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Abstract 

Breast cancer is the most commonly reported cancers across world in females with leading 

mortality rates. There has been a progressive increase in the incidence of breast cancer over 

the last few decades especially in Asian countries including India. Indian subcontinent faces a 

high incidence of early onset breast carcinoma involving young women less than 40 years of 

age succumbing to the disease. Breast cancer is a heterogeneous disease with varying 

molecular and clinical characteristics. The underlying mechanisms leading to early onset 

breast cancer seems to be probably different from late onset cancer and have to be further 

elucidated.  

In the present study whole genome expression profiling was performed in Indian patients in 

order to decipher their underlying molecular biology and mechanisms which are necessary to 

understand their role in carcinogenesis. To accomplish this 29 breast cancer patients and 9 

controls were used for microarray using Illumina bead array. Differentially expressed genes 

in breast tumours were screened and further validated by Quantitative real-time. We found 

COL10A1, COL11A1, MMP11, MMP1, MMP13, GJB2, CST1, KIAA1199, CEACAM6, BUB1 

to be differentially upregulated and PLIN, ADH1A, ADH1B, CIDEC, FABP4, to be 

downregulated which were part of cell cycle, cell proliferation and metastasis, cell adhesion, 

ECM receptor interaction, focal adhesion pathways, PPAR. Further 9 genes leading to 

deregulation in extracellular matrix pathways, causing invasion and metastasis were uniquely 

deregulating early onset breast cancer. They consisted of CDH15, VCAN, PVRL2, CDKN2A, 

SMAD3, IBSP, ITGA11, BRAF, and FZD2. Genes such as HRAS, SMAD3 were the most 

interactive hub top node identified in early onset breast cancer. 

Matrixmetalloproteinases (MMPs) and Collagens were two gene families which showed 

highest fold expression in breast tumours and also their expression was differential between 



early and late onset tumour groups. Validation of MMP genes by real time PCR was done, 

which in turn showed concordance with the microarray data. Molecular subtyping of the 

obtained profiles categorized our tumour samples and genes into the known molecular 

subtypes of breast cancer showing the presence of PAM50 breast classifiers in Indian breast 

cancer patients also. The Indian breast cancer patients showed higher percentage of Luminal 

subtypes which is in concordance with the western data. Early onset patients showed higher 

percentage of basal subtype, making them hormone negative and thus possibly explaining the 

reasons for aggressive behaviour of young breast cancer females in Indian subcontinent. 

Further whole genome methylation profiling in 48 breast cancer tissue was also performed. 

Differentially methylated CpG sites in tumour were identified using beta normalization. 382 

uniquely hypermethylated or hypomethylated genes in late and 385 in early were identified. 

The major top genes included HHIP, RYR2, CLDN11, CDH5, TNFRSF10D aberrantly 

methylated in tumours majorly playing role in apoptosis, cAMP signalling, cell adhesion, and 

cytokine cytokine recptor interactions. In early onset tumours Bcl2, CFTR, TNNI3, LIPE, 

SELE and ICAM2 were aberrantly methylated which were further validated by MethHC 

software. 

 It is known that DNA methylation leads to reprogramming of gene expression and thus 

setting the hallmarks for the cancer initiation. Thus integrating our gene expression and 

methylation data identified common genes such as SOCS2, TNFRSF10D, LHCGR whose 

hypermethylation was leading to gene repression in both early and late onset breast tumours. 

Early onset breast cancer showed STAT5A, ALDH1A2 as uniquely negatively correlating 

genes where their hypermethylation caused repression, deregulating processes such as 

proliferation and immune surveillance. Late onset tumours showed hypermethylation of LEP 

gene resulting in its gene repression and leading to deregulation of the fatty acid metabolism 

in breast cancer patients. 



Thus critical challenge lies in identifying potential gene signatures which might serve as 

biomarkers for predicting clinical outcome and also have therapeutic utility. The genes 

identified in the present study have future prognostic values but have to be validated further 

in large cohort of Indian breast cancer patients to establish their possible role as biomarker. 
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Chapter 1

INTRODUCTION



            Chapter 1 

Introduction 

Breast cancer is the most common malignancy amongst women worldwide with an age 

standardized incidence rate of 43.3 per 100,000 (1). In India it represents a major health 

concern with an age standardized incidence rate of 25.8 per 100,000 (1). Breast cancer has 

rapidly overtaken cervical cancer in frequency [Age adjusted rates(AAR) 21-37/100000 as 

compared to 12-18/100000 women] amongst all urban cancer registries viz. Delhi, Mumbai, 

Bangalore, Ahmedabad, Thiruvanthapuram, whereas in rural registry of Barshi cervical 

cancer is the still the most common cancer among women (2). It is estimated that by 2020, 

breast cancer will emerge as the leading cancer in Indian women amongst all registries. The 

breast cancer incidence in India is significantly lower as compared to western countries (AAR 

21-37/100,000 vs.75-90/100,000), but mortality is at par (12.7 vs 17.1 per 100 000) with 

United Kingdom (1). Studies reported that majority of breast carcinoma cases in Asian 

countries were diagnosed at higher Stage III (11.3% vs. 7.0%, p < 0.001), Stage II (47.5% vs. 

