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ABSTRACT 

Approximately 2.3 million women were diagnosed with breast cancer (BC) in 2020 and 

nearly 30% of women diagnosed with early-stage breast cancer will later develop 

metastatic disease. Despite the development and discovery of drugs and 

pharmacotherapy for breast cancer, the 5-year survival rate for people with metastatic 

breast cancer (MBC) remains low. Therefore, the objective of this study is to: a) mine 

and integrate clinical, phenotype and genotype data that contributes to the occurrence 

of MBC, b) build a prediction model that can predict possibility of occurrence to 

metastatic state of breast cancer based on factors previously determined in (a), and c) to 

validate findings from (a) and (b) through systematic review of randomised controlled 

trials of MBC. For objective (a), genotype and clinical data was mined from databases 

such as cBioportal and Genomic Data Common (GDC) portal, and was analysed using 

principal component analysis (PCA; after feature selection) and multiple 

correspondence analysis (MCA) in R. The data was then subjected to subsequent 

pathway mapping, Gene Ontology (GO) mapping and protein-protein interaction (PPI) 

to investigate its connection to the metastatic phenotype. The odds ratio of mutated gene, 

disease similarities and hierarchical clustering were also done before all the result was 

consolidated. For objective (b), prediction model was generated based on the outcome 

of (a) by using the Random Forest (RF) algorithm and validated by 5-fold cross 

validation. Additionally, the sensitivity and specificity of each model was also 

calculated. Meanwhile, for objective (c), six keywords: “metastatic breast cancer, 

chemotherapy, hormonal therapy, targeted therapy, gene and progression free survival” 

were used in PubMed, Scopus, Web of Science, Cochrane and Science Direct to further 

validate the previous findings. Based on all of these evaluations, the findings suggest 

that mRNA and genetic profiling can differentiate between breast cancer and metastatic 

breast cancer patients and more attention should be paid to YAP1 and SP7 genes. It was 

also found that the most important factors to predict MBC are age, and mutations in 

OR5T2 and SCGB1D1 genes with an importance of 0.37, 0.93 and 0.95 respectively 

(scale of importance from 0 to 1, 1 being the highest). Moreover, clinical factors such 

as age, chemotherapy, hormone therapy, ER, PR and HER2 status can also differentiate 

between BC and MBC to a certain extent. This was further validated by the systematic 

review that found with the latest systemic treatment, HR-negative/HER2-positive and 

HR- positive/HER2-negative MBC patients seemed to have higher median progression 

free survival (PFS) and overall survival (OS) compared to its counterpart. This is in line 

with the previous hierarchical clustering result that aligned HER2-, ER+, PR+, age_5, 

hormonal therapy and patient BC all together while HER2+ and HR- were also clustered 

together. Given all of these revelations, this work showed persuasive evidence that by 

identifying the mRNA, gene and clinical profiling, the occurrence of MBC can 

eventually be predicted and elucidated. Future work should include the combination of 

these domains in one predictive model, or combining the results of both clinical and 

genotype predictive models, as this prediction model have the potential to aid in the 

clinical management of the disease. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Breast Cancer 

In 2020, 2.3 million women were diagnosed with breast cancer and there were 

685,000 death cases reported worldwide (WHO, 2021). Meanwhile, there were 7.8 

million women alive who were diagnosed with breast cancer in the past 5 years, making 

it the world’s most prevalent cancer by the end of 2020 (WHO, 2021). 

In Malaysia, breast cancer ranked first in terms of number of new cases and 5- 

year prevalence in 2020 (GLOBOCAN, 2020), while number of deaths for breast cancer 

ranked second after lung cancer. This high mortality rate of breast cancer usually 

stemmed from the late stage of breast cancer, also known as metastatic breast cancer.  

1.2 Metastatic Breast Cancer 

Metastatic breast cancer is also known as Stage IV breast cancer, which signifies 

the cancer cells has already migrated to other organs in the body. Several steps are 

involved in the biological process of metastasis which involves the local invasion of 

primary tumour cells into surrounding tissues; intravasation of these cells into the 

circulatory system and survival during hematogenous transit; arrest and extravasation 

through vascular walls into the parenchyma of distant tissues; formation of 

micrometastatic colonies in this parenchyma; and the subsequent proliferation of 

microscopic colonies into overt, clinically detectable metastatic lesions, this last process 

being termed colonisation. (Lambert et al, 2017; Chambers et al, 2002; Fidler, 2003). 

Major alterations in genomic deoxyribonucleic acid (DNA) were once viewed 

as an exclusive trait of advanced cancers. However, it is now recognised that DNA 

damage and genomic instability are also the underlying features of human cancer from 

the earliest stages of tumourigenesis (Gaorav & Joan, 2006). A defect in regulation of 

DNA damage checkpoint, DNA repair machinery and mitotic checkpoint could result 

in genomic instability which in turn might lead to malignant transformation (Yao & 

Dai, 2014). Damage to genomic DNA can be seen even in apparently normal cells and 

becomes more apparent as tumours emerge (Gorgoulis et al, 2005). Research of 
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molecular cancer profiling using genomic- level approaches have already revealed 

genes whose expression in primary tumours correlates strongly with the likelihood of 

metastatic recurrence (Weigelt et al, 2005). 

Besides genomic factor, clinical factors such as age, gender and hormone 

receptor status can also be a determinant factor of cancer recurrence and metastasis. 

Most breast cancer transpire in women and the number of occurrences is 100 times 

higher in women compared to men and the estimated number of deaths for women are 

98% as compared to only 2% for men (Siegel et al, 2022). The high prevalence of 

metastasis is also seen in asymptomatic patients which is high in large tumours 

(diameter more than 5 cm [15%]) or in patients with extensive nodal disease (more than 

three involved lymph nodes [4%]) (Gerber et al, 2003). 

 

1.3 Problem Statement 

Despite recent advances made in surgical techniques, radiotherapy and the 

development of molecularly targeted therapies, most cancer-related deaths (more than 

90%) are the result of progressive growth of therapy-resistant metastasis (Langley and 

Fidler, 2007). Approximately 30 – 40% of breast cancer patients were reported to suffer 

from recurrence (Cheng et al, 2012) and approximately 10 –15% of them were reported 

to die of cancer metastasis or recurrence (van den Hurk et al, 2011). Dillekas et al (2019) 

reported that the majority of deaths (at least 2/3) from solid tumours are caused by 

metastases. Over the years, there were some prediction models developed to predict the 

risk of getting breast cancer, for targeted intervention, as well as for enrolment into 

prevention trials (Palmer et al, 2021). However, the models focused more on early 

detection, rather than predicting the risk of occurrence of metastatic breast cancer. 

Furthermore, most of the prediction models only incorporated clinical data and genomic 

data in their prediction and only predicts risk of breast cancer, not metastatic breast 

cancer. Since there is a lack of MBC prediction models, it is unclear which factors are 

most likely to contribute to the occurrence of MBC. Therefore, it is essential to know 

the contributing factors before the prediction model can be built. Since predicting the 

risk of developing metastasis in individual patients is difficult, more than 80% of breast 

cancer patients received adjuvant chemotherapy, even though only approximately 40% 

of these patients relapsed and ultimately die of metastatic breast cancer (Weigelt et al, 

2005). Hence, many women who should be cured by undergoing only surgery and 
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radiotherapy, will be ‘over-treated’ and suffer the toxic side effects of chemotherapy 

needlessly. Therefore, improving our understanding on the factors that lead to 

metastatic process of breast cancer might improve the prognosis and clinical 

management of the disease. 

 

1.4 Research Questions 

• What are the clinical, phenotype and genotype factors that lead to metastatic 

breast cancer and how do they contribute to it? 

• Can a prediction model be built based on these factors? 

• Will the prediction model be able to predict metastatic occurrence?  

1.5 Significance of Study 

The mining and integration of clinical, genomic and phenotypic data of breast 

cancer patients may reveal the interplay between these entities, consequently revealing 

several pathways and mechanisms of metastatic breast cancer. Furthermore, the 

prediction models based on these three factors can predict the metastasis-prone breast 

cancer patients which in turn might lead to better clinical management of the disease.  

1.6 Objectives 

1. To mine and integrate clinical, phenotype and genotype data that contribute to 

the occurrence of metastatic breast cancer. 

2. To build a prediction model that can predict the possibility of occurrence of 

metastatic state of breast cancer based on factors determined in (1). 

3. To validate findings from (1) and (2) through systematic review of randomised 

controlled trials of metastatic breast cancer. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Background Information on Breast Cancer 

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

with nearly 19.3 million cases diagnosed annually (GLOBOCAN, 2020). Breast cancer 

is caused by uncontrolled growth of cells in any of the tissues, or parts of, the breast. It 

can start in different parts of the breast, either the lobules, ducts, or connective tissues. 

Specifically, breast cancers arise from the epithelial cells, which line the terminal duct 

lobular unit. If the cancer cells have not passed through the basement membrane, they 

are in situ or non-invasive breast cancers. Meanwhile, an invasive cancer is when cancer 

cells have passed through the basement membrane of the ducts and lobules, invading 

the surrounding adjacent normal breast tissue and thus have the potential to metastasise 

(Sibbering and Courtney, 2019). 

Breast cancer is the most common cause of cancer death among women (10.1 

million deaths in 2020) and the most frequently diagnosed cancer among women 

worldwide (GLOBOCAN, 2020). In 2020, there were 7.8 million women alive who had 

been diagnosed with breast cancer in the previous five years (WHO, 2020). Meanwhile 

in Malaysia, breast cancer ranked first in number of new cases (8 418 new cases in 

2020) compared to other cancer sites with number of deaths reaching 3 503, seconded 

only to lung cancer (GLOBOCAN, 2020). According to Malaysian National Cancer 

Registry Report 2012-2016, the lifetime risk of getting breast cancer in Malaysia is 1 in 

27 for all females, with the breakdowns of 1 in 30 Malays, 1 in 22 Chinese and 1 in 23 

Indians, with higher rates are seen after the age of 50 years old. 

 

2.1.1 Signs and Symptoms 

Breast lump is the most common symptom in women with breast cancer (83%) 

and has relatively high predictive value for malignancy (Koo et al, 2017). There are also 

non-lump breast symptoms such as nipple abnormalities (7%), breast pain (6%) and 

breast skin abnormalities (2%) (Koo et al, 2017). Apart from that, there are also non- 

breast symptoms such as back pain (1%) and weight loss (0.3%). Cancer can also be 
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present when there is nipple discharge, skin changes at the breast and if there are 

abnormalities of the nipple and areola such as retraction or elevation of the nipple 

(Zhang et al, 2012). 

 

2.1.2 Diagnosis 

Breast cancer is generally diagnosed through either screening or a symptom(s) 

(e.g., pain or a palpable mass) that prompts a diagnostic exam (McDonald et al, 2016). 

Most early breast cancers are asymptomatic and discovered on a screening 

mammography (Jordan et. al, 2019). Screening mammography leads to a 19% overall 

reduction in breast cancer mortality (Pace and Keating, 2014), with less benefit for 

women in their 40s (15%) and more benefit for women in their 60s (32%). As a result, 

screening mammography is recommended by the American Cancer Society beginning 

at the age of 45, or sooner depending on individual preference (McDonald et al, 2016). 

A meta-analysis of 14 studies of high-risk women found that magnetic resonance 

imaging (MRI) had a higher sensitivity for malignancy (84.6%) than 

mammography (38.6%) or ultrasound (39.6%) (Lehman, 2012). Furthermore, the use 

of MRI as an adjunct to mammography had a higher sensitivity for malignancy (92.7%) 

than the use of ultrasound as an adjunct to mammography (52%) (Berg, 2009). As a 

result, for women who have a lifetime risk of breast cancer of greater than 20%, breast 

MRI as an adjunct to mammography is recommended by the American Cancer Society 

(McDonald et al, 2016). 

 

2.1.3 Breast Cancer Risk Factors 

A risk factor is defined as factors that affect an individual’s chance of getting a 

disease. In the case of breast cancer, female gender and increasing age are the biggest 

risk factors for developing the disease (Sibbering and Courtney, 2019). Research shows 

that a woman’s risk of getting breast cancer is about 100 times more likely than a man, 

and an aging woman is likely to get breast cancer as most cases are diagnosed in women 

aged 55 and older (Feng et al, 2018). Besides gender and age, lifestyle and genetic 

predispositions are also the contributing factors. 

Genetic predispositions play a huge role whereby a woman’s risk of developing 

breast cancer nearly doubles if she has a first-degree relative (mother, sister, or 
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daughter) diagnosed with breast cancer. Close to 15% of US women who suffer from 

breast cancer also have a family member who has been diagnosed (Colditz et al, 2012). 

Approximately 15% of breast cancer patients report family history of breast and ovarian 

cancer, and the most significant genetic predisposition genes identified are Breast 

Cancer gene 1 and 2 (BRCA1 and BRCA2) (Yip et. al, 2014). Statistically, women with 

a BRCA1 mutation have a 55 to 65% lifetime risk of developing breast cancer and 

women with a BRCA2 mutation, has a lifetime risk of 45%. On average, a woman with 

a BRCA1 or BRCA2 gene mutation has about 70% chance of getting breast cancer by 

the age of 80 (Feng et al, 2018). Women with one of these two mutations are also more 

likely to be diagnosed with breast cancer at a younger age, as well as having cancer in 

both breasts (American Cancer Society, 2019). 

Other factors include increased oestrogen exposure through birth control and 

contraceptives, race and ethnicity, lack of physical activities, significant overweight or 

obese, excessive alcohol consumption, history of benign breast disease as well as 

chest/breast exposure to radiation (Jordan et. al, 2019). In Malaysian women, well- 

known risk factors such as nulliparity, family history, not breastfeeding and use of oral 

contraceptives are observed to be associated with an increased risk of breast cancer (Yip 

et. al, 2014). 

Summary of risk factors for breast cancer are listed in Table 2.1. 

Table 2.1  

Risk Factors for Breast Cancer 

Risk Factors Description 

Age More than 50 years old 

Genetics BRCA1 and BRCA2 mutations 

Personal history of breast cancer Higher likelihood of recurrence 

Family history of breast cancer First-degree female or male relative, multiple family 

members 

Reproductive Menarche before age 12 Menopause after age 55 

Nulliparity 

Late age of first pregnancy (after age 30) 
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Lifestyle Obesity Sedentary lifestyle 

Alcohol consumption (>1 drink per day) 

Dense breast tissue More tissue can obscure lesions on mammography 

History of benign breast disease Proliferative lesions such as atypical hyperplasia or lobular 

carcinoma in situ 

Radiation Chest/breast exposure to radiation at young age 

Source: (Jordan et. al, 2019) 

2.1.4 Stages of Breast Cancer 

The TNM staging system is currently the most used classification guideline to 

describe the stages of breast cancer. T refers to the primary tumour site and size, N refers 

to regional lymph node involvement while M refers to the metastatic state of the disease 

(Union for International Cancer Control, 2022). 

In 2018, the American Joint Committee on Cancer (AJCC) updated the breast 

cancer staging guidelines by adding other cancer characteristics to the TNM system to 

determine a cancer’s stage. One such characteristics is tumour grade, which is a 

measurement of how much the cancer cells look like normal cells. Then the oestrogen- 

and progesterone-receptors statuses were considered to describe the stages of breast 

cancer. Oestrogen and progesterone are hormones that are involved in the proliferation 

of breast cells. Thus, presence of receptors for these two hormones in breast cancer cells 

will fuel the growth of the cells. Knowing the oestrogen- and progesterone-receptor 

status is useful for clinicians to predict breast cancer response to hormonal treatments.  

Human epidermal growth factor receptor 2 (HER2) is also one of the 

determinants of unfavourable prognostic factor that is associated with high-grade 

tumours, high rate of cell proliferation, and lymph node involvement (Taucher et al, 

2003). HER2 overexpression is present in approximately 20 –30% of breast cancer 

tumours (Mitri, 2012). Its overexpression is associated with a more aggressive disease, 

higher recurrence rate, and shortened survival (Hudis, 2007). 

Another tumour classification that has been introduced is the Oncotype DX 

(Genomic Health Inc., Redwood City, CA), which is a clinically validated twenty-one- 

gene genomic assay that can quantify the risk of breast cancer recurrence (McVeigh et 
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al, 2014). The gene panel includes five reference genes and sixteen cancer-related 

genes, including those associated with cell proliferation, invasion and hormone 

response (McVeigh et al, 2014). The 21 genes consist of proliferation-related genes 

(Ki67, STK15, BIRC5, CCNB1, MYBL2), metastasis-related genes (MMP11, CTSL2), 

HER2-related genes (GRB7, HER2), sex hormone-related genes (ER, PGR, BCL2, 

SCUBE2, GSTM1, BAG1, CD68) and internal control genes (ACTB, GAPDH, GUS, 

RPLPO and TFRC) (Huang et al, 2020). The test generates a recurrence score between 

0 and 100 that correlates to the likelihood of disease recurrence within 10 years of 

diagnosis (McVeigh et al, 2014). 

Adding information about tumour grade, hormone-receptor status, HER2 status, 

and possibly Oncotype DX test results has made determining the stage of a breast cancer 

more complex, but also more accurate (Koh and Kim, 2019). Based on these 

characteristics, the stage of the breast cancer can be determined. The stages are usually 

expressed as a number on a scale of 0 to IV. Stage 0 is non - invasive cancer that remain 

in their local region, stage I, II and III are invasive cancers characterised by the size of 

the tumour and the lymph nodes that are affected while stage IV are invasive cancers 

that have spread outside the breast to other parts of the body and also known as 

metastatic breast cancer (American Cancer Society, 2021). 

 

2.1.5 Treatment of Breast Cancer 

Traditionally, there are three major types of cancer treatment, which are surgery, 

chemotherapy and radiotherapy. The type of cancer treatment is dependent on factors 

such as type of tumour and the stage of tumour development. Also, depending on the 

type and stage, there are three general goals for cancer treatment: removing entire 

neoplasm, controlling the recurrence or spread of the primary cancer, and relieving pain 

if all therapeutic methods have been exhausted (National Cancer Institute, 2017). 

Surgical intervention is the primary means of local and regional breast cancer 

treatment (McDonald et al, 2016). A study shows that removing the primary tumour 

can reduce the mortality rate of patients with primary distant metastatic disease by up 

to 40%, with median survival of 16 months longer than those who did not undergo 

surgery (Ruiterkamp et al, 2009). 

Chemotherapy is a form of treatment which involves the use of drugs to destroy 

cancer cells and to shrink tumours to prevent it from further growth and metastasising 
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to other parts of the body. Chemotherapy can also be administered to ease symptoms 

caused by the cancer, thereby improving quality of life especially in the advanced 

stages. Several broad classes of drugs for treating breast cancer are available which 

largely depend on the tumour characteristics and disease extent. Chemotherapy is 

recommended in most triple-negative (patients with ER negative, PR negative and 

HER2 negative receptors), HER2-positive breast cancers and in high-risk luminal 

HER2-negative tumours (Senkus et al, 2015). It is usually administered for 12– 24 

weeks (four to eight cycles), depending on the individual recurrence risk and the 

selected regimen. 

Chemotherapy is also categorised based on time of administration, which are 

before (neoadjuvant chemotherapy) and after (adjuvant chemotherapy) surgery. 

Adjuvant chemotherapy after definitive surgery is generally recommended for patients 

with disease at high risk of recurrence (McDonald et al, 2016). While for neoadjuvant 

therapy, the aim is to reduce the size of the breast cancer (tumour) if it is too big to be 

removed in an operation. Indications such as a tumour larger than 5 cm in a patient 

desiring breast conservation or a tumour fixed to the chest wall will be suitable for the 

treatment. Also, indications such as locally advanced disease, and inflammatory breast 

cancer are suitable for neoadjuvant therapy (McDonald et al, 2016). Based on a meta- 

analysis done by Early Breast Cancer Trialists’ Collaborative Group (2018), 

neoadjuvant chemotherapy allows more breast-conserving therapy than adjuvant 

chemotherapy and provides information about an individual patient's response to a 

particular chemotherapy regimen. However, it does not reduce breast cancer mortality, 

and it is associated with moderately increased local recurrence risk, which persists for 

at least 10 years. 

Besides chemotherapy, other treatments for breast cancer include radiation 

therapy. Radiation therapy for breast cancer uses high-energy X-rays, protons or other 

particles to kill cancer cells. This therapy is recommended after a patient has undergone 

surgery. Whole breast radiation therapy (WBRT) reduces the 10-year risk of any first 

recurrence (including locoregional and distant) by 15% and the 15 -year risk of breast 

cancer-related mortality by 4% (Darby et al, 2011). While radiation after mastectomy 

in node-positive patients reduces the 10-year risk of any recurrence (including 

locoregional and distant) by 10% and the 20-year risk of breast cancer-related mortality 

by 8% (EBCTCG, 2014). 
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2.1.6 Prognosis and Survival Rate of Breast Cancer 

Prognosis and survival rate of breast cancer depends on many factors and differ 

between individuals. Numerous prognostic factors for breast cancer have been 

identified, which include nodal status, tumour size, presence of distant metastasis, and 

hormone receptor status. The most important prognostic factor in breast cancer is the 

involvement of axillary nodes (Kim et al, 2016). Most clinical trials classify patients 

based on four nodal groups that are based on National Surgical Adjuvant Breast and 

Bowel Project (NSABP) data: negative nodes, 1–3 positive nodes, 4–9 positive nodes, 

and 10 or more positive nodes. The node-positive group showed significantly worse 5-

year and 10-year disease free survival (DFS) compared to the node-negative group 

(87% vs. 92.4%, 79.3% vs. 85.1%, P = 0.005) (Kim et al, 2016) 

Another important prognostic factor is the size of the tumour. Tumour size 

correlates with the presence and number of involved axillary lymph nodes. Rosen et al. 

(1993) examined the relationship between tumour size and 20 -year recurrence-free 

survival and found a significant association, with a 20-year recurrence-free survival of 

88% for tumours ≤1 cm, 72% for tumours 1.1 cm to 3 cm, and 59% for tumours between 

3.1 cm and 5 cm. However, in a recent study by Liu et. al. (2021), it was found that T4  

tumours (tumour size more than 6.1cm) exhibited worse outcomes than N3 tumours 

(involved 10 or more axillary lymph nodes) independent of other prognostic factors. 

Other prognostic factors include the status of the oestrogen- and progesterone- 

receptors. Oestrogen receptor α (ERα) is an important biomarker, with approximately 

70% of all primary breast cancers being ERα-positive (Cao and Lu, 2016). In women 

with ERα-positive tumours, targeting ERα is effective, reducing the risk of recurrence 

by 50% for the first 5 years and by a third the following 5 years when tamoxifen is 

administered (Davies et al, 2011). 

 

2.2 Metastatic Breast Cancer (MBC) 

Metastases of cancer account for a vast majority of morbidity and mortality of 

cancer patients and are associated with about 90% of all cancer-associated deaths 

(Mehlen and Puisieux, 2006). Despite the advances in the diagnosis and therapy of 

breast cancer, more than 44 000 women die of metastatic disease in the United States 

(Slamon et al, 2011). In an Australian study, 7% of patients with breast cancer 
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had metastatic disease at diagnosis and 10% of patients with a diagnosis of early-stage 

breast cancer (EBC) were found to have metastatic disease within 5 years (Lord et al, 

2012). 

Cancer metastasis is defined as the formation of new tumours (secondary and 

tertiary tumour nests) in tissues and organs away from the primary site of tumour origin 

(Zubair and Ahmad, 2017). Breast cancer can metastasise to bones, lungs, regional 

lymph nodes, the liver and brain. Approximately 70% of patients with advanced breast 

cancer have bone metastasis origin (Otaghfar et al, 2015). Bone is the most commonly 

observed site for distant metastases and is the location of 30 – 40% of first tumour 

recurrence (Shaffrey et al, 2004). 

Metastasis requires a careful choreography of chain-of-events to be completed 

for successful colonisation, which otherwise can lead to the elimination of emigrating 

cells at any stage of metastasis (Van et al, 2011). The major events involved in the 

“metastatic cascade” involved several stages as shown in Figure 2.1, which are as 

follows: (a) the activation of epithelial–mesenchymal transition (EMT), during which 

cancer cells lose all cell–cell contact, such as substrate adhesion, acquiring ownership 

of movement; (b) local invasion, whereby malignant cells degrade the basal lamina, the 

special extracellular matrix that organises and separates epithelial tissues from the 

stroma, which plays an important role in both cell signalling and being a reservoir of 

growth factors released by tumour cells; (c) intravasation, during which tumour cells 

pass through the walls of blood vessels and enter the bloodstream; (d) the ability to 

survive in the bloodstream; (e) extravasation, whereby tumour cells exit the 

bloodstream, passing through the walls of blood vessels into the tissue of a particular 

organ; (f) establishment of tumour cells in the tissues of the organ where metastasis will 

form; in other words, the establishment of a pre-metastatic niche (PMN) to create a 

favourable environment for the growth of cancer cells (Arvelo, 2016). 

