnostic and 

therapeutic intervention in BC patients (Petrucelli et al., 2013).  

 

Women who have started menstruating early in life or who have late menopause were 

reported to be at an increasing risk of developing BC. An increased risk of BC may 

be associated with pregnancy at younger ages (before 30 years) While significant 

cancer progression is reported in BRCA1 mutation carriers, breast feeding can reduce 

cancer risk in BRCA1 rather than BRCA2 mutation carriers (Friebel et al., 2014; 

Board, 2017; Kotsopoulos et al., 2012). Regarding the effect of pregnancy on BC, 
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neither diagnosis of BC during pregnancy nor pregnancy after BC seems to be 

associated with adverse survival outcomes in women who carry a BRCA1 or BRCA2 

mutation (Valentini et al., 2013). 

 

Hormonal history for women appears to be a risk factor, as the relative risk of BC 

seems to be related to the breast‘s cumulative exposure to estrogen and progesterone 

(Richie et al., 2003; Hulka et al., 2001). Furthermore, this connection between the 

risk factors of BC and the use of Hormonal Replacement Therapy (HRT) has been 

investigated for decades in many epidemiological studies (Collaborative Group on 

Hormonal Factors in Breast Cancer 1997). Many women who have used estrogen 

replacement therapy for extended periods of time (e.g. for more than 10 years) find a 

modest increase (approximately 3 % per year) in BC risk (Bernstein et al., 2002). 

Smoking and alcohol consumption are also inferred to increased the risk of BC 

(Gaudet et al., 2013). 

 

1.7 Stages of breast cancer 

Breast cancer staging systems are based on the clinical size and extent of invasion of 

the primary tumour (T), the clinical absence or presence of Palpable axillary lymph 

nodes and data of their local invasion (N), along with the clinical and imaging 

evidence of distant metastases (M). Afterwards, this staging is then translated into the 

TNM classification which has been further divided into five stages as follows:  
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Stage 0 called carcinoma in situ both lobular (LCIS) and ductal (DCIS). Ductal 

carcinoma in situ (DCIS) can be defined as a non-invasive condition in which 

abnormal cells are located in the lining of a breast duct. Usually, the cancerous cells 

do not spread from the duct to other breast tissues, however in some cases, DCIS may 

become invasive cancer. At this time, there is no way to know which lesions could 

become invasive (National Cancer Institute, 2016) (Figure 1.4). 

 

 

Figure 1.4: Stage 0, carcinoma in situ (lobular carcinoma in situ (LCIS) and ductal 

carcinoma in situ (DCIS) (Adapted from National Cancer Institute, 2016). 

 

Stage I – This stage represent early stage BC where the tumour is less than 2 cm and 

is restricted to the breast. It is further divided into stages IA and IB, where stage IA 

represent a tumour of 2 centimetres or smaller and stage IB reflect small clusters of 
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BC cells (larger than 0.2 mm but not larger than 2 mm) in the lymph nodes (National 

Cancer Institute, 2016) (Figure 1.5). 

 

Figure 1.5: Stage I A and I B (Adapted from National Cancer Institute, 2016). 

 

Stage II – Also known as early stage BC, stage II is characterized with a tumour size 

of 2 cm or less across. This stage tumour has spread to the lymph nodes under the 

arm; or the tumour of size between 2 and 5 cm (with or without spread to the lymph 

nodes under the arm); or the tumour is greater than 5 cm and hasn't spread to other 

organs. Like Stage I, Stage II is also divided into stages IIA and IIB (National Cancer 

Institute, 2016) (Figure 1.6). In stage IIA of BC a tumour is either absent in the breast 

or is less than or equivalent to 2 centimetres. Cancer (larger than 2 millimetres) is 

found in 1 to 3 axillary lymph nodes or in the lymph nodes near the breastbone 

(found during a sentinel lymph node biopsy); or the tumour size range within 2 – 5 

centimetres. Cancer has not spread to the lymph nodes (National Cancer Institute, 
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2016). In stage IIB, the tumour size is between 2 – 5 centimetres. Small clusters of 

breast carcinoma cells (0.2 millimetres - 2 mm) are found in the lymph nodes with 

size ranging from 2 centimetres to 5 centimetres. (National Cancer Institute, 2016). 

 

Figure 1.6: Stage II A and II B (Adapted from National Cancer Institute, 2016). 

 

Stage III – Stage III illustrates locally advanced BC where the tumour is greater than 

5 cm across and has spread extensively to the lymph nodes under the arm or near the 

breastbone or too the tissues near the breast (National Cancer Institute, 2016) (Figure 

1.7). At stage IIIA a tumour is not present in the breast and cancerous cells has spread 

from 4 to 9 axillary lymph nodes or to the lymph nodes close to the breastbone (found 

during imaging tests or a physical exam). Small groups of BC cells (0.2 - 2 

millimetres) are found in the lymph nodes; the tumour is sometimes larger than 5 

centimetres. At stage IIIB, the size of tumour varies and cancer has spread to the 

chest wall with swelling or an ulcer on the skin of the breast. Also, cancer may have 

spread to up to 9 axillary lymph nodes; or the lymph nodes near the breastbone 
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(National Cancer Institute, 2016). At stage IIIC, a tumour is absent in the breast and 

cancer may have spread to the skin of the breast and caused swelling or an ulcer 

and/or has spread to the chest wall. Cancer are found to have spread to 10 or more 

axillary lymph nodes; or lymph nodes over or under the collar bone; or axillary 

lymph nodes and lymph nodes near the breastbone (National Cancer Institute, 2016). 

 

 

Figure 1.7: Stage III A, III B and IIIC (Adapted from National Cancer Institute, 

2016). 

Stage IV – Metastatic breast cancer, where the cancer has spread outside the breast to 

other organs in the body (National Cancer Institute, 2016) (Figure 1.8). 
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Figure 1.8: Stage IV (Adapted from Adapted from National Cancer Institute, 2016). 

 

1.8 Diagnostic tools for breast cancer  

The Following methods are extensively used in BC diagnosis: 

 

1.8.1 Breast self–examination  

This is the most preliminary test used by women to check for any irregularities in 

breast tissue (Petro-Nustas et al., 2013). The method involves physical examination 

of the breast by using finger pads in order to evaluate any possible lumps in the breast 

tissue as recommended by the American Cancer Society (ACS) (Evans, 2012). 
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However, There is no evidence on the effect of detection of BC during breast self-

examination (BSE), because it is highly inaccurate. 

 

1.8.2 Mammography 

Mammography is a basic screening method for superficial diagnosis of BC especially 

for women aged between 39 and 69 years (Berg, 2009; Brodersen et al., 2010; Nelson 

et al., 2009). Although, mammography in combination with superior diagnostic 

methods has been reported to decrease mortality rates associated with BC, it has a 

limited impact due to poor sensitivity of the technique to detect BC (Evans, 2012; 

Mittal et al., 2017).  

 

1.8.3 Ultrasound  

Ultrasound (US) is more sensitive than a mammogram especially in patients with 

dense breast tissue (Madjar 2010; Luparia et al., 2013). In developing countries, US 

is becoming popular among lower level health centres (Gonzaga, 2010) due to its vast 

a vailability, inexpensive nature and non-invasive characteristics (Kelly et al., 2010). 

The limitations of Ultrasound are that most of the cancers cannot be detected. 

Ultrasound only detect an abnormality but it won‘t differentiate between cancers or 

benign conditions. Additional procedures are recquired for differential diagnosis 

(RadiologyInfo,. 2016). 
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1.8.4 Magnetic resonance imaging  

Magnetic resonance imaging (MRI) is commonly used to assess presence of complex 

lesions in women with a high risk of developing BC (Warner, 2011). As a screening 

tool for BC, it has shown a higher degree of sensitivity compared to mammography 

(Saslow et al., 2007). However, the technology renders certain limitations like 

presence of false-negative and false-positive results, human error and / or patient's 

characteristics, such as age or how they perceive things (Saslow et al., 2007). 

 

1.8.5 Molecular diagnostic methods 

Molecular biomarkers serve as a reliable indicator of a biological state, behaviour and 

function of the cells (Strimbu et al., 2010). The molecular diagnosis of cancer is 

based on the detection of molecular changes associated with disease and the 

identification of biomarkers associated with these molecular changes. There are 

different molecular diagnostic methods which can be used to evaluate the presence of 

such biomarkers in a patient sample. This includes techniques such as Quantitative 

Real Time Polymerase, Chain Reaction (qRT – PCR), enzyme–linked 

immunosorbent assay (ELISA), Fluorescent in situ hybridization (FISH) and 

Immunohistochemistry (IHC).  

FISH is a cytogenetic technique used to detect the physical location of a specific gene 

or nucleic acid sequences (DNA or RNA) in intact chromosomes and to assess if 

multiple copies of disease specific genes or nucleic acid sequences (e.g, HER-2 gene 
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of BC) are present (Tanke et al., 2005). In a BC patient, this technique can 

differentiate between malignant and pigment lesions (Nijhawan et al., 2012).  

 

IHC has paramount significance in the medical field, especially for pathological 

disease diagnosis (Liu et al., 2011). It is a standard technique used to detect the 

expression of disease specific proteins using an antibody (Mahmoud et al., 2011). 

IHC is commonly used to evaluate HER-2 status in BC patients (Garrison et al., 

2013). 

 

Quantitative Real Time Polymerase Chain Reaction (qRT – PCR) or reverse 

transcriptase assays have become the most commonly used method for characterising 

gene expression patterns in different sample populations. It is a technique that collects 

and generates data in real time with progressive PCR cycles (Derveaux et al., 2010). 

The reliability of qRT – PCR lies in its sensitivity and ability to detect a single copy 

of a specific transcript. Some limitations of this technique are non-specific 

amplification, variations in amplification efficiencies and heteroduplex formation 

(Pfaffl, 2012). 
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1.9 Breast cancer treatment 

1.9.1 Surgery 

Surgical removal of BC tissues usually comprises the first line of treatment followed 

by radiation, chemotherapy and hormonal therapy (Collins et al., 2011; Li et al., 

2011). Many patients undergo a mastectomy, a surgical procedure which involves the 

removal of the whole breast (Coopey et al., 2013). In the case of early diagnosis, the 

removal of the cancerous tissue dissenting whole breast is preferred (Osman et al., 

2013). The breast-conserving surgery pose side effects like pain or tenderness, 

impermanent swelling, formation of hard scar tissue at the surgical site, a change in 

the shape of the breast, a neuropathic pain arising in the chest wall, armpit, and/or 

arm that doesn‘t go away over time as with all operations, blood loss and infection at 

the surgery site (American society, 2016). Sometimes when axillary lymph nodes are 

also removed, side effects like lymphedema may occur (American society, 2016).  

 

1.9.2 Radiation therapy 

Radiation therapy after breast–conserving surgery can significantly reduce the risk of 

cancer recurrence as well as mortality among BC patients (Buchholz, 2009). The 

adverse effects of irradiation therapy include toxic effects of radiation depending 

upon the time and intensity of exposure and appearance of cardiovascular disease 

(Darby et al., 2013; Whelan et al., 2010). Furthermore, it is recommended not to use 

this therapy amongst patients suffering from systemic lupus erythematous, 
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scleroderma and pregnant women especially in the first trimester of their pregnancy 

(Buchholz, 2009; Whelan et al., 2010). 

 

1.9.3 Chemotherapy 

Chemotherapy involves the use of anti-cancer drugs for depleting the cancer cells 

(Smith et al., 2002). While chemotherapy is beneficial to premenopausal women 

suffering from BC, the treatment modality is associated with side effects such as 

vomiting, hair loss, and nausea which overall incur a negative impact on the patient's 

quality of life (Law et al., 2014; Dellapasqua et al., 2005). Although younger women 

have shown a higher preference for chemotherapy compared to older women, studies 

revealed better treatment outcomes for adjuvant therapy in women with BC (Niikura 

et al., 2013). 

 

1.9.4 Endocrine therapy  

Endocrine therapy (hormone therapy) decreases disease-related mortality and 

improves disease-free survival in patients with an early stage of BC (Romond et al., 

2005). As suggested by (Niikura et al., 2013), endocrine therapies can serve as a 

better treatment strategy in comparison to chemotherapy. The authors also advised 

adjuvant endocrine therapy as a preferred treatment option in women with hormone 

receptor positive BC (Niikura et al., 2013). An example of this is tamoxifen, which 

reduces BC recurrence and mortality in hormone- positive BC patients (Connor et al., 

2013). 
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1.9.5 Targeted therapy  

Targeted therapy refers to drug or other substance molecules that specifically 

recognizes the cancer cells and blocks their growth and spread without harming the 

healthy cells (Nahta et al., 2006). Some of the targeting moieties used in the treatment 

of BC are monoclonal antibodies, tyrosine kinase inhibitors and poly (ADP-ribose) 

polymerase (PARP) inhibitors. Many targeted therapies approved by the Food and 

Drug Administration (FDA) include monoclonal antibodies such as trastuzumab 

(Herclon, Herceptin) and pertuzumab for BC patients (Mohamed et al., 2013). 

 

1.9.6 Nanotechnology-based treatments  

Nanotechnology has played a vital role in the treatment and diagnosis of cancer. Its 

significance lies in its ability to deliver chemotherapeutic agents directly to breast 

tissues. Nanoparticles ranging in size between 1 and 100 nm have a large surface area 

which makes them a highly efficient tool in targeted drug delivery systems (Yang et 

al., 2013). By targeting disease associated markers, it is possible to minimize 

negative effects to healthy tissue and increase drug efficacy at low dosages (Tanaka et 

al., 2009; Tharkar et al., 2015). 

 

1.10 Cancer biomarkers  

Biomarkers have a very important role in disease diagnosis, prognosis, predictive and 

treatment outcomes. While biomarkers help in differentiating physiological and 
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pathological mechanisms, they are equally important in assessing disease response to 

a medications therapeutic outcome, disease progression and to explore disease 

mechanisms (Strimbu et al., 2010). Furthermore, tumour biomarkers are substances 

in high concentrations in blood, urine or tumours. Such substances can be hormones, 

proteins, peptides etc. Tumour biomarkers can be specific or non-specific, making it 

useful in detection, diagnosis and prognosis of cancer (Dixon et al., 2000).  

 

Diagnostic biomarkers help clinical oncologists in identification of risk factors and 

diagnose cancer at an early stage which is crucial for selection of the best treatment 

modality and monitor responses to treatment (Bhatt et al., 2010). Diagnostic 

biomarkers characterize abnormal biological processes and assess the patients who 

are at a high risk of disease development at a later stage (Madu and Lu, 2010; 

Tainsky, 2009).  

 

Prognostic biomarkers can distinguish many stages of a disease and determine the 

course of therapy that should be applied to a particular patient after primary treatment 

(Riley et al., 2009). In BC, BRCA1, HER-2/neu, oestrogen receptor (ER) and 

progesterone receptor are few of the important prognostic biomarkers (Gerhardus et 

al., 2007; Mehta et al., 2012; Sapino et al., 2013). 

 

Predictive biomarkers are used to determine relapse or the recurrence of disease after 

a patient had undergone treatment such as surgical removal of tumours (Mehta et al., 
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2010). Oestrogen and progesterone receptors, HER2 etc. serve as important predictive 

biomarkers to envisage sensitivity to endocrine therapy and Herceptin treatment in 

BC respectively (Brünner et al., 2009). 

 

1.11 Breast cancer biomarkers  

Although several BC biomarkers have been developed their predictive value in 

diagnosis and detection of recurrence of the disease is a matter of debate (Alobaidi et 

al., 2015). 

 

1.11.1 Genetic markers 

Breast cancer type 2 susceptibility protein (BRCA2) locus is the most studied genetic 

biomarker in BC (Wooster et al., 1994). BRCA2 is a tumour suppressor gene and is 

involved in DNA repair pathways such as homologous recombination (Sharan et al., 

1997; Stefansson et al., 2009). The expression of BRCA2 is observed in different 

cancer tissues such as prostate cancer (Castro et al., 2012). BRCA2 protein plays a 

significant role in the maintenance of genome integrity during Double-Strand Break 

Repair (DSBR) replication. This protein reacts with DNA repair proteins such as 

RAD51 Recombinase (RAD51) and Partner and Localizer of BRCA2 (PALB2). 

Failure to repair DNA damage can lead to replication errors resulting in DNA 

mutations and cancer (Schlacher et al., 2011). Pisano et al., (2011) have reported that 
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amongst the hundreds of mutations in the BRCA2 gene, several of its mutations have 

the potential to initiate BC.  

 

1.11.2 Tissue markers 

Human Epidermal Growth Factor Receptors (HER-2/neu also known as C-erB-2) 

discovered in 1985 was approved by the FDA in 1997 as a diagnostic biomarkers for 

BC using the FISH technique (Groudine et al., 1985; Ross et al., 2009). HER-2 is a 

proto-oncogene located on chromosome 17q21 which encodes for a 185 kDa protein 

and is a member of the tyrosine kinase family (Park et al., 2006; Rosian et al., 2005). 

It is reported to be over expressed in approximately 25-30 % of BC cases and its 

expression is particularly high in invasive BC specimens. Furthermore, over-

expression of HER-2 has been associated with the negative expression of Estrogen 

Receptors (Mirtavoos-Mahyari et al., 2014). HER-2 is an important biomarker target 

for the treatment of the disease (Radojicic et al., 2011). 

 

1.12.3 Serum markers 

CA 15-3 is one of the most extensively studied circulating prognostic factors for BC. 

Preoperative concentrations in combination with existing prognostic factors are useful 

in predicting disease outcomes in patients with newly diagnosed BC (Alobaidi et al., 

2015). CA 27- 29, however, is a less widely used serum marker in BC (Duffy & 

Michael, 2006). Proteins in the MUC-1 family which includes CA15.3, BR 27.29, 

MCA and CA549 are other commonly used serum markers. As these proteins possess 
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similar diagnostic sensitivities and specificities, the use of more than one MUC-1 

antigen is not likely to be advantageous (Donepudi et al., 2014). 

 

1.11.4 MicroRNAs  

MicroRNA constitute a class of small noncoding RNAs that control gene expression 

by targeting mRNAs and triggering either translation repression or RNA degradation 

(Bartel et al., 2009 ). In particular, comparison of normal and malignant breast tissue 

has revealed that small subsets of deregulated microRNAs (including mir-125b, mir-

145, mir-21, and mir-155) can unequivocally distinguish normal form malignant 

breast tissue. These differentially expressed microRNAs were found to be correlated 

with histopathological features of BC such as tumour size, nodal involvement, 

proliferative capacity and vascular invasiveness thereby enhancing the possibility that 

microRNA profiles may represent a promising new class of cancer biomarkers 

(Mattie et al., 2006). Furthermore, microRNAs are also emerging as new diagnostic 

biomarkers (Tijsen et al., 2012). In-extension, recent studies have confirmed that 

microRNAs have a unique expression profiles in different cancer types at different 

stages and they play an important role in many diseases and viral infections. These 

results suggest that microRNAs can function as novel biomarkers for disease 

diagnostics and constitute a new strategy for microRNA based gene therapy (Zhang 

et al., 2008). 
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MicroRNA genes are evolutionally conserved. They are either located within the 

introns or exons of protein-coding genes (about 70 %) or in the intergenic regions (30 

%). While the expression of the intergenic microRNAs is related to their host gene 

expression, all intragenic microRNAs have independent transcription units suggesting 

that they are transcribed in parallel with their host transcripts (Acunzo et al., 2015). 