37.5%, p < 0.001) with a smaller percentage of women having stage I (36.3% vs. 51.0%, p < 

0.001) as compared to Caucasian women (3-4). Increasing breast cancer incidence in Indian 

young women (<40 years) showed a higher proportion of early onset of breast cancer as 

compared to women of older ages >55 years (late onset) (5-6). Trends for 5-year age 

distribution among different registries showed a peak relative proportion between 45 and 49 

years in all registries except in north eastern registries where the peak is seen in even 10-year 

younger age group-35–39 (7).These patients tend to have highly aggressive biological 

behaviour and are also found to have clinical association with unfavourable prognosis 

compared with the disease arising in older women. 
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This variation in incidence of breast cancer within different regions of the world may be 

possibly attributed to lifestyle differences (diet and environmental exposures), genetic and 

epigenetic differences among populations. Several epidemiological studies conducted in 

different populations suggests potential risk factors for breast cancer as age, geographic 

location, socioeconomic status, reproductive events, oral contraceptives, lifestyle risk factors, 

history of benign breast disease, mammographic density, ionizing radiation, bone density, 

chemo preventive agents, height as well as genetic factors. Throughout life, women are 

exposed to hormones and it is this lifetime exposure to ovarian hormones that is believed to 

put a woman at risk for developing breast cancer.  

Breast cancer, like other malignancies progresses by accumulation of a series of genetic or 

epigenetic changes in the genes regulating cellular proliferation, differentiation, cell death 

(apoptosis or necrosis), DNA repair, tissue compartmentalization, etc. Identification of early 

markers preceding clinical manifestation for disease is an important objective for disease 

prevention. 

Emerging technologies, such as gene expression profiling, copy number variation, 

methylation profiling were increasingly valued as powerful tools for new biomarker 

identification since they enable simultaneous analysis of thousands of genes for 

identification of the underlying mechanism involved in tumourigenesis and progression of 

cancer. Initial microarray analysis of clinical breast cancer specimens has lead to 

classification of breast cancer at molecular level which tends to be associated with different 

clinical outcomes (8-12). These various subgroups are Luminal A, Luminal B, Basal and 

ERBB2 over-expressing and Normal-like subtypes. The Luminal A sub-type over expresses 

ESR1 and ER genes enabling better prognosis, response to endocrine therapy as compared to 

Luminal sub-type B. The remaining Basal and ERBB2 subgroups of patients display a more 
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aggressive form of cancer, ERBB2 over expressing patients responding well to Herceptin 

(12-13). Basal groups are devoid of hormone receptors and thus are non responders to 

therapies. Further these expression studies were translated to diagnostic assays to be used 

routinely on breast cancer patients for diagnosis and prognosis. They were later on approved 

by the US Food and Drug Administration (FDA; http://www.fda.gov/) also. Besides 

prediction of clinical outcome these studies can also show some therapeutic options for 

breast cancer patients.  

Anders et al.  (14), studied gene expression profiles of young women suffering from breast 

cancer and found pathways such as phosphatidylinositide 3-kinase and Myc getting 

deregulated in younger patients (15). Azim et al. did metanalysis in 2012 (16) and reported 

higher expression of the BRCA1 mutation signature along with luminal progenitors and c-kit 

in younger patients. RANKL (Receptor activator of nuclear factor kappa-B ligand) gene 

expression was also found to be higher in young women which stimulates osteoclastogenesis 

(17). Although India faces higher incidence of younger onset breast cancer but no such 

Indian studies discussing the differential profiles in breast cancer in young woman have been 

reported or elucidated so far. Hence the rising proportion of early onset tumours in Indian 

and other Asian countries, suggests a need for analysis of molecular mechanism/etiology 

thereby involved causing early onset carcinogenesis. It would in turn enable identification of 

prognostic and predictive molecular signatures, which is of prime importance for diseases 

prevention (18).  

Another phenomenon regulating breast cancer is DNA methylation which is heritable 

epigenetic signature regulating gene expression. It occurs by addition of methyl group to 

DNA thereby modifying function of genes. In humans around 98% DNA methylation occurs 

in CpG dinucleotide in somatic cells and around a quarter methylation in non-CpG 
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dinucleotides in embryonic stem cells (19). The DNA methylation plays an important role in 

normal development along with several other key processes such as X-chromosome 

inactivation, genomic imprinting, and transcription and transposition, suppression of 

repetitive element etc. Epigenetic hallmarks of cancer are marked by global DNA 

hypomethylation and locus specific hypermethylation of CpG islands. This methylation is 

regulated by DNMTs (DNA Methyltransferase) and its dysregulation leads to diseases like 

cancer (20-21). The gene transcription requires free access to gene promoters to allow binding 

of transcription factors and methylation can result in prevention of transcription factor binding 

leading to changes in chromatin structure. The role of DNA methylation for normal and 

diseases development are widely studied in humans (20). 