Identification of underlying mechanism(s) during these crucial events can lead 

to the design of novel targeted therapies that can limit cancer invasion and result in 

better management and treatment of cancer (Zubair and Ahmad, 2017). 
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Figure 2.1 The Steps of the Metastatic Cascade (Alsarraj and Hunter, 2002). The steps 

involved detachment of the primary tumour and migration or intravasation of these 

cells into the blood stream and colonization or proliferation of the tumour at the 

secondary site 

 

2.3 Genetics of Metastatic Breast Cancer 

Since metastatic breast cancer accounts for majority of breast cancer deaths, it 

is crucial to understand the underlying mechanism(s) of the metastatic disease. Recent 

evidence indicates that inherited susceptibility affects not only the development of the 

primary tumour, but it is also an important factor in progression and metastasis (Shukla 

et al, 2014). Some genetic changes that help initiate metastasis are mutations, genomic 

instability and epigenetic alterations which lead to proliferation, angiogenesis, survival 

as well as the invasion of the tumour (Chatterjee et al, 2018). 

Gene-expression studies of cells that are able to establish themselves as distant 

metastases reveal genes that are co-expressed in the primary tumour as well as some 

that are not detected in the primary tumour (Minn et al, 2007). A 54-gene signature 

associated with breast cancer metastasis to the lung includes epiregulin, CXCL1, COX2 

and MMP1 that are expressed in both primary tumour and metastatic cells, as well as 

other genes such as SPARC, MMP2, VCAM1 and IL13RA2 that are largely expressed in 

lung metastatic populations (Minn et al, 2005). 

Over the years, new metastasis susceptibility genes continued to be identified 

with the current trend appears to be associated with chromatin interactors and modifiers 

(Shukla et al, 2014). Changes in the state of chromatin could alter the ratio of 

heterochromatin and euchromatin, moving the cells into a more ‘stem’ form, affect 

DNA repair and gene transcription and alter physicochemical properties of the cells that 
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would lead to abnormal proliferation, invasiveness and survival (Shukla et al, 2014). 

Thus, chromatin modification might emerge as a common theme for metastasis 

modifiers and become potential biomarkers for metastatic breast cancer. 

Understanding the genetic of breast cancer has changed the landscape of how 

we treat breast cancer in clinical settings. By identifying targetable mutations, better 

drugs can be selected that are efficacious in specific intrinsic tumour types. Since 

metastatic breast cancer remained incurable, determining and predicting the genotype 

of this metastatic state is important in handling this. 

 

2.4 Phenotypes of Metastatic Breast Cancer 

Phenotype is defined as the state of an organism resulting from interactions 

between genes, environment, disease, molecular mechanisms, and chance (Cheng et al, 

2016). It is observable and represents the consequences of unique interactions between 

genetic background and environmental factors (Cheng et al, 2016). 

Phenotypically, metastatic tumour cells are supposed to fit well in the concepts 

of “cancer stem cell” (CSC), which describes a cancer cell’s ability to self -renew and 

establish secondary tumours, and the epithelial-to-mesenchymal transition (EMT), 

which represents a mechanism that confers migration/invasion abilities to cells (Gao et 

al, 2018). Many genes strictly related to cell stemness and EMT phenotypes such as 

enhanced migration, invasion, anti-apoptosis, and self-renewal have been characterised 

as metastasis-related phenotypes (Gao et al, 2018). However, there is very limited 

overlap among these metastatic signatures, indicating that perhaps there are certain 

requirements for metastasis formation in different organ microenvironments that affects 

the cells’ abilities to metastasised (Gao et al, 2018). 

The epithelial–mesenchymal transition (EMT) is a process where epithelial cells 

lose their cell polarity and cell adhesion ability, which will lead to cancer metastasis 

(Brabletz et al, 2018). Besides genetic alterations, the presence of cancer cells with more 

mesenchymal, stem cell like features has been associated with increased risk of 

metastatic disease (Polyak and Weinberg, 2009). 

Tumour cell adhesion, migration, and invasion of metastatic cells require the 

involvements of integrin, a family of transmembrane adhesion receptors, composed of 

noncovalently linked α and β subunits (Ruoslahti, 1999). In breast and ovarian cancer, 

as well as in melanoma and glioma, malignant progression is associated with expression 
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of tumour cell integrin αvβ3 (Pignatelli et al, 1992). Rolli et al (2003) found that 

migration of MBC cells toward fibrinogen is mediated by integrin αvβ3, and it is very 

strongly enhanced if the receptor is activated. This indicates that breast cancer cell 

migration depends on the endogenous control of αvβ3 functionality and perhaps on 

other supporting factors. 

Trophinin-associated protein was found to participate in the proliferation, 

invasion, and migration of many cancers (Li et al, 2019). Trophinin is a member of the 

Melanoma Antigen Gene (MAGE) family, expressed by human trophoblastic cells. It 

functions as a unique adhesion molecule that mediates the initial attachment of the 

blastocyst to the uterine epithelial cells during embryo implantation (Cai et al, 2021) The 

upregulation of trophinin promoted the metastatic potential in human gallbladder cancer 

cells, which was correlated with high expression of integrin alpha3, matrix 

metalloproteinase-7 (MMP-7), MMP-9, and a transcription factor, Ets-1 (Chang, 2009). 

Several studies have revealed the role of apoptosis resistance in metastasis, 

linking development of a metastatic phenotype to the onset of apoptosis loss in cells 

(Fernandez et al, 2000). Mendez et al (2005) observed an increased in tumourigenesis 

in tumours over-expressing anti-apoptotic proteins, Bcl-2 and Bcl-xL. This process was 

paralleled by increased metastatic activity, in terms of its pervasiveness, affecting such 

organs as the bones and lymph nodes, in addition to the lungs. 

Metastatic breast cancer has been shown to display distinct characteristics 

according to metastatic site. For example, brain metastasis is associated with young age, 

oestrogen receptor (ER) negativity, prior lung metastasis, HER-2 overexpression, 

EGFR overexpression, and the basal subtype (Hicks et al, 2006); while bone metastasis 

is associated with lower histologic grade, ER positivity, ER positivity/progesterone 

receptor (PR) negativity, and the presence of fibrotic foci in invasive ductal carcinoma 

(Wei et al, 2008). 

One of the challenges in disease studies is to determine the genotype-phenotype 

relationship in the disease progression because different genetic aberration might still 

lead to the same disease phenotypes. One explanation of this is that different genetic 

alterations can dysregulate the same pathways, resulting in similar disease phenotypes 

(Gao et al, 2018). Therefore, a network-centric view of MBC might help to overcome 

the challenges posed by the complex genotype-phenotype relationships and facilitates 

finding genotypic causes of this disease. 
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2.5 Treatment for Metastatic Breast Cancer 

MBC is not a curable disease, but with the right treatment, patients can live 

longer. In the late 1990s, docetaxel has emerged as the most effective single agent drug 

for the treatment of metastatic breast cancer (Vogel and Nabholtz, 1999). Then there are 

also the liposomal-encapsulated anthracyclines, losoxantrone, gemcitabine, 

capecitabine, uracil plus tegafur (UFT), ethynyluracil (GW 76C85) plus fluorouracil, 

raltitrexed, pemetrexed disodium (LY 231514), and edatrexate that have significant 

activity in metastatic breast cancer (Vogel and Nabholtz, 1999). 

Aside from that, trastuzumab, a recombinant humanised monoclonal antibody 

has also become a major treatment for MBC because of its activity and lack of 

subjective toxicity in most patients. It was the first biological drug approved for the 

treatment of HER2-positive BC (Maximiano, 2016). 

Moving on to the 21st century, treatment of breast cancer is now dependent on 

the molecular subtypes of breast cancer which are commonly extrapolated into clinical 

subtypes based on receptor status (Santa-Maria and Gradishar, 2015). The specific 

receptors that are assessed in standard clinical practice are the oestrogen receptor (ER), 

progesterone receptor (PR), and human epidermal growth factor 2 -neu (HER2) receptor 

(Santa-Maria and Gradishar, 2015). Whenever metastasis is suspected, it is essential to 

confirm the receptor status so that the right treatment can be given.  

For patients diagnosed with hormone receptor positive (HR+), human epidermal 

growth factor receptor 2 negative (HER2-) metastatic breast cancer (MBC), which was 

previously treated with non-steroidal aromatase inhibitors (NSAI), exemestane in 

combination with everolimus represents an important treatment option (Riccardi et al, 

2018). 

The Breast Cancer Trials of Oral Everolimus-2 (BOLERO-2) study in 2012 

showed that by combining everolimus with exemestane, progression free survival (PFS) 

in patients with ER-positive metastatic breast cancer previously treated with a 

nonsteroidal aromatase inhibitor (AI) improved, as compared to treatment with 

exemestane alone (Baselga et al, 2012) 

A new strategy in treating patients with ER-positive breast cancer is to target 

cyclin-dependent kinases 4 and 6 (CDK4/6), a key pathway involved in regulation of 

the G1/S transition of the cell cycle. Preclinical studies combining tamoxifen with the 

CDK4/6 inhibitor, palbociclib, proclaimed synergistic antitumour effects, which led to 
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a phase 2 study randomising 165 women with ER-positive metastatic breast cancer to 

front-line letrozole alone or in combination with palbociclib. This study showed a 

significant difference in PFS, and palbociclib in combination with an AI is now an 

option for front-line therapy in postmenopausal patients with metastatic ER-positive 

breast cancer (Santa-Maria and Gradishar 2015). 

For HER2-positive breast cancer patients, aside from trastuzumab, a few other 

drugs targeting HER2 were developed and approved, namely lapatinib, pertuzumab and 

trastuzumab emtansine (TDM-1). Since clinical trials of these drugs showed positive 

results, these drugs are now considered a standard of care for HER2-positive breast 

cancer patients (Santa-Maria and Gradishar, 2015). However, in metastatic setting these 

drugs are not effective due to the mechanism of anti-HER2 therapy resistance. 

Therefore, drug development for metastatic breast cancer is currently focusing on 

tackling these mechanisms of resistance. 

For this purpose, next-generation tyrosine kinase inhibitors (TKIs) of HER2 

were being developed, such as afatinib and neratinib. The small molecule HER2 

inhibitor, ONT-380, is being studied in 3 phase 1 studies in combination with other anti- 

HER2 therapies and results are needed before moving forward with next-phase studies 

(Santa-Maria and Gradishar, 2015). 

Besides TKIs, nanotechnology has also been used to transport cytotoxic drugs 

specifically to HER2-positive cells. MM-302, which is a HER2-targeted anthracycline- 

loaded nanoparticle, is currently under investigation in a multicentre phase 2 study in 

patients whose disease has progressed during treatment with trastuzumab and TDM-1 

(Lee et al, 2015). Further studies utilised preclinical models to identify a minimum 

critical concentration threshold of MM-302 tumour delivery required to control tumour 

growth. Their data suggested that patients most likely to benefit from treatment with 

therapeutic nanoparticles can be identified by the use of pre-treatment imaging of 

nanoparticle deposition in tumours (Lee et al, 2017). 

Patients with ER-, PR-, and HER2-negative tumours, the so-called triple- 

negative breast cancers (TNBCs) however, currently lack targeted therapy options and 

have only a limited amount of cytotoxic agents available to treat their disease (Foulkes 

et al, 2010). Thus, new drugs such as iniparib, olaparib and veliparib has been developed 

that targeted poly (adenosine diphosphate-ribose) polymerase (PARP) inhibitors that 

showed promising prospect of treating TNBC (Audeh, 2014). 

Another strategy targeting TNBC is through the glycoprotein NMB (gpNMB), 
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a transmembrane protein expressed in approximately 40% to 60% of breast cancers 

(Santa-Maria and Gradishar, 2015). A study using a fully humanised anti- gpNMB 

monoclonal antibody conjugated tomonomethyl auristatin in patients with metastatic 

breast cancer showed improvements of PFS in gpNMB-positive and TNBC and phase 

2 studies are under way (Bendell et al, 2014). 

Despite the development and discovery of drugs and pharmacotherapy for breast 

cancer, a common finding of many metastatic studies is that long-term survivors are 

rare. What is severely lacking is an in-depth molecular insight into metastatic breast 

cancer that could aid in better therapy and consequently higher survival rate (Sledge, 

2016). 

In recent years, a large amount of data has been generated in different ecosystem 

of health care. Additionally, the analysis and manipulation of these data are also 

advancing with increasing computational powers and sophisticated statistical and 

bioinformatics tools, creating unprecedented opportunities for researchers to not only 

augment existing knowledge of various diseases but also produce predictive models to 

elucidate factors influencing these patients' survival and patients’ risks. The research 

into metastatic breast cancer may benefit from analysing not just molecular data such 

as genotypic and phenotypic data but also patient-level data, using data mining and 

artificial intelligence approaches. 

 

2.6 Utilising Data Mining to Predict Occurrence of MBC 

2.6.1 Background Information 

Data mining is defined as a process of uncovering anomalies, patterns and 

correlations within large data sets to predict a particular outcome. In the context of 

health and health care, the purpose of data mining may range from diagnosing to 

treatment, with the end goal of improving Health Care Output (HCO), or the quality of 

care that healthcare can provide to patients (Herland et al, 2014). Mining data for these 

purposes not only involved a large amount of data, but also a diverse set of data which 

may range from tissue-level to population level data where the different data answers 

different set of questions. However, of late, these data are integrated and analysed 

together in order to provide a more holistic answer to the question in hand, as some of 

the data may overlap and relying on one domain may be insufficient. There are different 
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aims or tasks of data mining, and each of these utilises different quantitative and/or 

qualitative analyses that involve not just statistical analysis but also artificial 

intelligence such as machine learning. 

The subsequent subsection is arranged as such: a) types of data used for data 

mining in health care, b) data mining tasks and its methodology, and c) current 

predictive model in breast cancer. 

 

2.6.2 Types of Data Used for Data Mining in Health Care 

There are a few types of data used for data mining. These include tissue-level 

data, molecular level data, patient-based data and population-level data (Herland et al, 

2014) Each data represents a different subfield. Tissue-level data is being utilised in 

Neuroinformatics, molecular level data is being used in the field of Bioinformatics, 

patient-based data in Clinical Informatics while population-level data is utilised in 

Public Health Informatics. However, in the subfield of Translational Bioinformatics, all 

these data, from molecular level to population-level are being used. 

 

2.6.2.1 Tissue-Level Data 

Tissue-level data incorporates imaging data such as images from the Magnetic 

Resonance Imaging (MRI) to answer some biological questions which can yield 

information on prognosis, diagnosis and treatments of a disease. The Neuroinformatics 

field utilises this tissue-level data to represent the broader domain of Medical Image 

Informatics by limiting the scope to brain images so that more in-depth research may 

be performed (Herland, et al, 2014). There is a huge project known as the Human 

Connectome Project (HCP) where the goal is to map the human brain by making a 

comprehensive connectivity diagram. HCP is looking to find a map of the neural 

pathways that make up the brain in order to advance current knowledge of how the brain 

functions and behaves region-to-region (Van Essen et al, 2013). Creating a full 

connectivity map of the brain could lead to information that could help in determining 

the reasons why people have certain brain disorders at a level previously unattainable, 

giving physician a possibility for easier diagnosis, early detection of future illnesses or 

maybe even prevention of mental or physical ailments (Herland et al, 2014). 
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2.6.2.2 Molecular-Level Data 

Bioinformatics is a field that utilises molecular level data such as the gene 

expression data and DNA sequencing data to analyse how the human body works. 

People in this field also developed methods of effectively handling these data since this 

type of data tends to have thousands (or tens of thousands) of possible molecules, 

configurations of molecules, or molecule-molecule interactions that needed to be 

analysed (Herland et al, 2014). An example of the usage of these data is shown by the 

work of Haferlach et al (2010) who uses gene expression profiling to categorise 

leukaemia into two different subclasses, by formulating a gene expression profiling 

classifier. The authors chose to use an all-pairwise classification design using the 

trimmed mean of the difference between perfect match and mismatch intensities with 

quantile normalisation, all to handle the multiclass nature of this research. This enables 

them to place patients into 18 different subclasses of either myeloid or lymphoid 

leukaemia with a median specificity of 99.8% and a median sensitivity of 95.6%. 

 

2.6.2.3 Patient-Based Data 

Patient-based data is used in Clinical Informatics to help physicians make better, 

faster and more accurate decisions about their patients through analysis of patient data. 

These types of data, such as age, physiology features and disease type features are useful 

in making predictions on what will happen to the patient in the future. For example, to 

predict Intensive Care Unit (ICU) readmission, mortality rate after ICU discharge as 

well as predicting a 5-year life expectancy rate. These can all be achieved by using 

patient-based data. 

 

2.6.2.4 Population-Level Data 

Data in Public Health Informatics is from the population, gathered either from 

“traditional” means (experts or hospitals) or gathered from the population (social media) 

in order to gain medical insight (Herland et al, 2014). This data could be from Twitter, 

internet query data (e.g., Google search data), message boards, or anywhere else people 

put information on the internet and it could be useful in answering both clinical 

questions and epidemic-scale questions. There is much that can be learnt by employing 
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research on social media data including real-time tracking of a harmful and infectious 

diseases, increasing the knowledge of global distribution for various diseases, and 

creating an extremely accessible way of letting people get information about any 

medical questions they might have (Herland et al, 2014). However, the challenge with 

these social media data is that it could be unreliable and the authenticity might not be 

real. 

 

To address that issue, data mining can be implemented so that the useful data 

can be extracted and utilised to gain medical insight of the big data. 

 

2.6.3 Data Mining Tasks and Its Corresponding Methodology 

There are several algorithms in data mining that serves different purposes. The 

purposes may range from classification, regression, association and clustering, all of 

which will be explained in more detail. 

 

2.6.3.1 Classification 

Classification involves assigning a class or property to a new observation or 

object, based on the characteristics shared with a set of data whose class or property is 

known. Machine learning is usually used in classification. It has been applied to cancer 

patients to predict diagnosis as well as survival rate of the patients. The algorithms used 

include Random Forest (RF), Naïve Bayes and Support Vector Machine (SVM). Delen 

(2009) has predicted survival of prostate cancer patients using a classification model. 

The model utilised a public database-SEER (Surveillance, Epidemiology, and End 

Result) and applied a stratified ten-fold sampling approach. The algorithms used were 

Decision Tree (DT), Artificial Neural Network (ANN) and Support Vector Machine 

(SVM). Their result showed that SVM outperformed other algorithms with 92.85% 

classification accuracy wherein DT and ANN achieved 90% and 91.07% accuracy 

respectively.  

In a work published by Anisha et. al. (2021), they tested the Random Forest 

algorithm on 14 parameters namely age, gender, BMI, glucose, HOMA, insulin, 

adiponectin, leptin, resistin, MCP.1, family history, genetic factors, lumps and position 

to predict the risk of getting breast cancer and the findings came up with area under 
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curve (AUC) value of 0.98. This indicates that the accuracy of the model is 98%, which 

is considered very desirable. 

 

2.6.3.2 Prediction and Regression 

Prediction involves predicting values for new data vectors. Regression models 

are used to predict a continuous value by predicting the value of dependent variable (Y) 

from the input of independent variable (X). This enables us to identify the relationship 

between those variables and generate predictions from them. 

There are a few types of regression, namely simple linear regression, logistic 

regression and polynomial regression. Simple linear regression is the most common 

type of regression where a linear relationship should exist between target variable and 

predictor. 

Zhou et al (2004) used logistic regression model to relate gene expression with 

the class labels. They used published microarray data to separate BRCA1 and BRCA2 

mutation-positive breast cancers and tested it on data sets of hereditary breast cancer 

data, small round blue-cell tumour data, and acute leukaemia tumour data. The 

experimental results showed that the proposed method can effectively find genes that 

are consistent with the existing biological knowledge and can predict cancer with high 

accuracy. 

 

2.6.3.3 Association 

Association is a way of searching for relationships among members of a data 

set. It can find features that occur together or features that are correlated. Methods of 

association include correlation analysis (simple) to counter-propagation or back- 

propagation neural networks (complex). Ramasamy and Nirmala (2017) used the 

weighted association rule mining and keyword-based clustering algorithms to detect the 

accurate disease based on the user symptoms from the hospital information database 

and obtained the highest accuracy and efficiency as compared to using other algorithms 

such as the decision tree and K-Nearest neighbour (KNN). K-Nearest Neighbour is an 

algorithm that stores all the available cases and classifies the new data or case based on 

a similarity measure. Basically, it classifies a data point based on how its neighbours 

are classified (Subramaniam, 2019). 
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2.6.3.4 Clustering 

Clustering algorithms are procedures for partitioning data into groups or clusters 

such that the clusters are distinct, and members of each cluster belong together based 

on intrinsic similarities. In health care, self-organising maps and k-means are the most 

commonly used clustering algorithm. One of the main uses of clustering in health care 

is for microarray data analysis (Yoo, 2011). Genes with unknown functions might be 

identified if it is clustered together with some known genes.  

 

2.6.3.5 Data Mining and Machine Learning 

Data mining and machine learning are similar in the sense that both are trying 

to make use of big data, to learn something from it and make better decisions from it. 

However, while data mining might need some human intervention to make decisions, 

machine learning lets the algorithm do it. By providing a ‘training’ data set, which 

teaches the computer how to make sense of the data, the machine learning will be able 

to make predictions about a new data set. While data mining is simply looking for 

patterns that already exist in the data, machine learning goes beyond what has happened 

in the past to predict future outcomes based on the pre-existing data (Marr B, 2021). 

  

2.6.4 Current Predictive Model for Breast Cancer 

Several models have been developed to predict the risk of breast cancer over 

time (for example, 5-year, 10-year or lifetime risks). One of the earliest models is the 

Gail Model developed by Dr. Mitchell Gail and colleagues in 1989. This model 

considered age at menarche, age at first live birth, number of previous breast biopsies, 

benign breast disease, and number of first-degree relatives of breast cancer for its 

prediction (Gail et al., 1989). But studies indicated that this model might under-predict 

actual risk because of limited family history and because it does not include age of onset 

of cancer in the family (Amir et al, 2003; Jacobi et al, 2009; Quante et al, 2012). 

Another well-known model is the Tyrer-Cuzick model, which is a well-studied, 

widely available model for predicting breast cancer risk. Besides all the variables used 

in Gail Model, it also incorporates second degree family history, age of onset of cancer 

and use of hormone replacement therapy (HRT), as well as the presence of BRCA gene 
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mutations in its prediction (Tyrer et al, 2004). However, this model has its limitation, 

whereby it only accounts for hereditary breast and ovarian cancer (Vianna et al, 2019). 

Due to the limitations of these models, some modifications have been made to 

further increase its prediction capability. Tice and Colleagues (2008) added the Breast 

Imaging Reporting and Data System (BI-RADS) classification to the Gail Model, and 

the C-statistics (measure of improvement of risk assessment), increased significantly. 

Then there’s Shepherd and colleagues (2011) who used a technique called single x-ray 

absorptiometry and added log fibroglandular volume to the standard risk factor and the 

C-statistics increased significantly as well. 

Besides clinical data, some researchers also incorporated single nucleotide 

polymorphisms (SNPs) to the models to increase its predictive capability. SNPs can be 

responsible for a large percentage of cancers in the population. Validated SNPs 

associated with breast cancer risk prediction is currently over 170, but there may be 

hundreds more (Mavaddat et al, 2019). 

Wacholder et al (2010) added 10 SNPs to the Gail Model and the C-statistics 

increased significantly from 0.58 to 0.61. Then, in 2013 Dite and colleagues included 

seven SNPs and reported an increase from 0.58 to 0.61. In 2018, Wu et al, developed a 

statistical model to estimate the probability of breast cancer using diagnostic data from 

the Electronic Health Record (EHR) and observed predictive capability of 0.648. 

Since most breast cancer deaths are due to its metastatic state, prediction of 

metastatic breast cancer would be a very beneficial tool. Previous studies had applied 

machine learning technology to predict breast cancer recurrence by using demographic, 

pathological, and genetic data. Tseng et al (2019) established models that can 

effectively predict breast cancer metastasis at least 3 months in advance by using eight 

clinical features including demographic data (age), pathological data (TNM stage, ER, 

PR, and HER2), and serum biomarkers (CA15-3, CEA, and sHER2). With 19 metastasis 

and 125 non-metastasis patients’ data, the optimal prediction model for the test set was 

the model constructed using the random forest classifier. The area under the curve 

(AUC) value for this model was 0.75 (p < 0.001). The accuracy of this model optimised 

based on Youden Index was 0.75, with sensitivity 0.80, specificity 0.71, positive 

predictive value 0.36, and negative predictive value 0.96. 

Meanwhile, Nicolo et al (2020) used random survival forest analysis to select a 

minimal set of five covariates with the best predictive power to predict MBC. Out of 21 

of clinical and pathologic data that they investigated, the 5 most statistically significant 
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variables are tumour size, age at diagnosis, and biomarkers of Ki67, EGFR and CD44. 