The second group of microRNAs is transcribed from intergenic regions or gene 

deserts which comprise independent transcription units. MicroRNAs are 

preferentially transcribed by polymerase II into long primary transcripts, up to several 

kilobases (pri-microRNA) that are subsequently processed in the nucleus by the 

enzyme Drosha to become ∼70-nt-long precursor strands (pre-microRNA) (Figure 

1.9) (DiLeva et al., 2014). At this point the Exportin 5 (XPO5) and its catalytic 

partner Ran-GTP bind the pre-microRNAs, and induce the export of this molecule 

from the nucleus into the cytosol and the pre-microRNAs is recognized in the cytosol 

by the RNAse III Dicer enzyme which processes the pre-microRNAs, producing a 

mature microRNAs duplex of about 22 nucleotides. At this step, the microRNAs 

double strand binds to the RNA-induced silencing complex (RISC) (Acunzo et al., 

2015). RISC consists of the transactivation-responsive RNA-binding protein (TRBP) 

and Argonaute2 (Ago2). While it retains the mature strand fragment, the 

complementary strand on the other hand is removed and degraded, resulting in a fully 

functioning microRNA. MicroRNAs induce the degradation of their mRNA target 

through an imperfect complementary matching with the targets 3'UTR. Seed region 

of the microRNA is very important for their function and target specificity (Acunzo et 

al., 2015). In brief, the process of mature microRNA biogenesis is characterized by 
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three fundamental steps: cropping of pre-microRNAs, export and dicing, (Acunzo et 

al., 2015). 

 

 

 

Figure 1.9: Schematic representation of microRNA biogenesis and miR-RISC 

activity (Adapted from Acunzo et al., 2015). 

 

1.12 MicroRNAs as oncogenes and tumour suppressor genes 

Alterations in oncogenes and tumour-suppressor genes have long been evident as a 

leading cause of tumourigenesis. It is indicated by studies that microRNAs can also 

serve as oncogenes or tumour suppressor genes in human cancer (Calin et al., 2004). 

While the expression of oncogenic microRNAs, popularly known as ―oncomirs‖ is 
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up-regulated in tumours, the expression of tumour suppressive microRNAs (Ts-

microRNA) is down-regulated (Zhang et al., 2007). The influence of oncomiRs and 

Ts-microRNA on cancer cell hallmarks has been reviewed (Grammatikakis et al., 

2013). 

 

1.12.1 MicroRNAs in cell growth and proliferation 

Aberrations in the cell cycle regulators including cyclins and cyclin dependant 

kinases (CDKs) has been determined as one of the universal cause of cancer 

progression (Malumbres & Barbacid, 2001; Nigg, 1995). Oncogenic microRNAs 

target CDK inhibitors or retinoblastoma family proteins transcriptional repressors for 

increased cell proliferation and growth in cancer. Several microRNAs has been 

reported to be up-regulated, including human miR-17-92 cluster, miR-132, miR0212 

in many cancers suggesting their role in undifferentiated proliferation (Lu et al., 

2007; Park et al., 2011) (Figure 1.10). While considerable amount of evidence 

revealed oncogenic microRNA targets during cell cycle entry and G1/S transition, it 

may also affect the late phase of the mammalian cell cycle such as the G2/M phase 

(Chen et al., 2010). In a study conducted by Bhattacharya et al., 2013 expression of 

Wee-1 was reported to be negatively correlated with miR-195 in melanoma patients 

and is responsible for unrestricted growth of tumour cells (Bhattacharya et al., 2013). 

It is evident that Wee1 is a negative regulator of the G2/M checkpoint that acts by 

cyclin B/CDK1 phosphorylation (Chen et al., 2010). In-addition, miR-128a, miR-

155, and miR-516a-3p were also reported to regulate Wee1 expression in specific 
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cancers (Butz et al., 2010). Similarly, miR-372, p53/miR-520g/p21, miR-520g, miR-

106b family and miR195 were reported to regulate p21 protein expression which 

arrests cell cycle progression by inhibiting the activity of cyclin/cdk2 complexes (Qi 

et al.,2009; Gartel & Radhakrishnan, 2005; Zhang et al., 2015; Ivanovska et al., 

2008). 

 

Several microRNAs have been implicated that exert their oncogenic effect through 

the regulation of p53 expression (Hu et al., 2010; Kumar et al., 2011; Le et al., 2009; 

Tian et al., 2010; Xu et al., 2010). It is evident that p53 protein regulates multiple 

genes involved in cell cycle arrest, apoptosis, DNA repair and senescence (Harris & 

Levine, 2005). While miR-504, miR-214 and miR-125b was reported to stimulate 

tumourigenesis by inhibiting p53 protein levels, miR-25 and miR-30d adversely 

affect the cell cycle process by targeting the 3'UTR of TP53 in several cancers (Hu et 

al., 2010; Kumar et al., 2011; Le et al., 2009; Xu et al., 2010). Moreover, mutations 

in p53 gene not only results in the loss of wild-type p53 tumour suppressor activity, 

but also modulate the expression of microRNA genes (Donzelli et al., 2012). In a 

study conducted by Ganci and colleagues, 12 microRNAs were identified which were 

involved with p53 mutations as well as cancer-specific survival (Ganci et al., 2 013).  

Another mechanism through which several microRNAs have been implicated in 

promoting tumourigenesis is through inhibition of proto-oncogenes MYC and RAS 

(Schulte et al., 2008; O'Donnell et al., 2005; Ma et al., 2010; Mestdagh et al., 2010). 

Deregulation of these proto-oncogenes has been implicated in human malignancy 

(Cole & McMahon, 1999). MiR-92, miR-106a, let-7b, miR-17-5p, miR-93, miR-99 
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and miR-221 have been reported to influence MYC family expression in different 

cancer cells (Schulte et al., 2008; Mestdagh et al., 2010). Similarly, miR-155 and 

miR-21 were noted for oncogenic Ras-induced cell proliferation (Wang et al., 2015; 

Melnik, 2015).  

 

 

 

Figure 1.10: Oncogenic microRNAs involved in cell cycle progression (Adapted 

from Frixa et al., 2015). 

 

Aforementioned sections revealed that over-expression of oncogenic microRNAs 

result in enhanced tumourigenic effect mainly through stimulation of cell cycle check 

points causing shorter division periods (Witsch et al., 2010). In–addition, cancer cell 

growth and proliferation is also influenced by increased expression of proliferative 

signals such as B cell CLL/lymphoma 2 (Bcl-2), B-cell lymphoma-extra-large (Bcl-
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xL), sirtuin 1 (SirT1), high-motility group AT-hook gene 1 (HMGA1), epidermal 

growth factor (EGF), vascular-endothelial growth factor (VEGF) and platelet-derived 

growth factor (PDGF) (Witsch et al., 2010). Many of these proliferative enhancers 

are regulated by Ts-microRNAs and down-regulation of these (tumor-suppressor (Ts-

microRNAs)) results in uncontrolled growth and metastasis. MiR-34a, miR-125b and 

miR-17-5p were reported to regulate Bcl-2 and SirT1 expression responsible for cell 

proliferation and survival in cancer cells (Li et al., 2012; Sun et al., 2012; Yang et al., 

1997). Another microRNA target essential for cell proliferation is RNA-binding 

protein HuR, which is reported to be influenced by miR-125a and miR-519 

(Abdelmohsen and Gorospe, 2010; Abdelmohsen et al., 2010; Zhao et al., 2012). 

Suppression of miR-1, miR-28, miR-205, miR-296 has been implicated in multiple 

cancers. These microRNAs were reported to exert tumourigenic effect by enhanced 

expression of oncogenes and receptor tyrosine kinase MET and serine/threonine-

protein kinase Pim-1 as well as reduced expression of tumour suppressor interleukins 

(Grammatikakis et al., 2013). Other potential TS-microRNAs involved in cell 

proliferation and growth in different cancers include miR-135a, miR-145, miR-128, 

miR-101, miR-143, miR-24, miR-133a, miR-133b, miR-138,miR-216b, miR-155, 

miR-138, miR-508-3p and miR-509-3p (Grammatikakis et al., 2013). 

 

1.12.2 MicroRNAs in apoptosis 

Alterations in apoptosis are one of the major hallmarks of cancer and are responsible 

for tumour initiation, progression and treatment resistance (Lowe & Lin, 2000). 
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Several studies indicated the role of oncogenic microRNAs in apoptosis and these 

microRNAs function by directly targeting pro-apoptotic mRNAs in both extrinsic and 

intrinsic pathways (Lima et al., 2011). Oncogenic microRNAs that have been 

implicated in regulation of the extrinsic pathway include miR-130a,miR-221, miR-

222, miR-21, miR-18a, miR-144, miR-32 and miR-216a/217. Down-regulation of 

these oncogenic microRNAs results in tumourigenesis primarily through up-

regulation of p27kip1, PTEN and TIMP3 proteins (Frixa et al., 2015). Similarly 

oncogenic microRNAs influencing intrinsic apoptotic pathway include miR-886-5p, 

miR-125b, miR-221 and miR-222, miR-181a, miR-17-5p-92, miR-106b-25, and 

miR-32. These oncogenic microRNAs were reported to be up-regulated in several 

cancers and reduce apoptosis by suppressing expression of various proliferative 

enhancers such as BAX, BAK1, BMF, PUMA and BIM proteins (Frixa et al., 2015). 

In addition to extrinsic and intrinsic pathways, microRNAs were also reported to 

regulate apoptosis through caspase expression (Floyd et al., 2014; Hudson et al., 

2013; Tsang et al., 2008). In particular, miR-106b-25 cluster have been indicated to 

be associated with disease recurrence through caspase 7 inhibition (Hudson et al., 

2013). Recently, other microRNAs such as miR-582-5p and miR-363, miR let-7a 

were also implicated as key apoptotic players in several carcinomas by directly 

targeting Caspase-3, Caspase-9, and BIM proteins (Floyd et al., 2014; Hudson et al., 

2013; Tsang et al., 2008). (See Figure 1.11). 

With regard to Ts-microRNAs, their down regulation results in the suppression of 

anti-apoptotic factors like Bcl-2, and p53 in cancer cells (Sigal & Rotter, 2000; 

Lukashchuk   & Vousden, 2007). Decreased expression of miR-34a was reported to 
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reduce p21 and Bax expression through p53 with a concurrent increase in expression 

of SirT1, Bcl-2 or cyclin D1 (Zenz et al., 2009). Other targets of reduced miR-34a 

expression that decrease apoptosis and enhance tumourigenesis in cancer cells 

include baculoviral IAP repeat-containing 3 (BIRC3), decoy receptor 3 (DcR3), pro-

survival factors c-Met, Notch-1 and Notch-2 (Guessous et al., 2010), Cyclin D1, 

Cyclin E2, Cdk4, Cdk6 and E2F (Liston et al., 2003; Chen & Hu, 2012; Tazawa et 

al., 2007). Down regulation of several additional microRNAs such as miR-125-b, 

miR-181d, miR-451 and miR-519 were also reported to suppress apoptosis and 

increased cell survival through aberrant modulation of Bcl-2 expression, Cyclin D1, 

p53, p21 and DNA repair enzymes (Wang et al., 2012; Nan et al., 2010; 

Abdelmohsen et al., 2012; Marasa et al., 2010). 
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Figure 1.11: Oncogenic microRNAs involved in apoptotic pathways (Adapted from 

Frixa et al., 2015). 

 

1.12.3 MicroRNAs in metastasis 

Oncogenic microRNAs involved in pro and anti-metastatic effects have been termed 

as metastamirs (Hurst et al., 2009). Several microRNAs such as miR-21, miR-141, 

miR-10b, miR-9, miR-373, miR-885-5p and miR-520c were reported to be over 

expressed in different cancer types by targeting several metastasis suppressor genes 

such as TPM1, PDCD4, E-cadherin and Maspin as well as other genes like HOXD10, 
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and adhesion molecule CD44, thereby promoting invasion and metastasis (Frixa et 

al., 2015).  

 

With regards to Ts-microRNAs, their suppression in cancer cells facilitate the 

expression of many pro-invasion and pro-metastatic proteins like E-cadherin 

repressors - Snail, Twist and Zinc finger E-box binding homeobox (ZEB1/2), MMPs, 

c-Met and VEGF, HMGA1, Bcl-2, SirT1, N-Ras, K-RAS, Ezrin, Mucin 4, E2F and 

metastasis-associated gene (MTA1) (Grammatikakis et al., 2013). Down regulation 

of miR-9, miR-200c, miR-340 and miR-34a, miR-29b, miR-205 in several cancers 

were reported to promote metastasization through aberrant regulation of anti-

metastatic proteins E-cadherins and SNAIL, ZEB1 and ZEB2, c-Met, MMP-2, and 

VEGF-A respectively (Grammatikakis et al., 2013). Similarly, other Ts-microRNAs 

such as miR-145, miR-183, miR-296, miR-96 and miR-126, miR-195, miR-30c, 

miR-150, and miR-1 were revealed to aberrantly modulate VEGF and N-Ras, villin 2, 

HMGA1, K-Ras, E2F3 and Cyclin D3, MTA1, Mucin 4, and purine nucleoside 

phosphorylase (PNP) respectively in many cancer cell lines and in-vivo 

(Grammatikakis et al., 2013). 

 

Overall alterations in microRNA regulated oncogenes and tumour suppressor genes 

result in cancer progression, proliferation and metastasis. While under basal 

conditions expression of microRNAs acting as oncogenes gets up-regulated whereas 

those acting as tumour suppressor genes are down–regulated under cancer conditions. 

The same microRNAs can function either as oncogenes or as tumour suppressor 
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genes depending on the cellular context. Hence, understanding the molecular 

mechanisms of microRNAs is of utmost importance in cancer prediction, diagnosis 

and therapy. 
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1.13 MicroRNAs in breast cancer 

In BC, several microRNAs have been identified as critical regulators of tumour 

initiation, metastasis and chemo resistance (Table 1.1). 

Table 1.1: microRNAs in breast cancer (Adapted from Takahashi et al., 2015). 

 

 

Abbreviations: ANGPTL4, angiopoietin-like 4; BMI-1, B cell-specific Moloney 

murine leukemiavirus integration site 1; EMT, epithelial to mesenchymal transition; 

HOXD1, Homeobox D1; IL-11, interleukin-11; ITGA5, integrin 5; LOX, lysyl 

oxidase; PKCepsilon, protein kinase C epsilon; TNC, tenascin C; TWF1, twinfilin 1; 

VEGFA, vascular endothelial growth factor A. 
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Breast cancer initiation has been attributed in part to the cancer initiating cells or 

cancer stem cells (CSC) regulated by several microRNAs. It has reported that CSCs 

can undergo asymmetric cell division with synthesis and release of small compounds 

similar to somatic stem cells. Furthermore,various studies reported that these CSCs 

significantly down-regulate let-7 expression which inhibits the self-renewal and de-

differentiation capability of BC cells through RAS and HMGA2 respectively (Yu et 

al., 2007). These cell lineages also display the features of progressive tumourigenicity 

and epithelial to mesenchymal transition (EMT) (Mani et al., 2008). EMT was 

reported to be correlated with several microRNA family members like miR-205 and 

miR-200 family (miR-200a, miR-200b, miR-200c, miR-141 and miR-429), in BC 

cells EMT phenotype is induced by miR-103/107, which down regulates the overall 

microRNAs synthesis through attenuation of gene encoding Dicer (Martello et al., 

2010). Moreover, miR-200 family members were found to be regulated via miR-22-

mediated suppression of Ten Eleven Translocation (TET) family members (TET1-3). 

TET family members stimulate miR-200 promoter demethylation resulting in 

development of CSC properties, such as EMT and metastasis (Song et al., 2013). 

 

Several microRNAs have been attributed to drug resistance in BC. Multiple studies 

have revealed that BC CSCs overexpress ABCC1, also known as MRP1 and ABCG2, 

the ATP-binding cassette (ABC) transporters responsible for efflux of anti-cancer 

agents (Sullivan et al., 2000; Kim et al., 2001; Scheffer et al., 2002; Ross, 2000). 

These ABC transporters are regulated by several microRNAs at post transcriptional 

level. In BC, miR-451, miR-326, and miR-487a enhance the chemosensitivity of cells 
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by regulating ABC transporters activity (Kovalchuk et al., 2008; Liang et al., 2010; 

Ma et al., 2013). Recent studies also demonstrated the role of another microRNA 

family (miR-221/222 and miR-30c) in BC drug resistance via modulation of 

nucleolin and twinfilin 1 respectively (Pichiorri et al., 2013; Bockhorn et al., 2013). 

 

Apart from drug resistance, microRNAs are also depicted in metastatic processes in 

BC. MiR-10 has been implicated as a key regulator in BC metastasis (Ma et al., 

2007). MicroRNAs critically regulate the initial step of metastasis as several 

microRNAs (miR-126, miR-206, miR-335, miR-31, miR-34a, miR-22, miR-200) 

family,( miR-29b, and miR-708) inhibited BC metastasis (Tavazoie et al., 2008; 

Chou et al., 2013; Ryu et al., 2013). In-addition, exosomal microRNAs have also 

been implicated in BC invasion and metastasis (Zhou et al., 2014). Exosomes are 

membrane vesicles of a 50–100 nm size derived from various cell types and detected 

in biologic fluids in both physiological and pathological conditions (Taylor et al., 

2013). 

 

Studie revealed that bone marrow stroma derived exosomal microRNAs (miR-127, 

miR-197, miR-222, and miR-223) promotes long term survival of cancer cells by 

inhibiting proliferation and switching cells to a dormant stage which recurred years 

after disease diagnosis and treatment (Lim et al., 2011). Similarly, other exosomal 

microRNAs like miR-105 are also reported to be involved in high metastatic activity 

(Zhou et al., 2014). 
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Although these biomarkers for BC have been identified, there is a need to look for 

novel microRNAs that may be involved in the early diagnosis of BC. 

1.14 Methods for biomarkers discovery 

1.14.1 Proteomics 

Proteomics can be defined as the study of an entire proteome and protein expression 

profile of a specific cell type or tissue in a given setting using high throughput 

technologies (Baak et al., 2005). The objective is to identify sets of protein which are 

differentially expressed between a normal and pathological / disease state (Baak et 

al., 2005) thus potentially creating a unique profile or fingerprint for a particular 

disease (e.g. BC). In BC, useful biomarkers for BC diagnosis have been identified 

during such studies (Liu et al., 2013). Example identified by this technique are Serum 

biomarkers to detect BC (BC1, BC2, BC3, and CA 15.3) ( Khalilpour et al., 2017). 