DNA methylation proves to be a robust biomarker, having more stability than RNA and 

proteins. Recently whole-genome approaches have allowed detection of DNA methylation 

signatures specific to breast-cancer, associated with specific clinical outcomes. It is a 

promising target for diagnosis, prognosis and development of new approaches for of breast 

cancer and other diseases (22). Targeted DNA methylation of candidate genes could be 

studied using techniques as methylation-sensitive restriction enzymes or by sequencing 

bisulfite-converted DNA. It depicted the differential nature of methylation patterns in tumour 

and normal controls. Genome-wide loss of methylation has been studied in many cancers 

including breast cancer (23). These specific methylation patterns can be used to identify 

various networks and pathways playing important role in breast cancers serving as diagnostic 

and prognostic tools in breast cancer.  

Studying changes in gene expression and DNA methylation patterns at genome level would 

enable identification of complex molecular signatures which are crucial for cancer initiation, 

progression and metastasis. These altered patterns of DNA methylation have the ability to 
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modify the regulation of gene expression and are frequently observed in the early stages of 

breast tumourigenesis (24-25). However, till date the molecular changes leading to early and 

late onset breast cancer are not yet studied in Indian population. None of studies from India 

have reported the underlying pathways leading to epigenetic silencing or over expressing of 

genes in breast cancer. Hence this study was undertaken to elucidate the mechanisms leading 

to breast cancer in Indian females. 
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Chapter 2 

Review of Literature 

2.1 Cancer 

Cancer is a group of diseases which involves abnormal cell growth with the potential to 

invade to other parts of the body. Tumourigenesis is a multistep process involving a large 

number of molecular, biochemical and cellular steps which reflect genetic alterations that are 

key drivers of the progressive transformation of normal human cells to highly malignant 

derivatives (26-27). The main focus of cancer research is to identify genes (oncogenes, 

tumour suppressors etc) within cancer cells to gain knowledge on cancer biology and 

pathogenesis.  

2.1.1 Worldwide Scenario 

As per Globocan 2012, global cancer estimates for both sexes were 14.1 million new cases, 

8.2 million cancer deaths, and five-year prevalence of 32.6 million cancers in individuals 

above the age of 15 years (Table.2.1) (1). Around 8 million new cancer cases, 5.3 million 

cancer deaths with 15.6 million five-year prevalence have been reported in the less developed 

regions of the world (Table.2.1) (1). It is predicted that by year 2025 increase in cancer cases 

would be 19.3 million (1). Globally, the five most common cancers reported in both sexes are 

cancers of the lung (1,824,701; 13%), breast (1,676,633; 11.9%), colorectum (1,360,602; 

9.7%), prostate (1,111,689; 7.9%), and cervix uteri (527,624; 3.7%), (Fig. 2.1) comprising a 

total of 46.2% of the 28 cancer types reported (1). Further, deaths due to these five cancers 

were 3,378,622. In men cancers of lung (16.7%), prostate (15%), colorectum (10%), stomach 

(8.5%) and liver (7.5%) were most common, accounting for a total of 4,285,250 cancers 

cases, and 2,769,670 (1) cancer deaths. In women, the five most common cancers reported 

6 



were cancers of breast (25.2%), colorectum (9.2%), lung (8.8%), cervix uteri (7.9%), and 

corpus uteri (4.8%) accounting for a total of 3,721,266 cases and 1,675,069 deaths. Although 

overall incidence of cancer is lower in less developed countries than more developed 

countries but more than 70% of all cancer deaths occur in low and middle income countries, 

where the resources available for prevention, diagnosis and treatment of cancer are limited. It 

is predicted that by the end of year 2020, over 10 million people would die globally because 

of cancer with 70% deaths occurring from the developing countries only. However on global 

level World Health Organization has reported lower cancer incidence in India compared to 

those in developed countries including USA (1).  

Table.2.1 Summary statistics of world population depicting the number of cancer incident 

cases and cancer deaths along with 5 year prevalence in both sexes 

Estimated numbers (thousands) Cases Deaths 
5-year 
prev. 

 World 14068 8202 32455 
 More developed regions 6054 2878 16823 
 Less developed regions 8014 5323 15632 

 WHO Africa region (AFRO) 645 456 1363 
 WHO Americas region (PAHO) 2882 1295 7958 
 WHO Europe region (EURO) 3715 1933 9701 
 WHO South-East Asia region 

(SEARO) 1724 1171 3278 
 WHO Western Pacific region 

(WPRO) 4543 2978 8956 
 IARC membership (24 countries) 7038 3470 18595 

 United States of America 1604 617 4775 
 China 3065 2206 5045 
 India 1015 683 1790 

 European Union (EU-28) 2635 1276 7157 
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Fig.2.1. Estimated incidence, mortality and 5-year prevalence in both sexes across world 

(Adapted from GLOBOCAN 2012(1)) 

2.1.2 Cancer scenario in India (2012-2014) 

India is a developing country having cancer incidence lower than the western countries. 