The model achieved a c-index of 0.65 (95% CI, 0.60 to 0.71) in cross-validation and 

had predictive performance similar to that of random survival forest (95% CI, 0.66 to 

0.69) and Cox regression (95% CI, 0.62 to 0.67) as well as machine learning 

classification algorithms (Nicolo et al, 2020). 

Even though some gene mutations have been associated with MBC, there were 

also concern on whether the mutation occurred due to therapy-induced mutations since 

a large proportion of breast cancer patients with early-stage tumours receive 

postoperative adjuvant therapy with hormonal therapy, chemotherapy, or both (Razavi 

et al, 2018). Razavi et al (2018) identified mutations in the MAPK pathway and the 

oestrogen receptor transcriptional program in 22% of hormone receptor-positive breast 

cancers after hormone therapy. These mutations are mutually exclusive with ESR1 

(gene coding the oestrogen receptor) mutations and correlate with a shorter response 

duration to subsequent hormone therapies. Even though these mutations can be detected 

by genetic tests, but the high cost may be a limiting factor. Thus, having a high accuracy 

prediction model might solve this issue as we can possibly predict which patients are 

likely to have these mutations. 

With comprehensive electronic medical records and advanced machine learning 

technologies, a breast cancer metastasis prediction model incorporating all three 

elements of clinical symptoms, genotype and phenotypic data might be a useful decision 

support tool for care intervention and increase the overall survival rate of metastatic 

breast cancer patients. 
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CHAPTER THREE 

RESEARCH METHODOLOGY 

3.1 Introduction 

This chapter will be divided to three sections, which are: (i) data mining of 

genotype, phenotype and clinical data of metastatic breast cancer patients, (ii) 

construction of predictive model using genotype, phenotype and clinical data, as well 

as the (iii) validation using systematic review. Each section was meant to achieve each 

objective of the study. 

3.2 Data Mining of Genotype, Phenotype and Clinical Data of Metastatic Breast 

Cancer (MBC) Patients 

This part of the study addressed the first objective of this study, which is to mine 

and integrate clinical, phenotype and genotype data to elucidate the mechanism behind 

metastatic breast cancer. For this purpose, a few databases containing the data 

mentioned with regards to breast cancer patients were retrieved and analysed using 

unsupervised machine learning such as principal component analysis (PCA) and 

hierarchical clustering, as well as other statistical analyses like multiple correspondence 

analysis (MCA) and odds ratio. Figure 3.1 summarised the steps involved. 
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Figure 3.1 Workflow of the Data Mining and Mapping Methodology. CNA stands for 

copy number alteration, while PCA stands for principal components analysis and 

MCA is multiple correspondence analysis. PPI stands for protein-protein interaction 

and GO stands for gene ontology 

 

3.2.1 Datasets 

Five datasets were utilised in this study. A dataset is an organised collection of 

data that can be in various formats, such as a table, a spreadsheet or a database (in this 

case a database) and the summary of these datasets can be found in Table 3.1. All the 

datasets were obtained from cBioPortal for Cancer Genomics 

(http://www.cbioportal.org/) and only data of female patients were used in this study. 

cBioportal is an open-access, open-source resource for interactive exploration of 

multidimensional cancer genomics data sets. It gave researchers access to molecular 

profiles and clinical attributes from large-scale cancer genomics projects, so that these 

datasets can be translated into biologic insights and clinical applications (Cerami et al, 
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2012). 

 

From the five datasets that were obtained, the following data types were used for further 

analysis: 

• mRNA gene expression 

• Gene mutation 

• Clinical profile of patients 

• Copy number alteration (CNA) 

 

Data types refer to the category or variable that the data represents. The 

breakdown for each of the data types and its analyses can be found in Table 3.2. These 

data were chosen because it contained both breast cancer and metastatic breast cancer 

data and it represents clinical and genotype data. Any duplicates found were removed; 

however, the same patients may have more than one sample tested. For these patients, 

information on the samples was retained if the samples were not from the same 

metastatic site. For example, if one of the patients has samples for both metastatic site 

lungs and lymph nodes, then both samples will be retained even though it is from the 

same patient. For clinical data, ER, PR and HER2 status of both primary and metastatic 

sites is considered important. Hence, if more than one of these values are missing, the 

patient’s data were excluded.  

The mRNA gene expression was presented in z-scores as it indicates the number 

of standard deviations away from the mean of expression in the reference. The Cancer 

Genome Atlas (TCGA) states that for mRNA and microRNA expression data, relative 

expression of an individual gene and tumour to the gene's expression distribution were 

computed in a reference population. That reference population is either all tumours that 

are diploid for the gene in question, or, when available, normal adjacent tissue. 

Although z-scores do not explicitly show the under- or over-expression of genes, it is 

suitable to be used for profiling (Cheadle et. al., 2003), such as this situation. This is 

also why this data set is chosen as the z-scores means the data has already undergone z-

score normalisation which is suitable to be used in PCA as it helps to account for 

differences in gene expression magnitudes.  
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As for the copy number alteration (CNA), it is defined as copy number 

variations (CNVs), including duplication, amplification, deletion, and homozygous 

deletion, in a specific genomic region in somatic cells (Beroukhim et al, 2010). Genes 

were defined as amplified if the mean segment fold-change (ratio of normalised 

sequencing depth in tumour to normal) is more than 1.8 with adjusted p-value of less 

than 0.05. Meanwhile for homozygous deletions, a mean whole-gene fold-change of 

less than −2 or at least one exon within the affected gene having a fold-change of less 

than −2 were required, with both criteria requiring adjusted statistical significance of p- 

value less than 0.05 (Thiesen et al, 2017). 
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Table 3.1 

Information on the Five Datasets that were Used in This Study. All of the data were obtained from cBioPortal (http://www.cbioportal.org/) 

Dataset Number of data Data type(s) available Reference 

MSK 2018 Data of 1 756 patients (1 261 diagnosed with metastatic BC vs 495 Breast Cancer) 
and 1 918 samples (1 000 metastatic vs 918 primary samples) 

• CNA 
• Gene Mutation 

Razavi et al, 

2018 

INSERM Data of 216 Metastatic Breast Cancer patients and 216 samples • Gene Mutation 
• CNA 

Lefebvre et al, 

2016 

The Metastatic Breast 

Cancer Project 

(MBCP) 

Data for 180 Metastatic Breast Cancer patients and 237 Samples • mRNA gene 
expression 

• Clinical 
• CNA 
• Mutation 

Cerami et al, 

2012 

Metabric Data of 2 509 Breast Cancer data and 2 509 samples • mRNA gene 
expression 

• Clinical 
• CNA 
• Gene Mutation 

Curtis et al, 2012 

& Pereira et al, 

2016 

TCGA BRCA Data of 1 084 patients • Clinical Hoadley et al, 

2018 

http://www.cbioportal.org/)
http://www.cbioportal.org/)
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Table 3.2 

Complete Information of the Data Types Used and the Analyses Performed on the Data Types 

Data Type Variables Analysis performed Comparison/ subgroups Number of data points 

mRNA gene expression Expression of 16 374 genes, 

value is expressed 

as Z-score 

• PCA and feature 

selection 

• Gene expression in breast sample of 

Breast Cancer (BC) vs Metastatic 

Breast Cancer (MBC) patient 

• 1 895 BC vs 29 MBC 

   • Gene expression between primary 

vs metastatic sample 

• 2 024 primary sample 

vs 26 metastatic 

sample 

Copy number alteration 

(CNA) 

Copy number alteration of 

1 616 genes 

• PCA and feature 

selection 

• CNA of breast sample of BC vs 

MBC patient 

• 2 668 BC vs 607 MBC 

   • CNA between primary vs 

metastatic sample 

• 3 275 primary sample vs 1 

255 metastatic sample 

Gene mutation  • Odds-ratio • Mutations in breast sample of BC vs 

MBC patient 

• 17 223 BC vs 20 607 

MBC 

   • Mutations between primary vs 

metastatic sample 

• 34 946 primary vs 32 

020 metastatic 

Clinical profile • Age 

• PR status of primary 

• ER status of primary 

• HER2 status of primary 

• MCA and hierarchical 

clustering 
• Clinical profile of BC vs MBC 

• patients (without OncoTree Code and 

Adjuvant Radiation variables) 

• 2 100 BC vs 36 MBC 
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• Chemotherapy 

(Yes/No) 

Hormone Therapy 

(Yes/No) 

 Same as the above but 

with the addition of the 

following variables 

• OncoTree Code 

• Adjuvant Radiation 

 • Clinical profile of BC vs MBC 

patient 

• 1 936 BC vs 33 MBC 

 • Age 

• PR status of primary 

• ER status of primary 

• HER2 status of primary 

• ER, PR and HER2 

status of metastatic 

sample  

 • Sample profile of metastatic 

breast cancer patients 

• 911 MBC patients 
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3.2.2 Data Mining and Statistical Analysis 

3.2.2.1 Principal Component Analysis 

Principal component analysis (PCA) is a method of reducing the dimensionality 

of robust datasets, increasing its interpretability while preserving as much variability 

and minimising information loss (Jolliffe and Cadima, 2016). This statistical technique 

creates new uncorrelated variables, the principal components, that successively 

maximise variance and these new variables are defined by the dataset we have. In this 

study, PCA was chosen since PCA helps mitigate challenges in analysing high 

dimensional data like the gene expression data. PCA finds patterns without reference to 

prior knowledge about whether the samples come from different treatment groups or 

have phenotypic differences (Lever et al, 2017). This analysis was carried out by using 

the scikit-learn package for principal component analysis in Python (Pedregosa et al, 

2011). To ensure smooth running of the package and all its required dependencies, 

Anaconda Navigator (Version 1.9.12) was used. 

Before PCA was carried out, a few assumptions were tested. For instance, PCA 

assumes that the relationships between variables (genes in the case of gene expression 

data) are linear and the variables are independent of each other. PCA is also sensitive 

to outliers and missing data, that is why pre-processing of the data were conducted 

before PCA. To check for linearity, multivariate regression was performed by using the 

‘lm()’ function in R. With F-statistic:  1503, and p-value: < 2.2e-16, it was concluded 

that at least one independent variable in the model is significantly related to the 

dependent variable and we can conclude that the regression model as a whole is 

statistically significant.  After making sure the data met the assumptions, PCA was then 

performed. 

Given a data matrix, X, of n × p, where n is the number of rows of instances and 

p is the number of features, the principal component for each variable, x, is calculated 

as the weighted average of the original variables. The matrix containing the principal 

components of the data is referred to as matrix Y and can thus be calculated as: 

 

Y =W. X (3.1) 

 

where W is a matrix of coefficients that is obtained from the calculation of 
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covariance, eigenvalues and eigenvector. Eigenvalues and eigenvectors are the linear 

algebra concepts that needed to be computed from the covariance matrix in order to 

determine the principal components of the data (Jaadi, 2021): 

  

y ij =w1i x1j +w 2i x 2j+...+w pi x pj 
 

(3.2) 

 

The covariance between two variables, xi and xj can be calculated as: 

 

𝐶𝑜𝑣(𝑥𝑖, 𝑥𝑗) =
1

𝑛 − 1
 ∑ (𝑥𝑖 −  𝑥𝑖̅)(𝑥𝑗 − 𝑥𝑗̅)

𝑛

𝑖=1
 

(3.3) 

 

The eigenvalues and eigenvectors are then determined from the covariance 

matrix. The eigenvectors (principal components) determine the directions of the new 

feature space, and the eigenvalues determine their magnitude. 

 

3.2.2.2 Multiple Correspondence Analysis (MCA) 

Multiple correspondence analysis (MCA) is a method for summarising and 

visualising a data table containing more than two categorical variables. MCA was used 

in this study since it is considered as analogues to PCA for categorical variables 

(Mueller, 2019). In this study, MCA was used to analyse the CNA and clinical data. 

This analysis was done in R software using FactoMineR for the analysis and factoextra 

for data visualisation (Le et al, 2008). MCA is obtained by using a standard 

correspondence analysis on an indicator matrix (i.e., a matrix whose entries are 0 or 1) 

(Abdi and Valentin, 2007). MCA is used to represent and model datasets as “clouds” of 

points in a multidimensional Euclidean space; this means that it is distinctive in 

describing the patterns geometrically by locating each variable/unit of analysis as a 

point in a low- dimensional space (Costa et al, 2013). It can uncover a cluster of variable 

categories providing key insights on relationships between categories.  

Besides determining the distribution of patients from categorical variables, the 

following analyses were also performed with the FactoMineR package such as: 

i. associations between the variables 

ii. association between the variable categories 
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Just like PCA, MCA also has some assumptions to be met. Firstly, MCA 

assumes that the categorical variables are mutually independent. MCA also assumes 

that the associations between categories are homogeneous across groups or 

subpopulations. Thirdly, MCA assumes that there are no empty cells in the contingency 

table formed by the variables and there is no ordinal relationship among the categories. 

3.2.2.3 Feature Selection 

Feature selection is the process of selecting features which contribute most to 

the prediction variable or output by reducing the number of input variables. Feature 

selection helps in improving the performance of the model and also reducing 

computational cost and training time (Shaikh, 2018). In this study, feature selection was 

employed to manage the ‘curse of dimensionality’ (Kuo and Sloan, 2005) associated 

with having a large amount of features or variables, particularly relating to the mRNA 

and CNA data types. The term curse of dimensionality was introduced by Bellman 

(Bellman, 1957) to describe the problem caused by the exponential increase in volume 

associated with adding extra dimensions to Euclidean space (Keogh et al, 2017). It 

basically refers to problems that could arise due to working with high-dimensional data. 

In addition, multicollinearity, or near-linear dependence, is a statistical phenomenon in 

which two or more predictors’ variables in a multiple regression model are highly 

correlated (Daoud, 2017). However, PCA can effectively eliminate multicollinearity 

between features since it combines the highly correlated variables into a set of 

uncorrelated variables (Pramoditha, 2021). The feature selection used in this study was 

chi squared, statistical feature selection, forward and backward. 

As Random Forest was used as the classification algorithm, feature importance 

was employed as the feature selection method. The average of each decision tree in 

Random Forest was pooled to build a final prediction. Feature importance can be 

calculated by dividing the number of samples that reach the node with the total number 

of samples. Feature importance was calculated in Python using the sklearn module 

(Brownlee, 2020). High score indicates the importance of the feature. Assuming only 

two child nodes or a binary tree, a nodes importance was calculated using Gini 

importance for each decision tree. 

Nodes’ importance was calculated as follow: 
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     𝑛𝑖𝑗 = 𝑤𝑗𝐶𝑗 − 𝑤𝑙𝑒𝑓𝑡(𝑗) 𝐶𝑙𝑒𝑓𝑡(𝑗) − 𝑤𝑟𝑖𝑔ℎ𝑡(𝑗)𝐶𝑟𝑖𝑔ℎ𝑡(𝑗)  (3.4) 

 

where nij is the importance of node j, wj is the weighted number of samples 

reaching node, Cj is the impurity value of node j, left(j) is the child node from left split on 

node j and right(j) is the child node from right split on node j. 

The importance for each feature on a decision tree is then calculated as: 

 

𝑓𝑖𝑗 =
∑ 𝑛𝑖𝑗𝑗:𝑛𝑜𝑑𝑒 𝑗 𝑠𝑝𝑙𝑖𝑡𝑠 𝑜𝑛 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑖

∑ 𝑛𝑖𝑘𝑘∈𝑎𝑙𝑙 𝑛𝑜𝑑𝑒𝑠
 

   

(3.5) 

 

Where fij is the importance of feature i and nij is the importance of node j. 

Then, these can be normalised to a value between 0 and 1 by dividing with the 

sum of all feature importance values: 

 

𝑛𝑜𝑟𝑚𝑓𝑖𝑗 =
𝑓𝑖𝑗

∑ 𝑓𝑖𝑗𝑗∈𝑎𝑙𝑙 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠
 

(3.6) 

 

The average of all the trees is the final feature importance. The sum of the 

feature’s importance value on each tree was calculated and divided by the total number 

of trees: 

 

 

Where RFfii is the importance of feature i calculated from all trees in the 

Random Forest model, normfiij is the normalised feature importance for i in tree j and 

T is the total number of trees. 

Each feature will be assigned a value between 0 to 1, where the higher the value, 

the more important the feature is. The relative importance of a feature was calculated 

by comparing its value to the highest scoring feature. Therefore, the calculated 

importance is now: 

 

𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 𝑖 =
𝑅𝐹𝑓𝑖𝑖

𝑅𝐹𝑓𝑖𝑚𝑎𝑥
 × 100 

(3.8) 

 

∑𝑗∈𝑎𝑙𝑙 𝑡𝑟𝑒𝑠𝑠 𝑛𝑜𝑟𝑚𝑓𝑖𝑖𝑗 

𝑅𝐹𝑓𝑖𝑖 
𝑇

 
      (3.7) 
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3.2.2.4 Odds Ratio 

Odds ratio (OR) represents the probability that an outcome will occur given a 

particular exposure, compared to the probability of the outcome occurring in the 

absence of that exposure (Szumilas, 2010). In the context of gene mutations, it is 

employed to compare the frequency of mutations in two different groups. In this study, 

we measured OR to see the differences in mutation of breast cancer compared to 

metastatic breast cancer. Thus, the OR for the following were computed: 

• Mutation of a particular gene in breast samples of metastatic breast cancer 

over breast cancer 

• Mutations of a particular gene in metastatic samples over primary samples 

 

The odds ratio for a certain gene, g, is calculated as such: 

          

 

where ng
a is the frequency of mutation in group a, Na is the total number of 

samples in group a, ng
b is the frequency of mutation in group b and Nb is the total number 

of samples in group b. An OR of more than 1 indicates that the mutation is more 

frequently observed in group a compared to b. p-value and 95% confidence interval 

(CI) were calculated as indication of statistical significance for each gene. After 

calculating the OR value, confidence interval was calculated using the formula below: 

 

Upper 95% CI = e [ln(OR)  +  1.96 √ (1/ nga +  1/ ngb +  1/ Na +  1/ Nb)] (3.10) 
 

Lower 95% CI =  e [ln(OR)  −  1.96 √ (1/ nga +  1/ ngb +  1/ Na +  1/ Nb)] 
 

(3.11) 
  
  

3.2.2.5 Hierarchical Clustering 

Hierarchical clustering is an unsupervised clustering algorithm which involves 

creating clusters that have predominant ordering from top to bottom. The endpoint is a 

set of clusters or groups, that is represented in a dendrogram. A dendrogram is a type of 

tree diagram showing hierarchical relationships between different sets of data. It has 

clades which are branches that are arranged according to how similar the variables are. 

Each clade has leaves and the distance between each leave represent similarities while 

the length of the clades represents the distance between clusters. 

ORg =  (ng
a/Na) (3.9) 

   (ng
b/Nb)  
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In this study, hierarchical clustering was used to cluster the variable categories 

of clinical factors and the dendrogram was used to visualise the distance between the 

variable categories better. Hierarchical clustering was performed in R, using the ‘hclust’ 

method with the default algorithm which is ‘complete’ and the default distance measure 

which is the square root of the sum of the square differences or known as Euclidean 

distance.  

 

3.2.3 Similarities of Metastatic Sites Based on Genes 

     Given that the metastatic samples used in this study were from several sites with 

some sites being underrepresented, the similarities between the different sites based on 

their genetic profile were analysed. 

     Top 10 metastatic sites (phenotypes) that were observed from the metastatic 

sample data were determined. The top 20 mutated genes for each of the sites were 

obtained from Genomic Data Commons (GDC) portal at https://portal.gdc.cancer.gov. 

The portal is a robust data-driven platform that allows users to search and download 

cancer data for analysis. The similarity of the metastatic sites based on their gene profile 

was calculated using BOG method and Sun’s Annotation-based measure. Both are 

frequently used to calculate disease-disease similarity. The similarities were then 

visualised using a heat map, which was constructed in R, using the ‘heatmap’ function. 

The following subsections explain the BOG method and Sun’s Annotation -based 

measure, which was done in R using the dSimer package (Li & Ni, 2018). 

 

3.2.3.1 BOG Method 

BOG is a method used for analysing disease similarity. Its similarities are 

calculated using disease-gene associations. Given two vectors of diseases and a list of 

disease-gene associations, this function will calculate disease similarity (Peng and Min, 

2015). This was done by finding over-represented extracted Disease Ontology (DO) 

terms using the hypergeometric distribution and the Benjamini-Hochberg correction for 

multiple tests (Mathur and Dinakarpandian, 2010). To account for random or rare 

occurrences, a similarity metric called BV (Mathur and Dinakarpadian, 2007) that is 

based on both co-annotation and hierarchy (Equations 3.12 and 3.13) was used. A p- 
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value was calculated for similarity scores using 100,000 randomly generated pairs of 

diseases. 

Given DO terms A & B (where A & B are disease vectors), n(A) = number of 

genes annotated with A, n(A ∩ B) = number of genes annotated with both A and B, and 

N = total genes, similarity is given by: 

 

𝑛(𝐴 ∩ 𝐵) 

𝑠𝑖𝑚(𝐴, 𝐵) = 
𝑛(𝐴 ∪ 𝐵)

 

𝑛 
 𝐴 

· 
𝑛𝐵 

𝑁 𝑁 

(3.12) 

 

The value obtained is normalised by the average of the maximum scores for 

A and B, and multiplied by the average surprisal of the terms as follows: 

 

                         𝑆𝑐𝑜𝑟𝑒(𝐴, 𝐵) =
 𝑠𝑖𝑚 (𝐴,𝐵)

max _𝑠𝑖𝑚(𝐴,𝑖)+
max _𝑠𝑖𝑚(𝐵,𝑗)

2+𝑠𝑢𝑝(𝐵)

· 𝐴𝑣𝑔(𝑆𝑢𝑝 𝐴)                  (3.13) 

 

Max_sim(A,i) is the maximum similarity score for DO terms A and ‘i.’ Sup(A) 

is the surprisal of A. 

 

3.2.3.2 Sun’s Annotation-based Measure 

Sun’s annotation-based measure is another method of calculating disease- 

disease similarities by using the disease-gene association data. This method was also 

used in this study to calculate the similarities of mutated genes from other cancers to 

the frequently mutated genes in breast cancer. A known standard method for comparing 

the similarity between two sets, the Jaccard index was used to estimate the similarity 

score between diseases as follows (Sun et al, 2014). Let GDi be the set of genes 

associated with a disease Di. The annotation-based similarity score of two diseases Di 

and Dj were computed as the Jaccard index (or Jaccard similarity coefficient) of GDi 

and GDj: 

 

                                       𝑠𝑖𝑚𝑎𝑛𝑛𝑜𝑡𝑎𝑡𝑖𝑜𝑛(𝐷𝑖,𝐷𝑗) =
 |𝐺𝐷𝑖∩𝐺𝐷𝑗|

|𝐺𝐷𝑖∪𝐺𝐷𝑗|
                   (3.14) 
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3.2.4 Protein-Protein Interaction Prediction 

Protein-Protein Interaction (PPI) prediction using STRING was employed to see 

whether two proteins may interact. STRING measures both direct (physical) and 

indirect (functional) interactions between two proteins, based on experimental data of 

protein-protein interactions (Szklarczyk., 2018). 

A score is provided for each protein-protein association. The scores represent 

confidence scores, ranging from 0 to 1, indicating estimated likelihood that the 

association is biologically significant, given the supporting evidence. The supporting 

evidence is based on seven factors, which are neighbourhood in genome, gene fusions, 

cooccurrence across genomes, co-expression, experimental/biochemical data, 

association in curated databases and co-mentioned in PubMed abstracts. Based on the 

seven factors, a combined and final confidence score is computed. A good interaction 

should not only have a high combined score, but also having more than one factor 

contributing to the score. In the visualisation of PPI in STRING, proteins are 

represented as nodes and an edge connects the two nodes if interaction is predicted. The 

edge is colour coded where the colours indicate different evidence. The red edge 

indicates the presence of fusion evidence, green edge indicates neighbourhood evidence, 

blue edge is the cooccurrence evidence, purple edge represents experimental evidence, 

yellow edge indicates text mining evidence, light blue edge indicates database evidence, 

while the black edge represents co-expression evidence. 

 In this study, PPI was conducted to elucidate the interactions between the 

protein corresponding to each investigated genes with oestrogen receptor, progesterone 

receptor and HER2. 

 

3.2.5 Pathway Analyses 

To see which pathways the important mRNA genes are a member of, the genes 

were mapped to pathways in the Kyoto Encyclopaedia of Genes and Genomes (KEGG) 

database (https://www.genome.jp/kegg/pathway.html). KEGG is a database resource 

that provides all knowledge about genomes and their relationships to biological systems 

such as cells and whole organisms as well as their interactions with the environment 

(Aoki-Kinoshita and Kanehisa, 2007). 

To curate potential pathway for the occurrence of metastatic breast cancer, 

http://www.genome.jp/kegg/pathway.html)
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SIGNOR2.0 (SIGnaling Network Open Resource) was employed (Licata, 2019). 