 

1.14.2 Transcriptomics 

Genetic profiling has been used in medical research for the identification of genetic 

markers required for disease screening including cancer (Davis et al., 2006; Tainsky, 

2009). DNA microarray is one of the most common high throughput techniques used 

to study genome wide gene expression profiles in cells or tissues. It has enabled 

researchers to simultaneously resolve the mRNA expression levels of thousands of 

genes in an organism (Karakachet al., 2010; Pulverer et al., 2012). DNA microarrays 

are collections of microscopic spots created by robotic machines and arranged in a 

 

 

 

 

http://etd.uwc.ac.za



34 

 

grid-like format on a solid support such as a glass slide. Each microscopic spot 

represents cDNA derived from mRNA of known genes. The cDNA of several 

thousand genes can be spotted in a single process by performing DNA microarray 

analysis. DNA microarray analysis involves a numerous steps starting with (a) the 

design of the experiment, (b) extraction of nucleic acids (usually mRNA) from the 

control (healthy cells or tissue) and experimental (BC cells or tissue) samples, (c) 

transcription of extracted mRNA into cDNA molecules that are differently labelled 

(the controlled sample is labelled with cy3) with fluorescent labels, (d) hybridization 

of labelled cDNA molecules with cDNA immobilized on glass slides, (e) scanning of 

microarray, (f) image processing, (g) normalized ratio calculation, (h) statistical 

analysis, and (i) concluding with information extraction and generation of knowledge 

from results (Karakach et al., 2010). 

 

1.15 Bioinformatics as a tool for the detection of novel biomarkers 

Bioinformatics is the application of computer technology in the management of 

biological information. In 1979, Paulien Hogeweg coined the term bioinformatics for 

the study of informatics processes in biotic systems (Raza et al., 2012). It is 

concerned with storage, extracting, organizing, interpreting and utilizing information 

from biological sequences and molecules (Baxevanis et al., 2004). The main aim of 

bioinformatics is to find key biological information hidden amongst a mass of raw 

data to identify important trends and patterns which would eventually lead to novel 

biomarker discovery for both diagnostic and therapeutic purposes (Raza, 2012). 
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However, to achieve this aim three crucial steps are required. The first is accessibility 

of data, i.e. data needs to be ordered in such a way that users are able to access 

existing data as well as submit new findings. Secondly to develop tools to facilitate 

data analysis and lastly to use these tools to analyse and interpret results in such a 

way that they become biologically significant (Luscombe et al., 2001; Wu et al., 

2012). With advancements in computational technology, bioinformatics continued to 

progress towards the production of specialized automated systems, algorithms, 

databases and software to manage the sheer volume of sequence data generated from 

growing collection of human genome sequences and germ line polymorphisms (Raza 

et al., 2012). Furthermore, bioinformatics has presented ways in which data mining 

approaches can be used to filter valuable targets such as microRNAs, genes, or 

proteins for the discovery of possible novel biomarkers for diseases (Akhtar et al., 

2016). 

 

In diseases like cancer, where the affected cells are arranged in complex or even 

unpredictable ways, one of the ways to apply bioinformatics methods with regard to 

signalling, proliferation, communication and specificity of disease metabolism is 

through cancer bioinformatics (Wu et al., 2012). Using cancer bioinformatics, 

biomarkers for specific clinical phenotypes with respect to early diagnosis, disease 

prediction and treatment response can be identified and validated to improve patient‘s 

quality of life (Wu et al., 2012). Furthermore with the advent of cancer 

bioinformatics it has now become possible to study dynamic network of biomarkers 

evolved through integration of gene-gene, gene-protein or protein-protein interactions 
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at different disease stages and time points. Another developing science is clinical 

bioinformatics, which merges medical informatics, clinical informatics, 

bioinformatics, mathematics, omics science and information technology together. 

Clinical bioinformatics is considered as one of the key factors for addressing 

important clinical challenges in early diagnosis, predictive prognosis and effective 

therapies in cancer patients (Wu et al., 2012). It is urgently required to correlate the 

outcomes of cancer bioinformatics with clinical bioinformatics, where gene/protein 

interactions can be studied with respect to patient‘s complaints, history, therapies, 

clinical symptoms and signs, physician‘s examinations, biochemical analyses, 

imaging profiles, pathologies and other measurements (Wang, 2011). However, this 

association seems to have a number of challenges like validation of accuracy and 

sensitivity of integrated systems developed to translate the clinical information to 

clinical informatics, bioinformatics analysis with regard to disease severity, duration, 

location, drug treatment, or computational integration of all elements for a precision 

conclusion. 

 

1.16 Aims of thesis  

The overall aim of this thesis was to identity novel microRNAs as biomarkers for 

early stage detection of BC. 

The specific objective were: 

i). To identify microRNA and their gene targets for BC diagnosis using several 

bioinformatics tools. 
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ii). To identify the prognostic and predictive values of the novel microRNAs and 

their target genes using a bioinformatics approach. 

iii). To determine the expression levels of the identified microRNA and their gene 

targets in BC tissues as well as different cancer tissues using several 

bioinformatics tools. 
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CHAPTER 2 

2. In-silico approach for identification of microRNAs as biomarkers for 

breast cancer detection 

2.1 Introduction 

MicroRNAs are short length RNAs which do not code for proteins; however they 

play key roles in overall regulation of messenger RNA. MicroRNA partially binds 

with target mRNAs on its complementary sequences in the 3'UTR or 5'UTR regions 

and thereby modulate gene expression through mRNA degradation and inhibition or 

activation of transcriptional processes. In addition, one mRNA can be targeted by 

multiple microRNAs, and one microRNA can target many mRNAs (Fendler, 2011). 

A large number of microRNA have been identified using in vitro approaches. 

However, these methods are time-consuming, laborious and expensive with limited 

utility to predict genome-wide microRNA targeting (Radfar, 2014). In this regard, 

bioinformatics tools serve as a potential modality to identify new target biomolecule 

genes of interest. Bioinformatics tools are fast, inexpensive and specific in providing 

a priority list of potential biomarkers. 

 

To achieve this goal, various target prediction algorithms were developed to identify 

potential biomarkers. The availability of large sets of sequence data in combination 

with advanced computational biology offers an optimistic framework for in silico 
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gene expression analysis. However, the availability of large data sets raises its own 

problems like the presence of a high level of redundancy that was found in the 

sequences. Therefore, data mining, also known as Knowledge Discovery in Databases 

(KDD), which involves mining of specific data of interest from a vast amount of 

data,which plays a crucial role. In bioinformatics, data mining includes the 

optimization of disease treatment, the function of proteins as well as the prognostics 

and the diagnostics of diseases (Raza, 2012). Similar to data mining, text mining is 

also important in assembling and organizing sequence data for in silico gene 

expression analysis. Text mining, which involves extraction of specific information 

from research articles typically encompass the use of algorithms and statistical 

information to acquire specific information (Renganathan, 2017).  

 

Each algorithm has its own criteria for binding predictions of microRNAs which 

include: the free energy of the microRNA, perfection of complementarity of the seed 

sequence and proximity of different binding sites of the same microRNA (Lekprasert, 

2012; Schmitz et al., 2014). Although there are many target prediction tools 

available, challenges regarding standardized methodologies for microRNA target 

recognition exist. Therefore, the predicted target genes of specific microRNAs as well 

as miRNAs should be validated using molecular methods for transcripts (qRT-PCR, 

Northern blotting) or protein products (Western blot, ELISA) (Ji Diana Lee et al., 

2015). 
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2.2 Aim and objectives 

The aim of this chapter was to identify novel microRNAs that can be used for the 

early detection of BC. The objectives are to: 

i) collect microRNA by employing an in silico methodology using 

miR2disease, GEO, and mirCancer databases; 

ii) identify novel microRNAs that were not previously associated with BC 

through literature mining with the use of databases OncomiRDB, DIANA-

TarBase, Pubmed, EXIQON and Google scholar; 

iii) predict microRNA target genes using Targetscan and miRDB;  

iv) implicate microRNA target genes in cancer related processes through 

Functional Annotation using DAVID as well as expression analysis using 

the Human Protein Atlas; 

v) identify co-expressed genes of the microRNA target genes using STRING 

and Gene Expression Atlas; 

vi) relate target genes implicated in cancer processes back to individual 

microRNAs to create a final miRNA list for validation as BC biomarkers.  

 

2.3 MicroRNA databases for breast cancer biomarker discovery  

Several databases containing many microRNAs are used for different cancers 

including BC.  
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2.3.1 Databases for data mining  

2.3.1.1 miR2Disease 

miR2Disease, accessible at http://www.mir2disease.org/, is a free online database 

with specific information on microRNAs for various diseases. Moreover, the data 

also contains information about the gene expression related to each microRNA as 

well as an academic reference (Jiang et al., 2009). The database can also be searched 

using search terms like microRNA ID or microRNA disease.  

 

2.3.1.2 miRCancer 

miRCancer (available at http://mircancer.ecu.edu/) is another free online database for 

the identification of microRNAs for different cancers. mirCancer uses text mining to 

identify microRNAs. The database can also be searched either by the name of the 

cancer or using a particular microRNA. Furthermore, the database also provides  

references to articles as well as expression analysis data on each microRNA (Xie et 

al., 2013). 

 

2.3.1.3 Gene expression omnibus (GEO) 

Gene expression omnibus (GEO) is an online database (accessible at 

http://www.ncbi.nlm.nih.gov/projects/geo/) that contains information about gene 

expression. The database accepts unprocessed or raw data, but usually processed data 

are submitted to GEO (Barrett & Edgar, 2006). GEO has about 1 billion gene entries 
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stored derived from many species and cited by many researchers (Barrett & Edgar, 

2006)  

 

2.3.1.4 EXIQON 

Exiqon contains various databases and allows the use of miRSearch 3.0, an online 

search tool as part of the Exiqon tool set. Freely available at 

https://www.exiqon.com/mirsearch, this tool quickly finds and displays specific  

information on microRNAs relevant to research on diseases with detailed information 

about each microRNA in the most recent version of miRBase. With the help of a 

microRNA name the following variables can be searched: a) miRbase history (names 

and sequences), b) regulated genes (validated and predicted interactions), c) 

potentially co-transcribed microRNAs, d) diseases in which the microRNA have been 

shown to be regulated and e) tissues/samples in which the microRNA has been found. 

Furthermore, validated targets as well as diseases and tissue/sample information is 

supported by a references with links to PubMed.  

 

2.3.1.5 OncomiRDB 

OncomiRDB is an exclusive resource for annotating experimentally verified cancer-

related microRNAs with direct evidence. By comparing microRNAs with numerous 

existing microRNA target databases, oncomiRDB can provide many new microRNA-

target annotations validated by a luciferase assay, although it focuses on collecting 

 

 

 

 

http://etd.uwc.ac.za



81 

 

cancer related microRNA targets (Wang et al., 2014). OncomiRDB can be freely 

accessed at 

http://webcache.googleusercontent.com/search?q=cache:http://bioinfo.au.tsinghua.ed

u.cn/oncomirdb). 

 

2.3.2 Databases for text mining 

2.3.2.1 Google Scholar 

Google Scholar is a freely accessible website that allows to search across a broad 

range of academic literature. It draws on information from university repositories, 

journal publishers, and other websites that has been identified as scholarly by Google 

Scholar. google scholar is an easy to use website that is comprised of many resources 

like articles, books and other documents. In November 2013, a feature was added that 

allows logged-in users to save investigated results into the "Google Scholar library", a 

personal collection in which the user can search separately and organize the searches 

by tags (James, 2013). 

2.3.2.2 PubMed 

PubMed accessible at https://www.ncbi.nlm.nih.gov/pubmed is a free search engine 

which primarily accesses the MEDLINE database of references. PubMed, the free, 

home- and office-based MEDLINE ushered in the era of private searching was first 

released in January 1996. In June 1997, the PubMed system was offered free to the 
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public by the USA‘s Vice President, Al Gore when MEDLINE searches via the Web 

were established during a ceremony (Lindberg, 2000). 

 

2.3.2.3 DIANA-TarBase v7.0 

A DIANA-TarBase online bioinformatics tool accessible at (http://diana.imis.athena-

innovation.gr/DianaTools/index.php?r=tarbase/index) was initially released in 2006. 

DIANA-TarBase v7.0 was the first to provide hundreds of thousands of high quality 

manually curated, experimentally validated microRNA gene interactions, which have 

been enhanced with detailed meta-data (Vlachos et al., 2015). With DIANA-TarBase 

v7.0 one can easily recognize positive or negative experimental results, the utilized 

experimental methodology, experimental situation as well as cell/tissue type and 

treatment. The new interface also provides complex information from binding site 

locations (as identified in vitro as well as in silico) to primer sequences used for 

cloning experiments (Vlachos et al., 2015). In short, the database allows for 

identification of microRNA gene targets, and was explored for its literature mining 

capacity.  

2.3.3 Databases for identifying microRNA gene targets  

2.3.3.1 TargetScan 

TargetScan is used for the prediction of target genes of microRNAs by matching the 

seed regions of each microRNA with the 8mer and 7mer sites on the target gene 

(Agarwal et al., 2015, Lewis et al., 2005). The identification of microRNA by these 
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sites are also done by matching the seed regions to 3‘ UTR segments (Friedman et 

al., 2009). In humans, the target prediction rank is dependent on calculating context+ 

scores of the sites (Grimson et al., 2007). The predict target are also ranked by their 

probability of conserved targeting (Friedman et al., 2009). Target Scan Human uses 

the miRNA ID as a query to extract target gene information from all publicly 

available experiments. Targetscan is available at http://www.targetscan.org/vert_71/ 

(Agarwal et al., 2015). 

 

2.3.3.2 miRDB 

miRDB is an online database (accessible at http://mirdb.org) for microRNA target 

prediction and functional annotations (Wong & Wang, 2015). miRDB hosts predicted 

microRNA targets for five species: human, mouse, rat, dog and chicken. All the 

targets in miRDB were predicted using MirTarget, a bioinformatics tool. This tool 

was developed by analyzing thousands of microRNA-target connections from high-

throughput sequencing experiments. Common features linked with microRNA target 

binding have been recognized and are used to predict microRNA targets through 

machine learning methods (Wong & Wang, 2015). 

 

2.3.3.3 DAVID functional characterization of genes  

DAVID is a bioinformatics database which provides functional interpretation and 

analysis of a large list of genes from the human, mouse, rat and fly genomes (Dennis 
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et al., 2003). DAVID is a freely available database that systematically maps a large 

number of genes to a list of associated Gene Ontology (GO) terms and then 

statistically highlights gene that are over enriched for those terms as well as for other 

specific terms (Ashburner et al., 2000). This database has four modules: (1) 

Annotation tools which provide several annotation options, such as GenBank, 

Unigene, LocusLink, RefSeq, Gene Symbole, GnebName, OMIMm Affymetrix 

description, Summary and Gene Ontology; each one of these options can be used for 

a different function depending on the type of analysis. (2) Kyoto Encyclopaedia of 

Genes and Genomes (KEGG) has charts, which graphically display the distribution of 

differentially expressed genes in a KEGG biochemical pathway, with each gene 

linked to the KEGG pathway map. (3) Domain chart displays the distribution of 

differentially expressed genes and their PFAM protein domains and (4) GO chart, 

which graphically displays the distribution of differentially expressed genes to 

functional categories; which consists of three types of classifications (i) Biological 

Processes, (ii) Molecular Functions and (iii) Cellular Components (Dennis et al., 

2003, Huang et al., .2007).  

2.3.4 Databases for protein expression analysis of microRNA gene targets 

2.3.4.1 Databases for expression analysis of microRNA gene targets. The Human 

Proteins Atlas V 15 

The Human Protein Atlas is a public database that provides the protein expression 

profiles for a huge amount of normal and cancer tissue proteins from human and is 

presented as immunohistochemistry images (Persson et al., 2006). In 2005, the first 
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version of the Human Protein Atlas was accessible and it has been followed up by 

annual releases that have enhanced the coverage of the human proteome. For each 

new release, the number of antibodies has increased and new structures have provided 

further functionality (Pontén et al., 2011). It is a freely available interactive resource 

included as part of the Human Protein Atlas portal (www.proteinatlas.org). This site 

can be helpful for many clinical and biomedical research initiatives including the 

diagnostic and prognostic value of proteins for many different cancers. The Human 

Protein Atlas contains numerous data on gene expression and alterations in the 

expression of these genes and can aid in the discovery of biomarkers for disease by 

using an in silico approach (Uhlen & Fredrik, 2005; Pontèn et al., 2008). 

 

2.3.4.2 STRING gene/protein interaction analysis  

The STRING version 10 (Search Tool for the Retrieval of Interacting Genes) 

http://string-db.org/ is an online database that has been designed with the goal of 

assembling, evaluating and disseminating protein–protein association information in 

an accessible and complete manner (Szklarczyk et al., 2014). STRING was designed 

on the basis of interactions between proteins as it represents a crucial component of 

modern biology and hence can be used to detect possible protein interactions between 

the predicted target genes (Franceschini et al., 2013.). The basis of these associations 

is through data mining of various databases and literature mining throughput, in vitro 

data as well as genomic context analysis prediction (Von Mering et al., 2005). 

STRING integrates and ranks these associations by benchmarking them against a 
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common reference set and present evidence in a consistent and intuitive web 

interface. Furthermore, the protein interactions derived from one organism can also 

be extended to other organisms through automatic transfer of orthologous protein 

pairs in the test organisms (Von Mering et al., 2005). STRING includes a wealth of 

accessory information, for example protein domains and protein structures, 

improving its day-to-day value for users. It provides unparalleled comprehensive 

coverage with 5 million proteins, more than 200 million interactions and more than 

1000 organisms (Franceschini et al., 2013). 

 

2.3.4.3 Gene Expression Atlas 

The Gene Expression Atlas (GEA) is a public database (www.ebi.ac.uk/gxa/) hosted 

by the European Bioinformatics Institute (EBI). GEA can be used for statistical 

analysis of data of interest from the Array Express Archive of Functional Genomics 

Data. GEA allows users to investigate gene expression under several biological and 

physiological states of different cell types, disease states and developmental stages 

(Kapushesky et al., 2009). Theis database contains information about more than 

200,000 genes from nine species and almost 4,500 biological studies using over 

30,000 assays. GEA can help investigators determine where a gene of interest can be 

found in the organism and which genes are differentially expressed in a status or site, 

for example in a disease or in an organ (Kapushesky et al., 2009). 
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2.4 Methodology 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1. Flow diagram showing the in silico methodology used for breast cancer 

microRNA biomarker discovery. 
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2.5 MicroRNA identification using miR2Disease, GEO and miRCancer 

databases  

2.5.1 miR2Disease 

The search for BC microRNAs was initiated using the miR2Disease database see 

section 2.2.1.1. From the database options, Homo sapiens were chosen and a search 

was performed by using options like; by microRNA, by disease name or by target 

gene. The resultant list from miR2Disease was saved in a text file.  