Maximum number of cases registered were from Delhi (19746) followed by 

Thiruvananthapuram District (15640), Mumbai (13357), Chennai (11659) and Kollam 

(11012) population based cancer registries (PBCRs) for the year 2012-2014 (2). Cancer cases 

in males were more in Delhi, Cachar District, Dibrugarh District, Kamrup Urban District, 

Mizoram State, Sikkim State, Ahmedabad Urban District, Kolkata, Kollam District, 
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Meghalaya State, Tripura State and Nagaland PBCRs. Female cancers were more in 

Bangalore, Chennai, Mumbai, Manipur State, Nagpur, Pune, Thiruvananthapuram District, 

Wardha and Patiala PBCRs. The crude rate (CR) and age adjusted rate (AAR) for different 

registries are mentioned in Table 2.2. Among males in Delhi PBCR the leading sites of cancer 

were: lung (10.5%), mouth (6.9%), prostate (6.7%), tongue (6.5%) and larynx (5.7%). The 

respective CR and AAR per 100,000 for the sites were: lung (11.8 and 17.2), mouth (7.8 and 

9.5), prostate (7.6 and 12.4), tongue (7.3 and 9.3) and larynx (6.4 and 8.9) while in females 

for the same registry leading cancer sites was breast (28.6%) followed by cervix uteri 

(10.8%), gall bladder (7.9%), ovary (7.2%) and corpus uteri (3.5%). The respective CR and 

AAR per 100,000 population for the sites were: breast (34.8 and 41.0), cervix uteri (13.2 and 

15.5), gall bladder (9.6 and 11.8), ovary (8.7and 10.0) and corpus uteri (4.3 and 5.5). 

Estimated number of new cancers diagnosed in India every year is 7 00,000 -900,000 (2).  

Table.2.2 CR and AAR amongst different registries for male and female (Adapted from 

NCRP2012-2014(2)) 

Registry Male Female 
CR AAR CR AAR 

Bangalore (2012) 82.8 105 107 126 

Barshi Rural (2012-2014) 56.8 53.9 66 60.4 
Barshi Expanded (2012) 39.9 40.9 54.6 52 
Bhopal (2012-2013) 82.3 102 90.4 108 
Chennai (2012-2013) 116 116 132 126 
Delhi (2012) 113 149 122 145 

Mumbai (2012) 98.1 113 117 119 
Cachar District (2012-2014) 96.2 125 78.7 95.2 
Dibrugarh District (2012-2014) 72.2 92.8 66.9 78.6 
Kamrup Urban District (2012-
2014) 

143 206 123 174 

Manipur State (MR) (2012-2014) 45.2 60.5 56 68.6 
Mizoram State (MZ) (2012-2014) 147 212 122 166 
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Aizawl District (2012-2014) 205 271 167 208 
Sikkim State (2012-2014) 71 90.7 76.2 100 
Ahmedabad Urban (2012-2013) 87.4 98.5 73 76.5 
Aurangabad (2012-2014) 56.7 72 60.4 73 
Kolkata (2012) 119 101 121 103 
Thi'puram District (2012-2014) 161 132 154 120 

2.1.3 Global breast cancer scenario 

Breast cancer is the most common cancer in the world amongst women with around 1.67 

million new cancer cases diagnosed in 2012 which is 25% of all cancers (1). In more 

developed countries, the numbers of breast cancer cases (788,000) were slightly less than 

what was reported in less developed countries (883,000) (Table.2.3) (1). There is around four 

fold variation in breast cancer incidence across different regions of the world, with 27 per 

100,000 in Middle Africa and Eastern Asia to 92 in Northern America (Fig.2.2) (1). Though 

breast cancer is the fifth cause of death amongst all cancer (522,000 deaths), but it is leading 

cause of death in less developed regions (324,000 deaths) than death for women in more 

developed regions (198,000 deaths). Developed regions have higher incidence of breast 

cancer but in turn they have better survival rates, which results in decreased mortality. The 

mortality rates range from 6 per 100,000 in Eastern Asia to 20 per 100,000 in Western Africa 

(1). 
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Fig 2.2 Worldwide breast cancer ASR incidence and mortality rates (Adapted form 

GLOBOCAN 2012(1)) 
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Table 2.3 Showing estimated number of breast cancer incident and death cases along with 5 

year prevalence (Adapted from GLOBOCAN 2012(1)  

Estimated numbers 

Incident 
cases 

(100,000 
Deaths 

(100,000) 
5-year 
prev. 

World 1671 522 6232 
United States of America 233 44 971 
More developed regions 788 198 3201 
Less developed regions 883 324 3032 

WHO Africa region 
(AFRO) 100 49 318 

WHO Americas region 
(PAHO) 408 92 1618 
China 187 48 697 
India 145 70 397 

European Union (EU-28) 362 92 1444 

2.1.4 Breast cancer scenario in India 

Breast cancer is the most common cancer amongst Indian females with age standardized rate 

as high as 25.8 per 100,000 women and mortality 12.7 per 100,000 women. India faces a 

challenging situation due to 11.54% increases in incidence and 13.82% increase in mortality 

due to breast cancer during 2008 to 2012 (1, 28). Breast cancer attains top rank even in 

individual registries (Chennai, Mumbai, Bangalore, New Delhi and Dibrugarh) in females 

during the period of 2012-2014 (Table2.4a). ranging from 30.7% in Chennai to 19% in 