SIGNOR2.0 contains more than 23 000 manually annotated causal relationships 

between proteins. SIGNOR2.0 calculate the causal relationship between two proteins, 

or between a protein and a phenotype from the following factors: (i) number of 

annotated articles reporting the interaction, (ii) number of occurrences of specific 

relationship in pathways annotated in SIGNOR2.0, (iii) number of occurrences of the 

pair from Reactome database and (iv) whether the pair are mentioned in each protein’s 

UniProtKB page. SIGNOR2.0 will also annotate the type of relationship between two 

proteins (e.g. up-regulation, down-regulation, direct, indirect), as well as mechanism 

underlying the relationship (e.g. phosphorylation, ubiquitination). 

In this study, SIGNOR 2.0 was applied to elucidate the potential pathway of 

MBC occurrence based on factors determined from the previous results. 

 

3.2.6 GO Mapping 

The top 20 mutated genes from breast samples of MBC patients and from 

metastatic samples were mapped to GO Biological Process using Cytoscape, through 

the ClueGO application. By using visual style group functional analysis, with medium 

network specificity, redundant groups with more than 50% overlap were merged and 

mapped. 

 

3.3 Construction of Predictive Model Using Genotype, Phenotype and Clinical 

Data 

This part of the study aimed to build a predictive model that can predict 

metastatic status of breast cancer patients based on factors determined from data 

mining. Figure 3.2 showed the workflow for the construction of prediction models 

where two sets of different data were obtained for internal and external validation. 
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Figure 3.2 Workflow of the Method 

 

3.3.1 Training Set 

From the data mining section, the data that showed clear separation (seen as less 

overlap) between breast cancer and metastatic breast cancer patients were used to 

construct a predictive model. The details of the training sets are shown in Table 3.3 

below. It should be noted that for training set labelled mRNA_15, the data were divided 

into six-fold, where one- fold was hold off for external validation while the rest were 

used for internal validation. 
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Table 3.3 

Details of the Training Set Used to Build the Prediction Models 

Training set List of Variables Description Number of data points 

Clinical_7 Age 

ER PR HER2 

Chemotherapy 

Hormonetherapy 

AdjuvantRadiation 

OncoTree Code 

This training set contains two groups, breast cancer and metastatic 

breast cancer patients. 

There are 1 936 breast 

cancer patients and 33 

metastatic patients in 

this 

dataset 

Clinical_5 Age 

ER PR HER2 

Chemotherapy 

Hormonetherapy 

This training set contains two groups, breast cancer and metastatic 

breast cancer patients but without the variables OncoTree code 

and Adjuvant radiation seen in Clinical_7 data set 

There are 2 100 breast 

cancer patients and 36 

metastatic patients in 

this dataset 

mRNA_15 DBIL5P2 

FGF4 

KRT76 

KRTAP25-1 

LINC00943 

LINC01091 

LINC01107 

MAGEA9B 

MT4 

OR5J2 

OR5T2 

OR9G4 

SCGB1D1 

TMEM207 

TUSC7 

This training set contains two groups, which are breast cancer and 

metastatic breast cancer patients. The variables are genes that 

were identified to be important based on mRNA profiling from 

the previous chapter. 

There are 1 895 breast 

cancer patients and 129 

metastatic patients in 

this dataset 
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mRNA_7 FGF4 

MT4 

OR5T2 

KRT76 

OR9G4 

SCGB1D1 

OR5J2 

This training set was derived from mRNA_15 but with only 7 out 

of the 15 genes used. This is due to the difficulty in finding an 

external data set that has the complete 15 genes. 

There are 1 894 breast 

cancer patients and 129 

metastatic patients in 

this dataset 

CNA ARID5B 

CCND1 

CDKN1B 

CTCF 

DAXX 

ERBB2 

FGF3 

FGF4 

FGFR1 

FH  

FOXA1 

GPS2 

HIST3H3 

MAP2K4 

MCL1 

MYC 

NBN 

PAK1 

PARP1 

PDPK1 

PLCG2 

This training set contains two groups, which are breast cancer and 

metastatic breast cancer patients. The variables are genes that 

were identified to be important based on CNA profiling from the 

previous chapter. 

 

There are 2 668 breast 

cancer patients and 607 

metastatic patients in 

this dataset 
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RAD51C 

RARA 

RECQL4                      

SPOP 

TCEB1 

WHSC1L1 

ZFHX3 
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3.3.2 Random Forest Algorithm 

     Random Forest algorithm is a supervised classification algorithm 

(Polamuri, 2017). As the name suggests, this algorithm will create a forest with a lot of 

trees (also called the decision trees). The trees were built using training sets consisting 

of multiple feature or characteristics for each of the instance in the training set. Then, 

output results were produced from the variables of the training set of interest. The result 

was obtained by aggregating all the outputs from different trees. The greater number of 

trees in the forest will lead to higher accuracy results (Polamuri, 2017). 

     There are two stages in Random Forest which are: (1) random forest 

creation and (2) prediction from the random forest classifier created in the first stage. 

     Firstly, the algorithm built m amount of decision trees. Each of the 

decision trees were initiated with a single node (denoted as the top of each tree in Figure 

3.3) where a number of randomly selected samples served as the data set. Then, a 

bootstrap sample of n number of variables of the training data were drawn and selected 

at random. 

From the random selected subset, the variable that provides the best split, 

measured using the Gini index, will split the node into two daughter nodes, specifying 

possible outcomes. The tree was further split until a maximum size is reached without 

pruning. 

Gini index (S) is calculated as follow: 

 

                              𝐺𝑖𝑛𝑖 (𝑆)  =  1 − ∑ 𝑃2
𝑗                                        (3.15) 

 

where Pj is the relative frequency of class j in S. Each time, the split then was 

divided into two subsets of S1 and S2 in which gini (S) data was divided into: 

 

          𝐺𝑖𝑛𝑖𝑠𝑝𝑙𝑖𝑡 (𝑆) =  
𝑛1

𝑛
 𝑔𝑖𝑛𝑖 (𝑆1) + 

𝑛2

𝑛
 𝑔𝑖𝑛𝑖 (𝑆2)            (3.16)
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   This process will repeat until the tree has reached the specified number of 

branches, in this case nodes are expanded, and a path was established (indicated by 

orange coloured node in Figure 3.3). As illustrated in Figure 3.3, the progression of the 

branches was gradually expanded until all training data were assigned to a terminal leaf 

node which is represented by green and red square boxes. At the end of the tree, class 

probability was calculated. The outcome can be calculated as either the mean of the 

class probability from each decision trees or the highest votes. 

 

 

Figure 3.3 Example of Five Illustrative Trees of Random Forest Learning Algorithm. 

The terminal leaf nodes are shown as squares and coloured red or green according to 

class of interest. The path taken through each tree is shown in orange. Trees (a), (b), 

(c), and (e) predict that the object belongs to the red class, meanwhile tree (d) 

dissenting, so that the Random Forest will assign it to the red class by a 4:1 majority 

vote 

 

     In this study, Random Forest classifier was used to determine which features 

are the most important in predicting the occurrence of MBC (based on previous results.) 

Beside Random Forest classifier, an additional classifier called AdaBoost classifier was 

also incorporated in this study (Pedregosa et al, 2011). The core principle of AdaBoost 

is to fit a series of weak learners (i.e., models that are only slightly better than random 

guessing, such as small decision trees) on repeatedly modified versions of the data. 

All of the predictions are then combined through a weighted majority vote (or sum) to 
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produce the final prediction (Pedregosa et al, 2011). 

 

3.3.3 Validation 

3.3.3.1 Internal Validation 

For validation of the predictive models, k-fold cross validation procedure was 

conducted. Cross-validation is a statistical method used to estimate the skill of machine 

learning models. It is commonly used in applied machine learning to compare and select 

a model for a given predictive modelling problem because it is easy to understand, easy 

to implement, and results in skill estimates that generally have a lower bias than other 

methods (Brownlee, 2018). 

In k-fold cross-validation, the available learning set is partitioned into k disjoint 

subsets of approximately equal size. Here, fold refers to the number of resulting subsets. 

This partitioning is performed by randomly sampling cases from the learning set 

without replacement. The model is trained using k–1 subset, which, together, represent 

the training set. Then, the model is applied to the remaining subset, which is denoted as 

the validation set, and the performance is measured. This procedure is repeated until 

each of the k subsets has served as validation set. The average of the k performance 

measurements on the k validation sets is the cross-validated performance. Figure 3.4 

illustrates this process for k = 10, i.e., 10-fold cross-validation. In the first fold, the first 

subset serves as validation set and the remaining nine subsets serve as training set. In 

the second fold, the second subset is the validation set and the remaining subsets are the 

training set, and so on. Every data point gets to be in a validation set exactly once and 

gets to be in a training set k-1 times. 
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Figure 3.4 10-fold Cross-validation. The data set is randomly split into ten disjoint 

subsets, each containing (approximately) 10% of the data. The model is trained on the 

training set and then applied to the validation set (Kumar, 2020) 

 

3.3.3.2 External Validation 

External validation is performed to evaluate the ability of the model to predict 

outcome for instances that they have never encountered, or outside of the training set. 

The Cancer Genome Atlas (TCGA) Breast Invasive Carcinoma Project dataset was used 

as the external data set for Clinical_5 and mRNA_7. These data were initially screened 

to ensure that it is not in the training set. The external data set used for each training set 

can be found in Table 3.4 below. 
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Table 3.4 

Details of the External Data Set Used for External Validation of Each Training Set 

Training set Details 

Clinical_7 No external data set containing all 8 variables could be found, hence external validation was not 

performed for this training set. 

 

Clinical_5 

 

External data set contain data of 81 breast cancer patients and 2 metastatic breast cancer patients 

 

mRNA_15 

 

As previously mentioned, the training set was divided into six folds where one-fold was hold of as 

external data set. It contained 102 metastatic breast cancer patients and 1 584 non-metastatic breast 

cancer patients 

 

mRNA_7 

 

External data set contain data of 80 breast cancer patients and 2 metastatic breast cancer patients 

 

CNA 

 

Not performed  
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3.3.4 Performance Measure 

Performance measure evaluates the ability of the predictive model to accurately 

predict the class label and this was measured through calculating sensitivity and 

specificity of the models. 

 

3.3.4.1 Sensitivity 

Sensitivity or true positive rate (TPR) measures the proportion of actual 

positives that are correctly identified. The calculation of sensitivity is as follows: 

 

Sensitivity, TPR =   TP            (3.17)  

TP + FN 

 

where TP is true positive; FN is number of false negative. 

 

3.3.4.2 Specificity 

Specificity or true negative rate (TNR) measures the proportion of actual 

negatives that are correctly identified. The calculation of specificity is as follows: 

 

Specificity, TNR =   TN             (3.18)  

TN + FP 

 where TN is true negative; FP is number of false positive. The prediction model 

is deemed acceptable when the value of specificity and sensitivity are at least 50% (0.5) 

(Power et al, 2013). 

 

3.4 Validation using Systematic Review 

For benchmarking of the results, the initial plan was to use datasets from the 

local hospital to validate our models. However, due to limitations of the COVID-19 

outbreak, the benchmarking had to be improvised. Therefore, a systematic review on 

the treatments of metastatic breast cancer were conducted to further validate the 
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previous clinical findings. By going through research from 20 years ago up until now, 

it is postulated that some of the factors that were found to be associated with metastatic 

breast cancer in the previous sections can also be found in literatures. 

 

3.4.1 Search Strategy for Identification of Studies 

A search was conducted on 9th December 2020 in PubMed, Scopus, Web of 

Science and Science Direct. Keywords used in the search strategy were “metastatic 

breast cancer, chemotherapy, hormonal therapy, targeted therapy, gene and progression 

free survival”. The keyword “metastatic breast cancer” was first utilised to find studies 

focused on MBC. Then the search was narrowed down to “chemotherapy, hormonal 

therapy and targeted therapy” to eliminate other interventions such as surgery and 

radiotherapy. Then the keyword “gene” was inserted within these searches to see 

whether there were studies that connected any gene with the efficacies of these 

treatments. Finally, “progression free survival” was added to make sure this endpoint 

was mentioned in each article reviewed since the discussion will be based on this 

endpoint.  

The search strategy was developed using Boolean operators and slightly differed 

for each database based on their respective formats, as shown in Table 3.5. 

 

Table 3.5 

Search String for Databases 

Database Search string 
Scopus ( TITLE-ABS-KEY ( "metastatic breast cancer" ) )  

AND  ( ( ( hormon*  OR  chemotherapy  OR  “targeted  

AND  therapy” ) )  AND  ( gene* ) )  AND  ( "progress* 

free survival" )  AND  ( LIMIT-TO ( PUBYEAR ,  2020 

)  OR  LIMIT-TO ( PUBYEAR ,  2019 )  OR  LIMIT-

TO ( PUBYEAR ,  2018 )  OR  LIMIT-TO ( PUBYEAR 

,  2017 )  OR  LIMIT-TO ( PUBYEAR ,  2016 )  OR  

LIMIT-TO ( PUBYEAR ,  2015 )  OR  LIMIT-TO ( 

PUBYEAR ,  2014 )  OR  LIMIT-TO ( PUBYEAR ,  

2013 )  OR  LIMIT-TO ( PUBYEAR ,  2012 )  OR  

LIMIT-TO ( PUBYEAR ,  2011 )  OR  LIMIT-TO ( 

PUBYEAR ,  2010 )  OR  LIMIT-TO ( PUBYEAR ,  

2009 )  OR  LIMIT-TO ( PUBYEAR ,  2008 )  OR  

LIMIT-TO ( PUBYEAR ,  2007 )  OR  LIMIT-TO ( 

PUBYEAR ,  2006 )  OR  LIMIT-TO ( PUBYEAR ,  
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2005 )  OR  LIMIT-TO ( PUBYEAR ,  2004 )  OR  

LIMIT-TO ( PUBYEAR ,  2003 )  OR  LIMIT-TO ( 

PUBYEAR ,  2002 )  OR  LIMIT-TO ( PUBYEAR ,  

2001 ) )  AND  ( LIMIT-TO ( DOCTYPE ,  "ar" ) ) 

Web of 

science 

"metastatic breast cancer" 

Refined by: TOPIC: (Hormon* OR chemotherapy OR “targeted 

therapy”) AND TOPIC: (gene*) AND TOPIC: (progres* free 

survival) AND PUBLICATION YEARS: (2020 OR 2019 OR 

2018 OR 2017 OR 2016 OR 2015 OR 2014 OR 2013 OR 2012 

OR 2011 OR 2010 OR 2009 OR 2008 OR 2007 OR 2006 OR 

2005 OR 2004 OR 2003 OR 2002 OR 2001) AND DOCUMENT 

TYPES: (ARTICLE) 

Science 

Direct 

"metastatic breast cancer" AND (hormone OR chemotherapy 

OR "targeted therapy") AND (gene) AND ("progression free 

survival") Refine by Publication Years: (2001-2020) AND 

Refine by Document Types: (Articles) AND Refine by: 

(Subscribed Journals) 

Pubmed "metastatic breast cancer" AND (hormon* OR chemotherapy 

OR "targeted therapy") AND (gene*) AND ("progression 

free survival") AND Limit to: (Full Text) AND (English 

Language) AND Publication Year (January 2001 to 

December 2020) AND Source Type: (Academic Journals) 

Cochrane "metastatic breast cancer" AND (hormon* OR 

chemotherapy OR "targeted therapy") AND (gene*) AND 

("progression free survival") in Title Abstract Keyword 

 

3.4.2  Study Selection 

3.4.2.1 Inclusion Criteria 

Randomised controlled trial (RCT) on the treatments of metastatic breast cancer 

patients from year 2001 till year 2020 were included in this review. Criteria chosen were 

based on different treatments of metastatic breast cancer which are chemotherapy, 

hormonal therapy and/or targeted therapy, while the outcome measured were 

progression free survival and overall survival. 

3.4.2.2 Exclusion Criteria 

For this review, studies with male patients, other treatments such as surgery and 
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radiotherapy, any non-English literature and unavailable full text were excluded. Non-

randomised controlled trials, review articles, book chapters and proceedings were also 

excluded. 

 

3.4.3 Data Extraction 

Titles and abstracts of each paper were screened according to the inclusion and 

exclusion criteria. The selected citations were then downloaded into EndNoteTM x8.2. 

The citations were organised, and the duplicates were removed to avoid redundancy. 

Information extracted from each article included study design, median age of 

participants, publication year, types of metastatic breast cancer treatments as well as the 

outcome measured which are progression free survival and overall survival. 

 

3.4.4 Quality Assessment 

The papers were screened independently by two independent researchers using 

the Jadad Scale (Jadad et al, 1996) as shown in Appendix 1. The Jadad Scale was used 

because it presented the best validity evidence and has been tested for reliability in 

different research areas such as medicine, dentistry, psychology, and physical therapy 

(Olivo et al, 2008). The scores were based on randomisation, blinding, as well as the 

withdrawals and dropouts of the participants for each study. A score of 3 and above 

means these three criteria were adequately mentioned in the research paper, thus 

accepted as a reliable study. When a consensus was not met, a third reviewer was 

consulted.  
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 Introduction 

This chapter is organised as such: Section 4.2 will address the (i) results and 

discussion of mRNA profile, followed by (ii) CNA profile, (iii) genetic mutations, (iv) 

clinical profile and (v) pathway curation to analyse whether there is a correlation 

between the mRNA expression and clinical profile. Section 4.3 discusses on 

construction of predictive models: by first discussing on (i) internal validation, followed 

by (ii) external validation and (iii) visualisation of decision trees. Meanwhile, section 

4.4 is on validation by systematic review. 

4.2 Data Mining of Genotype, Phenotype and Clinical Data of Metastatic 

Breast Cancer (MBC) Patients 

4.2.1 mRNA Profile of Breast Samples of Breast Cancer vs Metastatic Breast 

Cancer 

Figure 4.1 shows the Principal Component Analysis (PCA) plot of mRNA 

expression of breast samples of breast cancer (BC) and metastatic breast cancer (MBC) 

patients, using z-scores. PCA was applied after feature selection, to avoid the curse of 

dimensionality. The total number of PC generated from this analysis was 2, with 

eigenvalues for PC1 was 20482304 and eigenvalues of PC2 was 38.13347. As for the 

percentage of variance, PC1 accounts for 100% of the variance, while PC2 does not 

contribute significantly to the variance. However, for the sake of only 2 PCs produced, 

both PCs were used for the subsequent analysis. In the PCA plot, principal component 

1 (PC1) was plotted against principal component 2 (PC2) as the first two PCs contain 

the most information. Figure 4.1 (A) is when features with a score of above 0 were 

retained, where 1 616 out of 16 374 genes were used to calculate the principal 

components and later, the PC1 and PC2 was plotted. However, 1,616 genes were a bit 

much to analyse, thus we narrowed it down to a feature selection score of above 30 

which carries 70% of the feature importance with only 15 genes involved. Figure 4.1 
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(B) is when features with a score of above 30 were retained, where 15 out of 16 374 

genes were used to construct the PCA. Since better separation was seen between BC 

and MBC patients with these 15 genes, thus these 15 genes were retained for further 

analysis. The information of the 15 genes that were used in calculating the principal 

components can be found in Table 4.1, the membership of the genes in KEGG pathways 

can be found in Figure 4.2 and PPI interactions between the proteins can be found in 

Figure 4.3. 

Several observations can be made in regard to the mRNA expression profile of 

breast samples of BC and MBC patients. First, it can be seen that by first identifying 

important features through feature selection, the data avoided the curse of 

dimensionality as well as showing a good separation between the two groups, BC and 

MBC (see Figure 4.1 (A)). By further reducing the variables to 15, where the feature 

importance was more than 30, the separation between the two groups was clearer (see 

Figure 4.1 (B)). 

 

A 
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Figure 4.1 The PCA Plot of mRNA Expression Profile of Breast Samples of 
Breast Cancer (BC) and Metastatic Breast Cancer Patients (MBC) where (A) is 

when features with a score of above 0 were used to calculate the principal 
components and (B) is when features with a score of 30 and above were used to 
calculate the principal components. PC1 refers to principal component 1 (x-

axis) while PC2 refers to principal component 2 (y-axis) 

 

Secondly, three of the 15 genes can be connected to breast cancer based on 

literature review (see Table 4.1). These include Melanoma Antigen Family A, 9B 

(MAGEA9B) and Fibroblast Growth Factor (FGF-4), where MAGEA9B is pro- 

tumourigenic and have been reported to affect the biological characteristic of cancer 

cells such as migration, metastasis and invasion. A study by Parish et al (2015), showed 

that 56 out of 139 patients showed aberrant FGF receptor (FGFR) or FGF ligand (FGF) 

genes, where the FGF/FGFR aberrations were most frequently found in patients with 

breast cancer. Furthermore, aberrations in FGF/FGFR were also correlated with a 

diagnosis of breast cancer and liver metastasis. 

 

 

 

 

 

 

 

B 
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Table 4.1 

List and Details of the 15 Genes Used to Calculate the Principal Components where there was clear separation between breast samples of breast 

cancer and metastatic breast cancer. FI is feature importance 

Gene symbol Gene name FI Description 

TUSC7 Tumour 

Suppressor 

Candidate 7 

100.0 TUSC7 is an RNA gene and was initially discovered to suppress tumour in osteosarcoma (Pasic et 

al, 2010). Although several studies have reported that TUSC7 expression is lower in cancer tissues 

compared to normal tissues (Cong et a l, 2016; Ding et al, 2014), its role in cancer pathophysiology 

is far from being fully elucidated. A meta-analysis by Shi et al (2017), highlighted that low 

expression of TUSC7 is associated with poor survival. Additional, bioinformatics analysis suggests 

that TUSC7 is involved in protein ubiquitin pathway, which leads to protein degradation. 

MAGEA9B Melanoma 

Antigen Family A, 

9B 

79.2 The MAGE-A family is pro-tumourigenic and have been reported to affect the biological 

characteristic of cancer cells such as migration, metastasis and invasion. MAGE-A2 have been 

shown to induce chemoresistance in breast cancer cells by inhibiting the transactivation of p53-

responsive genes, which are involved in cell cycle arrest and apoptosis in response to tamoxifen. 

MAGE-A2 can also form a complex with oestrogen receptor (ER)-α to enhance transcriptional 

activity (Wong et al, 2014). A meta-analysis done by Poojari et al (2020), showed that 

overexpression of MAGEA9 showed prognostic association in breast cancer. 

FKRTAP25-1 Keratin Associated 

Protein 25-1 

75.3 Keratins have been extensively used in diagnostic tumour pathology as immunohistochemical 

markers (Miettinen and Fetsch, 2000). Epithelial keratins such as K8, K18 and K19 are expressed 

in most adenocarcinomas. Although no studies have been found on KRTAP25-1 and breast cancer, 
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K17 expression in breast tumours have been shown to have poor clinical outcome, independent of 

tumour grade and size (van de Rijn et al, 2002). Furthermore, reduced overall survival in ER-

negative, triple negative and HER2-positive breast tumours have been associated with K19 

expression (Ignatiadis et al, 2007). 

KRT76 Keratin 76 59.0 No studies have shown the association of KRT76 with breast cancer or metastasis. 

LINC00943 Long Intergenic 

Non-Protein 

Coding RNA 943 

54.1 Limited studies available on LINC00943, although Zhu et al (2020), showed a possible involvement 

of LINC00943 in the tumourigenesis of melanoma. 

SCGB1D1 Secretoglobin 

Family 1D 

Member 1 

52.1 The role of the SCGB1D family is largely unknown although Heinonen et al (2015), have 

demonstrated the up- regulation of SCGB1D1 expression in HOXB7-knockdown cells. 

MT4 Metallothionein 4 48.1 No studies have been found that associates MT4 with breast cancer or metastasis. However, 

overexpression of MT2A has been demonstrated in cell proliferation and invasion of breast cancer 

cells (Hyung et al, 2011). 

DBIL5P2 Diazepam Binding 

Inhibitor-Like 5 

Pseudogene 2 

43.6 No studies found on the association between DBIL5P2 and breast cancer or metastasis. 

OR9G4 Olfactory Receptor 

Family 9 

41.0 Olfactory receptors (ORs) belong to the G protein-coupled receptors family where it is expressed 

mainly in the olfactory sensory neurons. Several studies have reported on the potential of some ORs 
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Subfamily G 

Member 4 

to be tumour markers. Sanz et al (2014), demonstrated that ORs activate PI3Kγ signalling pathway, 

consequently activating cell invasiveness. Li et al (2019), demonstrated that OR2T6 family initiates 

MAP/ERK pathway and Epithelial-Mesenchymal Transition, which shows its involvement in breast 

cancer progression. However, the involvement of OR9G4 in breast cancer or metastasis has not 

been found in the literature. 

LINC01107 Long Intergenic 

Non-Protein 

Coding RNA 1107 

39.7 No studies found on the association between LINC01107and breast cancer or metastasis. 

FGF4 Fibroblast Growth 

Factor 4 

37.9 A study by Parish et al (2015), showed that 56 out of 139 patients showed aberrant FGF receptor 

(FGFR) or FGF ligand (FGF) genes, where the FGF/FGFR aberrations were most frequently found 

in patients with breast cancer. Furthermore, aberrations in FGF/FGFR were also correlated with a 

diagnosis of breast cancer and liver metastasis. 