 

2.5.2 miRCancer 

miRCancer, a microRNA Cancer Association Database was utilized as described in 

section 2.2.2 to search for by microRNA name or by cancer type. The search was 

done using the following steps: under cancer name, ‗breast cancer‘ was inserted. The 

search results displayed 333 microRNAs related to BC from which up-regulated 

microRNAs were chosen and the final results were saved as a text file. 

 

2.5.3 GEO 

Next dataset used in the search for microRNAs was GEO, as mentioned in section 

2.2.1.3. In the key words or GEO Accession field, the key term ‗breast cancer 

microRNAs were inserted and the search box was activated. The search results 

displayed two databases out of which the first database (i.e. GEO Dataset Database) 

was used. Using GEO Dataset Database, 2799 search results for BC was obtained and 
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selected. Specific microRNAs for BC was identified by referring to each article 

available in the database. 

 

2.6 Literature mining for novel microRNA identification 

The list of microRNAs, obtained from the initial database screening was further 

evaluated by literature mining. Literature mining was conducted in order to identify a 

smaller subset of microRNAs as putative biomarkers for BC. These non-validated 

microRNA biomarkers for BC were further searched for their novelty by using 

databases Exiqon, OncomiRDB, Google scholar, Pubmed and Diana-TarBase v7.0 

database. 

 

2.6.1 EXIQON 

On the homepage of Exiqon, miRSearch was selected and ‗breast cancer‘ was 

searched using the tool ‗Find microRNAs relevant for your research’ box. 

Additionally, ‗Human‘ was chosen from the ‗Organism ‘ dropdown menu. The 

results of this search were saved as a text file.  
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2.6.2 OncomiRDB 

In oncomiRDB database, microRNAs was searched for by microRNA ID or tumor 

tissue. ‗Breast cancer‘ was used as a keyword  within the tumor tissue field, and the 

results were saved as a text file. 

 

2.6.3 Google Scholar 

Google scholar was used to perform a general search on each of the microRNAs 

(searched for by name) using the combined list generated from the database screening 

sections 2.5.1 – 2.5.3. In the event that a publication on any given microRNA was 

discovered implicating it in BC, it would be excluded from the list. The results of this 

search were saved as a text file. 

 

2.6.4 PubMed 

Using PubMed, a general search was performed on each of the microRNAs (searched 

for by name) using the combined list resulting from the database screening section 

2.5.1 – 2.5.3. Already published microRNA data on BC in PubMed was excluded 

from the analysis. The results of this search were saved as a text file. 
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2.6.5 Diana database 

DIANA is database used as described in section 2.2.2.3, the microRNA ID was used 

as input to search for the microRNAs already associated with breast cancer within the 

database  which was then excluded from further analysis. The results of this search 

were saved as a text file. 

 

2.7 Target gene prediction for selected microRNAs 

The names of each of the final shortlisted microRNAs from literature mining were 

used to predict their gene targets using miRDB and TargetScanHuman databases. 

 

2.7.1 miRDB database 

Each of the shortlisted microRNAs was initially inserted into the miRDB search box 

using the ‗Human’ option. A list of target genes for each microRNA was obtained 

from miRDB and each microRNA was given a target prediction score. Only genes 

with a target prediction score greater than 90 % were included for further analysis. 

Similar target prediction analysis was also performed using TargetScanHuman. 

 

2.7.2 TargetScanHuman databases 

Each of the final listed microRNAs was individually entered into the 

TargetScanHuman search box using the microRNA nomenclature: ‗hsa-miR-‘. 
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‗Human‘ was selected as the species for target gene identification. A list of 

cumulative weighted context++ scores for each microRNA target gene was generated 

using TargetScanHuman. From target genes obtained for each microRNAs, only 

genes with a target prediction score of 90 % or greater were selected for further 

analysis. The individual gene lists obtained from the two platforms (i.e. miRDB and 

TargetScanHuman) was combined and duplications were removed in Microsoft 

Excel.  

 

2.8 Annotation of micoRNA target genes 

The filtered gene list was used as search parameter in DAVID 

https://david.ncifcrf.gov/home.jsp. The genes of interest were uploaded using ―Start 

Analysis". "OFFICIAL_GENE_SYMBOL" was chosen as the identifier of choice 

and the "gene list" option was selected for viewing purposes. Candidate genes were 

analysed by using "Functional Annotation Clustering", from DAVID's functional 

annotation tools. Annotational clustering of genes was done by using ―GO terms‖ to 

select annotation clusters. Since the Cellular Component was the GO term of interest, 

clusters were queried using the following terms: ―membrane-bounded vesicle‘‘, 

‘‘vesicle‘‘, ―cytoplasmic vesicle‘‘ and ―cytoplasmic membrane-bounded vesicle‖. 

This would allow for selection of gene products that can be detected within bodily 

fluids as they are shed. 
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2.9 Text mining by using Human Protein Atlas  

Further analysis was done on these microRNA target genes using Human Protein 

Atlas. A search was done on each of the genes shortlisted by DAVID. For each gene, 

the words ―cancer atlas‖ was selected, and only genes that showed high expression in 

BC were retained on the list. The genes resulting from the Human Protein Atlas 

analysis was saved as a text file.  

 

2.10 Analysis of gene/protein interaction networks by using STRING database 

Gene-protein interactions were analysed for the shortlisted genes using the STRING 

database as described in section 2.2.4.2. STRING was used for the analysis of gene 

products targeted by the selected microRNAs that are involved in BC to generate 

interaction networks of those proteins with known cancer proteins. Using the 

‗Multiple proteins’ option, the gene IDs for the target genes were used as input and 

searched for in ‗Homo sapiens’ as the choice of organism. The STRING DB Version 

10 was used for this analysis (Franceschini et al., 2013). Furthermore, the following 

criteria were used to produce each of the interaction networks: (a) a confidence level 

of 0.7, and (b) restricting to show no more than 20 interactions between the genes 

targeted by the microRNAs of interest. 
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2.11 Pathway analysis gene expression by using Gene Expression Atlas 

Using GEA, the genes related to the microRNAs of interest were searched for in 

‗Homo sapiens’ as the Organism and both ‗breast‘ and ‗breast cancer‘ as the ‘Sample 

property‘ were selected. Thereafter, a filter was applied to only show genes with 

either ‗high‘ or ‗medium‘ expression.  

 

2.12 Results  

2.12.1 Data retrieval for microRNAs involved in breast cancer  

Data for microRNAs which were reported to be differentially expressed in BC were 

retrieved using three databases – miR2disease, miRCancer and GEO. Table 2.1 

illustrates the number of microRNAs extracted from the three databases. The initial 

microRNA lists obtained from miR2diease had 253 microRNAs, miRCancer had 291 

microRNAs and GEO had 213 microRNAs. The results obtained from the three 

databases were combined using an excel spread sheet to remove duplicates. Out of 

the 757 microRNAs, 324 microRNAs were found to be duplicated among the three 

databases and were removed leaving a total of 433 unique microRNAs. The 433 

microRNAs were rigorously checked for any experimental indication that these 

microRNAs has been previously studied as biomarkers for BC detection using 

literature mining tools (EXCON, OncomiRDB, Google scholar, Diana) Amongs the 

433 microRNAs,identified 383 microRNAs were be previously validated whilst 27 

microRNAs were found to be potential novel biomarkers for BC management. 
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Table 2.1: Extraction of novel microRNAs for breast cancer management 

Database name miR2Disease  mirCancer Gene Expression 

Omnibus 

Number of 

microRNAs identified 

253 291 213 

Combined datasets 

from all databases 

757 

Number of 

microRNAs duplicates  

324 

Number of 

microRNAs after 

duplicates removal 

433 

Number of 

microRNAs validated  

383 

Number of 

microRNAs not 

validated 

50 

Validated microRNAs 

obtained after 

Literature mining 

(EXQUON, 

OncomiRDB, Google 

Scholar Pumed, 

Diana) 

23 

Final list of non-

validated or novel 

microRNAs 

27 
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2.12.2 MicroRNA target predictions and prioritization of target genes 

Two publicly available microRNA target predictions databases, TargetScanHuman 

and miRDB were used as platforms to identify genes associated with the 27 

microRNAs. As illustrated in Table 2.2, a total of 56,700 target genes were identified 

using TargetScanHuman and 9,733 by miRDB. From the total of 66,433 gene targets 

identified, 55,580 target genes were found to be duplicated leaving 10,853 unique 

target genes. 

 

The target genes obtained from the two databases were prioritized using the following 

criteria: only the genes with a prediction score of 90 % or higher were used for 

downstream analysis; gene lists with more than 900 targets were excluded and 

duplications were eliminated using the Excel spread sheet. Using these criteria, a final 

list was generated containing 1,876 gene targets for 14 microRNAs. All the genes 

were represented by their official gene symbols. 
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Table 2.2: The number of target genes of microRNA identified by TargetScan and 

miRDB 

Data name miRDB TargetScanHuman 

Number of target genes 

identified 

9733 56700 

Total number of target 

genes from both databases 

66,433 

Number of duplicated 

target genes of microRNAs 

55,80 

Number of target genes of 

microRNAs after 

duplicates were removed 

10,853 

Number of target genes 

with prediction score of 90 

% 

1,876 

Number of excluded target 

genes which have more 

than 900 targets 

8,977 

Final list of gene targets 

and microRNAs 

1876 targets for 14 microRNAs 
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2.12.3 Analysis of microRNA gene targets by using functional annotation  

The filtered gene list of 1,876 targets was used as input for functional annotation 

analysis using DAVID v6.8. A classification stringency of medium was employed in 

DAVID. An output of 160 genes was generated used and was categorized into three 

Gene Ontology (GO) groups, namely; Cellular Component (CC) Biological Process 

(BP) and Molecular Process (MP) as shown in Figures 2.2, 2.3 and 2.4 respectively. 

In terms of cellular components, target genes were found to be strongly associated (< 

80 %) with cytoplasmic vesicles and vesicles; and membrane or cytoplasmic 

membrane bound vesicles (< 70 %). Similarly, in terms of biological processes, target 

genes were found to be strongly associated with intracellular protein transport (< 50 

%) and vascular development (< 40 %). Finally, in terms of molecular functions, 

target genes were found to be associated with transcription activators (< 60 %), 

transcription repressors (< 50 %) and enzyme activators (< 40 %). 
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Figure 2.2: Bar graph showing the functional characterisation of microRNA target genes in DAVID based on their cellular 

component using GO analysis 
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Figure 2.3: Bar graph showing the functional characterisation of microRNA target genes in DAVID based on their 

biological process using GO analysis. 
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Figure 2.4: Bar graph showing the functional characterisation of genes in DAVID based on their molecular function using 

GO analysis. 
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The gene list obtained from DAVID analysis (160 genes) for 14 microRNAs were 

further validated for their novelty as BC biomarkers using Human Protein Atlas 

database as described in section 2.9. A total of 9 genes (Figure 2.5) were identified 

for 5 microRNAs using this analysis and this included genes that were known and 

predicated to be either up or down regulated/expressed in BC tissue when compared 

to normal breast tissue.  

 

 

Figure 2.5: Number of target genes for microRNAs obtained from functional 

characterization using DAVID and tissue expression analysis using Human Protein 

Atlas. 

 

2.12.4 Protein /Protein Interaction Analysis via STRING 

Unique gene identifiers (ACTN4, TMED10, STY9, GOPC, VEGFA, CD2AP, 

ANP32F, HIP1 and AP1G1) were used to produce expression networks using the 
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STRING database as described in section 2.10. The results in Figure 2.6 shows a 

clear link between 3 of the 9 target genes as shown in the black Box present in the 

overall gene network generated by using the criteria as described in section 2.10. 

Gene targets VEGFA, CD2AP and ACTN4 are seen to be connected based on text 

mining and others databases with the remaining 6 genes not showing any interaction 

to one another (Figure 2.7). 

 

In addition, cellular component analysis and biological processes were also 

performed on the 9 microRNA target genes using STRING. In Table 2.3, is shown 

that the HIP1 target gene does not have cellular component analysis and in Table 2.4 

the biological process for HIP1 and ANP32E is not shown (Table 2.3 and Table 2.4). 
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Figure 2.6: Map of the Protein Network generated by STRING. 

Genes are represented by the nodes and the different colours lines represent the types of evidence for the association.   
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Figure 2.7: Map of the Protein interactions of the 9 microRNA target genes in association with other genes as generated by 

STRING. The 9 microRNA  target genes are outlined in boxes.  
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Table 2.3: microRNA target genes and their cellular component analysed using 

STRING 

Gene Cellular component 

ACTN4 cytoplasmic vesicle membrane ,cytoplasmic membrane-bounded vesicle, 

secretory granule, membrane-bounded vesicle, platelet alpha granule 

GOPC clathrin-coated vesicle ,cytoplasmic membrane-bounded vesicle, 

cytoplasmic vesicle part, trans-Golgi network transport vesicle, 

membrane-bounded vesicle 

CD2AP cytoplasmic membrane-bounded vesicle 

ANP32E Cytoplasmic membrane-bounded vesicle, membrane-bounded vesicle. 

VEGFA secretory granule ,membrane-bounded vesicle, platelet alpha granule 

AP1G1 clathrin-coated vesicle, cytoplasmic vesicle membrane, cytoplasmic 

membrane-bounded vesicle, cytoplasmic vesicle part, membrane-

bounded vesicle 

TMED10 clathrin-coated vesicle, cytoplasmic vesicle membrane, cytoplasmic 

membrane-bounded vesicle, secretory granule, trans-Golgi network 

transport vesicle, membrane-bounded vesicle 

SYT9 secretory granule membrane, cytoplasmic vesicle membrane, cytoplasmic 

membrane-bounded vesicle secretory granule, membrane-bounded 

vesicle 

 

  

 

 

 

 



107 

 

Table 2.4: microRNA target genes involved in various biological processes analysed 

using STRING. 

Gene Biology process 

ACTN4 regulation of vesicle-mediated transport, exocytosis, vesicle-mediated 

transport  

GOPC regulation of vesicle-mediated transport, exocytosis 

CD2AP regulation of vesicle-mediated transport 

VEGFA regulation of vesicle-mediated transport, exocytosis, vesicle-mediated 

transport,  

AP1G1 regulation of vesicle-mediated transport ,exocytosis  

TMED10 Exocytosis  

SYT9 exocytosis, vesicle-mediated transport  
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2.12.5 Pathway analysis of the genes via Gene Expression Atlas  

The GEA database was used to identify differential expression of the nine identified 

genes in BC. Differential expression of all the nine genes were studied as described in 

section 2.11 comparing  gene expression in BC  tissues to that in normal tissues. 

Figures 2.8 – 2.16 display the expression analysis of ACTN4, TMED10, STY9, 

GOPC, VEGFA, CD2AP, ANP32F, HIP1 and AP1G1 respectively. A medium 

expression level was found for ACTN4, TMED10, STY9, GOPC and VEGFA both in 

normal breast tissue and cancerous breast tissue. On the other hand CD2AP, ANP32F, 

HIP1 and AP1G1 showed medium expression in BC tissue and low expression in 

normal breast tissue.  
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Figure 2.8: Expression profile for ACTN4 from Gene Expression Atlas (GEA) (A) 

normal breast tissue and (B) breast cancer tissue. 
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Figure 2.9: Expression profile for AP1G1 from Gene Expression Atlas (GEA) (A) 

normal breast tissue and (B) breast cancer tissue. 
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Figure 2.10: Expression profile for HIP1 from Gene Expression Atlas (GEA) (A) 

normal breast tissue  and (B) breast cancer tissue. 
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Figure 2.11: Expression profile for TMED10 from Gene Expression Atlas (GEA) (A) 

normal breast tissue and (B) breast cancertissue. 
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Figure 2.12: Expression profile for GOPC from Gene Expression Atlas (GEA) (A) 

normal breast tissue and (B) breast cancer tissue. 
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Figure 2.13: Expression profile for VEGF from Gene Expression Atlas (GEA) (A) 

normal breast tissue and (B) breast cancer tissue. 
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Figure 2.14: Expression profile for ANP32E from Gene Expression Atlas (GEA) (A) 

normal breast and (B) in breast cancer tissue. 
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Figure 2.15: Expression profile for STY9 from Gene Expression Atlas (GEA) (A) 

normal breast tissue and (B) in breast cancer tissue. 
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Figure 2.16: Expression profile for CD2AP from Gene Expression Atlas (GEA) (A) 

normal breast tissue and (B) in breast cancer tissue. 
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Table 2.5: MicroRNAs and their specific targets gene  

MicroRNA Target Genes 

MiR1 HIP1 

MiR2 SYT9 

MiR3 TMED10, AP1G1 

MiR4 VEGFA, ANP32E, CD2AP 

MiR5 ACTN4, GOPC 

 

2.13 Discussion 

Breast cancer (BC) has been associated with death amongst women worldwide 

including South Africa. The etiology of BC is highly heterogeneous in nature and 

involves aberrations in a network of pathways associated with fundamental 

mechanisms like proliferation, differentiation, migration, maturation and apoptosis. 

Almost all of these key pathways are found to be critically regulated by microRNAs 

(miRNAs), which are non-coding RNAs and post-transcriptional  (Bertoli et al., 

2013). These miRNAs were shown to be down-regulated in a large number of 

tumours including BC. Identification of specific microRNAs along with their 

physiological functions provides a promising approach in cancer diagnosis, prognosis 

and treatment. In particular, automated comparison of the gene expression profiles of 
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diseased versues. normal state of cancer can be used to determine differentially 

expressed genes particulate in BC which can be further implicated in networks related 

to BC to identify the disease mechanisms. In the last decades, advancements in 

bioinformatics tools has supported the creation of huge repository of human 

transcriptomics data which facilitated the quick and logical investigations of 

biological and disease mechanisms, including BC. The present study was aimed at 

identifying novel microRNAs that can potentially be used for the early detection of 

BC, prognosis and management of the disease. 