Dibrugarh (Table 2.4.b) (2). Increasing urbanization and westernization associated with 

changing lifestyle and food habits, has lead breast cancer to become number one in all major 

urban registries, while in Barshi rural registry still cervical cancer is at top position in 

females and cancer of breast holds a second position. Breast cancer Crude rate (CR) amongst 

different registries showed highest rate in Thiruvananthapuram 43.9 (per 100,000) followed 

by Chennai (40.6), New Delhi (34.8) and Mumbai (33.6). Among all the PBCR’s top four 

places were occupied by Delhi with AAR 41.0 (per 100,000), Chennai 37.9, Bangalore 34.4 
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and Thiruvananthapuram District 33.7 (Fig.2.3)(6). Indian women with breast cancer are 

found a decade younger in comparison to western women suggesting that breast cancer 

occurs at a younger premenopausal age in India (3, 29-31). UK cancer registry showed an 

increasing trend for breast cancer from age 30-35 achieving highest peak during age 60-65 

years. This suggested that an average woman in India under the age of 40 has a considerably 

higher chance of developing young age disease unlike UK (7). Reports suggest that western 

breast cancers are mostly represented in Stages I and II of disease, whereas Indian women 

tends to report in higher advanced stages (45.7%) (3-4). Disease presentation in such 

condition results in increased mortality in India. 

Table 2.4(a). Female breast Relative Proportion (%) and rank (r) (2012-2014 in all PBCR’s) 

Table 2.4(b). Female breast Crude Rate (CR) and Age Adjusted Rate (AAR) (2012-2014 in all 

PBCR’s) 

Breast % R 
MUMBAI 28.8 1 
BANGALORE 27.5 1 
CHENNAI 30.7 1 
THIRUVANANTHAPURAM 28.5 1 
DIBRUGARH 19 1 
NEW DELHI 28.6 1 
BARSHI RURAL 20 2 

Breast 
CR per 
100000 

AAR per 
100000 

MUMBAI 33.6 33.6 
BANGALORE 29.3 34.4 
CHENNAI 40.6 37.9 
THIRUVANANTHAPURAM 43.9 33.7 
DIBRUGARH 12.7 13.9 
NEW DELHI 34.8 41 
BARSHI RURAL 13.2 12.4 
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Fig.2.3 Comparison of Age adjusted incidence rates for all PBCR’s for breast cancer 

(Adapted from PBCR 2012-2014 (2)) 

2.2 Normal anatomy of breast 

The breast is composed of glandular ducts, lobules, connective tissue, and fat. The main 

morpho-functional unit of mammary gland is a single gland with a complex branching 

structure called the terminal ductal lobular unit (TDLU) which consists of extralobular 

terminal duct (ETD) which attaches the lobule to the ductal system; A intralobular terminal 

duct (ITD) which continues the duct system into the lobule and clusters of 10-100 sac-like 

acini that open into the ITD (Fig.2.4). 
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  Fig.2.4 Anatomy of the human breast (http://wommen.org.uk/breast-anatomy/) 

Acini and the terminal duct are the source of milk production. The majority of pathologic 

changes in the breast are believed to arise from the TDLU. 

2.3 Benign Breast Disease 

Benign breast diseases encompass a heterogeneous group of lesions that differ in their 

histopathologic feature and clinical behavior. It can be either non proliferative lesions, or 

proliferative lesions with or without atypia or atypical hyperplasias (32). Benign tumours are 

associated with trauma, pain and tenderness (mastalgia) and infection (mastitis) resulting in a 

palpable mass, swelling, skin dimpling, erythema, thickening, pain, nipple discharge, 

inversion/retraction (33-34). It could be in the form of either fibrosis/cysts or benign breast 

tumours. Fibrosis is firmness in the connective tissues, and cysts are fluid-filled sacs which 

can cause areas of lumpiness, thickening, or tenderness; nipple discharge; or pain in the 

breast. Non-cancerous benign breast tumours are hard and solid areas where abnormal 

division of breast cells results in a lump formation. 
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2.4 Classification of breast carcinoma 

Carcinomas are broadly divided into in situ and invasive carcinoma. Carcinomas in 

situ are the tumours that are limited to ducts or lobules and confined to the 

basement/epithelial component of the organ (in-situ). In some cases cells extend 

beyond the basement membrane and invade the stroma and called as Invasive 

carcinoma.  

2.4.1 In-situ carcinoma was originally classified as Ductal carcinoma in-situ (DCIS) or 

lobular carcinoma in situ (LCIS). Tumours either arising from or involving a duct is termed 

as DCIS while tumours either arising from or involving a lobule is termed as LCIS. 

Morphologically DCIS has been divide into 5 architectural subtypes namely, 

comedocarcinoma, solid, cribriform, papillary and micropapillary. The majority of cases of 

DCIS cannot be detected by either palpation or visual inspection of involved tissue. On 

other hand LCIS are mostly incidental findings in a biopsy performed for another reason as 

LCIS is not associated with calcifications or a stromal reaction which tends to form density in 

tumours. 