TMEM207 Transmembrane 

Protein 207 

36.5 TMEM207 expression was found to be downregulated in clear cell renal cell carcinoma but no 

studies were found in breast cancer cells (Wrzesinski et al, 2015). However, high expression of 

TMEM45A was seen in breast cancer, which suggests that TMEM45A as a potential biomarker 

(Flamant et al, 2012). 

OR5J2 Olfactory Receptor 

Family 5 

Subfamily J 

34.4 ORs and OR2T6 have been demonstrated to play a role in breast cancer pathogenesis (see above) 

but the involvement of OR5J2 is not currently available. 
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Member 2 

OR5T2 Olfactory Receptor 

Family 5 

Subfamily T 

Member 2 

34.2 ORs and OR2T6 have been demonstrated to play a role in breast cancer pathogenesis (see above) 

but the involvement of OR5T2 is not currently available. 

LINC01091 Long Intergenic 

Non-Protein        

Coding RNA 1091 

30.2 No studies found on the association between LINC01091 and breast cancer or metastasis. 
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When these 15 genes were mapped to KEGG pathway (see Figure 4.2), two 

genes were shown to be involved in key cancer signalling pathways such as MAPK and 

PI3K-Akt pathways. When growth factor receptors on the cell membrane such as HER2 

are stimulated, this leads to the activation of two different but connected pathways, 

which are the mitogen activated protein kinase (MAPK) and PI3K-Akt pathways where 

the former promotes proliferation and invasion and the latter is involved in anabolism. 

Under normal circumstances, the pathways are highly regulated but in cancer, it is 

deregulated (Burotto, 2014). The MAPK pathway produces pro-oncogenic effects, 

however, in certain cancers it can produce tumour suppressor effects (Burotto, 2014). 

Activation of the Akt pathway in breast tumour samples have been associated with 

resistance to endocrine therapy, and activation of MAPK pathway was observed in 

tamoxifen and fulvestrant-resistant breast cancer cells (Ghayad et al, 2010). 

 
Figure 4.2 Mapping of the 15 Genes Deemed Important to KEGG Pathways 
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Three of the 15 genes were mapped to the Olfactory Signal Transduction 

Pathways. There have been several studies linking this pathway to breast cancer and 

metastasis. Olfactory receptors (OR) have been shown to be expressed in some cancer 

tissues. For instance, OR51E2 shows a high, tumour-specific expression in prostate 

cancer cells in comparison to non-cancer tissues (Neuhaus et al, 2012). Meanwhile, 

Weber et al (2018) found that transcripts of OR2B6 were detected in 73% of all breast 

carcinoma cell lines that they worked on whereas no expression of the gene was 

observed in healthy tissues. However, even though there were no published evidence of 

connection to metastasis at the moment, the occurrence of three types of OR namely 

OR9G4, OR5J2 and OR5T2 in this work showed there could be an underlying 

mechanism connecting metastasis to the olfactory transduction as seen in the KEGG 

pathway mapping. STRING analysis (Figure 4.3) however, showed no interaction 

between the ORs, as well as with other genes and there were no literature published 

regarding this as well. 

To see potential connections between the 15 genes as well as with oestrogen 

receptor, progesterone receptor and HER2, PPI interaction prediction via STRING was 

conducted (see Figure 4.3). FGF4 was predicted to interact with HER2 (denoted as 

ERBB2 in STRING and in Figure 4.3) and the two keratin proteins (KRTAP25 and 

KT76) were also predicted to interact with each other. 
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Figure 4.3 Protein-protein Interaction (PPI) Analysis Using STRING. The proteins 

corresponding to the genes are represented by nodes and if an interaction is predicted 

between 2 genes, there is an edge connecting the two nodes. The colour of the edges 

represents the factors covered. Green line indicates neighbourhood evidence, blue 

indicates cooccurrence evidence, purple indicates experimental evidence, light blue 

indicates database evidence and black line indicates co-expression evidence 

 

The separation between the two groups when these 15 genes were chosen 

suggests that the genes could be used to differentiate the breast samples between BC 

and MBC. However, collectively, the interactions between the genes, and consequently 

the biological outcome or phenotype, relating to its pro- or anti-metastatic outcome is 

still unclear as publications in this area is scarce. 

 

4.2.2 mRNA Profile of Primary vs Metastatic Samples 

Figure 4.4 shows the PCA plot of mRNA expression of breast and metastatic 

samples, using z-scores. Figure 4.4 (A) is when features with a score of above 0 were 

retained, where 1 223 out of 16 374 genes were used to calculate the principal 

components and later, the PC1 and PC2 was plotted. Figure 4.4 (B) is when features 

with a score of above 30 were retained, where 26 out of 16 374 genes were used to 

construct the PCA. The total number of PC generated from this analysis was 2, with 

eigenvalues for PC1 was 21646016 and eigenvalues of PC2 was 59.95058. As for the 
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percentage of variance, PC1 accounts for 100% of the variance, while PC2 does not 

contribute significantly to the variance. However, for the sake of only 2 PCs produced, 

both PCs were used for the subsequent analysis. The information of the 26 genes that 

were used in calculating the principal components can be found in Table 4.2, the 

membership of the genes in KEGG pathways can be found in Figure 4.5 and PPI 

interactions between the proteins can be found in Figure 4.6. 

 

 

 
Figure 4.4 The PCA Plot of mRNA Expression Profile of Breast Samples of Primary 

A 

B 
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and Metastatic Breast Samples where (A) is when features with a score of above 0 

were used to calculate the principal components and (B) is when features with a score 

of 30 and above were used to calculate the principal components. PC1 refers to 

principal component 1 (x-axis) while PC2 refers to principal component 2 (y-axis) 

 

Several observations can be made in regard to the mRNA expression profile of 

breast and metastatic samples. Firstly, by employing feature selection, it avoids the 

curse of dimensionality. However, as seen in Figure 4.4 (A), there are no separation 

between the two samples. By retaining variables with scores of 30, the separation 

between the two samples is better (see Figure 4.4 (B)), although some of the data 

between the groups still overlaps. As the metastatic samples are not site-specific, this 

may suggest that only certain metastatic sites share similar mRNA profile with the 

primary samples. 

Secondly, several of the 26 genes can be connected to breast cancer, metastasis 

and/or other cancer types (see Table 4.2). One of the genes is Matrix Metallopeptidase 

13 (MMP13) where it has been shown to potentially be involved in tumour invasion and 

metastasis. Additionally, high expression of MMP13 has been found in breast cancer 

patients (Kotepui et al, 2016). Besides MMP13, FBLN1 is also correlated to breast 

cancer as it is found to be upregulated in breast and ovarian cancers (Moll et al, 2002). 

However, a study done by Gallagher et al (2005) showed that FBLN1 gene exhibit both 

pro-oncogenic as well as tumour suppressive effects which could be due to its ability to 

suppress epidermal growth factor receptors (EGFR) activation (Harikrishnan et. al, 

2020). It is worth noting that several genes in Table 4.2 are also listed in Table 4.1 

such as FGF4, KRT6B, KRTAP25 -1, LINC00943, MAGEA9B, OR5B, OR9G4 and 

SCGB1D1. The shared genes may suggest potential link between breast cancer and its 

metastatic sites. 
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Table 4.2 

List and Details of the 26 Genes Used to Calculate the Principal Components where there was clear separation between primary and metastatic 

samples. FI is feature importance 

Gene symbol Gene name FI Description 

KRTAP25-1  100 See Table 4.1 

TUSC7  73.7 See Table 4.1 

MMP13 Matrix 

metallopeptidase 13 

57.4 MMP13 have been shown to potentially be involved in tumour invasion and metastasis. 

Additionally, high expression of MMP13 has been found in breast cancer patients (Kotepui et al, 

2016). 

MMP3 matrix 

metallopeptidase 3 

54.8 The expression of MMP3 has been found to be high in Egyptian breast cancer patients (Ibrahim, et 

a l, 2020). However, another study showed that MMP3 might inhibit cancer (Martin and Matrisian, 

2007). 

SCGB1D1  53.7 See Table 4.1 

FGF4  53 See Table 4.1 

OR9G4  52.5 See Table 4.1 

XIST X Inactive Specific 

Transcript 

51.3 XIST was down regulated significantly in brain metastatic tumour of breast cancer patients. XIST 

expression was inversely correlated with brain metastasis, but not with bone metastasis in patients 

(Xing et al, 2018). Decreased expression of XIST seems to stimulate epithelial-mesenchymal 

transition and activated c-Met via MSN-mediated protein stabilisation, promoting stemness in the 
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tumour cells. 

COLEC12 collectin subfamily 

member 12 

47.7 COLEC12, which plays a role in innate immunity, has been shown to participate in leukocyte 

recruitment and cancer metastasis. In cancer-associated stromal cells, increased levels of 

COLEC12 expression have been observed, which suggests involvement in tumour 

inflammation, possible through TLR4 (Li et. al, 2020). 

INSC INSC Spindle 

Orientation Adaptor 

Protein 

47.5 No information on the involvement of INSC in breast cancer or metastasis. 

OR5B3  47.3 See Table 4.1 

BMI1 BMI1 proto- 

oncogene, polycomb 

ring finger 

45.7 Several studies have shown the involvement of BMI1 in cancer stem cells where it exerts 

properties such as tumour initiation and differentiation of cancer stem cells. Althobiti et el. 

(2020) found that high BMI1 expression is associated with clinicopathological variables and 

outcome in breast cancer. High expression of BMI1 was associated with longer breast cancer-

specific survival (BCSS) independent of other prognostic variables. It is considered a potential 

cancer target. 

MYO1G myosin IG 41.2 No information on the involvement of MYO1G in breast cancer or metastasis. However, the 

involvement MYO1E has been found to promote tumour cell de-differentiation and 

proliferation. Additionally, poor breast cancer patient outcome is associated with MYO1E 

expression, and regulation of tumour metastasis (Ouderkirk-Pecone et al, 2016). 
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ZNF521 Zinc Finger Protein 

521 

38.2 No information on the involvement of SUN5 in breast cancer or metastasis. However, its 

expression has been shown to promote invasion, motility and proliferation of gastric cancer 

cells (Huan et al, 2019). 

SUN5 Sad1 And UNC84 

Domain Containing 5 

36.9 No information on the involvement of SUN5 in breast cancer or metastasis. 

MAGEA9B  36.3 See Table 4.1 

TLR8 Toll-like Receptor 8 34.1 TLRs have been implicated in invasion of breast cancer, promoting metastasis. However, 

TLR8 particularly have not been implicated in this (Yang et al, 2014). 

KRT6B  34.1 See Table 4.1 

SP7 Sp7 transcription 

factor also known as 

Osterix (Osx) 

33.2 SP7 expression was significantly correlated with lymph node metastasis. Studies showed that 

SP7 facilitates bone metastasis of breast cancer by upregulating the expression of a cohort of 

genes that contribute to steps in the metastatic cascade (Yao et al, 2019). 

ITGB6 Integrin subunit beta- 

6 

32.8 The function of Integrin includes invasion, migration, adhesion, survival, growth and 

differentiation (Moore et. al, 2015). Dysregulation of integrin expression and/or signalling 

have been found to correlate with development of cancer through inappropriately regulating 

the processes mentioned, in addition to mediating invasion and metastasis. High expression of 

either the mRNA or protein in breast cancer for the integrin subunit β6 was associated with 

very poor survival and increased metastases to distant sites (Cantor et al, 2015). 

FBLN1 fibulin 1 32.5 Higher expression of FBLN1 in normal- than cancer-associated fibroblastic stroma was 
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confirmed by immunohistochemistry of breast tissues was observed. More specifically, 

stromal expression of FBLN1 was higher in oestrogen receptor α-positive cancers. 

Additionally, low stromal expression of FBLN1 was correlated with higher proliferation of 

cancer epithelial cells (Sadlonova et al, 2009). 

FBLN1 was also significantly downregulated in melanomas, and its high expression level in 

melanoma patients were significantly associated with having better overall survival (Liu et al, 

2021), therefore suggesting connections to metastasis. 

LINC00943  31.8 See Table 4.1 

TGM2 Transglutaminase 2 31.8 TGM2 promotes epithelial to mesenchymal transition and was shown to promote bone 

metastasis of breast cancer cells possibly through down regulation of microRNA-205 (Seo et 

al, 2019). 

FREM1 FRAS1 related 

extracellular matrix 1 

31.2 A significantly low expression of FREM1 has been observed in breast cancer tissues. More 

specifically, decreased FREM1 expression was often associated with oestrogen receptor 

(ER)/progesterone receptor (PR) negative and triple negative breast carcinoma status (Li et al, 

2020). It has been found that FREM1 is involved in the infiltration of immune cells. 

CD7 CD7 molecule, T-

Cell Leukaemia 

Antigen 

30.8 No information relating to breast cancer was found, however CD7 expression was significantly 

correlated with tumour metastasis in NK/T-cell lymphoma patients (Fu et al, 2020). 

CACNA1G- CACNA1G antisense 30.5 CACNA1G-AS1 was found to be involved in enhancing the proliferative and invasive abilities 
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AS1 RNA 1 of colorectal cancer cells (Wei et al, 2020). In non-small cell lung cancer cell lines, it was 

found that the expression of CACNA1G-AS1 was significantly higher than in normal tissues 

(Yang et al, 2021). The high expression was shown to be correlated to distant metastasis, 

migration, cell invasion and increased epithelial-mesenchymal transition. 
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When mapped to KEGG pathways (see Figure 4.5), some of the genes was shown 

to be involved in key cancer signalling pathways such as 1 gene for MAPK and 2 genes 

for PI3K-Akt pathways, which was discussed previously. The olfactory transduction 

pathway seen in Figure 4.5 was also discussed previously. Several pathways such as 

regulation of actin cytoskeleton, IL-7 signalling and ECM-receptor interaction 

pathways may shed some light on the metastatic progression. There are five main steps 

to metastasis, which are detachment, cell migration and invasion, intravasation, 

extravasation and growth of secondary tumour. Cytoskeleton, which is made of three 

protein, actin, microtubules and intermediate filaments, is responsible for cell migration. 

Cell migration is a tightly controlled process, which is important in several biological 

processes such as tissue repair and embryonic morphogenesis. Aberrant cell migration 

in turn promotes progression of many diseases such as cancer invasion and metastasis. 

Cell migration can be divided into four main steps which are protrusion, adhesion, 

contraction and retraction (Fife et al, 2014). Cell migration is initiated in response to 

growth factors, which is then followed by the protrusion of the cell membranes. The 

protrusion is stabilised by adhesion proteins, linking actin cytoskeleton to the 

extracellular matrix (ECM) (Fife et al, 2014). The process continues with contraction, 

where the adhesions are disassembled at the rear of the cell, allowing retraction of 

trailing cell body towards the direction of cell movement (Ridley et al, 2003). While 

aberrant cell migration promotes metastasis, the process must be further aided by 

tumour microenvironment where inflammation may be an important contributor. 

Dysregulated inflammatory processes may increase influx of angiogenic cytokines 

from neighbouring immune cells, promoting a metastatic state (Finger and Giaccia, 

2010). 

 



 

72 

 

 

Figure 4.5 Mapping of the 26 Genes Deemed Important to KEGG Pathway 

 

PPI prediction using STRING (see Figure 4.6) shows that several of the genes 

are connected to oestrogen receptor, progesterone receptor and HER2, which includes 

TLR8, SP7, MMP13, MMP3 and BM1. MMPs (Matrix Metalloproteinases) are a 

family of zinc-dependent endopeptidases that degrade various proteins in the ECM such 

as collagen and elastin and are important in cell migration and proliferation. TLR8 is a 

member of the toll-like receptor family, where TLR-induced inflammation has been 

shown to support tumour microenvironment. SP7 expression was significantly 

correlated with lymph node metastasis. Studies showed that SP7 facilitates bone 

metastasis of breast cancer by upregulating the expression of a cohort of genes that 

contribute to steps in the metastatic cascade (Yao et al, 2019). Genes involved are 

MMP9, MMP13, VEGF, IL-8, and PTHrP which were downregulated when SP7 were 

knockdown and leads to inhibition of the invasive capacity of breast cancer cells and 

osteolytic metastasis (Yao et al, 2019). However, overexpression of SP7 had the inverse 

effect which shows the involvement of SP7 in bone metastasis of breast cancer. 
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Figure 4.6 Analysis Using STRING. The genes are represented by nodes and if an 

interaction is predicted between 2 proteins encoded by the genes, there is an edge 

connecting the two nodes. The colour of the edges represents the factors covered. Red 

line indicates the presence of fusion evidence, green line indicates neighbourhood 

evidence, blue indicates cooccurrence evidence, purple indicates experimental 

evidence, yellow indicates text mining evidence, light blue indicates database 

evidence and black line indicates co- expression evidence 

 

As previously mentioned, there is still some overlap between the groups even 

when only variables with a score of 30 and above were retained. To see whether this is 

true, similarity profile of different cancer based on the metastatic sites, with breast 

cancer were conducted based on their top 10 mutated genes obtained from TCGA 

database. Two similarity measures were used, which are the Sun’s method and BOG’s 

method (see Figure 4.7 (A) and (B) respectively). Based on Sun’s method, brain cancer 

is the most similar type of cancer with breast cancer, with a similarity value of only 

0.212. Based on BOG’s method, brain cancer is also the most similar type of cancer 

with breast cancer, with a similarity value of 0.182. This suggests that certain types of 

cancer such as. brain cancer, and possibly metastatic sites, do share some similarity with 

breast cancer with similarity percentage of between 18 to 21%. 
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Figure 4.7 Heat Map Showing the Similarities Between the Different Cancer Types, 

which represents the different metastatic sites, based on top 10 mutated genes for each 

cancer types. (A) is when similarity was calculated using Sun’s method and (B) is 

when similarity was calculated using BOG’s method 

 

 

 

A 

B 
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4.2.3 CNA Profile of Breast Samples of Breast Cancer vs Metastatic Breast 

Cancer 

Figure 4.8 shows the MCA plot of Copy Number Alteration (CNA) profile of 

breast samples of breast cancer (BC) and metastatic breast cancer (MBC). The figure 

showed CNA profiling was not able to separate the two groups, therefore no further 

analysis was performed. 

 

 

Figure 4.8 The MCA Plot of CNA Profile of Breast Samples of Breast Cancer (BC) 

and Metastatic Breast Cancer Patients (MBC) 

 

4.2.4 Odds Ratio (OR) of Genetic Mutations in Breast Samples of Breast 

Cancer vs Metastatic Breast Cancer 

From the data, odds ratio (OR) of genetic mutations in breast samples were 

calculated and its 95% confidence interval were calculated. Only 2 genes scored an OR 

value of above 1 with p-value < 0.05 which are AMER1 and DDR2. AMER1 which is 

the APC Membrane Recruitment Protein 1 was found to upregulate transcriptional 

activation by the Wilms tumour protein. While DDR2, also known as Discoidin Domain 

Receptor Tyrosine Kinase 2 facilitates cell migration and tumour cell invasion by up-

regulation of the collagenases MMP1, MMP2 and MMP13. However, as shown in 

Figure 4.9, STRING analysis showed no recorded interactions between these two genes 
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with ER, PR and HER2 genes. 

 

 

Figure 4.9 PPI of the Mutated Genes in Breast Samples of Breast Cancer vs Metastatic 

Breast Cancer. The protein of each gene are represented by nodes and if an interaction 

is predicted between 2 genes, there is an edge connecting the two nodes. The colour of 

the edges represents the factors covered. Green line indicates neighbourhood 

evidence, blue indicates cooccurrence evidence, purple indicates experimental 

evidence, yellow line indicates text mining evidence light blue indicates database 

evidence and black line indicates co-expression evidence 

 

4.2.5 Odds Ratio (OR) of Genetic Mutations in Primary vs Metastatic Samples 

Odds ratio and 95% confidence interval of genetic mutations in primary and 

metastatic samples were also calculated and the results are as shown in Figure 4.10. A 

total of 30 genes scored an OR value of above 1 with p-value < 0.05. However, only 

the top 20 were retained for further analysis. The full details of the 20 genes can be 

found in Table 4.3. 
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Figure 4.10 Odds Ratio and 95% Confidence Interval of Top 20 Mutated Genes in 

Primary and Metastatic Samples 

 

From Table 4.3, it can be seen that some of the genes has connection to 

metastasis, such as DMXL1, NRXN1, PI4KA, RFWD2, ABCB5, AKT3 and YAP1. 

RFWD2 has been demonstrated to play a vital role in the regulation of cell proliferation, 

apoptosis and DNA repair and can play tumour suppressive and oncogenic roles in 

human malignancies (Song et al, 2020). Meanwhile, ABCB5 can significantly enhance 

metastasis and epithelial–mesenchymal transition (EMT), while knockdown of ABCB5 

inhibited these processes (Yao et al, 2017). Furthermore, two genes have been 

associated with poor relapse-free survival in breast cancer patients which are MYH4 

and KRT2. Phylogenetic analysis of a triple-negative ductal cancer patient, which later 

relapse with CNS metastases and breast metastases found that there is a mutation in the 

FSIP2 gene (Mattos-Arruda et al, 2019) which suggested that mutation in the FSIP2 

gene might lead to breast metastasis.
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Table 4.3 

Top 20 Significantly Mutated Genes in Primary vs Metastatic Samples 

Gene Symbol Gene Name Description 

PMS1 

 

DNA Mismatch Repair 

Protein PMS1 

PMS1 is likely to be involved in the repair of mismatched DNA. Even though mismatch repair 

genes (MMR) have been shown to play a role in tumour control and progression, however, the role 

of PMS1 in this process is still poorly understood (Silva-Fernandes et al, 2021). 

MYH4 Myosin Heavy Chain 4 MYH4 is involved in muscle contraction and it enables double-stranded RNA binding activity. It 

is associated with poor relapse free survival in breast cancer patients (Gerashchenko et al, 2020).  

TCF7L2 

 

Transcription Factor 7 

Like 2 

This gene encodes a transcription factor that plays a key role in the Wnt signalling pathway. The 

increased risk of breast cancer was found associated with TCF7L2 polymorphisms (Wang et al, 

2015). 

 

DMXL1 

 

DmX-Like Protein Lan et al (2019) has identified DMXL1 as one of the hub genes in triple negative breast cancer 

patients in which this hub genes were considered to serve important roles in the underlying 

mechanisms of malignancy. 

KRT2 

 

Keratin 2 Han et al (2021) found that the mRNA levels of KRT2 were expressed significantly different 

between primary melanoma and metastatic melanoma. Even though there is no study relating 

KRT2 with MBC, however, in silico analyses revealed association between KRT16 expression and 

shorter relapse-free survival in metastatic breast cancer (Joose et al, 2012). 

FSIP2 Fibrous Sheath Phylogenetic analysis of a triple-negative ductal cancer patient, which later relapse with CNS 



 

79 

 

 Interacting Protein 2 metastases and breast metastases found that there is a mutation in the FSIP2 gene (Mattos-Arruda 

et al, 2019). 

CNKSR2 

 

Connector Enhancer of 

Kinase Suppressor of Ras 

2 

David et al (2018) found that Smurf2-CNKSR2 interaction may serve as a common strategy to 

control proliferation of human breast cancer cells by modulating CNKSR2 protein stability. 

F5 Coagulation Factor V Tinholt et al (2018) found that F5 was expressed higher in human breast tumours as compared to 

normal tissues. This high expression of F5 was not only associated with aggressive tumours but 

also associated with survival in breast cancer. 

 

NRXN1 

Neurexin 1 Alkhathami et al (2021) observed an increase of 11.61-fold of NRXN1 expression in breast cancer 

patients compared to healthy controls. They found that NRXN-1 expression was significantly 

associated with menopausal status, lymph node involvement, oestrogen receptor (ER) status, 

progesterone receptor status, TNM stages, and distant metastases. They concluded that increased 

expression of NRXN-1 was linked with disease advancement and distant metastases (Alkhathami 

et al, 2021). 

PI4KA Phosphatidylinositol 4-

Kinase Alpha 

 

Waugh (2012) reported that alterations to phosphatidylinositol 4-kinase expression levels can 

modulate MAP kinase and Akt signalling, and are important for chemoresistance, tumour 

angiogenesis and the suppression of apoptosis and metastases. 

RNF43 Ring Finger Protein 43 In right-sided colorectal cancer (RCRC), RNF43 mutation is associated with aggressive tumour 

biology along with BRAF V600E mutation (Matsumoto et al, 2020).  
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TOPAZ1 Testis And Ovary 

Specific TOPAZ 1 

The expression pattern of TOPAZ1 suggests that it may play an important role in germ cell 

development (Baillet et al, 2011). However, no connection to metastasis was found at this moment. 

 

TRHDE 

Thyrotropin Releasing 

Hormone Degrading 

Enzyme 

Hu et al (2021) stated that low TRHDE- antisense RNA1 expression is associated with poor 

outcomes in patients with breast cancer and potentially contributes to the aggressive tumour biology 

of breast cancer. 