 

Several in silico tools were employed to identify novel microRNAs that can 

potentially be implicated in BC and its mechanistic pathways. A list of microRNAs 

was produced by selecting microRNAs not molecularly validated and associated with 

BC using the following databases: miR2Disease, miRCancer and Gene Expression 

Omnibus. The target genes of these shortlisted microRNAs were identified using 

TargetScan and miRDB. The algorithm in TargetScan Human 6.2 scores its 

microRNA target gene based on the level of conserved 8-mer and 7-mer sites that 

match the seed region of each microRNA (Li et al., 2014). Furthermore, the 

specificity of this software for the target site is also dependant on its determinants, 

such as type site contribution, which calculates the score for both 7- and 8-mer 

motifs. 8-mer motifs are allotted a higher score as they are more down-regulated than 

those with 7-mer motifs (Radfar, 2014). It should be noted that a more negative 

context score is associated with a more favourable binding target site (Garcia et al., 
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2011). Additionally, TargetScan also ranks the target genes according to their 

probability of conserved targeting (PCT). PCT values with a lower probabilistic value 

than 52 would decrease the integrity of conservation for the predicted binding target 

sites across multiple species (Friedman et al., 2009). The use of two prediction 

algorithms for microRNAs target genes identification reduces the false positive target 

predictions and enhances the sensitivity and accuracy of presently used methodology 

as observed from this study results where only 14 microRNAs and 1,876 target genes 

were selected for further studies from an initial list of 757 microRNAs and 66,433 

target genes. 

 

Functional annotation analysis using DAVID 6.8 showed that the 1,876 targets of 14 

microRNA could be implicated in cancer pathways through Gene Ontology (GO) 

analysis. In terms of cellular components, target genes were found to be strongly 

associated with cytoplasmic vesicles and vesicles; and membrane or cytoplasmic 

membrane bound vesicles. Tumour-derived microvesicles have been implicated in 

disease progression. It is reported that heterogeneous membrane-bound sacs are shed 

as well as taken up by tumour cells. While the dispersed microvesicles are thought to 

be responsible for disease progression, its uptake helps in the maintenance of the 

tumour microenvironment (D'Souza-Schorey & Clancy, 2012). Similarly, in terms of 

biological processes, target genes were found to be strongly associated with 

intracellular protein transport and vascular development. Dysregulation of nucleo-

cytoplasmic transport, particularly tumour suppressor and oncoproteins has been 
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reported in cancer (Hill et al., 2014). Finally, in terms of molecular functions, target 

genes were found to be associated with transcription activators, transcription 

repressors and enzyme activators. Genome instability due to mutations in 

transcription factors and noncoding RNAs is one of the hallmarks of almost all 

cancers, including BC. Aberrations in transcription activation, repression and 

regulation can contribute to tumourigenesis with overall alteration of core auto-

regulatory circuitry of the cell (Lee & Young, 2013). Overall, all these mechanisms 

have great potential in early diagnosis of BC. 

 

STRING analysis was used to deduce probable links between the nine finalized genes 

based on several lines of evidence amongst them. Complete knowledge of all direct 

and indirect interactions between proteins in a given cell would represent an 

important milestone towards a comprehensive description of cellular mechanisms and 

functions (Franceschini et al., 2013). A clear link between three of the nine target 

genes (VEGFA, CD2AP and ACTN4) were obtained with no connections found 

between the remaining 6 genes (see Figure 2.6). The lack of connections may perhaps 

be due to the fact that STRING database either have partial information about the 

genes or may not contain enough experimental information to confirm the link 

between these genes. In Tables 2.3 and 2.4 the target genes (HIP1 and ANP32E) are 

not shown The reason for this might be because the database was in the process of 

being updated or that genes have not enough information that is linked to cancer and 

specifically BC. Recent studies of ACTN4 demonstrated not only a role in cancer 
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invasion, but also its biological role as a transcriptional co-activator. ACTN4 is 

aggressively involved in the tumourigenesis of BC, and this concept is attracting a lot 

of attention. The localization of actinin-4 in the nucleus is very interesting in terms of 

tumourigenesis (Honda, 2015). Furthermore, in the present study VEGFA was found 

to be the most prominent interacting protein in the derived network (see Figure 2.7). 

Vascular endothelial growth factor-A (VEGF-A) are reported to play crucial roles in 

tumour angiogenesis and cancer progression. In a study conducted by 

Balasubramanian et. al., 2007 variations in VEGF gene expression have been reported 

to be involved in BC susceptibility and severity (Balasubramanian et. al., 2007). 

Finally, CD2-associated protein (CD2AP) has been reported to be involved in 

cytoskeletal remodelling (Weber et al., 2004; Shih et al., 1999), cell survival (Huber 

et. al., 2003; Schiffer et al.,  2004), and endocytosis (Cormont et al., 2003; Lynch et 

al., 2003; Kobayashi et al., 2004). CD2AP is a 80-kDa protein, which interacts with 

the cytoplasmic domain of CD2
+
 T lymphocyte and natural killer-specific membrane 

protein (Dustin et. al., 1998). Based on several studied CD2
+
 T lymphocytes have 

been implicated in bladder cancer and cervical cancer (Sandquist et al., 2015; Ting et 

al., 2010). Overall, these results clearly demonstrates the role of these genes in BC 

progression and hence identification of their regulating microRNAs can greatly help 

in BC diagnosis.  

 

In addition, using the GEA database, differential expression of ACTN4, TMED10, 

STY9, GOPC, VEGFA, CD2AP, ANP32F, HIP1 and AP1G1 genes were studied both 

in normal breast tissue and BC tissue. Medium expression level was observed for 
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genes ACTN4, TMED10, STY9, GOPC and VEGFA both in normal breast tissue in 

BC. On the other hand CD2AP, ANP32F, HIP1 and AP1G1 were found to show 

medium expression in BC tissue and low expression in normal breast tissue.  

To conclude, the present study findings derived through combination of functional 

annotation and expression profiling tools resulted in the identification of nine target 

genes regulated by five microRNAs which may play key roles in BC development as 

well as progression. Further validation of the identified microRNAs as biomarkers 

will be performed in subsequent chapters.  
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CHAPTER 3 

3. Prognostic and predictive validation of microRNAs and their target genes 

as breast cancer biomarkers using an in silico approach 

3.1 Introduction 

A biomarker is defined as a clinical characteristic with the potential to distinguish 

normal biological processes from disease pathologies as well as to assess drug 

responses (Coccia, 2012). The ideal cancer biomarker should be easily accessible, 

sensitive enough to detect tumours at its different stages, and highly specific. 

Furthermore, the cancer biomarker must also have the ability for detection at an early 

stage or at disease recurrence as well as prediction of disease and treatment outcomes 

(Chatterjee & Zetter, 2005). In cancer, a large number of cellular, genetic, structural 

and metabolic components can serve as biomarkers as a wide variety of alterations 

occurs in the connecting networks thereby affecting overall cell growth and survival 

(Bahr et al., 2013). Hence, identification of biomarkers involves the study of intricate 

networks rather than the specific component of the pathway.  

 

Based upon the utility such as cancer population screening, differential disease 

diagnosis, clinical staging and tumour growth measurement, assessment of disease 

and treatment outcomes, tumour or cancer biomarkers can be broadly divided as 

diagnostic, predictive and prognostic biomarkers (Kulasingam & Diamandis, 2008). 
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3.1.1 Diagnostic biomarkers 

Diagnostic biomarkers are highly specific and sensitive biomarkers that are used to 

identify a given type of cancer both at an early stage and at different disease stages 

(Kulasingam & Diamandis, 2008). Despite current research advancements, a huge 

gap in the presence of such diagnostic biomarkers, specifically for early disease 

detection exists. While conventional diagnostic biomarkers largely involve 

histopathological variables, recent methodologies include the use of molecular 

biomarkers. These molecular biomarkers are detected using advanced proteomics 

analyses which are sensitive enough to detect small aberrations at transcriptional and 

post-transcriptional levels specific to the disease (Simpson et al., 2008). Recent 

studies have focused on the use of circulating microRNAs as diagnostic signatures in 

disease identification, including BC (Blenkiron et al., 2007; Iorio et al., 2005). 

 

3.1.2 Prognostic biomarkers 

Prognostic biomarkers are characterized as biomarkers with the ability to assess 

treatment and disease outcomes, specificity to detect cancer stage and disease 

remission prognosis (Panczyk, 2008; Paduch, 2003). Furthermore, the prognostic 

biomarkers concentration should directly implicate the disease stage and therapeutic 

outcomes of anti-cancer drugs for an individual (Bates, 1991). In a given tumour, 

prognostic biomarkers can be determined through gene expression polymorphism or 

mutation, alterations in DNA methylation or, recently through detection of circulating 

microRNAs and tumour cells (CTC) (Figure 3.1). 
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Mutations in DNA repair genes such as the BRCA family, ATM, p53, glutathione S-

transferase family can be used as prognostic biomarkers as these genes enhance the 

likelihood for cancer susceptibility specifically BC (Cui et al., 2001; Synowiec et al., 

2013). Similarly, G158A polymorphism has been reported to play a significant role in 

prostate cancer progression and hence can be used as an effective prognostic 

biomarker (Gong et al., 2012; Samzadeh et al., 2012). Furthermore, the Genome-

Wide Association Studies (GWAS) has enhanced the capability of quick detection of 

prognostic as well as pharmacogenetic markers by utilizing clinical information about 

genetic variations in disease conditions (Xu et al., 2010). 

 

Extensive research regarding alterations in gene and miRNAs expression has further 

allowed the identification of prognostic biomarkers in aggressive disease conditions. 

In a study conducted by Liong et al., (2012). six genes, CRTAM, CXCR3, FCRL3, 

KIAA1143, KLF12 and TMEM204 were identified as prognostic biomarkers in 

prostate cancer. Furthermore, the expression levels of these genes can also determine 

the patient‘s segregation for disease aggressiveness. Similarly, several genes have 

been identified as prognostic biomarkers in BC for the assessment of treatment 

outcomes, cancer proliferation and invasiveness in BC using microarray, RT – PCR 

and in silico tools (van‘t Veer et al., 2002; Bueno-de-Mesquita, 2009; Nguyen et al., 

2012; Dabbs, 2011). Additionally, the presence of specific microRNAs has been 

correlated with several cancers (Qi et al., 2013; Jones et al., 2012; Wotschofsky et 

al., 2013). 
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DNA methylation has also been reported to act as a potential prognostic marker as 

hypermethylation patterns of gene encoding heat-shock protein 27 (HSP-27), HSBP1, 

can serve as a good prognostic biomarker (Vasiljevic et al., 2013). In-extension, 

circulating tumour cells (CTCs) that are detached from the tumour mass and migrates 

to the peripheral blood through the walls of  blood vessels can also serve as a 

significant prognostic determinant (Hunter et al., 2008). In a study conducted by 

Wang et al., (2011) the presence of five or more CTCs was reported to be correlated 

with overall survival in prostate cancer patients. 

 

3.1.3 Predictive biomarkers 

Predictive biomarkers represent a treatment response prospective guiding clinicians to 

take therapeutic decisions (Walther et al., 2009; Voon et al., 2011). Commonly, 

somatic mutations in genes like EGFR, KRAS, BRAF, PDGFRA, KIT, HER2, BCR-

ABL, and EML4-ALK has served as key predictive biomarkers. For instance, point 

mutations in the KRAS gene (codons 12, 13 and 61) and the BRAF gene (V600E) 

serve as standard predictive biomarkers for guiding treatment with targeted therapy 

against epidermal growth factor receptor (EGFR), using Cetuximab or Panitumumab 

in colorectal carcinogenesis (Walther et al., 2009; Lewandowska, 2012). Similarly, 

gene polymorphism in CYP2D6*10/*10 (and CYP2D6*5/*10) and low 

concentrations of Endoxifen and 4-hydroxytamoxifen, the active metabolites of 

Tamoxifen has been correlated with weaker drug response in BC patients (Xu et al., 

2008). 
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Figure 3.1: Prognostic and Predictive Biomarkers in Cancer Research (Adapted from 

Nalejska et al., 2014). 

 

As depicted in Figure 3.1, both prognostic and predictive biomarkers share common 

features with varied specific gene targets. Similar to prognostic biomarkers 

expression analysis of DNA repair genes, microRNAs can also serve as predictive 

biomarkers in cancer. For example RNA, expression analysis of DNA repair gene 

ERCC1, as well as mTOR and c-erb-B2 genes have been implicated as predictive 

biomarkers in hepatocellular carcinoma (Bassullu et al., 2012). However, due to the 
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absence of a large number of predictive biomarkers, studies on microRNAs as 

predictive biomarkers is gaining considerable importance. As previously discussed  in 

Chapter 1 (section 1.10), a series of microRNAs involved in BC has been 

enumerated. In extension, determination of DNA methylation status and CTC count 

at different treatment time points also offers prediction of treatment outcomes (van 

den Bent et al., 2006; Hegi et al., 2004; Hegi et al., 2005; Karakousis et al., 2013). 

 

3.2 Breast cancer biomarkers 

Conventional BC biomarkers involve histological analysis of disease subtype and 

grade, lymph node metastases, and lymphovascular invasion. However, with the 

advent of high-throughput methods, several novel biomarkers have been reported 

with prognostic and predictive importance. To-date, only two biomarkers have been 

validated as per the American Society of Clinical Oncology‘s Tumour Marker Utility 

Grading System .These markers include the estrogen receptor (ER) and human 

epidermal growth factor receptor 2 (HER2) (Hayes et al., 1996; Harris et al., 2007). 

ER expression plays a crucial role as a predictive biomarker as the absence or 

presence of the ER provides information about endocrine treatment outcomes 

(Hammond et al., 2010). Furthermore, the expression of ER receptors strongly 

influences the expression of progesterone receptors (PgR). Several studies on 

adjuvant trials reported a strong prognostic value but mild predictive significance for 

PgR expression (Dowsett et al., 2006). Oncogene HER2 was also identified as a 

prognostic biomarker in BC, as an up-regulated HER2 expression was found in BC 
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patients. Such patients are highly susceptible to disease recurrence and have a shorter 

overall survival (Mass et al., 2005). Ki67 is a nuclear non-histone protein that serves 

as a proliferation marker expressed during all phases of the cell cycle except the G0 

phase and maximumally at M phase (Lopez et al., 1991). Ki67 has been well 

correlated with other BC biomarkers like cancer invasiveness, tumour grade, ER and 

HER-2 (Haerslev et al., 1996; Nicholson et al., 1993; Rudolph et al., 1999). Several 

research findings implicate Ki67 as a strong predictor of luminal A and B subtypes, 

chemotherapy response, disease recurrence and overall survival in BC patients 

(Cheang et al., 2009; Faneyte et al., 2003; Jones et al., 2009). Overexpression of 

cyclin D1 RNA has been implicated to be of prognostic importance in ER positive 

invasive BC (Ormandy et al., 2003; Bilalovic et al., 2005). Similarly, another cyclin 

protein i.e cyclin E has been reported to influence tumourigenesis and correlates with 

the progressive stage and grades of BC (Bortner & Rosenberg, 1997; Wingate et al., 

2009). Furthermore, the role of cyclin E in the cell cycle was suggested to influence 

the response to chemotherapy and endocrine therapy in all cancers (Smith & Seo, 

2000; Akli and Keyomarsi, 2004). In-addition, a large number of miRNAs has also 

been discovered as discussed in Chapter 1 (see section 1.13). 

 

3.3 Cancer bioinformatics tools in prognostic and predictive validation of 

genes as biomarkers  

Cancer bioinformatics involves the integration of systems biology, clinical science, 

omics-based technologies, bioinformatics and computational science to address 
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relevant challenges associated with early disease diagnosis, personalized therapies, 

and predictive prognosis of cancer patients. However, such methodological 

integrations for identification and validation of novel cancer biomarkers need 

computational tools and databases with high accuracy, specificity and applicability. 

Several bioinformatics tools has been developed to assess the predictive and 

prognostic utility of candidate biomarkers such as ITTACA, KMPlot, Recurrence 

Online, bc- GeneExMiner, GOBO, PrognoScan etc. (Aguirre-Gamboa et al., 2013). 

In the present study three tools (i.e Kaplan-Meier plot, SurvExpress and GOBO) was 

used and are described in detail below. 

 

3.3.1 Kaplan-Meier plotter 

The Kaplan-Meier plot is one of the popular statistical tools used for survival analysis 

after treatment. In this method, the fraction of living subjects post-treatment is 

estimated for a certain number of years (Goel et al., 2010). Other advantages of this 

analysis involve the assessment of sample loss from the study cohort in case of 

patient withdrawal and to compute the probable survival estimate by using multiple 

datasets which increase the statistical power significantly as reported by Györffy et 

al. (2010). Furthermore, the clinical association of the biomarker with patient survival 

can also be evaluated (Györffy et al., 2010). These survival plots are drawn through 

the Kaplan-Meier plotter, which is available online at 

http://kmplot.com/analysis/index.php?p=service&cancer=breast. An overall 22,277 

genes from 10,188 cancer samples are assessed which include data from 4,142 breast, 
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1,648 ovarian, 2,437 lung, and 765 gastric cancer patients housed by this database. 

This huge database is maintained by a MySQL server and the retrieved data is 

calculated by using the R statistical tool (Györffy et al., 2010). Each of the candidate 

genes can be plotted for its association with patient‘s survival and the output indicates 

the number of patients at risk, hazard ratio with 95 % confidence interval and logrank 

P (Györffy et al., 2010). 

 

3.3.2 SurvExpress 

SurvExpress is a sophisticated gene expression database and bioinformatics tool 

equipped to generate survival analysis and risk assessment of cancer datasets. The 

tool can be accessed http://bioinformatica.mty.itesm.mx/SurvExpress and has the 

ability to validate survival and prognostic cancer biomarkers. The gene expression 

database comprises 20,000 samples from 20 different types of cancer along with 130 

datasets. The candidate genes are used as input in the web interface and datasets to 

evaluate gene expression are selected from around 140 available datasets. 

 

Aguirre-Gamboa et al. (2013) described SurvExpress as an online biomarker 

validation tool. They indicated the use of datasets to validate input genes and generate 

outcomes as Kaplan-Meier curves displaying risk groups, concordance index, and p-

value of the log-rank testing equality of survival curves (Figure 3.2). In this figure, 

available clinical information related to risk groups, prognostic index, and outcome 

data gene expression values is shown as a heat map. The significance level (p-value) 
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using a t-test or f-test through box plots across risk groups and the relation between 

risk groups and prognostic indices is also shown in figure 3.2. A summary is given of 

the Cox fitting and the prognostic indices (Aguirre-Gamboa et al., 2013). 

Overall, SurvExpress is one of the most reliable free online web tools to validate 

multi-gene biomarkers for gene expression in human cancers. The method provides 

quick outcomes at approximately one minute per dataset (Aguirre-Gamboa et al., 

2013). 

 

 

Figure 3.2: SurvExpress web tool (Adapted from Aguirre-Gamboa et al., 2013). 

In figure 3.2, A is a schematic diagram of the SurvExpress workflow, while B shows 

snapshots of the interfaces tagging the required input fields. Number 1 is where the 
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list of genes are entered. Numbers 2 and 3 choose the dataset from more or less 140 

available datasets. Number 4 shows the results from the input. 