2.4.2 Invasive (infiltrating) breast carcinoma is generally presented as a palpable mass 

and has stromal and basement membrane invasion. They are of two types: Invasive ductal 

carcinoma (IDC) and Invasive lobular carcinoma (ILC). IDC accounts for the majority of 

invasive breast cancers. It begins in the duct forming cells of breast with the gross 

appearance of an irregular stellate outline. Invasive lobular carcinoma (ILC) is characterized 

by the presence of small and relatively uniform tumour cells growing singly and in 

concentric (pagetoid) fashion around lobules involved by in situ lobular neoplasia. The 

incidence of lobular carcinomas has been reported to be increasing among postmenopausal 

women possibly due to use of hormone replacement therapy.  
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2.4.3 Other types of breast cancer includes inflammatory breast carcinoma, Paget's disease 

of the nipple, tubular, medullary, cribiform, metaplastic and apocrine carcinoma. 

Development of breast cancer manifests itself as a sequence of pathologically defined stages 

by initiating as a premalignant stage of atypical ductal hyperplasia (ADH, progresses into 

pre-invasive stage of ductal carcinoma in situ (DCIS) and culminates in the potentially 

lethal stage of invasive ductal carcinoma (IDC) (35). 

2.5 Staging of breast cancer 

Staging defines the extent to which disease is spread which in turn determines the treatment 

and estimates patients’ prognosis. Staging can be done both clinically and pathologically. 

Presently staging is determined by the parameters laid by the American Joint Committee on 

Cancer (AJCC) 1977. The AJCC system is a clinical and pathologic staging system 

based on TNM nomenclature in which T refers to the tumour, N to lymph node and M 

refers to metastasis. 

TNM Classification 
T= Primary Tumour 
Tx Primary tumour cannot be assessed 
T0 No evidence of primary tumour  
Tis Carcinoma in situ 
T1 Greatest tumour dimensions, 2cm or less 
T2 Greatest tumour dimension, more than 2 cm but less than 5 cm 
T3 Greatest tumour dimension, more than 5 cm 
T4 Any size tumour with extension to wall or skin 
N Regional Lymph Node 
Nx Regional Lymph Nodes cannot be assessed 
N0 No regional nodes metastasis 
N1 Metastases to movable ipsilateral axillary lymph node(s) 

N2 
Metastases to ipsilateral axillary lymph node(s) fixed to one another or other 
structure 

N3 Metastases to ipsilateral internal mammary lymph node(s) 
M Distant metastasis 
Mx Presence of distant metastasis cannot be assessed 
M0 No distant metastasis 
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M1 Distant metastasis 
Stage Grouping 
Stage 0 TisN0M0 
Stage 1      T1N0M0 
Stage IIA+ 
IIB T0N1M0,T1N1M0,T2N0M,T2N1M0,T3N0M0 
Stage IIIA + 
IIIB  

T0N2M0, T1N2M0, T2N2M0, T3N1M0, T3N2M0 +T4 Any N ,M0, any 
TN3M0 

Stage IV Any T Any N, M1 

2.6 Grading of breast cancer 

Histological grade is a widely accepted prognostic parameter for invasive breast carcinoma. 

The Nottingham method is the most accepted method of determining the histological grade. 

The grade is obtained by adding up the scores for tubule formation, nuclear pleomorphism, 

and mitotic count resulting in a score of 3-9 points which is translated into the final grade. 

For a score of 3-5 points the cancer has Grade I cancer; for 6-7 points cancer falls in Grade II 

while for 8-9 points cancer comes under Grade III. Grade I cancer are categorized as well 

differentiated cancer which are slow in growth. Grade II cancer are moderately differentiated 

with comparatively faster growth than grade I. Grade III are poorly differentiated cancer and 

are very fast growing and aggressive. 

2.7 Sub-types in breast cancer 

Breast cancer is highly heterogeneous group of cancers, arising from different cell types, 

showing different clinical implications. Hence breast cancer protein profiling for Estrogen 

Receptor, Progesterone Receptor and HER2/Nu proteins might helps in determination of the 

most appropriate treatment and predict the prognosis for individual patient. 
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2.7.1 Estrogen receptor (ER) 

Estrogen receptor, which is a member of nuclear hormone family of intracellular receptors 

and gets activated by hormone 17β-estradiol (36). Estrogen Receptor mainly regulates gene 

expression(37). ER has two isoforms α encoded by ESR1 and β encoded by ESR2 genes(38). 

70% of breast cancer cases tends to over express ER and are termed as "ER positive" tumours. 

of breast cancer cases, and are referred to as When ER binds to estrogen receptor, it stimulates 

proliferation of mammary cells resulting in an increased cell division, DNA replication & 

mutation rate which in turn causes disruption of the cell cycle, DNA repair processes and 

apoptosis, eventually leads to tumour formation. Expression of ERα expression is associated 

with more differentiated tumours in comparison to ERβ. However, research suggests that 

there is association of ERβ with proliferation and poor prognosis(39). Patients expressing 

higher levels of ER in tumour tissue were treated with endocrine therapy which consisted of 

ER antagonists called as Selective ER Modulators (SERMS) or aromatase inhibitors which 

inhibits the action of enzyme aromatase which functions by converting androgens into 

estrogens. 