 

RFWD2 

RING-Type E3 

Ubiquitin Transferase 

RFWD2 

RFWD2 is also known as COP1, has been demonstrated to play a vital role in the regulation of cell 

proliferation, apoptosis and DNA repair and can play tumour suppressive and oncogenic roles in 

human malignancies (Song et al, 2020). 

 

ABCB5 

ATP Binding Cassette 

Subfamily B Member 5 

Yao et al (2017) found that ABCB5 can significantly enhance metastasis and epithelial–

mesenchymal transition (EMT), while knockdown of ABCB5 inhibited these processes. They also 

found that ABCB5 expression was increased in metastatic tissues when compared with 

nonmetastatic tissues in a number of cancer subtypes, including breast cancer (Yao et al, 2017). 

 

AKT3 

AKT Serine/Threonine 

Kinase 3 

Grottke et al (2016) found that depletion of AKT3, but not AKT1 or AKT2, resulted in increased 

migration in vitro while combined downregulation of AKT2 and AKT3, as well as AKT1 and 

AKT3 significantly increased metastasis formation in vivo. Their results showed that knockdown 

of AKT3 can increase the metastatic potential of triple negative breast cancer cells (Grottke et al, 

2016). 

 

NPAP1 

Nuclear Pore Associated 

Protein 1 

Even though mutations of NPAP1 in non-small cell lung cancer (NSCLC) patients were 

significantly associated with better progression free survival, objective response rate and durable 
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clinical benefit compared with those with wild-type NPAP1 (Yang et al, 2022), there were no 

available studies found to associate it with metastatic breast cancer. 

 

PRUNE2 

Prune Homolog 2 With 

BCH Domain 

Li et al (2022) investigated the expression level of PRUNE2 in colorectal cancer (CRC) cell lines 

and found that PRUNE2 overexpression leads to decreased cell survival, proliferation, invasion and 

tumourigenicity and promoted apoptosis, suggesting that PRUNE2 may function as a tumour-

suppressive gene in CRC. However, there were no available studies found to associate it with 

metastatic breast cancer. 

SULF1 Sulfatase 1 A study conducted by Fattahi et al (2021) found that there was statistically significant increase of 

SULF1 expression levels in advanced stages of colorectal cancer (CRC) patients and the expression 

level also increased in the metastatic stage as well.    

YAP1 Yes1 Associated 

Transcriptional 

Regulator 

Qadir et al (2021) reported that YAP1 expression was nine folds higher in tumours compared to 

controls and significantly associated with metastasis (p < 0.05) and poor survival in Pakistani breast 

cancer patients. These findings establish the role of YAP1 overexpression in tumourigenesis and 

metastasis of breast cancer. 
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To further elucidate the interaction between these 20 genes with ER, PR and 

HER2 receptor, PPI analysis was conducted. Based on Figure 4.11, it can be seen that 

two genes have connections with the 3 hormone receptors. AKT3 has connection with 

ER, while YAP1 showed connection to HER2. This may suggest not just potential 

mechanism of metastatic breast cancer, but also the interplay between hormone receptor 

status, metastatic pathways and phenotypes (see later).  

 

Figure 4.11 PPI of the 20 Mutated Genes in Metastatic Samples. The protein of the 

genes is represented by nodes and if an interaction is predicted between 2 genes, there 

is an edge connecting the two nodes. The colour of the edges represents the factors 

covered. Green line indicates neighbourhood evidence, blue indicates cooccurrence 

evidence, purple indicates experimental evidence, yellow line indicates text mining 

evidence light blue indicates database evidence and black line indicates co-expression 

evidence 

 

Figure 4.12 shows the mapping of the top 20 mutated genes in metastatic 

samples to GO Biological Process. It can be seen that almost half of the genes are either 

involved in epithelial cell proliferation or regulation of it (31.15% and 24.59%, 

respectively). 
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Figure 4.12 GO Annotation of the Top 20 Mutated Genes in Metastatic Samples 

 

4.2.6 Clinical profile of Metastatic Breast Cancer Patients 

4.2.6.1 Profile of Metastatic Breast Cancer Patients 

In analysing the profile of metastatic breast cancer patients, multiple 

correspondence analysis (MCA) was performed on 911 metastatic breast cancer 

patients. Two analyses were performed, which were (i) associations between the 

variable (Figure 4.13) and (ii) association between the variable categories (Figure 4.14). 

To better elucidate (ii), hierarchical clustering was performed and can be seen in Figure 

4.15. The MCA biplot helps to identify variables that are the most correlated with each 

dimension. The squared correlations between variables and the dimensions are used as 

coordinates. For example, in Figure 4.13, the PR and ER status of the primary site 

(PR_primary and ER_primary respectively) are the ones that contributed the most to 

dimension 1. Meanwhile, the HER2 status of the primary site and HER2 status of breast 

samples (HER2_primary and HER2_sample respectively) are the ones that contributed 

the most to dimension 2. 
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proliferation, 

31.15%

Regulation of 
epithelial cell 
proliferation, 
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Figure 4.13 Correlation Between the Variables Collected from Metastatic Breast 

Cancer Patients. The closer the distance between two variables, the more correlated 

they are 

 

 

Figure 4.14 Correlation Between the Variable Categories Collected from Metastatic 

Breast Cancer Patients. The closer the distance between two variable categories, the 

more correlated they are 

 

 



 

85 

 

 

However, given the many variable categories in Figure 4.14, it is difficult to 

determine the most contributing factor for dimension 1 and 2 thus this can be better seen 

in the hierarchical clusters in Figure 4.15. Here, the data was divided into 5 clusters, 

based on the Elbow Method by plotting the within-cluster sum of squares (WCSS) or 

the average silhouette width against the number of clusters. This plot gives rise to the 

‘elbow’ which suggest the number of clusters which is 5. (Adding more clusters than 

the ‘elbow’ does not significantly improve the clustering quality). Each cluster is 

depicted by the different colour dendrogram. Two variable categories are highly similar 

if they belong in the same cluster, and the distance between them is as close to 0. The 

distance is shown as the x - axis of the cluster. Two variables can belong in the same 

cluster but having a notable distance between them such as the case with 

OncoTree_breast and Age_1, which represents patients with OncoTree Code Breast and 

patients aged 30 years or below. Although both belong in the same cluster (denoted in 

blue), the distance is around 5, and hence are not closely similar. In contrast, 

ER_sample_+ and PR_primary_+, which signify ER+ status of the sample and PR+ 

status of primary site respectively, belongs to the same cluster (denoted in purple) and 

has a distance close to 0. The negative counterparts of both variable categories were 

also clustered together, but at a higher distance. To validate the hierarchical clustering, 

the cophenetic correlation coefficients were calculated using the cophenetic() function 

in the R ‘stats’ package. The result showed a mean of 4.163, median of 3.742 and the 

mode of 6.481 repeating 1504 times. A cophenetic coefficient ranges from -1 to 1, with 

1 indicating a better fit between the original dissimilarity matrix and the cophenetic 

distance matrix. A higher cophenetic correlation coefficient suggests that the 

dendrogram provides a more accurate representation of the underlying data. Thus, based 

on these statistical measures, it can be said that our hierarchical clustering result is 

indeed reliable. Hence, it can be said that both variable categories are highly similar. 

PR modulates ER function and has been used as a biomarker for ER+ breast cancer. 

The analysis here suggest that PR may also modulate ER function in non-breast tissues. 
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Figure 4.15 Hierarchical Clustering of the Variable Categories. The data was clustered into 5 clusters, which was colour coded. Two variable 

categories are similar if they belong in the same cluster and has a distance of closer to 1 (shown by the x-axis) 
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Another notable observation is between HER2 status of both primary and 

metastatic sites. There seems to be a high similarity between both statuses as 

HER2_sample_+ and HER2_primary_+ are in the same cluster, as well as having a 

distance close to 0. The same can be said with HER2_sample_- and HER2_primary_-. 

These observations closely follow information from the literature where a high 

concordance is observed between HER2 status of primary and metastatic sites (Bozzetti 

et al, 2011). Recent analysis has shown that in 33.2% of the cases, there is a discordance 

between the HER2 status (Arslan et al, 2011). A study done by Lower et al (2009) 

reported a discordance in HER-2 status in 127 patients (33.2%): 90 cases (23.6%) 

changed from positive to negative whereas 37 cases (9.6%) changed from negative to 

positive in primary and metastatic site. This study found that HER-2 negative primary 

lesion patients and HER- 2 positive metastasis group showed the best survival. These 

changes could be related to some of these mechanisms; intratumoural heterogeneity, 

genetic alteration during tumour progression, selective effect of prior or adjuvant 

chemotherapy, endocrine treatment or targeted agents and selection of resistant tumour 

clones (Edgerton et al, 2003). 

Meanwhile, studies done in 2002 by Vincent-Salomon and colleagues found that 

after preoperative chemotherapy, none of the HER-2 negative tumours had changed to 

positive status. This means that patients with HER-2 negative primary lesions showed 

concordant results in the metastasis as well. The same goes for the study by Gong et al 

(2005) where they found the concordance rate between primary and metastatic was 

97%. However, in the last few years, there were more reports on discordances in the 

HER2 status between primary and metastatic patients which shows that there might still 

be underlying factors such as epigenetics or environmental factors that have yet to be 

determined. 

Several other observations that can be made were that IDC (invasive ductal 

carcinoma) and metastasis to the liver are in the same cluster, as well as ILC (invasive 

lobular carcinoma) and metastasis skin. Currently, there are no established relationship 

between subtypes of breast cancer and metastatic sites. However, there are several 

studies that explore this. For instance, Matthew et al (2017) found that patients with 

IDC had greater liver and lung/pleura involvement, which is in line with what we found, 

while patients with ILC had a greater tendency to develop GI and ovarian metastases. 

They also found that HER2-positive disease was more frequent in patients with IDC 
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compared to the ILC group. 

 

4.2.6.2 Comparison between Breast Cancer vs Metastatic Breast Cancer Patients 

using MCA 

MCA was also performed to compare the clinical profile between breast cancer 

and metastatic breast cancer patients. Two different data sets were used, where one 

contains 2 additional variables, which are OncoTree code and Adjuvant Radiation 

(Figure 4.16 (A)) and the other does not contain these two variables (Figure 4.16 (B)). 

 

 

 

A 
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Figure 4.16 MCA Plot of Clinical Profiles Between Breast Cancer and Metastatic 

Breast Cancer Patients. (A) is when variables Adjuvant Radiation and OncoTree Code 

were used and (B) is when the variables were excluded from the profiling 

 

From the MCA plot, both data sets showed clear separation between the two 

groups despite the difference in variables. This suggests that the variables used can 

determine the two patient subtypes. Looking at Figure 4.17, the variable Adjuvant 

Radiation does not seem close to any of the other variables while the OncoTree code is 

closest to HER2. The distance of other variables seemed almost similar to one another, 

making it hard to make a deduction. However, after taking out these two variables 

(OncoTree code and Adjuvant Radiation), it seemed hormone therapy stood in between 

HER2 and PR in terms of closeness and chemotherapy seemed to be closer to PR than 

ER as seen in Figure 4.18. 

B 
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Figure 4.17 Correlation Between the Variables Used in the Profiling where Variables 

Adjuvant Radiation and OncoTree Code were used 

 

 

Figure 4.18 Correlation Between the Variables Used in the Profiling when the 

Variables Adjuvant Radiation and OncoTree Code were Excluded from the Profiling 
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To further elucidate the relationship between all these variables, hierarchical 

clustering was conducted, with inclusion of OncoTree code and Adjuvant Radiation as 

shown in Figure 4.19, and without these two variables as shown in Figure 4.20. From 

Figure 4.19, the distance of close to zero is between variable Patient_BC and HER2 - 

negative. This raised the question of whether patients with HER2-positive are more 

prone to metastasis since its negative counterpart is closed to the variable of primary 

breast cancer (Patient_BC). HER2-positive however is clustered together with ER- 

negative and PR-negative which raised the question of whether ER-negative and PR- 

negative is also prone to metastasis since they are all clustered together. 
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Figure 4.19 Hierarchical Clustering of the Variable Categories, which Include OncoTree Code and Adjuvant Radiation. The data was clustered 

into 5 clusters, which was colour coded. Two variable categories are similar if they belong in the same cluster and has a distance of closer to 1 

(shown by the x-axis) 
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Another close relationship of close to zero is between the variable category 

Chemotherapy_no (patients did not receive chemotherapy for more than 2 years) and 

ER+ as can be seen in both Figure 4.19 and Figure 4.20. This is expected since patients 

with oestrogen receptor positive are usually treated with hormonal therapy. 

 

Figure 4.20 Hierarchical Clustering of the Variable Categories, without OncoTree 

Code and Adjuvant Radiation. The data was clustered into 5 clusters, which was 

colour coded. Two variable categories are similar if they belong in the same cluster 

and has a distance of closer to 1 (shown by the x-axis) 

 

4.2.7 Pathway Curation of Potential Events Involved in the Occurrence of 

Metastatic Breast Cancer 

To consolidate the previous results, with the aim of elucidating potential 

mechanism of occurrence of metastatic breast cancer, we first mapped the top 20 

mutated genes from metastatic samples to GO Biological Process using Cytoscape, 

through the ClueGO application. We then proceeded to analyse whether there is a 

correlation between the mRNA expression and clinical profile, given that both showed 

good separation between breast cancer and MBC patients. Lastly, using SIGNOR 2.0, 

we manually curated potential pathways of MBC occurrence. Steps involved include: 

(i) identifying the phenotypes/ outcome of the genes using the ‘all’ option, (ii) from 

results identified in (i), find the published interactions between the genes with ESR1, 

PGR and ERBB2, as well as genes identified in the mRNA profiling and top 20 mutated 
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genes using the ‘shortest path’ function. Regarding the latter, the interaction between 2 

genes is only explored if PPI was predicted by STRING. 

 

Figure 4.21 GO Annotation of Genes from Breast Samples of MBC Patients and 

Metastatic Samples 

 

From Figure 4.21, the top three GO Biological Processes involved are: negative 

regulation of plasma membrane bounded cell projection assembly (8.03%), cell surface 

receptor signaling pathway involved in cell-cell signaling (8.03%) and cellular process 

(7.63%). Negative regulation of plasma membrane bounded cell projection assembly is 

referring to any process that stops, prevents or reduces the frequency, rate or extent of 

plasma membrane bounded cell projection assembly. It can be said that most of the 

genes are involved in biological processes at the cellular level, with the first two 

happening at the cell surface.  

In the attempt to see whether the mRNA and clinical profiles are correlated, 

given the clear separation in the PCA and MCA respectively, Pearson’s correlation was 

calculated between PC1 and PC2 from PCA and Dimension 1 and 2 from MCA (see 

Table 4.5). From Table 4.4, it can be seen that a linear correlation between the two 

profiles is very weak (less than 0.3). A non-linear correlation was then calculated (see 

Table 4.5). 
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Table 4.4 

Pearson’s Linear correlation of PC1 and PC2 from PCA and Dimension 1 and 2 from 

MCA 
 Dim 1 Dim 2 PC1 PC2 

Dim 1 1.0*** -0.11*** -0.09*** 0.06*** 
Dim 2 -0.11*** 1.0*** 0.02 0.04* 

PC1 -0.09*** 0.02 1.0*** 0.08*** 
PC2 0.06*** 0.04* 0.08*** 1.0*** 

*** indicates p-value <0.01 * indicates p-value <0.1 

 

Table 4.5 

Non-linear Correlation of PC1 and PC2 from PCA and Dimension 1 and 2 from MCA 
 Dim 1 Dim 2 PC1 PC2 

Dim 1 1.0*** 0.36*** 0.12** 0.17*** 

Dim 2 0.35*** 1.0*** 0.04** 0.16** 

PC1 0.09*** 0.02*** 1.0*** 0.08*** 

PC2 0.09*** 0.03*** 0.25** 1.0*** 

*** indicates p-value <0.01** indicates p-value <0.05 

 

A non-linear correlation means the ratio of change between two variables is not 

constant. If plotted on a graph, a straight line might not occur, instead the graph will 

have a curve and it is hard to determine the value of one variable given the value of the 

other variable. However, after calculating the non-linear correlation for these variables, 

the correlation coefficient is still very low (less than 0.3) which shows the two profiles 

has significantly low correlation in a non-linear manner either (Table 4.5). 

In an attempt to explain possible mechanism on the occurrence of metastatic 

breast cancer based on the results obtained, a potential pathway was curated (see Figure 

4.22). 

When subjected to SIGNOR 2.0, two genes were mapped to particular 

phenotypes which are SP7 and YAP1. YAP1 was mapped to, and upregulates 

proliferation while inhibiting apoptosis and cell death. SP7 was mapped to, and 

upregulates osteoblast differentiation.  

Apoptosis is a form of programmed cell death and is essential in inhibiting 

metastasis by killing misplaced cells. Resistance to apoptosis is imperative for each step 

of metastatic progression, but the most crucial step may be the resistance to cell death 

initiated by the loss of cell-cell and cell-ECM contacts (Zornig et al, 2001). The 

detachment of cells from the ECM leads to a type of apoptosis called anoikis, and 
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anoikis resistance have been shown to be commonly detected in metastatic cells (Su et 

al, 2015). 

Osteoblasts are involved in bone construction in which they synthesise the bone 

extracellular matrix (osteogenesis) (Rutkovskiy et al, 2016). In a study performed by 

Kolb et al (2019), it was found that osteoblasts suppressed both triple-negative and 

oestrogen receptor-positive breast cancer cell proliferation, suggesting a functional role 

in retarding breast cancer cell growth. 

From here, we worked our way back and traced which genes lead to the up- or 

down-regulation of the two genes, as well as finding any potential interactions with 

ESR1, PGR, ERBB2, as well as genes from mRNA expression profile and OR analysis. 

This is done by referring to the PPI previously done, and searching for the shortest path 

between two genes through SIGNOR 2.0. It should be noted that not all PPI presented 

in STRING could be found in SIGNOR 2.0. 

From Figure 4.22, it can be seen that YAP1 upregulates ESR1 (oestrogen 

receptor). TEAD (TEA DNA binding domains) as can be seen in the figure, are 

transcription factors of YAP. A study by Ma et al (2022) found that YAP-TEAD binding 

increases local chromatin accessibility to stimulate transcription of nearby genes.  

As for SP7, SIGNOR 2.0 did not compute any interaction with ER, PR and 

HER2 receptor. 
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Figure 4.22 Curated Pathways Based on mRNA Expression Profile and OR Mutation of Breast Samples of MBC Patients and Metastatic Sites 
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4.3 Construction of Predictive Model Using Genotype, Phenotype and Clinical 

Data 

To further validate whether the 15 genes and clinical factors identified can 

predict metastatic status of breast cancer patients, prediction models were constructed 

where two sets of different data were obtained for internal and external validation. 

4.3.1 Internal Validation 

The results of the internal validation for all of the training sets used can be seen 

in Table 4.7. As previously mentioned, the Clinical_7 contained 8 variables which are 

age, ER, PR and HER2 status, chemotherapy, hormone therapy, adjuvant radiation and 

OncoTree code; while Clinical_5 has the same variables minus adjuvant radiation and 

OncoTree code. 

For the Clinical_7 training set, the sensitivity value was low, which is 0.303 but 

the specificity value is high, which is 0.996. Given the difference between the data 

points of the two classes, where more data were available for breast cancer patients 

compared to metastatic breast cancer patients, the values were expected. This scenario 

is commonly encountered where there are more data or results available on negative 

results compared to positive results. To see whether the model could be improved, 

AdaBoost was employed. However, as can be seen in Table 4.6, there is no significant 

improvement, which could mean that the AdaBoost classifier cannot capture the 

underlying patterns in the data effectively. To proceed, the number of breast cancer data 

points was reduced so that the ratio between breast cancer and metastatic breast cancer 

is now 5:1. The change in ratio did increase the sensitivity two-fold, while the 

specificity did not change significantly. The ratio was then further reduced to to 3:1, 

which then produce a slight reduction of both sensitivity and specificity. 

In the Clinical_5 training set, it showed a low sensitivity value of 0.083 but a 

high specificity at 0.998. Applying the AdaBoost only produced a modest increase in 

sensitivity but the specificity was not significantly affected. By setting the ratio of breast 

cancer and metastatic breast cancer to 5:1, the sensitivity value increased six-fold to 

0.611, with a slight decrease in specificity at 0.95. Further reducing the ratio to 3:1 

produced a slight increase of sensitivity to 0.722 and a slight decrease in specificity. 
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When comparing the results between Clinical_7 and Clinical_5, reducing the ratio 

improved the performance of the model. The ratio of the training set, as well as the 

number of variables influences the performance of the model. 

Meanwhile, mRNA_15 has all 15 genes that were identified previously, while 

mRNA_7 contained only 7 of the genes which are FGF4, MT4, OR5T2, KRT76, 

OR9G4, SCGB1D1 and OR5J2. For both the mRNA_15 and mRNA_7, both showed a 

high specificity value of 1.0 as well as high sensitivity values of 0.922 and 0.93 

respectively. This could be due to the value of false positive that turned out to be 0 for 

both data sets. 

For the CNA training set, the model showed sensitivity and specificity values of 

0.346 and 0.959 respectively. Given the poor separation between the two groups shown 

in the previous chapter, the low sensitivity was expected. This somewhat confirms the 

result of the previous chapter. 
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Table 4.6 

Results of the Internal Validation for All of the Training Sets 

Data Error Rate Precision F-measure AUC Sensitivity Specificity 

Clinical_7 0.015 0.988 0.992 0.897 0.303 0.996 

Clinical_7 + Ada Boost 0.016 0.988 0.991 0.908 0.303 0.995 

Clinical_7_ 5:1 

*Ratio of BC: MBC is 5:1 

0.066 0.941 0.960 0.931 0.688 0.982 

Clinical_7 _3:1 

*Ratio of BC: MBC is 3:1 

0.138 0.877 0.911 0.882 0.594 0.949 

Clinical_5 0.017 0.984 0.991 0.795 0.083 0.998 

Clinical_5 + Ada Boost 0.016 0.984 0.991 0.814 0.139 0.997 

Clinical_5_5:1 

*Ratio of BC: MBC is 5:1 

0.111 0.918 0.934 0.834 0.611 0.95 

Clinical_5_3:1 

*Ratio of BC: MBC is 3:1 

0.017 0.977 0.988 0.959 0.722 0.942 

mRNA_15 0.004 0.994 0.997 0.950 0.922 1.0 

mRNA_7 0.004 0.995 0.997 0.962 0.93 1.0 

CNA 0.154 0.865 0.909 0.855 0.346 0.959 
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4.3.2 External Validation 

The results of the external validation can be found in Table 4.7 below. As 

previously mentioned, since there were no external data set containing all 7 variables 

for Clinical_7 could be found, hence external validation was not performed for this 

training set. External validation for CNA was also not performed because of its low 

sensitivity of 0.34 and because CNA profiling by MCA previously showed no clear 

separation of CNA between BC and MBC. 

 

Table 4.7 

Result of the External Validation 
Training 

set 

Error 

Rate 

Precision F-

measure 

AUC Sensitivity Specificity 

Clinical_5 0.036 0.975 0.981 0.665 0.0 0.988 

mRNA_15     0.004 0.994 0.997 0.950 0.963 1.0 

mRNA_7   0.002 0.996 0.998 0.977 0.93 1.0 

 

In terms of specificity, all 3 models showed good value. As previously 

mentioned, there are usually more negative data available than positive, hence this was 

expected. However, the same could not be said about the sensitivity value. While 

mRNA_15 and mRNA_7 showed high sensitivity values of 0.922 and 0.93 respectively, 

Clinical_5 produced a sensitivity of 0. It should be stressed that the external data set for 

Clinical_5 only contain 2 data points for metastatic breast cancer, and the model failed 

to correctly predict for both. Given these circumstances, the ability of the model to 

predict positive value should not be based on the prediction of these 2 data points. This 

model should be further tested once more data are available in public repositories (at 

least in the ratio of 5:1 for BC and MBC, respectively) or in future studies. 

 

4.3.3 Visualisation of Decision Trees 

To understand how Random Forest predicts the outcome based on the variables, 

the decision tree was visualised using the graphviz function in sklearn. Figure 4.23 is 

the decision tree for the Clinical_7 training set where estimator = 5. Here, the most 

important feature is Age, with an importance of 0.37. The top box, or node, is known 
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as root node where the depth is 0. At each node, a question is being asked, which then 

divides the data into smaller subsets. There are also several characteristics in each node, 

which are gini, samples, value and class. Gini quantifies the purity of the node where a 

value of zero signifies that the node is pure, and all the samples belong to one class. If 

gini is more than zero, this indicate that the samples belong to a different class. Sample 

indicate the number of samples used in the predictive model. Value then represents how 

many samples belong to each class. For example [50, 50] indicates that 50 samples 

belong to NMBC (non-MBC) class and 50 samples belong to MBC class. Lastly, class 

indicate the prediction of class membership. The terminal node, where there are no 

further nodes, indicate the final prediction of the samples based on all questions asked. 