 

3.3.3 Gene expression-based outcome for breast cancer online (GOBO) 

Gene Expression-Based Outcome for Breast Cancer Online (GOBO) is an online 

bioinformatics tool accessed at http://co.bmc.lu.se/gobo. GOBO helps in studying the 

differential expression of genes in the data repertoire generated through Affymetrix 

U133A microarrays for 1881 breast tumour dataset and 51 BC cell line datasets. 

These datasets can be interrogated for gene set analysis (GSA) in multiple breast 

tumours and cancer cell line subgroups, co-expressed genes (CG) assessment, and 

expression levels of single genes, sets of genes, or gene signatures in multiple 

subgroups i.e sample prediction (SP) in 1881-sample BC dataset (Ringnér et al ., 

2011). 

 

3.4 Aim and objectives 

The main aim of this chapter was to determine the prognostic and predictive values of  

five novel microRNAs and their associated (ACTN4, TMED10, STY9, GOPC, 

VEGFA, CD2AP, ANP32F, HIP1 and AP1G1) as putative biomarkers in BC using 

different bioinformatics tools. The study was conducted using the following 

objectives- 
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i) To validate the candidate microRNAs for their prognostic/predictive 

impact using SurvMicroRNA, miRpower, Kaplan-Meier plotter, and 

PROGmiRV2. 

ii) To validate the candidate genes regulated by these microRNAs for their 

prognostic/predictive impact using two datasets from SurvExpress. 

iii) To analyze the predictive importance of individual biomarker candidate 

genes using the Kaplan-Meier plotter. 

iv) To determine the prognostic/predictive significance of the candidate genes 

in different BC types using GOBO. 

3.5 Materials and methods 

3.5.1 Validating the candidate miRNAs for their prognostic/predictive impact 

using SurvMicroRNA, miRpower, Kaplan-Meier plotter, and 

PROGmiRV2 

Initially, the five identified microRNAs were analysed for their predictive and 

prognostic impact using SurvMicroRNA, miRpower, Kaplan-Meier plotter, and 

PROGmiRV2.  

 

3.5.1.1 SurvMicroRNA 

The SurvMicroRNA tool can be accessed at 

http://bioinformatica.mty.itesm.mx:8080/Biomatec/ Survmicro.jsp to assess 

microRNA-based prognostic signatures for BC outcomes by multivariate survival 
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analysis. All microRNAs (five) unique identifiers were used as input in the space 

provided for microRNA list and the "breast" option was selected as tissue type. In the 

option for "duplicated genes", the default setting was selected. The software assessed 

the five microRNAs using two different broad datasets by performing a quantile 

normalization compiled by SurvExpress i.e. DATA 1- Breast Invasive Carcinoma 

(Illumina GA) the Cancer Genome Atlas (TCGA) dataset using 322 samples and 

DATA 2-Buffa Camps Breast GSE22216 Dataset with 210 samples. 

 

3.5.1.2 miRpower 

Similarly using miRpower, the five microRNAs provided no output 

http://kmplot.com/analysis/index.php?p=service&start=1. miRpower is a web-tool to 

validate survival-associated microRNAs utilizing expression data from 2,178 BC 

patients. 

 

3.5.1.3 Kaplan-Meier plotter 

Furthermore, analysis was performed using the Kaplan-Meier plotter, which is 

accessed at http://kmplot.com/analysis/index.php?p=service&cancer=breast. All the 

candidate microRNAs were used as an input and Kaplan-Meier plots were drawn. 
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3.5.1.4 PROGmiRV2 

The five candidate microRNAs were analyzed using PROGmiRV2 found at 

http://xvm145.jefferson.edu/progmir/index.php. For cancer type ‗breast invasive 

carcinoma‘ (BRCA) were selected. All microRNAs were used as input and survival 

measure ―metastasis‖ was selected for outcomes.  

 

3.5.2 Validating the candidate genes regulated by these miRNAs for their 

prognostic/predictive impact using two datasets from SurvExpress 

The nine identified candidate genes (ACTN4, TMED10, STY9, GOPC, VEGFA, 

CD2AP, ANP32F, HIP1 and AP1G1) regulated by the 5 microRNAs were assessed 

for their prognostic and predictive ability using the SurvExpress tool. The 

SurvExpress tool was launched at 

http://bioinformatica.mty.itesm.mx:8080/Biomatec/SurvivaX.jsp and the list of nine 

genes were used as input using the gene list option. For the tissue type option ―breast‖ 

was selected whereas  default setting was used for the duplicated genes option. The 

candidate genes (nine) were analyzed using two broad datasets; (1) One comprising 

nine datasets from the same platform / methods that were compiled by seven authors 

comprising 1,574 samples (DATA 1) and (2) meta-bases generated through a quantile 

normalization compiled by SurvExpress comprising 1901 samples (DATA 2). DATA 

1 and DATA 2 are recurrent clinical data using meta-analysis (Aguirre-Gamboa et 

al., 2013). The input genes were analyzed using the output ―Recurrence Free Survival 
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Years‖ and the output was saved as a PDF file. Outputs are given as Kaplan-Meier 

plots, heat maps and box plots. 

 

3.5.3 Analyzing the predictive importance of individual biomarker candidate 

genes using the Kaplan-Meier plotter analysis/database  

The analysis was performed using the Kaplan-Meier plotter. All microRNAs 

regulated genes were individually assessed for their involvement in BC. For this web 

tool, each gene was used as an input for the option ―gene space‖ whilst ―breast‖ was 

utilized in the option ‗cancer type‘. For all remaining sections the default settings 

were used to draw Kaplan-Meier plots. The resultant output was saved as a PDF file.  

 

3.5.4 Determining prognostic/predictive significance of the candidate genes in 

different breast cancer types using GOBO 

The prognostic importance of the genes was evaluatedusing the GOBO database 

which was accessed at http://co.bmc.lu.se/gobo. The genes were analyzed using the 

GSA-Tumours application in GOBO where gene symbols were used as input and the 

option of different tumour types were selected. In the default settings full year 

censoring was selected. 
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3.6 Results 

3.6.1 Analysis of microRNAs by using SurvMicroRNA, miRpower, Kaplan-

Meier plotter, and PROGmiRV2 databases  

All five microRNA symbols when placed individually as an input into the selected 

tools, displayed no predictive or prognostic output for BC.  

 

3.6.2 Analysis of microRNA candidate genes by using SurvExpress database 

Table 3.1 demonstrates the output of the SurvExpress tool where nine breast cancer 

candidate genes regulated by five microRNAs were analyzed for their prognostic 

value. The resulting two datasets: DATA 1 and 2 only reflect on 7 of the 9 genes 

queried because there was no information on two of the genes in these datasets. Three 

(ACTN4, VEGFA and AP1GI)of seven genes were identified as significant prognostic 

markers based on their p-values (p < 0.05) by DATA 1 which contains 9 datasets with 

an overall sample size of 1,857 as compiled by different authors. However, DATA 2 

identified two genes (ACTN4 and AP1GI) as significant prognostic importance 

comprising 1,901 samples constructed as meta-analysis. Both datasets identified 

similar genes except VEGFA.  
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Table 3.1: Significant prognostic genes identified from two datasets; (a) DATA 2 and (b) DATA 1 using SurvExpress 
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Kaplan-Meier plots indicating the log-rank test of differences, the hazard-ratio, and 

the concordance indices between the risk groups were also constructed from both 

datasets as illustrated in Figure 3.3. All seven genes showed significance ability in the 

prediction of prognostic outcomes of BC patients. The subjects with a higher risk 

(red) will show high probability of relapse in comparison to patients with lower risk 

(green) from both databases. 
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Figure 3.3: Kaplan-Meier analysis for all microRNA target genes for breast cancer. 

By class: treatment/ pre-surgery (overall betas) concordance index = 58.97, 

Log−Rank Equal Curves p=1.703e−05, R2=0.023/0.993 Risk Groups Hazard Ratio = 

1.44 (conf. int. 1.22 ~ 1.71), p=1.909e−05 a) DATA 1. b) DATA 2.  
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Figure 3.4 represent the heat map generated from the two datasets based on the 

prognostic ability of each of the seven target genes. The colour  codes in the heat map 

demonstrates the expression level of each target genes against samples in the two 

datasets based on their prognostic index. From the DATA 1, four genes (CD2AP, 

TMED10, and ACTN4) were highly expressed in the high risk group and the HIP1 

gene was highly expressed in the low risk group. The remaining genes were found to 

be differentially expressed in both the groups. Similarly, from DATA 2 two genes, 

(TMED10 and ACTN4) were highly expressed in the high risk group and HIP1 gene 

was highly expressed in low risk group. The remaining genes were differentially 

expressed in both high and low risk the groups. 
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Figure 3.4: Expression profile and gene ranking of targeted genes based on the 

prognostic index. (a) Expression profile from the datasets compiled by SurvExpress 

comprising 1,857 samples(DATA 1). (b) Expression profile from dataset of nine 

databases compiled by seven authors comprising 1,901 samples(DATA 2) 
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Figure 3.5 demonstrate the box plot graph output from SurvExpress analysis 

indicating the expression level of the genes plotted along risk groups obtained in the 

analysis. From the box plot, it was assessed whether gene expression levels differed 

between the high risk (red) and low risk groups (green) as well as the level of 

significance of expression (p-value < 0.05) using a t-test. From DATA 1, it was 

derived that all genes are differentially expressed in both the high and low risk 

samples, except TMED10 which was found to be uniformly expressed in both the 

groups. Furthermore, the prognostic significance of ANP32E, VEGFA and AP1GI 

largely remains the same between both the groups where all these genes show similar 

expression levels. Based on DATA 2, all the genes were found to be differentially 

expressed in both the groups. Overall from DATA 1 seven genes were differentially 

expressed whilst five genes from DATA 2 (p-value < 0.05). 

  

 

 

 

 



154 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.5: Gene expression analysis of microRNA target genes using box plots in 

 low and high risk groups from (a) DATA 1 and (b) DATA2. 
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3.6.3 Analysis of microRNA target genes using Kaplan-Meier plotter database 

The prognostic importance of each of the candidate biomarker genes for BC outcome 

was studied using the Kaplan-Meier plotter and the results of individual genes are 

displayed in Figure 3.8,. These figures showed differential survival of risk groups 

based on the gene expression levels of the target genes. While 7 of the 9 target genes 

(CD2AP, VEGFA, HIP1, SYT9, GOPC, AP1G1, and ANP32) showed significant 

correlation with BC outcomes (p-value < 0.05), the remaining two gene (ACTN4 and 

TMED10) was found to be of poor prognostic importance (p-value >0.05). Moreover, 

while AP1G1 and VEGFA matched with the results of SuvExpress, ACTN4 was not 

found to be of any prognostic relevance by this tool. Furthermore, the remaining 

genes (CD2AP, HIP1, SYT9, GOPC, and ANP32) were also reported to be of 

prognostic importance using the Kaplan-Meier plotter alone and not in the 

SurvExpress analysis. 
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Figure 3.6: Survival risk curves for several target genes (VEGFA, HIP1, CD2A , and 

AP1G1) Low and high risks are drawn in black and red respectively. The p-value was 

shown in right hand corner of each curve (p ≤ 0.05 is significant). 
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Figure 3.7: Survival risk curves for target genes (ANP32E, SYT9 and GOPC). Low 

and high risks are drawn in black and red respectively. The p-value was shown in 

right hand corner of each curve (p ≤ 0.05 is significant). 
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Figure 3.8: Survival risk curves for target genes (ACTN4 and TMED10). Low and 

high risks are drawn in black and red respectively.The p-value was shown in right 

hand corner of each curve (p ≥ 0.05 is significant). 

 

3.6.4 Analysis of microRNA target genes by gene expression-based outcome for 

breast cancer online (GOBO) 

The prognostic ability of candidate biomarker genes and their impact on survival 

outcomes in low-, intermediate- and high-risk patients in different BC subtypes – 

estrogen receptor positive all tumour subtypes or luminal B tumour subtype; estrogen 

receptor negative all tumour subtypes or luminal B tumour subtype or ERBB2 tumour 

ACTN4 TMED10 
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subtype were evaluated through GOBO and the results are displayed in Figure 3.8. 

The survival curve was plotted as percentage distant metastasis-free survival (DMFS) 

against time in years. The survival curve expressed a significant prognostic 

importance of all the nine candidate genes in predicting the outcomes in all estrogen 

receptor positive BC subtypes and estrogen receptor negative luminal B tumour 

subtype (p–value < 0.05). On the contrary, the outcomes of remaining BC subtypes 

cannot be predicted using these candidate biomarker genes as the p-value was found 

to be highly insignificant (p–value > 0.05).  
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Figure 3.8: Survival curve for different breast cancer subtypes (a) ER all tumour subtype (b) ER luminal B tumour subtype 

(c) ER all tumour subtype negative tumour  (d) ER- ERBB2 tumour subtype (e) ER- luminal positive tumour.
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3.7 Discussion 

Breast cancer involves dysregulation of multiple networks encoded by a series of 

microRNAs and proteins. Identification of gene regulation by microRNAs has 

considerable predictive and prognostic significance for disease outcomes. With the 

advent of high-throughput methods, a large number of datasets containing the gene 

expression profile of multiple cancer subtypes has been developed. Such databases 

can be explored by in-silico tools to validate the candidate genes as prognostic or 

predictive biomarkers in different BC subtypes. The selected genes can further be 

validated in clinical cohorts, which therefore help in identifying the specific genes as 

biomarkers from a huge reservoir in a fast and cost effective manner. In the previous 

chapters, five microRNAs regulating nine genes were identified as candidate 

biomarkers from a huge datasets and their prognostic and predictive significance was 

studied in this chapter.  

 

3.7.1 Prognostic/predictive value of the microRNAs using SurvMicroRNA, 

miRpower, Kaplan-Meier plotter, and PROGmiRV2 

Initially each of the individual microRNAs were analyzed for their predictive and 

prognostic importance using SurvMicroRNA, miRpower, Kaplan-Meier plotter, and 

PROGmiRV2. However, none of the web tools produced results for these five 

microRNAs suggesting their novelty in BC. Hence, their predictive and prognostic 

impact was assessed indirectly by analyzing the prognostic outcomes of the nine 

genes regulated by these microRNAs.Due to the novelty of the five microRNAs in 
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BC as per the criteria used for microRNA identification, the absence of results for 

these microRNAs in terms of their prognostic value lends more evidence for their 

potential novelty in BC.  

 

3.7.2 Prognostic/ predictive -value of the microRNA target genes by using 

SurvExpress, Kaplan-Meier plotter and GOBO 

As indicated in Chapter 2, the first candidate microRNAs are symbolized as MiR1 

was found to regulate gene HIP1. In the initial SurvExpress tool output the prognostic 

importance of this gene was not shown utilizing datasets DATA 1 and DATA 2. 

However, as represented by the heat map and box plot output of SurvExpress, the 

HIP1 gene was found to be highly expressed in low-risk BC patients. From the 

Kaplan-Meier plotter results, the HIP1 gene was found to significantly correlate with 

prognosis and differential survival of BC patients. This suggested that the target gene 

and its regulating microRNA, MiR1 has considerable prognostic importance. It can 

be deduced that low expression of this gene can affect the prognostic outcome in 

high-risk patients. 

 

MiR2 regulated the expression of gene SYT9 whil no prognostic significance of this 

gene was obtained in the SurvExpress analysis. The Kaplan-Meier plotter outcomes 

revealed a fair association of this MiR2 in BC prognosis and survival outcomes 

thereby suggesting the importance of MiR2.  

 

 

 

 

 



163 

 

MiR3, another signature microRNA identified in the previous chapter have been 

shown to regulate the expression of two genes – TMED10 and AP1G1. Using 

SurvExpress analysis, AP1G1 was found to be commonly identified as a significant 

prognostic biomarker in the initial analysis of both datasets, TMED10 was found to 

be highly expressed in the high risk group from the heat map and box plot output 

using the two datasets. Furthermore, AP1G1 prognostic importance was reproduced 

in the Kaplan-Meier plotter analysis where the candidate biomarker showed good 

prediction of differential survival in BC patients. In a previous published report, 

AP1G1 has been identified as one of the prognostic signature genes among eleven 

genes in tumour samples collected from triple negative breast cancer (TNBC) and 

lymph node negative BC subtypes patients (Liu et al., 2014). Furthermore, these 

patients were not subjected to adjuvant chemotherapy and hence the biomarker gene 

can be useful in predicting the drug response in such patients (Liu et al., 2014). 

Although, the prognostic importance of the gene has been studied, outcomes related 

to its regulating microRNA remains unnoticed.  

 

Similarly, MiR4 regulates the gene expression of VEGFA, ANP32E and CD2AP. 

While SurvExpress analysis identified VEGFA as a significant prognostic marker and 

high expression of CD2AP in the high risk group, Kaplan-Meier plotter outcomes 

demarcated all three genes for their prognostic importance and prediction of 

differential survival among BC patients. VEGFA was reported to be aggressively 

expressed in untreated metastatic BC and the lymph node negative subtype (Liu et 

al., 2014). Another microarray study demonstrated correlation between increased 
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VEGFA expression and poor survival (Ghosh et al., 2008). Furthermore, another 

study revealed the association of VEGFA with adjuvant therapy resistance in 

postmenopausal BC patients (Ryden et al., 2005). Hence, identification of VEGFA in 

BC subtypes can help in predicting the disease aggressiveness as well transition from 

benign to malignant types.  

 

Finally, MiR5 was found to regulate two genes (ACTN4 and GOPC) as described in 

previous bioinformatics analysis (see section 3.6.2). All the SurvExpress tool outputs 

identified ACTN4 as a significant prognostic marker in high risk group. On the 

contrary, Kaplan-Meier plotter outcomes identified the prognostic importance of 

GOPC alone in prediction of differential survival of BC patients. ACTN4 acts as a 

regulatory gene in signal transduction, nuclear translocation, and gene expression. In 

BC, ACTN4 may serve as a potential biomarker as it is reported to act as a 

transcription co-activator for cell proliferation and adjuvant endocrine therapy 

resistance (Hsu & Kao, 2013). 

 

Using GOBO analysis, all nine candidate genes showed significant prognostic 

importance in predicting the survival outcomes in low, intermediate and high risk 

patients specifically with estrogen receptor positive, all tumour subtypes, and 

estrogen receptor negative luminal B tumour subtype. In a recent study where 

survival analysis was performed based on the ER/PR/HER2 subtypes and tumour 

grade in 123,780 cases of invasive BC from stages 1–3, registered under California 

Cancer Registry, a better survival and adjusted mortality was reported in all the ER+ 
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subtypes in comparison to ER− subtypes, except at disease stage 3. In Stage 3, all 

ER+ subtypes showed poor survival and the study suggest that ER may serve as a 

crucial factor in survival outcomes (Carol & Caggiano, 2014). Hence, the significant 

correlation between the nine selected genes and better survival outcomes in estrogen 

receptor positive all tumour subtypes obtained in the present study may have 

promising value as biomarkers, at least in these subtypes. These results will help in 

identification of a group of ER+ BC patients who are resistant to endocrine treatment. 