2.7.2 Progesterone Receptor (PR) 

Progesterone receptor (PR) is an intracellular steroid receptor which binds to progesterone 

coded by PGR gene (40). There are two main forms A and B which differ in their molecular 

weight. PR is mainly expressed in reproductive tissue playing important role in 

folliculogenesis, implantation, ovulation and pregnancy (41). Estrogen is necessary for 

inducing progesterone receptors (PRs) activity (42). PRs binding to receptor leads to their 

hyperphosphorylation which in turn requires multiple serine kinases (43). This binding is 

followed by dimerization leading its entry to the nucleus where it binds to DNA and produces 

proteins. Around 65% ER-positive breast cancers are also PR-positive and while about only 
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5% of ER-negative breast cancers are PR-positive, but it is considered as hormone positive in 

both cases. Any mutation or change in expression of its co-regulators can affects the normal 

functions by disrupting the normal development and thereby leading to breast carcinogenesis 

(44). 

2.7.3 HER2/neu 

Human Epidermal growth factor Receptor 2 ( HER2/neu also known as ERBB2) a member of 

transmembrane receptor tyrosine kinase being a protein associated with higher aggressiveness 

in breast cancers (45). It is a proto-oncogene mainly involved in signal transduction pathways 

that regulate cell growth, differentiation and proliferation (46). HER2/neu is important for its 

role in the breast cancer pathogenesis and as a target for treatment. Ligand binding results in 

dimerization of ErbB receptors with majorly HER2/neu being dimerisation partner of other 

members of the ErbB family(47). Its over-expression in breast cancer is associated with 

increased disease recurrence and worse prognosis. HER2/neu is known to co-localize with 

another protooncogene GRB7, and thus most of the time is co-amplified, with it (48). 

Clinically, HER2/Neu over expression is targeted by monoclonal antibody trastuzumab 

(marketed as Herceptin) which in turn increases p27, a protein that halts cell proliferation 

(49). 

2.8 Molecular classification of breast cancer 

There is a need to classify patients into Hormone positive or negative or HER-2-

overexpressing categories, since targeted therapies for breast cancer are only effective in these 

subsets of patients. Hence these molecular signatures for a particular subset would also lead to 

the discovery of new therapeutic targets and treatments. Several high throughput technologies 

as gene-expression profiling have evolved which enabled the classification of breast cancer 

amongst various subtypes. Classification of breast cancer into 5 major molecular subtypes 
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was the result of first comprehensive study on gene expression profiling on breast cancer 

patients viz. luminal-like with ER/PR positive and HER2/neu negative, basal-like with 

ER/PR/ HER2/neu negative, normal-like, and HER2/neu over expressing with ER/PR 

negative and HER2/neu positive (9, 50). These subgroups mainly differed in prognosis and 

sensitivity to chemotherapy. Most favourable long term survival was represented by Luminal-

like cancers since these were ER positive with low grade tumours responding well to 

endocrine therapy whereas basal-like and HER-2-positive tumours were more sensitive to 

chemotherapy (51-52).  

2.9 Risk Factors for Breast Cancer 

Risk factors mainly includes age, location, reproductive status events as (menarche, 

menopause, pregnancy, breastfeeding), hormones exposure as (hormone replacement 

therapy and oral contraceptives), lifestyle factors (diet, obesity, alcohol and physical 

activity), history of benign breast disease, mammographic density, density, ionizing radiation, 

prolactin levels, chemo preventive agents, and genetic factors (high and low penetrance 

breast cancer susceptibility genes). 

2.9.1 Age 

Age is a major risk factor for breast cancer. In US and Sweden it continues to rise up to 

75 years while in Colombia, the age-specific increase is considerably smaller after age of 

45 (53-54). In India women with breast cancer are found a decade younger in comparison to 

western women suggesting that breast cancer occurs at a younger premenopausal age (3, 29-

31, 55). According to the National Cancer Registry Programme [NCRP] based on cancer 

registries at six hospitals, the average age of patients was found ranging between 44.2 years 

(Dibrugarh) to 49.6 years (Bangalore and Chennai) (NCRP 2001) whereas amongst US 
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caucasian females it was 61.0 years (56). Studies suggest that the disease peaks at 40-50 years 

in Indian women (57). These cancers are either HER2/Neu positive or ER/PR/ HER2/neu all 

three negative, having poor prognosis. Trends for five year age distribution amongst different 

registries showed a peak between 45-49 years amongst all registries except in north eastern 

registries where the peak was seen in even ten year younger age group–35-39 (Fig. 2.5) (7). 

 

 

 

 

 

 

Fig. 2.5 Trends for 5-year age distribution among different Indian registries (Adapted from 

NCRP 2010–2012 (7) ) 

2.9.2 Race 

Ethnicity plays a role in breast cancer incidence and mortality. Black women were more 

likely to die of breast cancer followed by white, Hispanic, Asian/Pacific Islander, and 

American Indian/Alaska Native women. In India incidence of breast cancer is found to be 

more in urban than rural women. The average incidence rates ranges from 22-28 per 

100,000 in urban settings to 6 per 100,0000 women in rural areas. Rural women are 

mainly adherent to rural lifestyle making them less vulnerable to disease although they 

are more exposed to pesticides (58). Higher incidence of breast cancer has been 

reported in parsi women than other religious communities. The rates and patterns of 
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cancer are strikingly different in the northeastern part of India which is ethnically isolated. 