To illustrate the decision tree, the path marked in red arrow in Figure 4.23 will be 

explained here. In Figure 4.23, the first question is, is the patient’s age in category 1 or 

2 (30 years old or younger or between 31-40 years old, respectively) Based on the 

answer, the path will follow either the True or False paths. Further questions will be 

asked until it reaches a terminal node. If the patient age is in category 1 or 2, the next 

question that was asked was whether progesterone receptor status is negative. If the 

answer is true, the next question will ask whether the oestrogen receptor is negative. A 

false answer will be followed up on a question on whether patient is on hormone 

therapy. A true answer will lead to a terminal node where class is MBC and a false 

answer will lead to a terminal node where class is NMBC. From the decision tree, the 

combination of factors that leads to a particular outcome can be visualised, as well as 

provide an insight into metastatic breast cancer. 

It should be noted that this only indicate one decision tree. The Random Forest 

here generates a final prediction based on 100 decision tree and hence the path of this 

decision tree here should not be taken as the ‘end all’. However, it could be used to 

observe how the combination of different variable values contribute to an outcome. As 

for Figure 4.23 which is the decision tree for clinical factors, the most important feature 

in this decision tree is Age (as compared to the hormone receptor status and treatments 

received), with an importance of 0.37. 

 

 

 



 

 

103 

 

Figure 4.23 Decision Tree for Clinical_7 when Estimator = 5. The most important feature in this decision tree is Age, with an importance of 0.37
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Figure 4.24 shows the decision tree for the mRNA_15 training set when 

estimator = 5. Here, the most important feature is the gene OR5T2, with a score of 0.93. 

From the decision tree, it can be seen that a z-score of -4.06 or less for OR5T2 is a 

strong indicator of MBC. However, there may be some exception to this, where 5 

terminal nodes containing the class membership MBC exists when z-score of OR5T2 is 

higher than -4.06. The decision tree here shows the combination of values based on gene 

expression that can lead to a potential MBC diagnosis. 

To illustrate this decision tree, the path marked in asterisk in Figure 4.24 will be 

explained here. In Figure 4.24, the first question is, whether there is an overexpression 

of OR5T2. Based on the answer, the path will follow either the True or False paths. 

Further questions will be asked until it reaches a terminal node. If there is no 

overexpression of OR5T2, the next question that was asked was whether there is an 

overexpression of KRTAP25. A false answer will be followed up on a question on 

overexpression of KRT76. Another false answer will be followed up on a question on 

overexpression of LINC01091. A true answer will lead to a terminal node where class 

is MBC and a false answer will lead to a terminal node where class is NMBC. From 

here, the combination of factors that leads to a particular outcome can be visualised and 

we can see how the combination of different variable values contribute to an outcome. 
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Figure 4.24 Decision Tree for mRNA_15 when Estimator = 5. The most important 

feature in this decision tree is OR5T2, with an importance of 0.93 
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Figure 4.25 shows the decision tree for the mRNA_7 training set when estimator 

= 5. Here, the most important feature is the gene SCGB1D1, with a score of 0.95. From 

the decision tree, it can be seen that a z-score of -2.97 or less for SCGB1D1 is a strong 

indicator of MBC. However, there may be some exception to this, where 5 terminal 

nodes containing the class membership MBC exists when z-score of SCGB1D1 is 

higher than -2.97. The decision tree here shows the combination of values based on gene 

expression that can lead to a potential MBC diagnosis. 

For example, if expression of SCGB1D1 is not -2.97 or less, the next question 

is the expression of DBIL5P2. If it is true, the next question is again on expression of 

SCGB1D1 whether it’s 0.35 or less or -0.81 or less and it will continue on until a 

terminal node is reached. 
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Figure 4.25 Decision Tree for mRNA_7 when Estimator = 5. The most important 

feature in this decision tree is SCGB1D1, with an importance of 0.95 
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4.4 Validation using Systematic Review 

This systematic review was done to further validate the previous findings on 

clinical factors that could possibly lead to metastatic breast cancer. Ideally, the review 

should also cover the 15 genes that were previously identified. However, since not all 

of the parameters we looked for can be found in literature, this review only focuses on 

the effect of treatments for metastatic breast cancer patients with regards to their HER2 

and hormone receptor status. 

In the previous findings (section 4.2.6), the followings were found: 

HER2- patients were clustered together with primary breast cancer (Figure 

4.23), which raised the question on whether HER2+ patients are more prone to 

metastatic disease. HER2+ patients were clustered together with ER- and PR-. 

Additionally, patients who received hormone therapy for more than 2 years are clustered 

together with primary breast cancer along with HER2- and ER+ parameters which 

raised the question of whether treatment with hormone therapy for more than 2 years 

reduced the risk of HER2 -, ER+ patients to progress to metastatic state. Predictive 

modelling showed that combination of factors such as mRNA and genetic profiling was 

able to classify BC and MBC. 

Therefore, this review was conducted to validate these findings. In this review, 

median PFS was used as an indicator for occurrence of metastatic breast cancer. High 

PFS was viewed to mean that the combination of the statuses has lower probability to 

contribute to MBC occurrence. In contrast, low PFS could mean the combination of 

statuses has higher probability to contribute to metastatic occurrence. However, it has 

to be noted that not all parameters used in the classification model in the previous 

chapter were included in the articles, as well as in the systematic review. 

4.4.1 Search Results and Characteristics of Included Study 

The search result was summarised in Figure 4.26. A total of 5301 articles were 

identified through Web of Science (366 articles), Science Direct (452 articles), PubMed 

(3172 articles) and Scopus (1311 articles). 

After exclusion of articles published before year 2001, non-English articles and 

articles in the form of review, proceedings, chapters in books, book series and books, a 
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total of 725 of articles were selected. The titles and abstracts of the articles were then 

screened for relevancy which narrowed down the number to 261. Another 205 articles 

were removed due to duplicates (151) and lack of access to full text articles (54). 

Remaining articles were then assessed for eligibility based on the inclusion criteria and 

a total of 56 articles met the criteria. However, after quality assessments were 

conducted, the final number of articles for this review is 13. 

 

Figure 4.26 Overview of Study Selection 
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4.4.2 Quality Assessment 

After quality assessment from 3 independent researchers, 13 studies that 

fulfilled the inclusion criteria were identified and reviewed in this study. The scoring 

for each identified paper is listed in Table 4.8. The score was given based on the items 

listed in the JADAD Scoring list (see Appendix 1) where 2 marks were on 

randomisation, 2 marks on blinding and 1 mark on withdrawals and dropouts. Only 

papers with scores of 3 and above were reviewed (13 articles). 

 

Table 4.8 

JADAD Scoring for the Shortlisted Randomised Controlled Trial. 13 papers with scores 

of 3 and above were agreed to be reviewed 

Author, year (ref no) Randomisation Blinding Withdrawals and 

dropouts 

Total 

Baselga et al, 2012 (42) 2 1 0 3 

Han et al, 2018 (200) 2 1 0 3 

Hortobagyi et al, 2018 

(201) 

2 1 0 3 

Im et al, 2020 (202) 2 0 1 3 

Johnston et al, 2013 (203) 2 0 1 3 

Kornblum et al, 2018 (204) 2 1 1 4 

Krop et al, 2016 (205) 2 1 1 4 

Masuda et al, 2017 (206) 1 1 1 3 

Murthy et al, 2020 (207) 1 1 1 3 

Pallis et al, 2012 (208) 2 1 0 3 

Swain et al, 2015 (209) 1 1 1 3 

Toi et al, (2017) (210) 1 1 1 3 

Vuylsteke et al, 2016 (211) 1 1 1 3 
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The selected 13 papers with scores of 3 and above were then classified into 

different groups depending on the treatment used in the study. Four types of treatments 

were identified where one study compared treatment of chemotherapy versus other 

chemotherapy (Pallis et al, 2012). Seven studies studied the combination between 

targeted therapy and chemotherapy (Baselga et al 2012; Swain et al 2015; Vuylsteke et 

al 2016; Masuda et al 2017; Toi et al 2017; Han et al 2018 and Murthy et al 2020) while 

Im et al, 2020 is the only one comparing targeted therapy and chemotherapy. Three 

studies compared the treatment of targeted therapy to placebo (Krop et al 2016; 

Hortobagyi et al 2018; Kornblum et al 2018), while the last one compared the treatment 

of hormonal therapy versus another hormonal therapy (Johnston et al, 2013). The 

summary for each paper is listed in Table 4.9. 
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Table 4.9 

Research Findings of the 13 Shortlisted Paper. T1 represents the main treatment being investigated while T2 is the control treatment. OS represents 

overall survival and PFS is the progression free survival (in months) 
Reference Target 

Population 

T1 T2 Type of 

Treatment T1 

Type of 

Treatment T2 

Primary 

endpoint 

of efficacy 

Patients 

on T1, n 

Patients 

on T2, n 

Aver 

age 

age 

OS 

T1 

OS 

T2 

Hazard 

Ratio 

(95% 

CI), 

p 
value 

PFS 

T1 

PFS 

T2 

Hazard 

Ratio 

(95% 

CI), 

p value 

Chemotherapy only 

Pallis; et al 
(2012) 

Women with 
MBC 

pretreated with 

anthracyclines 
and taxanes. 

capecitabine 
(Cap arm: 1250 
mg/m2 twice 

daily, on days 1 
through 14) 

vinorelbine/ 
gemcitabine 
doublet (VG 

arm: 
vinorelbine 
25 mg/m2; 
gemcitabine 

1000 
mg/m2; both 

drugs on 
days 1 and 

15). 

chemotherapy chemotherapy PFS; 

OS 

78 80 60 22.4 20.4 NA 5.2 5.4 NA 

Targeted therapy plus chemotherapy 

Baselga; et 
al (2012) 

HER2-positive 
metastatic 

breast cancer. 

8 mg/kg of 
trastuzumab, 
followed by 6 
mg/kg every 

3 weeks; 
75mg/m2 

docetaxel every 
3 weeks; 840 mg 
of Pertuzumab 

followed 
by 420 mg every 

3 weeks until 
disease 

progression 

placebo plus 
trastuzumab 

plus 
docetaxel 

Targeted 
therapy: 

anti-HER2 
monoclonal 
antibodies 

chemotherapy PFS; 
OS 

402 406 54 69 
[17. 
2%] 

96 
[23. 
6%] 

0.64 
(0.47 

to 
0.88)P 

= 
0.005) 

18.5 12.4 0.62 
(0.51 to 
0.75); 

P<0.001 
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Swain; 
et al 
(2015) 

MBC patients 
who had not 

received 
previous 

chemotherapy or 
anti-HER2 

therapy for their 
metastatic disease. 

Pertuzumab 
840mg 

on day 1 of cycle 
1, followed 

by 420 mg on 

day 1 of each 

subsequent 

cycle; 

Trastuzumab 8 
mg/kg on day 2 

of cycle 1, 

followed by 6 
mg/kg on day 1 

of the 

remaining cycle; 
docetaxel 75 

mg/m2 
on day 2 of cycle 

1 and on day 1 of 

the remaining 

cycles. 

Placebo 
840mg 

on day 1 of 

cycle 1, 

followed by 
420 mg on 

day 1 of each 
subsequent 

cycle; 

Trastuzumab 8 

mg/kg on 

day 2 of 

cycle 1, 

followed by 6 

mg/kg on day 
1 of the 

remaining 

cycle; 
docetaxel 75 

mg/m2 

on day 2 of 
cycle 1 and 

on day 1 of 

the remaining 
cycles 

Targeted 
therapy: 
anti-HER2 
monoclonal 

antibodies 

Placebo PFS; OS 402 406 NA 56.5 34.7 0.55; 

(0.45 

to 

0.67); 

P<0.00 

1 

56.5 40.8 0.68; 

(0.56 to 

0.84); 
P<0.001 

Toi; et al 

(2017) 

Asian 

postmenopausal 

women with HER2+ 

advanced breast 
cancer, who had not 

received systemic 
therapy 

for advanced disease 

10 mg 
everolimus once a 

day orally plus 

weekly 

trastuzumab 

intravenously at 4 

mg/kg loading 

dose on day 1 with 

subsequent weekly 

doses of 2 mg/kg 

of each 4 weeks 

cycle plus 

paclitaxel 
intravenously at a 

dose of 80 mg/m2 on 
days 1, 8, and 15 of 

each 4 weeks 
cycle 

10 mg 
placebo once a day 

orally plus weekly 

trastuzumab 

intravenously at 4 

mg/kg loading 

dose on day 1 

with subsequent 

weekly 
doses of 2 mg/kg of 

each 4-week cycle 
plus 

paclitaxel 
intravenously at a dose 

of 80 mg/m2 
on days 1, 8, 

and 15 of 
each 4 

Targeted 

therapy: mTOR 

inhibitor 

Placebo PFS, ORR 30 14 53 NA NA NA 18.4 18.2 0.82; 

(0.61– 

1.11) 
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weeks cycle 

Murthy; 
et 
al (2020) 

Patients with 

HER2–positive 

metastatic 
breast cancer 

who has 

disease 
progression 

after therapy 

with multiple 
HER2-targeted 

agents 

tucatinib 
(300 mg orally 

twice 
daily throughout 

the treatment 
period) in 

combination 
with 

trastuzumab (6 
mg/kg 

intravenously 
once every 21 
days, with an 

initial 
loading dose of 8 

mg/kg) and 
capecitabine 

(1000 mg/m2) 
orally twice daily 
on days 1 to 14 
of each 21-day 

cycle 

placebo 
(300mg 

orally twice 
daily) (6 
mg/kg 

intravenously 
once every 

21 days, with 
an initial 

loading dose 
of 8 mg/kg 

and 
capecitabine 
(1000 mg/m2 
orally twice 

daily on days 
1 to 14 of 

each 21-day 
cycle 

Targeted 
therapy: 
kinase 

inhibitor 

Placebo PFS, OS 320 160 54 21.9 17.4 0.66; 
(0.50 

to 
0.88) P 
= 0.005 

7.8 5.6 0.54; 
(0.42 to 
0.71) 

P<0.001 

Vuylsteke; 
et al 
(2016) 

Patients with 
hormone receptor- 
positive, HER2- 
negative locally 

recurrent or 

metastatic BC 

(mBC). 

28-day cycles of 
intravenous 

paclitaxel (90 
mg/m2 weekly for 
3 of every 4 weeks 

each 
cycle) with 260 mg 

pictilisib given 
orally (pictilisib 

arm) daily 
on days 1–5 every 

week 

28-day 
cycles of 

intravenous 
paclitaxel (90 

mg/m2 

weekly for 3 
of every 4 weeks 
each cycle) with 
260 mg placebo 

given orally 
(placebo arm) 

daily on days 1–5 
every week 

Targeted 
therapy: kinase 

inhibitor 

Placebo PFS 91 92 56 NA NA NA 8.2 

 
 

 

 
With 
PIK3 

CA 
mut 

atio n: 
7.3 

7.8 

 
 

 

 
With 
PIK3 

CA 
mut 

atio n: 
5.8 

0.95; 

(0.62– 
1.46) P = 

0.83]. 

 
With 

PIK3CA 
mutatio n: 

1.06 

(0.52– 
2.12) P = 

0.88). 
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Masuda; 
et al 
(2017) 

Japanese 
patients with 

HER2-negative 
metastatic 

breast cancer. 

paclitaxel 
90mg/m2 on 

Days 1, 8 and 15 
with 

bevacizumab 
10mg/kg on Days 

1 and 15, 
repeated every 4 

weeks 

paclitaxel 
90mg/m2 on 

Days 1, 8 
and 15 with 

placebo 
10mg/kg on 
Days 1 and 

15, 
repeated 
every 4 
weeks 

Targeted 
therapy: 

anti-HER2 
monoclonal 
antibodies 

Placebo PFS, OS 24 30 56 25.1 NA 0.67 
(0.25– 
1.81). 

12.7 9.2 0.64 
(0.29– 
1.40) 

Han; et al 
(2018) 

Patients more 
than 18 years 

old with locally 
recurrent or 
metastatic 

breast cancer 
and a 

deleterious 
BRCA1/2 
germline 
mutation 

120 mg veliparib 
BID orally on 

days 1–7 (21-day 
cycle). 

Carboplatin 
(area under the 

curve 6 
mg/ml/min) and 
paclitaxel (175 
mg/m2) were 
administered 

intravenously on 
day 3. 

40 mg 
veliparib BID 

orally on 
days 1–7. 

Temozolomi 
de started at 
150 mg/m2 

QD 
orally on 
days 1–5 
(28-day 

cycle), and 
was 

escalated to 
200 mg/m2 

at cycle 
2 if well- 
tolerated 

during the 
first cycle 

Targeted 
therapy: 

PARP inhibitor 

Chemotherapy PFS, OS 97 99 46 28.3 25.9 0.750; 
(0.503– 
1.117) 
P=0.15 

6 

14.1 12.3 0.789 
(0.536– 
1.162) 

P=0.227 
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Targeted therapy versus chemotherapy 

Im; et al 
(2020) 

Asian patients 
with a germline 

BRCA1/2 
mutation 

(gBRCAm) and 
human 

epidermal 
growth factor 

receptor 2 
(HER2)- 
negative 

metastatic 
breast cancer 

who had 
received ≤2 
chemotherapy 
lines in the 
metastatic 

setting. 

olaparib tablets 
(300 mg twice 

daily) 

single agent 
chemothera 

py TPC (21- 
day cycles of 

either 
capecitabine 
, eribulin or 
vinorelbine) 

Targeted 
therapy: 

PARP inhibitor 

Chemotherapy PFS, OS 205 97 45 20.5 20.9 0.98 
(0.54– 
1.78) 

5.7 4.2 0.53 
(0.29– 
0.97) 

Targeted therapy plus hormonal therapy 

Krop; et al 
(2016) 

Postmenopausa 
l women aged 
18 years or 

older with ER+, 
HER2-negative 
breast cancer, 
resistant to 
treatment with 

an aromatase 
inhibitor in the 
adjuvant or 
metastatic 

setting 
Part 1: included 
patients with or 

without PIK3CA 
mutations  

Part 2: included 
only patients 
with PIK3CA 

mutations. 

pictilisib (340 mg 
in part 1 and 260 
mg in part 2) 

starting on day 
15 of cycle 1, 

plus 
intramuscular 
fulvestrant 500 
mg on day 1 and 
day 15 of cycle 1 

and day 1 of 
subsequent 

cycles in both 
groups 

placebo (340 
mg in part 1 
and 260 mg 
in part 2) 
starting on 

day 15 of 
cycle 1, plus 
intramuscula 
r fulvestrant 
500 mg on 
day 1 and 

day 15 of 
cycle 1 and 
day 1 of 
subsequent 
cycles in 
both groups 

Targeted 
therapy: 
kinase 

inhibitor 

Placebo PFS Part 1: 
89 
Part 2: 
41 

Part 1: 
79 
Part 2: 
20 

63 NA NA NA Part 
1: 
6.6 
Part 
2: 
5.4 

Part 
1: 
5.1 
Part 
2: 
10.0 

Part 1: 
0.74 
(0.52- 
1.06) 
p=0.096 
Part 2: 
1.07 
(0.53– 
2.18) 
p=0.84 

Hortobagyi; 
et al (2018) 

Post- 
menopausal 
women with 

hormone 
receptor 

Ribociclib 
600mg/day; 3 
weeks on, 1 

week off in 28 
days treatment 

Placebo 
600mg/day; 
3 weeks on, 
1 week off in 

28 days 

Targeted 
therapy: 
kinase 

inhibitor 

Placebo PFS, OS 131 88 NA NA NA NA 25.3 16.0 0.568 
(0.457- 
0.704) 
log-rank 
P=9.63 x 
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positive (HR+), 
human 

epidermal 
growth factor-2 

negative 
(HER2-) 

advanced 
breast cancer 
who had no 
prior treatment 
for advanced 

disease 

cycles plus 
letrozole 

2.5mg/day on a 
continuous 

schedule 

treatment 
cycles plus 
letrozole 

2.5mg/day 
on a 

continuous 
schedule 

10-8 

Kornblum; 
et al 
(2018) 

Postmenopausa 
l 

women with 
ER-positive, 

human 
epidermal 

growth factor 
receptor 2– 

negative, AI- 
resistant 

metastatic 
breast cancer. 

Fulvestrant 
500mg 

intramuscularly 
days 1, 15 in 

cycle 1, and day 
1 of each 

subsequent 28- 
day cycle) 

and everolimus 
10 mg orally 

once per 
day 

Fulvestrant 
500mg 

intramuscula 
rly days 1, 15 

in cycle 1, 
and day 1 of 

each 
subsequent 

28-day cycle) 
and placebo 
10 mg orally 

once per 
day 

Targeted 
therapy: 
mTOR 
inhibitor 

Placebo PFS 66 65 62 28.3 31.4 1.31 
(0.72 
to 
2.38) 
stratifi 
ed log- 
rank 
test P 
value = 
0.37 

10.3 5.1 0.61 
(0.40 to 
0.92) 
stratified 
log-rank 
P = 0.02 

Hormonal therapy only 
Johnston; et 
al (2013) 

Postmenopausa 
l women with 
HR+ breast 

cancer ([ER+], 
[PR+], or both) 
who relapsed or 
progressed with 

locally 
advanced or 

metastatic disease 
on a non-steroidal 

aromatase 
inhibitors (NSAI). 

Treatment 
group: 

fulvestrant (500 

mg 
intramuscular 

injection on day 
1, followed by 

250 mg doses on 
days 15 and 29, 

and then 
every 28 days) 
plus daily oral 
anastrozole (1 

mg); fulvestrant 
plus anastrozole- 

matched 
placebo 

Exemestane 
(25mg) 

Hormonal 
therapy 

Hormonal 
Therapy: 
Aromatase 

Inhibitor (AI) 

PFS 243+231 249 64 NA NA NA 4.4 3.4 1·00, 

(0·83 to 
1·21);p= 
0·98) 
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4.4.3 Chemotherapy 

Out of 13 papers, only 1 focused on chemotherapy while the others were 

focusing on targeted therapy and hormonal therapy. This study by Pallis et al (2012) 

examined the effect of capecitabine alone versus the combination of vinorelbine and 

gemcitabine (VG) in MBC patients pre-treated with anthracyclines and taxanes. The 

outcome of this trial did not demonstrate superiority of vinorelbine/gemcitabine doublet 

over single agent capecitabine in terms of PFS. In fact, single agent capecitabine was 

recommended due to lesser toxicity and convenience of oral administration. This study 

involved 82 patients with hormone receptor (HR) positive (HR+), 27 HR negative (HR-) 

and 39 patients with unknown receptor status. Median age of the patient was 60 years 

old and more than 80% of them were post-menopausal. Furthermore, 20 of the treated 

patients were HER2-positive (HER2+), 82 were HER2-negative (HER2-) and 46 were 

unknown. It can be seen that most of the studied patients were those with HER2- and 

HR+ receptors and they found that patients with HR- tumour had significantly longer 

PFS when treated with capecitabine compared with patients treated with VG. However, 

the author noted that these analyses were exploratory and not pre-planned by study 

design thus the conclusion could be invalid due to small sample size. 

 

4.4.4 Targeted Therapy Plus Chemotherapy 

A total of 7 papers investigated the combination of targeted therapy with 

chemotherapy and 4 out of the 7 studies examined these combinations in HER2+ MBC 

patients. Baselga et al (2012) assessed the efficacy of a combination treatment between 

double anti-HER2 pertuzumab and trastuzumab plus a chemotherapy docetaxel in 

HER2+ metastatic breast cancer patients. The median PFS was 12.4 months in the 

control group, as compared to 18.5 months in the pertuzumab group while overall 

survival showed more deaths occurred in the control group as compared to the 

pertuzumab group. This study showed that the combination therapy with two 

monoclonal antibodies had promising effects in median PFS and overall survival of 

HER2+ metastatic breast cancer patients. The study involved 388 patients with HR+, 

408 HR- and 12 patients with unknown receptor status. The median age for the patient 

was 54 years old. PFS in prespecified group showed that the hazard ratio for patients 

with HR+ was 0.72 (95% CI: 0.55–0.95) compared to 0.55 (95% CI: 0.42–0.72) of the 
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HR- patients. The hazard ratio is the ratio of a chance of an event occurring in the 

treatment arm compared to the chance of an event occurring in the control arm (Brody, 

2016). The hazard ratio of less than 1 means the experimental treatment is better than 

control; while a hazard ratio of more than 1 means the treatment is worse than control 

(Barraclough et al, 2011). Thus, in this study, the combination therapy of two 

monoclonal antibodies was in favour of the HR- patients as the hazard ratio is lower 

compared to those with HR+. 