In addition to ER positive subtypes, the present study results also displayed 

significant association between better prognostic outcomes of selected biomarker 

genes in estrogen receptor negative luminal B tumour subtype. This BC subtype 

displays a highly poor prognosis as well as severe disease characteristics such as 

reduced hormone receptors, up-regulated proliferation markers and higher 

histological grade of the disease (Ades et al., 2014). Hence, identification and 

validation of biomarker genes with improved survival outcomes and better treatment 

prognosis can greatly assist treatment and response for luminal B subtype BC 

patients. Similar studies was performed by Matboli et al., (2014) where differentially 

higher expression of Histidine-rich glycoprotein RNA (HRG) was identified as one of 

the prognostic biomarkers in basal and grade 2 BC subtypes using GOBO and reverse 

transcriptase (RT-PCR) (Matboli et al., 2014). 

 

Overall, the results presented here indirectly suggests the importance of the candidate 

microRNAs as prognostic and predictive signatures in BC outcomes as well as their 

regulated genes. In a recent report, Bertoli et al. ( 2015) has summarized several BC 
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microRNAs that has been identified as diagnostic, prognostic and predictive 

signatures Several studies attempted to demarcate the diagnostic signature 

microRNAs that can distinctly differentiate BC from normal tissues. For instance, 

whilst 13-miRNAs was identified for diagnostic importance by Iorio et al.(2005), 133 

signature microRNAs were reported by Blenkiron colleagues in breast tumour tissues 

(Blenkiron et al., 2007). In a study conducted by Blenkiron et al.(2007) , of the 309 

microRNAs for a total of 93 BC subtypes, it was shown that 9 miRNAs can 

effectively demarcate luminal A from luminal B subtype . Other studies conducted by 

Lowery et al.(2009) and Volinia et al.(2006) identified 15-microRNAs and 17-

microRNAs as predictive signatures in ER, PR and HER2 positive BC subtypes  

respectively Similarly, multiple reports identifying several circulating and non-

circulating microRNAs with diagnostic or prognostic implications have been 

proposed. Additionally, microRNAs that can predict the therapeutic outcomes against 

the common chemotherapeutics like antracyclines, selective ER modulators, 5-

fluorouracil (5-FU), and cyclophosphamide has also been reported (Bertoli et al., 

2015). The present study outcomes has potentially added new microRNAs with 

prognostic importance to the BC list specifically for estrogen receptor positive all 

tumour subtypes and estrogen receptor negative luminal B tumour subtype. 

 

Despite the achievement of candidate microRNAs as prognostic and predictive 

signatures in BC subtypes, a large amount of variability was obtained in the output of 

different bioinformatics tools used in the current study. The variability in outputs of 

two datasets of SurvExpress tool was perhaps due to the use of different approaches 
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in data compilation and the same can be corroborated by a previous study where 

variations were obtained in biomarkers performance using different database 

(Aguirre-Gamboa et al., 2013). Furthermore, the differences in output from two 

datasets may also be due to the variability in cancer types and subtypes, patient 

cohorts and their tumour characteristics, microarray and mathematical methods of 

analysis (Fulford et al., 2007; Fan et al., 2006). Whilst Kaplan-Meier plotter uses a 

database of BC patients undergoing multiple treatments, SurvExpress uses the data 

from generated qRT – PCR analysis from a few BC cell lines on the other hand. 

Therefore, databases generated from clinical samples and cell lines will contain 

obvious disparities as a huge gap exists between the disease representation by clinical 

samples and cell lines (Holliday  &Speirs, 2011). Nevertheless, the methodological 

approach for validation of prognostic biomarkers were used previously and 

significant correlations between expression of putative gene and BC survival was 

noticed in specific cancer subtypes (Romagnoli et al., 2012). Therefore, it is believed 

that the present methodology will also succeed in obtaining novel biomarker 

microRNAs and their genes which can effectively predict the disease and treatment 

outcomes with large accuracy, sensitivity and specificity in multiple BC subtypes. 

 

To conclude, results present in this study represented the prognostic and predictive 

importance of five microRNAs and their regulated genes using SurvExpress, Kaplan-

Meier and GOBO analysis, which could be promising when used to predict disease, 

treatment and survival outcomes in different BC subtypes. Although variance in gene 

selection for its prognostic value was obtained for each of the tools, due to the 
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variable nature and source of information available in different datasets, the study 

owes its importance to the fact that cancer is a heterogeneous disease involving 

intricate networks of genes. Hence, a multitude of genes should be studied to extract 

maximum benefits. Since all the regulated genes were more or less found to be 

differentially expressed in BC, they all have the potential to serve as prognostic or 

predictive signature in BC. Furthermore, the clear relationship between the 

expressions of the candidate genes in BC subtypes further enhances the study utility 

in accurate prediction of survival, disease and treatment outcomes in populations like 

estrogen receptor positive all tumour subtypes and estrogen receptor negative luminal 

B tumour subtype. These genes will be further validated for their differential 

expression  using bioinformatics tools (Chapter 4). 
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CHAPTER 4 

4. Expression analysis of microRNA and target genes using in silico 

approaches 

4.1 Introduction 

MicroRNAs influence nearly all types of cellular pathways including oncogenesis 

and function in multiple-to-multiple relationships with their target genes (Zhang et 

al., 2006). Moreover, while a single microRNA can target multiple mRNAs, a single 

mRNA can be targeted by multiple microRNAs (Hsu et al., 2014). It is suggested that 

the final protein output is defined by microRNA expression levels as well as the 

availability of mRNA targets, thus, change in the expression level of a particular 

microRNA leads to severe pathological conditions (Wang & Wang, 2006; Abdellatif, 

2012; Sheedy, 2015). Studying these microRNA expression profiles will provide new 

methods for tumors classification and cancer diagnosis as described by Berindan-

Neagoe et al., (2014); & Lu et al. (2005). 

 

With the advancement of the microarray and the RNA sequencing technologies, an 

exponential flow of gene expression data has emerged, unveiling gene behaviour 

under varying biological conditions. Using microarray expression profiling, 

identification of up- and down-regulated genes and microRNAs in cancer cells 

become highly feasible. Differential analysis of microRNA gene expression levels in 
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normal versus cancer cells/tissues provides insights about the functioning of 

microRNAs, which can be utilized in cancer diagnostics and therapeutics. The 

preliminary detection of differentially expressed (DE) microRNAs from large-scale 

microRNA expression profiling data can be efficiently done using robust and efficient 

statistical models of bioinformatics (Dressman et al., 2003; Subramanian et al., 2004; 

Glanzer & Eberwine, 2004). Using bioinformatics tools in this chapter, comparative 

analysis of gene expression patterns of cancer cells with normal cells or other 

subtypes of the cancer were identified and clustered. Additionally, biological 

functions of the selected signature genes were studied to develop cancer biomarkers 

for early diagnosis and prognosis. Overall integrating the gene and microRNA 

expression data with bioinformatics tools will help to identify microRNAs as novel 

biomarkers for cancer diagnosis and prognosis as well as to understand their role in 

cancer progression and metastasis (Lu et al., 2005; Edelman et al., 2010). 

 

4.2 MicroRNA expression database for tissues 

4.2.1 miRmine (Human miRNA expression database) 

The miRmine database was developed to study microRNA expression profiles from 

publicly available human microRNA sequencing data. This database serves as an 

integrated user-interactive web-resource for the relative abundance of different 

human microRNAs expression in multiple tissue and cell-line. In miRmine, single or 

multiple (comma separated) human microRNAs can be searched using standard 

accession IDs (e.g., hsa-miR-21-5p). Furthermore, the search can also be done from 

 

 

 

 



184 

 

any sub-part of an accession ID (e.g., miR-21 or 21) using an auto-completion option 

where the corresponding entries will be automatically generated from the database 

(Panwar et al., 2017). 

 

 

Figure 4.1: Different applications of the miRmine database (adapted from Panwar et 

al., 2017). 
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4.2.2 MicroRNA target genes expression databases for tissues 

4.2.2.1 Oncomine 

ONCOMINE is a cancer microarray database and web-based data-mining platform 

made up of 65 gene expression datasets, and is available at www.oncomine.org. 

These datasets comprise nearly 48 million gene expression measurements collected 

from over 4700 microarray experiments. ONCOMINE was designed using three 

levels. Level 1 comprises an Oracle 8i database to store microarray data, other 

biological data and statistics. Level 2 is constructed from Python (www.python.org) 

which requires handling application logic and core functionality, while level 3 is 

developed using ZOPE (www.zope.org) (Rhodes et al., 2004). 

 

While Oncomine was developed to facilitate ascertaining genome-wide expression 

analysis, it also allows the comparative differential expression of major types of 

cancer with respect to normal tissues. Furthermore, comparison of gene expression 

between cancer subtypes and clinical- and pathology-based analyses can also be 

explored using this tool. (Rhodes et al., 2004). Oncomine outcomes can be visualized 

for single or multiple genes in selected or grouped analyses. Additionally, specific 

gene annotations like secreted, kinase, membrane, etc. can be used  (Rhodes et al., 

2004). Oncomine can integrate information from other bioinformatics resources and 

other databases including Swiss-Prot, Locus Link (Pruitt & Maglott, 2001); Unigene, 

Human Protein Reference Database (HPRD) (Navarro et al., 2003); SOURCE (Diehn 
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et al., 2003); Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa & 

Goto, 2000) and Biocarta (Rhodes et al., 2004). 

 

4.2.2 FIREBROWSE 

FIREBROWSE is a web browser for easy download and analysis of TCGA data in  a 

simple way. The Cancer Genome Atlas or TCGA is a public systematic cancer 

genomics project launched by the National Collaborative Research Infrastructure 

(NCI) and the National Human Genome Research Institute (NHGRI) 

(http://cancergenome.nih.gov/). TCGA contains molecular profiles of specific tumor 

types characterized by using advanced technologies that evaluate the sequence of the 

exome, SNP arrays, DNA methylation, mRNA expression and sequence, microRNA 

expression and transcript splice variation (Weinstein et al., 2013; Kandoth et al., 

2013). FIREBROWSE is backed by a powerful computational infrastructure, 

application programming interface (API), graphical tools and online reports, which 

can be browsed at URL http://firebrowse.org. It is one of the integrative  

characterized open cancer datasets in the world with over 80K sample aliquots from 

more than 11,000+ cancer patients, spanning 38 unique disease cohorts. Using 

FIREBROWSE, TCGA data and analysis in cBioPortal—expression, mutation, copy 

number, significance analysis, and other operations can be loaded directly 

(FIREBROWSE , 2016).  
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4.3 Aim and objectives 

The aim of this chapter is to analyze the expression values the five novel microRNAs 

and their associated target genes (nine) as biomarkers in BC using different 

bioinformatics tools. The study was conducted using the following objectives. 

i. Expression analysis of the microRNA in tissue using miRmine. 

ii. Expression analysis of the target genes regulated by these microRNAs 

individually in different stages of BC using Oncomine. 

iii. Expression analysis of the target genes regulated by these microRNAs 

individually in different cancer using FIREBROWSE. 

 

4.4 Materials and methods. 

The expression value of the five novel microRNAs and their associated nine target 

genes as biomarkers in BC was analyzed using the bioinformatics tools, viz. 

miRmine, Oncomine and FIREBROWSE.  

 

4.4.1 Expression analysis of the microRNAs in tissue using miRmine 

The high-quality experimental data from 16 different types of human tissues and 

biofluids were analysed viz. all tissues, bladder, blood, brain, breast, liver, lung, 

nasopharynx, pancreas, placenta, plasma, saliva, semen, serum, sperm and testis. All 

microRNAs were entered into the miRmine search box together using the microRNA 

nomenclature, ‗hsa-miR-‘. ‗Human‘ was selected as the species for expression 
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analysis for microRNAs. Thereafter, the ‗Tissue‘ option was chosen followed by the 

‗Run‘ option. 

 

4.4.2 Expression analysis of the microRNA target genes in different stages of 

breast cancer using Oncomine 

In the Oncomine database (www.oncomine.org), key words and phrases that allowed 

extraction of genes specifically for BC tissue such as <differential expression>, 

<breast cancer>, <cancer vs. cancer analysis>, <TCGA breast 2 Dataset>, and 

<Grouped by Breast Adenocarcinoma Type> were used as input queries. The 

database of genes and Homo sapiens genes were selected. The results from the 

ONCOMINE database were saved in a separate file and each gene was categorized 

according to BC type. 

 

4.4.3 Expression analysis of the microRNA target genes in different cancers 

using FIREBROWSE 

The FIREBROWSE homepage is accesible at http://firebrowse.org/. The gene names 

were individually entered into the search box, and then clicked on the view 

expression profile. For Graphical Tools filter was selected by clicking on the on 

position, then all cohorts were selected and the submit option pressed. 
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4.5 Results 

4.5.1 Expression of microRNAs in different tissues using miRmine 

Figure 4.2 illustrates the expression of five novel microRNAs in different tissues 

suggesting their tissue-specific availability. Overall, four of the five microRNAs, 

(miR1, miR2, miR4, and miR5) were expressed in all the organs. All five 

microRNAs were expressed in sperm,whereas only four were expressed in the breast 

tissue. Three microRNAs (MiR1,MiR2 and MiR4) were expressed in bladder, brain, 

nasopharynx, pancreas, and semen. Liver, placenta, plasma, and testis showed 

expression of two microRNAs, while lung and saliva displayed expression of a single 

microRNA. 

 

MiR1 was expressed inthe bladder, brain, breast, nasopharynx, pancreas, and sperm, 

with the highest expression in observed breast tissue. MiR2 was expressed in almost 

all tissues except lung tissue, while the highest expression was observed in sperm. 

MiR3 was found to be expressed in sperm alone, whilst MiR4 was reported to be 

expressed in all tissues except saliva and serum. The highest expression of MiR4 was 

observed in breast tissue. MiR5 was observed expressed in breast tissue and semen, 

with the highest expression in breast tissue. 

 

Table 4.1 demonstrates the expression values of all the microRNAs in breast tissue, a 

serum of cancer and normal controls. While miR1 was found to be expressed in 
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serum samples of cancer patients and normal controls, it was reported to be absent in 

tissue samples. In the case of serum, the expression level of MiR1 was elevated by 

51.6 RPM units in the diseased condition. While for miR2 the expression was 

observed in the serum of cancer patients and normal control samples, but was only 

expressed in normal tissue. In the case of cancer patient‘s serum samples, it was 

found to be elevated by 149.4 RPM units when compared with a normal control 

sample. MiR3 expression was altogether absent in all the breast tissue samples, while 

MiR4 expression was down-regulated to 88.3 RPM units in cancer patients‘ serum in 

comparison with a normal control sample. No noticeable change was observed in 

tissue samples. Finally, miR5 was absent in serum samples and to be marginally up-

regulated to 17.4 RPM units in BC tissue in comparison to a normal control sample. 
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Table 4.1: Expression values (RPM) of miR1, miR2, miR3, miR4 and miR5 in breast tissues. 
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Figure 4.2: Expression of microRNAs in different human tissues. 
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4.5.2 Expression of the microRNA target genes in different breast 

adenocarcinoma types 

From previous results, five microRNAs were regulate a total of nine gene targets. All 

these target genes were further studied for their expression levels in multiple breast 

adenocarcinoma types. MiR1 was regulated target gene HIP1, whose expression in 

different breast adenocarcinomas is represented in Figure 4.3 Overall, the expression 

of HIP1 gene was partially over-expressed in all breast adenocarcinomas except for 

invasive cribriform breast carcinoma. Maximum up-regulation of HIP1 gene was 

observed in papillary breast carcinoma. Uniform up-regulation in all the samples 

were obtained in medullary and papillary breast carcinoma, while ductal and lobular, 

either mixed or alone, and mucinous breast carcinoma samples displayed differential 

expression. 
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Figure 4.3: Target gene for MiR1 - HIP1 copy number in TCGA breast 2 grouped by 

breast adenocarcinoma type 

 

In Figure 4.4, the expression of SYT9, the target gene of MiR2 in different types of 

breast adenocarcinomas, is represented. While the expression of this target gene was 

found to be completely down-regulated in breast adenocarcinoma with squamous 

metaplasia and papillary BC, it is up-regulated in apocrine and invasive cribriform 

BC. In remaining breast carcinoma types, it is found to be differentially expressed 
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with the few samples tested showing elevated expression, whereas other samples 

tested show reduced expression 

 

Figure 4.4: Target gene for MiR2 – SYT9 copy number in TCGA breast 2 grouped by 

breast adenocarcinoma type. 

 

MiR3 was regulated two target genes, (TEMD10 and AP1G1), whose expression in 

multiple breast adenocarcinomas were investigated. As demonstrated in Figure 4.5, 
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the expression of TEMD10 was down-regulated in apocrine, squamous metaplasia 

type, invasive cribriform, medullary and papillary breast carcinoma. Ductal and 

lobular breast carcinoma samples revealed differential expression with few samples 

showing elevated expression. While a large number of samples showed down-

regulation, an opposite trend was seen in mixed lobular and ductal as well as 

mucinous breast carcinoma samples. Similarly, the expression of AP1G1,( another 

target gene of MiR3), was overall down-regulated in all types of breast 

adenocarcinoma except for mucinous breast carcinoma, which showed partial up-

regulation (Figure 4.6). 
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Figure 4.5: Target gene for MiR3 – TEMD10 copy number in TCGA breast 2 

grouped by breast adenocarcinoma type. 
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Figure 4.6: Target gene for MiR3 – AP1G1 copy number in TCGA breast 2 grouped 

by breast adenocarcinoma type. 

 

Like MiR3, MiR4 also regulates multiple target genes, (CD2AP, ANP32E, and 

VEGFA), as demonstrated in Figures 4.7- 4.9. Both CD2AP and VEGFA were 

marginally down-regulated in apocrine, squamous metaplasia, invasive cribriform 

and secretory breast carcinoma, while its expression is elevated in medullary and 

mucinous breast carcinoma. In the remaining BC types, CD2AP and VEGFA showed 
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differential expression, with few samples showing up-regulation, while other samples 

showed expression of down-regulation. On the contrary, ANP32E was overall up-

regulated in all types of breast adenocarcinoma. 

 

Figure 4.7: Target gene for MiR4 – CD2AP copy number in TCGA breast 2 grouped 

by breast adenocarcinoma type. 
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Figure 4.8: Target gene for MiR4 – ANP32E copy number in TCGA breast 2 

grouped by breast adenocarcinoma type. 
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Figure 4.9: Target gene for MiR4 – VEGFA copy number in TCGA breast 2 grouped 

by breast adenocarcinoma type. 