Another study that involved HER2+ MBC patients, Swain et al (2015) studied 

the effect of anti-HER2 monoclonal antibody pertuzumab combination versus placebo 

combination. Both groups were combined with trastuzumab and docetaxel. In this study, 

the median progression free survival was 56.5 months in the group receiving the 

pertuzumab combination, as compared with 40.8 months in the group receiving 

the placebo combination, with a significant difference of 15.7 months. There were 388 

HR+ patients favouring pertuzumab with hazard ratio of 0.71 (95% CI: 0.53–0.96) 

and 408 HR- patients with hazard ratio of 0.61 (95% CI: 0.47–0.81). This showed that 

the treatment is more effective for HR- patients compared to those with HR+, similar 

to the finding from the previous author. 

Meanwhile, Toi et. al (2017) assessed the efficacy and safety of everolimus (an 

mTOR inhibitor) for treatment of postmenopausal HER2+ advanced breast cancer in 

the Asian subset of patients in the BOLERO-1 trial. They investigated the efficacy of 

everolimus plus trastuzumab and paclitaxel and found that median PFS of this 

combination treatment showed no significant difference compared to placebo. In this 

study, the addition of everolimus to trastuzumab and paclitaxel did not improve PFS 

compared to placebo, however it prolonged PFS in the HR- subpopulations. In the HR- 

Asian subset, median PFS in the everolimus arm was 25.46 months compared to 14.49 

months in the placebo arm (hazard ratio = 0.48; 95% CI 0.29–0.79) which was a 10.97- 

month improvement in the median PFS. In the HR- subpopulation of the non-Asian 

subset, median PFS in the everolimus arm was 16.20 months compared to 12.29 months in 

the placebo arm (hazard ratio = 0.76; 95% CI 0.51–1.15). This trial involved 311 HR- 

patients, and 406 HR+ patients while there were 1 missing value. This study showed 

that this treatment might benefit patients with HR- as compared to HR+ patients, which 

is in line with the previous two studies. 

Another study involving HER2+ MBC patients was conducted by Murthy et al 

(2020) which investigated a kinase inhibitor, tucatinib in combination with an anti- 
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HER2 agent trastuzumab plus a chemotherapy drug capecitabine in patients with 

HER2+ metastatic breast cancer. They found that in patients with HER2+ metastatic 

breast cancer, including those with brain metastases who has previously been treated 

with trastuzumab, pertuzumab, and trastuzumab emtansine, adding tucatinib to 

trastuzumab and capecitabine resulted in better PFS and overall survival with median 

PFS of 7.8 months compared to 5.6 months in placebo. In this study, there were 559 

patients with HR+ while 423 patients were HR- with hazard ratio of 0.58 (95% CI: 

0.42–0.80) and 0.54 (95% CI: 0.34–0.86) respectively. This showed that this treatment 

might give similar benefit for both patients either with positive or negative hormone 

receptors. 

Meanwhile, there were two studies that involved HER2 - patients. One study 

was conducted by Vuylsteke et al (2016) which investigated the effect of a P13K 

inhibitor, pictilicib combined with a chemotherapy drug paclitaxel versus placebo. The 

study involved patients with HR+, HER2- locally recurrent or metastatic breast 

cancer. However, no significant differences were observed in the median PFS for this 

combination treatment. Since it specifically targets patients with HR+ receptors, no 

comparison was made among HR- and HR+ patients. 

The other study was done by Masuda et al (2017) which investigated another 

anti-HER2 agent which is bevacizumab in combination with a chemotherapy drug 

paclitaxel in Japanese patients with HER2- metastatic breast cancer. Median PFS was 

9.2 months with placebo–paclitaxel versus 12.7 months with bevacizumab–paclitaxel. 

This is consistent with the MERiDiAN ITT population where the median PFS 

for placebo-paclitaxel was 8.8 months versus 11.0 months with bevacizumab-paclitaxel 

(Miles et al, 2017). This showed that adding bevacizumab to paclitaxel for HER2- 

metastatic breast cancer patients significantly improved progression free survival. In 

this study, number of HR+ were 218 while HR- patients were 36. However, no 

comparisons were made between the two types of hormone receptor and the hazard ratio 

between the two receptors was not calculated. 

Lastly, for combination of targeted therapy plus chemotherapy, Han et al (2018) 

investigated the safety and efficacy of a combination of PARP inhibitor (veliparib) with 

chemotherapy drug carboplatin/paclitaxel (VCP) versus the combination of veliparib 

with chemotherapy drug temozolomide (VT) in patients with BRCA1/2 -mutated breast 

cancer. Median PFS for VCP and placebo showed significant difference of 14.1 months 

and 12.3 months respectively in favour of the PARP inhibitor. Demographically there 
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were 167 patients with HR+, 120 triple negative, 15 HER2+, 153 with BRCA1 

mutations and 133 BRCA2 mutations, but no correlations between these criteria were 

mentioned corresponding to the result. 

From these studies, it can be seen that the treatment for HER2+ MBC patients 

showed longer median PFS in HR- patients as compared to HR+ patients. This is 

consistent in 3 out of 4 studies involving HER2+ MBC while the other study showed 

no significant difference between both receptors. 

As for studies involving HER2- patients, both studies did not investigate the 

median PFS between HR+ and HR- patients. However, while the combination of 

pictilicib (kinase inhibitor) with paclitaxel did not show any significant difference in 

HER2- patients, the combination of bevacizumab (anti-HER2 monoclonal antibody) 

plus paclitaxel significantly improved progression free survival for these patients. 

Meanwhile, for MBC patients with BRCA1/2 mutations, the combination of veliparib 

(PARP inhibitor) with carboplatin/paclitaxel (VCP) showed better median PFS 

compared to the combination of veliparib with temozolomide (VT) regardless of the 

BRCA1/2 mutation status. 

 

4.4.5 Targeted Therapy Versus Chemotherapy 

There was only one study in this category, which was done by Im et al (2020) 

that also assessed the efficacy of a PARP inhibitor, oliparib over chemotherapy 

treatment of physician’s choice (either capecitabine, eribulin or vinorelbine). This study 

was conducted in Asian patients with a germline BRCA1/2 mutation (gBRCAm) and 

HER2- metastatic breast cancer. Their result showed that olaparib achieved longer 

median PFS compared to the chemotherapy treatment with 5.7 months compared to 4.2 

months respectively. This is consistent with the previously mentioned study (Han et al, 

2018). In this study, 194 patients were HR+, while 195 of them were triple negative 

breast cancer patients. However, the author did not measure the PFS in relation to the 

receptors. It can be concluded that in patients with BRCA1/2 mutations, the oliparib 

tablet monotherapy achieved longer median PFS compared to the chemotherapy 

treatment. 
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4.4.6 Hormonal Therapy Plus Targeted Therapy 

There were 3 studies that studied the effects of combination therapy between 

hormonal and targeted therapy. The first one was conducted by Krop et al (2016) which 

studied the effect of a kinase inhibitor, pictilicib in combination with a hormonal therapy 

fulvestrant in postmenopausal women with ER+, HER2- breast cancer. They also 

investigated whether the presence or absence of PIK3CA mutation affect the efficacy 

of this treatment. Since the study focused on ER+ patients, no HR- patients were 

enrolled. However, there were a subgroup of patients who were PR+ (116 patients) and some 

were PR- (35 patients). Even though the result showed no significant difference in 

median PFS regardless of the PIK3CA mutational status, there were improvement in 

median PFS of the PR+ patients with hazard ratio of 0.44 (95% CI 0.28-0.69). 

Then, in 2018, Hortobagyi et al, assessed the efficacy of a cyclin dependent 

kinase (CDK) inhibitor ribociclib plus a hormonal agent letrozole in postmenopausal 

women with ER+, HER2–, aromatase inhibitor (AI) -resistant metastatic breast cancer. 

Median PFS for ribociclib plus letrozole was 25.3 months which is significantly 

different as compared to 16.0 months of PFS for placebo. This treatment showed 

significant result regardless of PIK3CA or TP53 mutation status, or CDKN2A, CCND1 

and ESR1 mRNA levels. Since the study focused on ER+ patients, there were no 

comparisons between the positive and negative receptors. 

The last one in this category was done by Kornblum et al in 2018. This study 

included 131 postmenopausal women with ER+, HER2-, AI-resistant metastatic breast 

cancer who were randomly assigned to fulvestrant plus everolimus (mTOR inhibitor) 

or fulvestrant plus placebo. As compared to previous study which combined everolimus 

with trastuzumab and paclitaxel (Toi et al, 2017), this study was done by combining 

everolimus to a hormonal therapy, fulvestrant. Their study showed that the addition of 

everolimus to fulvestrant improved the median progression free survival from 5.1 to 

10.3 months and this proved that the addition of everolimus enhances the efficacy of 

fulvestrant in AI-resistant, ER+ metastatic breast cancer. Since the study focused on 

ER+ patients, there were no comparisons between the positive and negative receptors. 

From these three studies, it can be seen that the combination of hormonal therapy 

and targeted therapy were used on ER+, HER2- patients. Two of the studies combined 

targeted therapy with fulvestrant while the other one used letrozole. Krop et al (2016) 

showed that the combination of a kinase inhibitor pictilicib with fulvestrant did not 
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show any significance difference in median PFS of the patients. However, the 

combination of an mTOR inhibitor, everolimus with fulvestrant showed a significant 

PFS difference (Kornblum et al, 2018). Meanwhile, the combination of a kinase 

inhibitor, ribociclib with hormonal agent, letrozole showed a significant difference in 

the median PFS of the patients regardless of mutation status of PIK3CA or TP53, or 

CDKN2A, CCND1 and ESR1 mRNA levels (Hortobagyi et al, 2018). 

However, since these studies focused on ER+ patients, no comparison with the 

negative receptors can be concluded. 

 

4.4.7 Hormonal Therapy 

The only study comparing hormonal therapy versus another hormonal therapy 

was conducted by Johnston et al (2013). They investigated the combination of 

fulvestrant with an aromatase inhibitor (AI) anastrozole compared to treatment with an 

AI (exemestane) alone in postmenopausal women with HR+ breast cancer ([ER+], 

[PR+], or both). This study revealed that there were no significant differences in median 

PFS between combination of hormonal therapy and AI versus AI alone. However, they 

found that patients with known ER+ and PR+ tumours seemed to show the greatest 

benefit for fulvestrant plus anastrozole. 

 

4.4.8 Summary of Findings 

The summary of the systematic review findings with regards to HER2 and 

hormone receptor status is as stated in Table 4.10. 

Table 4.10 

Summary of the Treatments Based on HER2 and Hormone Receptor Status 

HER2 status Summary 

HER2+ longer median PFS in HR- patients as compared to 

HR+ patients. 

HER2- improved median PFS in PR+ ER+ patients 

 

     As can be seen from the summary table, in the treatment of chemotherapy (alone 

and combined with targeted therapy), both treatments favoured the HR- patients. 
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Meanwhile, for hormonal therapy alone and combined with targeted therapy, the 

treatments were in favour of ER+ PR+ patients. However, comparison with HR- 

receptors was not conducted as it was not discussed in the literature filtered. 

 

4.4.9 Discussion 

4.4.9.1 HER2-Positive 

Based on the previous findings, the first thing to address in this systematic 

review is whether HER2+, ER- and PR- patients are more prone to metastatic disease. 

Generally, high PFS meant lower probability to contribute to MBC occurrence since it 

took longer to progress and vice versa for low PFS. Findings from the systematic review 

showed that HER2+/HR- patients treated with targeted therapy plus chemotherapy 

showed higher PFS compared to placebo as shown by Baselga et al (2012), Swain et al 

(2015) and Toi et al (2017). This finding is similar to Sim et al (2019) who found in 

HER2+ MBC patients, the treatment of targeted therapy plus chemotherapy is more 

favourable towards HR- patients, as opposed to HR+ patients. The findings from Saura 

et al (2020) is also consistent with this in which treatment with targeted therapy plus 

chemotherapy showed that in patients with HER2+ MBC, HR- derived the greatest PFS 

benefit if compared to HR+. This is in line with our hierarchical clustering result (Figure 

4.20) that clustered the three hormone receptors (HER2+, ER- and PR-) together with 

chemotherapy. However, even though this clustering without the adjuvant radiation and 

OncoTree code did not cluster these factors with MBC patients, the hierarchical 

clustering that contained the two variables (Figure 4.19) actually clustered HER2+, ER- 

and PR- and MBC patient in a same cluster albeit at the distance of more than 1. Since 

the distance is quite far (almost 5) in our hierarchical clustering, it can be said that the 

connection of HER2+, ER- and PR- with MBC is not too strong, which is in line with 

the systematic review findings (Baselga et al, 2012; Swain et al, 2015; Toi et al 2017) 

that showed these combinations has higher PFS (viewed as less contribution towards 

MBC). 

Moreover, despite the fact that these findings reached to a similar conclusion 

that HER2+/HR- patients showed higher survival rate, there are still a lot of other 

parameters that needed to be considered. For instance, the type of therapy used, duration 

of the treatment, as well as previous treatments received by the patients. Baselga and 
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Swain used two anti-HER2 antibody (trastuzumab and pertuzumab) with combination 

of docetaxel and the treatment was given every 3 weeks for a median of 8 weeks while 

the median duration of study treatment was 18.1 months. Meanwhile, the study by Saura 

investigated a kinase inhibitor e.g neratinib in combination with capecitabine. The 

treatment was a 21-day cycle with no break between the cycles for a duration of average 

9.5 months of the active treatment phase. While both of these studies involved different 

kind of drugs, the duration of treatment was also different and both treatments on 

average did not exceed 2 years. As shown in the ExteNET trial (Martin et al, 2017), 

patients treated with neratinib for additional one year after being treated with 

trastuzumab-based adjuvant therapy showed better disease-free survival in 

HER2+/HR+ with hazard ratio of 0·60 (95% CI 0·43–0·83), compared to HER2+/HR- 

patients that showed hazard ratio of 0·95 (95% CI 0·66–1·35). Thus, it can be said that 

a different combination of factors will potentially lead to a different outcome. 

Although both the clinical profiling and systematic review findings are 

agreeable, the type and duration of each treatment in the review was different and the 

data used in the data mining did not include targeted therapy. Furthermore, there were 

also the matter of discordance and concordance of HER2 status as discussed previously, 

and none of this was investigated in the articles that were reviewed. Therefore, even 

though the survival rate showed better PFS for HER2+/HR- patients in the systematic 

review, and these receptors were clustered together in the hierarchical clustering, other 

parameters still needed to be considered, as combination of different factors might 

change the outcome of MBC or non-MBC. Nevertheless, result of the clinical profiling 

does corroborate with the systematic review to a certain extent. 

4.4.9.2 HER2-Negative 

As for the HER2- patients, in this systematic review, it was found that the 

treatment of hormonal therapy plus targeted therapy showed a slightly different result 

between median PFS in HER2-negative, HR-positive (HER2-/HR+) MBC patients. 

While Krop et al (2016) found no significant differences in the PFS, Hortobagyi et al 

(2018) and Kornblum et al (2018) showed a significant increase in PFS when HER2-

/HR+ MBC patients were treated with hormonal therapy plus targeted therapy. 

However, similar to the HER2+ outcome, the difference could be due to the 

different types of drugs used as well as the duration of the treatment. Krop et al (2016) 
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tested the kinase inhibitor (pictilisib) together with fulvestrant for a median exposure of 

2.9 months, while Hortobagyi et al (2018) tested kinase inhibitor (ribociclib) in 

combination with letrozole for a median duration treatment of 20.2 months. There was 

a huge gap in terms of months of exposure between the two studies. Meanwhile 

Kornblum et al (2018) tested the mTOR inhibitor everolimus in combination with 

fulvestrant for a median duration of 22 weeks. This showed that the duration of 

treatment could also affect the efficacy of treatment. The longer the duration of 

treatment, the median progression free survival seemed to improve. This is in line with 

the hierarchical clustering previous findings (Figure 4.20) where HER2- were clustered 

together with ER+, HR+ and hormonal therapy more than 2 years. 

Aside from that, in the hierarchical clustering as seen in Figure 4.20, HER2- was 

clustered together with ER+, PR+, age_5, hormonal therapy and patient BC. This 

seemed in line with the findings from the systematic review especially since all 3 studies 

on HER2- patients were those in the post-menopausal age and showed higher median 

PFS in HR+ receptors (less prone to progress to MBC). However, it has to be noted that 

during the data analysis, the data provided were only on the class of the treatment 

(hormonal or chemotherapy), not on the detailed treatment itself. Plus, data of targeted 

treatment was not available during the analysis thus it cannot be ascertained to which 

cluster this treatment are clustered with. Therefore, it can be said that the findings from 

this systematic review do corroborate with the previous findings, since HER2- and HR+ 

were indeed clustered together with patient BC in the hierarchical clustering, however 

HER2 and HR receptors are not the only determining factors for MBC occurrence. 

Other factors such as the duration of the treatment, type of the treatment, as well as other 

factors that was not discussed in the review such as the mRNA profile and gene 

mutations should not be neglected. The combination of all of these factors might give a 

clearer picture on which combination of factors will lead to MBC. 
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CHAPTER FIVE  

CONCLUSION 

The first objective of this study was to mine and integrate clinical, phenotype 

and genotype data to identify factors that contributed to the occurrence of metastatic 

breast cancer. To achieve this, first PCA was done for the mRNA expression and MCA 

for CNA profiles between: (i) breast samples of breast cancer vs metastatic breast cancer 

and (ii) breast samples vs metastatic samples. In addition, odds-ratio calculation was 

also performed for the two comparisons. The rationale of this was to identify and 

connect the genes involved for the migration and colonisation of breast cancer cells 

from primary to distant or metastatic sites. Additionally, clinical profile of metastatic 

breast cancer was also conducted to provide a holistic view on the occurrence of 

metastatic breast cancer. Then, predictive models were built based on the mRNA 

expression and clinical profile of metastatic breast cancer patients that were identified. 

This is to fulfil the second objective which was to build a prediction model that can 

predict possibility of occurrence of the metastatic state of breast cancer based on factors 

previously determined. Finally, a systematic review was carried out to achieve the third 

objective which was to further validate the findings of this study by comparing it with 

what has been published in literature. Hence, based on our findings, several conclusions 

can be made. 

Firstly, the 15 genes identified through feature selection could provide 

insights into the occurrence of metastatic breast cancer, and differentiate between 

breast cancer and metastatic breast cancer patients. When analysing the mRNA 

expression profile of breast cancer samples of breast cancer and metastatic breast cancer 

patients, a clear separation was observed between the groups. This was further 

supported by the predictive models built which shows a specificity and sensitivity of 

1.0 and 0.922 respectively in the internal validation. Further external validation showed 

the same specificity and sensitivity of 1.0 and 0.922 respectively. As previously 

mentioned, there are five main steps to metastasis, which are detachment, cell migration 

and invasion, intravasation, extravasation and growth of secondary tumour. From 

conducting the mRNA profiling, feature selection and odds-ratio calculation, the 15 

genes identified could be connected to all five processes, although the majority of the 

genes seem to be involved in cell migration and invasion. For example, the Fibroblast 
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Growth Factor (FGF-4) gene that was involved in various cell biology processes such 

as cell differentiation, morphogenesis and cell proliferation while another gene called 

Melanoma Antigen Family A, 9B (MAGEA9B) have been reported to affect the 

biological characteristic of cancer cells such as migration, metastasis and invasion. 

Secondly, when curating the path to metastasis, two genes which are YAP1 and 

SP7, was mapped to phenotypes that are pro- metastasis such as apoptosis. The path to 

these genes could be traced back to ESR1 (oestrogen receptor).  

Thirdly, clinical factors could be used to differentiate between breast 

cancer and metastatic breast cancer to a certain extent. When profiling the two 

groups based on clinical factors such as age, chemotherapy, hormone therapy, ER, PR 

and HER2 status using MCA, a clear separation could be seen. This was further 

supported by the predictive model where the internal validation shows a specificity and 

sensitivity of 0.942 and 0.722 respectively. Further external validation showed a 

specificity and sensitivity of 0.988 and 0.0 respectively. It has to be noted that the 0 

sensitivity of the external validation was due to lack of metastatic data which affect its 

predictive capability. However, the significance of these factors was later validated in 

the systematic review. As an alternative to strengthen the findings, a systematic review 

(SR) was conducted to compare what was found, with what has been published in 

literature. Based on the SR findings, the HER2-/HR+ patients aged more than 60 who 

received hormonal therapy showed higher PFS (viewed as less contribution towards 

MBC) which was in line with the hierarchical clustering that clusters all of these factors 

together with non-MBC patient. Thus, even though lack of data hinders the ability of 

the prediction model to predict the occurrence of metastatic breast cancer, findings from 

the SR showed supporting evidence towards the clinical profiling. 

Fourthly, the occurrence of three types of OR namely OR9G4, OR5J2 and 

OR5T2 in this work showed there could be an underlying mechanism connecting 

metastasis to the olfactory transduction as seen in the KEGG pathway mapping. 

This was further strengthened when the decision tree for the mRNA_15 training set 

found the most important feature is the gene OR5T2, with a score of 0.93. Also several 

genes such as FGF4, KRT6B, KRTAP25-1, LINC00943, MAGEA9B, OR5B, OR9G4 

and SCGB1D1 may suggest potential link between breast cancer and its metastatic sites. 

As shown by the mRNA_7 training set, the most important feature is the gene 

SCGB1D1, with a score of 0.95. Several pathways such as regulation of actin 

cytoskeleton, IL-7 signaling and ECM-receptor interaction pathways may shed some 
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light on the metastatic occurrence as well. 

Based on all of these evidence, one significant conclusion could be drawn which 

is, by identifying key genes and clinical factors, the metastatic state of breast 

cancer patients can be predicted. Thus, this work showed persuasive evidence that by 

identifying these key factors, the occurrence of metastatic breast cancer can eventually 

be predicted which could potentially aid in the clinical management of the disease in 

the future. For example, by identifying key contributing factors, clinicians can 

personalise treatment plans based on individual patient characteristics which allows for 

tailored treatment strategies. Furthermore, some contributing factors can serve as 

predictive markers for treatment response. Thus, by identifying these factors, clinicians 

can tailor treatment choices and avoid ineffective treatments, minimising unnecessary 

toxicity and optimising treatment outcomes. Monitoring key contributing factors over 

time can also aid in disease surveillance and response evaluation which allows for 

timely adjustments to treatment plans and the consideration of alternative strategies to 

better manage the evolving disease.
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CHAPTER SIX  

LIMITATIONS AND FUTURE DIRECTION 

6.1 Limitation 

To build a prediction model, a vast amount of data is needed to ensure its 

specificity and sensitivity. However, in this study, since genetic data outnumbers 

clinical data, the combination of both domain in one predictive model or combining the 

results of both predictive models cannot be done. Initially, the plan was to get data from 

local hospitals to validate the models since ethics approval has already been obtained 

(attached as Appendix 2). However, this plan was hindered due to the pandemic, thus 

there was a limitation on validating the findings. As an alternative, a systematic review 

was conducted to validate the findings, but not all of the parameters covered in the first 

two phases could be included in the systematic review, for example genes and radiation 

therapy. Though ‘gene’ was also used as a keyword to search for articles, not many 

papers integrated this with clinical parameters. Therefore, only some of our clinical 

factors can be validated by the systematic review. 

 

6.2 Future Direction 

Given that this disease is multifactorial, the use of a predictive model could be 

used as a diagnostic tool. Future work should include the combination of both domain 

(genotype and clinical) in one predictive model or combining the results of both 

predictive model. This could not be done currently as the genetic data outnumbers clinical 

data, and hence combining both data would result in a small number of data points and 

the model may suffer from the curse of dimensionality. Additionally, real data from 

hospitals should also be retrieved to build a more dynamic model with high sensitivity 

and specificity to predict the occurrence of metastatic breast cancer. 
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APPENDIX 1 

Jadad Score Calculation 

Item Score 

Was the study described as randomised (this includes words such as 

randomly, random, and randomisation)? 

0/1 

Was the method used to generate the sequence of randomisation described 

and appropriate (table of random numbers, computer-generated, etc)? 

0/1 

Was the study described as double blind? 0/1 

Was the method of double blinding described and appropriate (identical 

placebo, active placebo, dummy, etc)? 

0/1 

Was there a description of withdrawals and dropouts? 0/1 

Guidelines for Assessment 

Randomisation 

A method to generate the sequence of randomisation will be regarded as appropriate 

if it allowed each study participant to have the same chance of receiving each 

intervention and the investigators could not predict which treatment was next. 

Methods of allocation using date of birth, date of admission, hospital numbers, or 

alternation should not be regarded as appropriate. 

Double blinding 

A study must be regarded as double blind if the word “double blind” is used. The 

method will be regarded as appropriate if it is stated that neither the person doing 

the assessments nor the study participant could identify the intervention being 

assessed, or if in the absence of such a statement the use of active placebos, 

identical placebos, or dummies is mentioned. 

Withdrawals and dropouts 

Participants who were included in the study but did not complete the observation 

period or who were not included in the analysis must be described. The number and 

the reasons for withdrawal in each group must be stated. If there were no 

withdrawals, it should be stated in the article. If there is no statement on 

withdrawals, this item must be given no points. 
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