 

Finally, MiR5 was targeted two target genes (GOPC and ACTN4). As demonstrated 

in Figure 4.10, GOPC was mostly down-regulated in all types of breast 

adenocarcinoma except for apocrine and medullary breast carcinoma. Similarly, 

ACTN4 was up-regulated in apocrine and medullary breast carcinoma and marginally 

down-regulated in squamous metaplasia, invasive cribriform and secretory breast 
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carcinoma. In the remaining BC types, ACTN4 showed differential expression, with 

few samples showing up-regulated, while other samples showed down-regulated 

expression (Figure 4.11). 

 

 

Figure 4.10: Target gene for MiR5 – GOPC copy number in TCGA breast 2 grouped 

by breast adenocarcinoma type. 
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Figure 4.11: Target gene for MiR5 – ACTN4 copy number in TCGA breast 2 

grouped by breast adenocarcinoma type. 

 

4.5.3 Expression of the microRNA target genes in different cancerous tissues  

In addition to the previous analysis, expression of the nine gene targets of the five 

novel BC microRNAs was evaluated in different tissues. Expression of target gene 

HIP1, regulated by MiR1, showed mixed response as demonstrated in Figure 4.12. In 

comparison to normal tissues, the HIP1 gene was  significantly over-expressed in 
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head and neck squamous cell carcinoma (HNSC), liver hepatocellular carcinoma, 

(LIHC), stomach adenocarcinoma ( STAD), and stomach and esophageal carcinoma 

(STES). In esophageal carcinoma (ESCA) and breast invasive carcinoma (BRCA) 

cancer tissues, the HIP1 gene was only partially expressed. On the contrary, its 

expression was considerably down-regulated in lung adenocarcinoma (LUAD), lung 

squamous cell carcinoma (LUSC), and uterine corpus endometrial carcinoma 

(UCEC). In bladder urothelial carcinoma (BLCA), pan-kidney cohort 

(KICH+KIRC+KIRP (KIPAN), and kidney renal clear cell carcinoma (KIRC) this 

gene was partially reduced in comparison to normal tissues. In the remaining tissues, 

its expression was either unaffected or inappropriately reported. 

 

Figure 4.13 represents the expression of SYT9, the target gene of MiR2, in different 

cancer tissues. In comparison to the normal tissues, SYT9 is partially expressed in 

BRCA. While SYT9 was significattly mostly reduced in cancer tissues, its expression 

was noticeably down-regulated in BLCA, ESCA, LIHC, LUAD, and UCEC in 

comparison to normal tissues. In KIPAN and KIRC cancer tissues, its expression was 

partially reduced. 

 

As shown in Figure 4.14, the target gene of MiR3, TEMD10, was over-expressed in 

BLCA, ESCA, HNSC, LIHC, LUAD, LUSC, STAD, STES, and UCEC cancer 

tissues in comparison to normal tissues. In BRCA this was partially elevated when 
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compared with normal controls. On the contrary, AP1G1 another target gene of 

MiR3, showed differential expression. While in BLCA, LIHC, and STAD tissues it 

was found to be up-regulated, it was remarkably down-regulated in KIPAN and 

KIRC. Furthermore, it was also found to be reduced in LUAD and LUSC in 

comparison to normal tissues (Figure 4.15). 

 

In previous results, MiR4 was found to express three target genes – CD2AP, 

ANP32E, and VEGFA. According to in Figure 4.16, the expression level of VEGFA, 

was significantly up-regulated in KIPAN and KIRC cancer tissues, but only partially 

elevated in BRCA, ESCA, HNSC, LIHC, STAD, and STES when compared normal 

controls. Similarly, another target gene of MiR4, ANP32E expression was up-

regulated in most tissues. While in ESCA, HNSC, STAD, and STES significant 

increase in elevation of expression was observed. Howevere, only partial up-

regulation was observed in BLCA, BRCA, LIHC, LUAD, and LUSC in when 

compared to normal controls (Figure 4.17). Finally, CD2AP showed a mixed 

response, while in cancer tissues like BLCA, LIHC, LUAD, STAD, STES, and 

UCEC it showed up-regulated expression. However, in KIPAN and KIRC it was 

considerably down-regulated when compared to normal controls (Figure 4.18). 

Earlier, GOPC and ACTN4 were obtained as the target genes of novel MiR5, whose 

expression in different cancer tissues are represented in Figures 4.19 and 4.20, 

respectively. While GOPC expression was shown to be up-regulated in HNSC and 
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LIHC cancer tissues, ACTN4 expression was elevated in ESCA and UCEC. 

Moreover, in BRCA, GOPC was partially reduced compared to the normal tissues, 

while ACTN4 expression was the same in the normal and cancer tissues in BRCA. 

 

 

Figure 4.12: Target gene for MiR1 - HIP1 copy number in different cancer tissues. 
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Figure 4.13: Target gene for MiR2 – SYT9 copy number in different cancer tissues. 

 

Figure 4.14: Target gene for MiR3 – TEMD10 copy number in different cancer 

tissues. 

 

 

 

 

 



208 

 

 

Figure 4.15: Target gene for MiR3 – AP1G1 copy number in different cancer tissues. 

 

Figure 4.16: Target gene for MiR4 – CD2AP copy number in different cancer 

tissues. 
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Figure 4.17: Target gene for MiR4 – ANP32E copy number in different cancer 

tissues. 

 

Figure 4.18: Target gene for MiR4 – VEGFA copy number in different cancer 

tissues. 
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Figure 4.19: Target gene for MiR5 – GOPC copy number in different cancer tissues. 

 

Figure 4.20: Target gene for MiR5 – ACTN4 copy number in different cancer tissues. 
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4.6 Discussion 

The results presented here demonstrate the expression of novel microRNAs as ways 

to identify their target genes in BC using in silico tools. Of the five microRNAs, four 

were expressed in BC tissue. 

 

Maximum expression of MiR1 was obtained in breast tissue using miRmine, while its 

expression was also detected in several other organs. Furthermore, the expression of 

miR1 was up-regulated in serum samples of the BC database when compared with 

normal controls. However, it was absent in tissue samples. Based on this result, it is 

hypothesized that MiR1 could possibly be present as ―circulating miRNA‖ and, 

therefore, possess great potential to serve as a diagnostic or prognostic biomarker. 

Solid tumors are known to secrete microRNAs which remain stabilized in body 

fluids, viz. blood, plasma and serum (Weber et al., 2010). In previous studies, several 

circulating microRNAs like miR-155, miR-195 and many others have been 

implicated as diagnostic and prognostic signatures in BC (Roth et al., 2010; 

Heneghan et al., 2010; Wu et al., 2011; Hu et al., 2012). The up-regulated expression 

of MiR1 was also reflected by the over-expression of its target gene HIP1 in almost 

all breast adenocarcinomas using the Oncomine database. Multiple studies reported a 

high expression of the HIP1 gene in breast, colon, prostate, and other types of cancers 

(Rao et al., 2002; Rao et al., 2003). A study conducted by Rao et al.(2003) reported 

HIP1 as a novel oncoprotein that transforms cells through dysregulation of multiple 

receptors involved in clathrin trafficking. Up-regulated HIP-1 expression promotes 
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tumor formation and is associated with a general alteration in receptor trafficking 

(Rao et al., 2003). These results are in corroboration with previous results where the 

HIP1 gene was highly expressed in low-risk BC patient data and is significantly 

correlated with prognosis and differential survival of BC patients (Chapter 3, sections 

3.6.2 - 3.6.3). Together, MiR1 and its target gene showed elevated expression in BC 

and, therefore, can serve as important diagnostic and prognostic biomarkers. 

 

MiR2 expression, as MiR1, was also found in all tissues including breast tissue. In 

the case of breast tissue, MiR2 expression was found to be considerably over-

expressed in cancer serum samples when compared with normal controls. On the 

contrary, it was found in normal tissues alone but missing in cancer tissues. These 

results clearly indicate that as tumor progression occurs, expression of MiR2 might 

have increased with consequent up-regulated levels in the surrounding environment 

as a circulating microRNA. While MiR2 expression was remarkably increased in BC, 

similar outcomes were not reflected in its target gene, SYT9. From the present results, 

SYT9 was revealed to be differentially expressed in multiple breast adenocarcinomas, 

with down-regulation of a few types and up-regulation of other types. This is again in 

agreement with our previous results where no prognostic significance of this gene 

was obtained in SurvExpress analysis, while an association with BC prognosis and 

survival outcomes were obtained in the Kaplan-Meier plotter outcomes (Chapter 3). 

Hence, it is suggested that although MiR2 has a good potential to serve as circulating 
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microRNA signature in BC prognosis and diagnosis, its expression needs requires 

validation.  

 

Interestingly, although the genes (TEMD10 and AP1G1) regulated by MiR3 showed 

differential expression in multiple breast adenocarcinomas, MiR3 on its own was 

absent in breast tissue samples. This is perhaps because of biases within microRNA-

based human tissue-specificity created by differences in experimental conditions, 

nature of study and disease status of all tissues. Further in-vitro studies are needed to 

validate the microRNA expression in BC.  

 

Similar to MiR1, the expression of MiR4 was significantly higher in breast tissue 

compared to other tissues. MiR4 expression was remarkably down-regulated in the 

serum of cancer patients alone while no noticeable change was observed in tissue 

samples. As far as expression of target genes of MiR4 is concerned, two genes 

CD2AP and VEGFA, were differentially expressed, while ANP32E was up-regulated 

in all types of breast adenocarcinoma. In our previous results, mixed outcomes 

regarding the significance of these genes as prognostic markers were also obtained 

and further studies are needed to confirm their utility as BC biomarkers.  

The microRNA, MiR5, as MiR1 and MiR4, was also found to be expressed 

maximally in breast tissue in comparison with other tissues. When studied for its 

copy number expression in BC, its expression was marginally up-regulated in BC 
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tissue in comparison to normal controls, while it was absent in serum samples 

indicating its utility as a solid tumor marker. Additionally, the target genes of MiR5, 

GOPC and ACTN4, demonstrated reduced and differential expression in all types of 

breast adenocarcinoma. These results were in collaboration with previous outcomes 

where SurvExpress and Kaplan-Meier plotter outcomes identified ACTN4 and GOPC 

individually as significant prognostic markers. 

 

Considering the importance of microRNAs in the early diagnosis of BC for better 

disease prognosis, it is important to discover novel microRNAs and their target genes 

with diagnostic implications. The present study outcomes indicated that out of five 

novel microRNAs, MiR1 and MiR2 possessed the highest potential to serve as new 

prognostic and diagnostic signatures as circulating microRNAs. These microRNAs 

can be utilized as non-invasive biomarkers which can be used for easy disease 

diagnosis and prognosis. Similarly, MiR5 can act as a novel tumor marker whereas 

the remaining microRNAs need further validation. 
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CHAPTER 5 

5. General conclusion and future work  

 

5.1 Introduction  

One of the leading causes of death worldwide, accounting for 8.8 million deaths in 

2015 is cancer (WHO, 2017). Throughout the developed and developing world as 

including South Africa, cancer is a major killer (CANASA, 2017). There are multiple 

types of cancer including  breast cancer (BC).  

In 2012, Youl et al. (2016) reported that an estimated 1.67 million women had been 

diagnosed with BC worldwide. According to the 2011 National Cancer Registry 

(NCR), BC is not only the most common cancer in women of all races, but has a 

lifetime risk of 1:29 in South Africa (CANASA, 2017). Current diagnostic tools 

include BSE, mammography, ultrasound, and magnetic resonance imaging, which all 

have limitations like poor sensitivity and specificity, false-negative and false-positive 

results and are also invasive. Some of these techniques are also expensive. Therefore, 

new diagnostic biomarkers are under investigation, i.e. microRNA. The goal is 

always to diagnose cancers at the earliest possible stage providing patients with the 

best prognosis (Youl et al., 2016). 

 

These biomarkers for cancer must be acquired rapidly and reasonably with the use of 

non-invasive or minimally invasive procedures, amenable to a variety of 
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quantification techniques, and have a high sensitivity and specificity (Chatterjee et 

al., 2017). 

 

Recently, microRNAs have emerged as one of the most important novel classes of 

cellular regulators, which control apoptosis, differentiation, and migration processes 

(Trang et al., 2017). They are omnipresent in at least 12 body fluids, i.e. serum, 

plasma, urine, and saliva, and as such provide an alternative for invasive biopsy 

procedures (Chatterjee et al., 2017). 

There has been a growing interest among researchers to investigate the role of 

microRNA in normal cellular processes and disease. To assess the initiation and 

progression of tumours, and their response to treatment in cancer patients, expression 

profiling of microRNAs as diagnostic and prognostic biomarkers, has been 

introduced into cancer clinics. Researchers are focusing on circulatory microRNAs 

and evaluate their significance as diagnostic, prognostic and predictive biomarkers in 

cancer (Reddy & Kaladhar, 2015). MicroRNAs are differentially expressed 

depending on the molecular subtypes of tumours, whereby individual expression 

profiles classify tumour malignancies which play an important role in their 

development (Takahashi et al., 2015). 

The usefulness of microRNAs has shown promise as a good biomarker for 

diagnostic, prognostic and possibly therapeutic purposes for many diseases as well as 

BC. Therefore, the aim of this study was to identity novel microRNAs as biomarkers 
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for early stage detection of BC. The study was divided into three parts, i.e. in silico, 

prognostic and predictive, and molecular identification. The in silico approach 

identifies novel microRNA within a short period of time, is rapid, cost-effective, and 

less labour intensive. 

 

The objectives for the in silico study involved identifying microRNAs which were 

not previously found to be associated with BC. The in silico methodology makes use 

of several web-based tools for the prediction of microRNAs, their target genes and 

their mechanism of action. 

 

5.2. In silico approach for identification of microRNAs as biomarkers for breast 

cancer detection (Chapter two) 

This study successfully resulted in identifying nine target genes regulated by five 

microRNAs, which may play key roles in the BC development as well as progression. 

This study successfully identified five microRNAs (miR-1, miR-2, miR-3, miR-4 and 

miR-5) as well as their target genes, and thus may be used as biomarkers for the early 

detection of BC. MiR-4 and miR-5 and theirthree target genes, VEGFA, CD2AP and 

ACTN4, showed a clear link based on the STRING database, as described in section 

2.12.4(Chapter) of this thesis. Additionally, as described in section 2.13, in the study 

by Honda, (2015) researchers found that ACTN4 demonstrated not only a role in 

cancer invasion but also its biological role as a transcriptional co-activator. ACTN4 is 
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aggressively involved in the tumorigenesis of BC, attracting a lot of attention. 

Furthermore, vascular VEGFA was reported to play a crucial role in tumour 

angiogenesis and cancer progression. CD2AP is fundamentally important in various 

cellular processes, which include endocytosis, apoptosis, cell survival, cell adhesion, 

structure and cytokinesis (Medway et al., 2013). 

 

5.3 Prognostic and predictive validation of micoRNAs and their target genes as 

breast cancer biomarkers using an in silico approach (Chapter three) 

In BC research, the discovery of prognostic and predictive biomarkers is a top 

priority undertaking. Therefore, it is of interest to validate prognostic or predictive 

candidate genes in appropriately powered BC cohorts (Györffy et al., 2010). The 

prognostic/predictive validation of these individual genes also showed variations as 

effective individual BC biomarkers. 

 

The HIP1 gene was be highly expressed in low-risk BC patient data, with no 

prognostic significance of this gene obtained in SurvExpress analysis. However, 

AP1G1 was commonly identified as a significant prognostic biomarker in the initial 

analysis of two datasets. TMED10 was highly expressed in the high-risk group. In 

SurvExpress analysis, VEGFA was identified as a significant prognostic marker with 

high expression of CD2AP in the high-risk group. ACTN4 was also identified as a 

significant prognostic marker in the high-risk group. 
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In Kaplan-Meier plotter outcomes, the HIP1 gene was found to correlate significantly 

with the prognosis and differential survival of BC patients. AP1G1 prognostic 

importance was reproduced in Kaplan-Meier plotter analysis where the candidate 

biomarker gene showed good prediction of differential survival in BC patients. 

Kaplan-Meier plotter outcomes identified the prognostic importance of GOPC alone 

in the prediction of differential survival of BC patients. 

 

In the in silico prognosis analysis of target genes of microRNA using GOBO 

analysis, all the nine target genes showed significant prognostic importance in 

predicting the survival outcomes in low-, intermediate- and high-risk patients. This 

was detected all oestrogen receptor positive tumour subtypes and oestrogen receptor 

negative luminal B tumour subtype. 

 

5.4 Expression analysis of microRNA and target genes using in silico 

approaches(Chapter foure) 

The database miRmine was used in the expression analysis of microRNA in tissue, 

and for its target genes, the Oncomine and FIREBROWSE databases were used.  

Using miRmine, MiR1 expression was found in breast tissue as well as in various 

other organs. Additionally, expression of the target gene, HIP1, for miR1 was found 

to be up-regulated in serum samples of BC from the database. 
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In all tissues as well as breast tissue, MiR2 expression was found to be over-

expressed in cancer serum samples in comparison with normal controls. Expression 

of MiR2 was remarkably increased in BC. However, similar outcomes were not 

reflected in its target gene, SYT9.  

 

MiR3 showed differential expression in multiple breast adenocarcinomas, but on its 

own was not detected in breast tissue samples, and thus not appropriate as a 

biomarker. However, to validate the microRNA expression in BC more in-vitro 

studies are needed.  

 

Compared with other tissues, MiR4 expression was more expressed in breast tissue, 

and remarkably down-regulated in the serum of cancer patients. The target genes, 

CD2AP and VEGFA, were expressed differentially, while ANP32E was up-regulated 

in all breast adenocarcinoma types.  

 

In comparison with other tissues, MiR5 expression was the highest in breast tissue, 

whereas in BC tissue, its expression was marginally up-regulated and thus a sound 

tumor marker. MiR5 target genes, GOPC and ACTN4, revealed reduced and 

differential expression in all breast adenocarcinoma types.  

 

 

 

 

 



225 

 

5.5 Conclusion 

Of the five novel microRNAs studied, MiR1 and MiR2 have the highest as new 

prognostic and diagnostic signatures. As non-invasive biomarkers they can be utilized 

for easy disease diagnosis and prognosis. MiR5 could also serve as a novel tumor 

biomarker, while further validation is required for the other two microRNAs studied. 

The significance of this study is that we did not find two microRNA target genes that 

could possibly be linked to BC. 

In conclusion, early diagnosis of BC is important to discover novel microRNAs and 

their target genes for better disease prognosis.  

 

5.6 Future work 

Future work is suggested to investigate the evaluated expression profiles of 

microRNAs for the tissue using qRT – PCR. Additional analysis on a larger set of 

tissues to confirm their specificity also requires further investigation. the genes that 

are regulated by microRNA using luciferase assay and microRNAs that will be tested 

on BC tissue samples also need to be validated. Other molecular diagnostic 

techniques such as, FISH and IHC, which are invasive methods could be used to 

determine protein expression instead gene expression. These methods require a 

biopsy sample from the patient. 
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