Population in Northeast is more prone to cancers compared to remaining part of the 

country. Certain pockets of North eastern region have highest breast cancer incidence rate 

like Aizwal district in Mizoram and Kamrup district in Assam (North Eastern Regional 

Cancer Registry data 2006). 

2.9.3 Reproductive factor 

2.9.3.1 Age at menarche and menopause 

Early menarche (less than 12 yrs vs. 14 yrs) has been found to be associated with increased 

breast cancer risk which is probably because of prolonged exposure of estrogens and 

progesterone to breast epithelium. Contrastingly, delayed menopause maximizes number of 

ovulatory cycles leading to an increased breast cancer risk (59-60).  

2.9.3.2 Nulliparity and age at first birth 

Nulliparity and old age at first birth contributes toward increased risk of developing 

breast cancer (61-62). Nulliparous women had a 2.2-fold higher risk than multiparous 

women and late age at first pregnancy (35 years and above) showed 5.4 fold higher risk 

compared with women having first pregnancy at age of 14 years or less (63). Moreover older 

age at first childbirth emerged as stronger risk factor for contralateral breast cancer (64). In 

western and southern India, females faced higher risk with increasing age while high parity 

was associated with 40-50% reduction in risk (P < 0.01) (63, 65-67).  

2.9.3.3 Breast feeding 

Prolonged lactation has a protective role in breast cancer development (68). There is a 

4.3% decrease in the relative risk of breast cancer for every 12 months of breastfeeding, in 

addition to a decrease of 7.0% with each birth (69). Women from North India has revealed 
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strong association of risk factors like breast-feeding, location (urban/rural) and increased BMI 

to be associated with breast cancer (p < 0.05) (70). 

2.9.4 Lifestyle breast cancer risk factors 

2.9.4.1 Alcohol consumption 

There was a positive association between risk of developing breast cancer with 

alcohol intake in both pre and postmenopausal women (71-72). Alcohol tends to increase 

sex hormone levels which in turn increase breast epithelial cell responsiveness which further 

leads to tumour initiation and promotion through leading to production of genotoxic 

metabolite acetaldehyde and oxidative stress. In vitro studies have reported alcohol stimulates 

invasion and migration of breast cancer cells by interfering with the epithelium–stroma 

interaction, enhancing EMT. Aberrant DNA methylation patterns could also lead to alcohol-

induced cancer development (32). 

 2.9.4.2 Diet 

 Intake of fruits and vegetables along with other rich sources of natural antioxidants 

decreases breast cancer risk (73-75). The various cultural and religious practices in India 

introduces diversity in dietary patterns since past thousands of years (76-77). Every 10 

years, nutrition recommendations are updated by ICMR according to surveys conducted 

by the National Institute of Nutrition (NIN), Hyderabad (78). NIN recommends diet 

including high intake of fresh vegetables and fruits and spices such as turmeric, in 

adequate amounts to prevent cancer (79). 

2.9.4.3 Obesity and physical activity 

Obesity and breast cancer have a complex relationship modulated by menopausal status. 
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Obesity induces high levels of endogenous estrogen, produced mainly by adipose 

tissues which are known to be a major source of estrogen (80). Physical activity delays 

the onset of menarche and thus reduces the risk of developing cancer by modulating the 

availability of hormone levels (81). 

2.9.4.4 Tobacco and betel quid chewing 

Breast cancer ranks top in north east India and has significant association with the factors as 

betel quid and tobacco chewing habits (p=0.003) (82-85). Environmental carcinogens tends 

to induce genetic alterations which differ from alterations observed in the non exposed  

ones (83). Betel Quid chewers faces more risk of developing breast cancer than the non-

chewer with significant p value 0.0003 (95% CI 1.334-4.150) (86). 

 2.9.4.5 Family history 

Family history of breast cancer increases lifetime risk two to three times f o r  developing 

breast cancer (87) than a non familial case. Genetic factors play a major role in promoting 

familial breast cancer like mutations in BRCA1, BRCA2 gene inherited from parents (88). 

The frequency of BRCA1/2 genetic mutations ranged from 2.9% to 24.0% among Indian 

familial breast cancer patients (89). Also 2.8% of Indian early-onset breast cancer patients in 

were found to have BRCA1/2 mutations. Higher frequency of BRCA2 mutations than 

 BRCA1 were reported in India(90). Although most of studies have shown distinct sequence 

variants both in BRCA1 and BRCA2,some of them being unique to Indian population 

however presence of 185delAG founder mutation reported in Ashkenazi Jews has also been 

reported by many Indian breast cancer patients (88, 91-94). Other gene mutations like ATM, 

TP53, CHEK2, PTEN, CDH11 and STK11 are also associated with breast cancer (95-97). 

Family history of cancer can enable identification of high risk groups History of cancers 
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among family members helps in identifying high risk groups, who can be further counseled 

for early diagnostic modalities and preventive therapies. 

2.10 Molecular basis of breast cancer 

Breast cancer, like other malignancies progresses by accumulation of a series of genetic and 

epigenetic changes in the genes regulating cellular proliferation, differentiation, cell death 

(apoptosis or necrosis), DNA repair and tissue compartmentalization, etc. The complex 

processes setting the hallmarks for cancer (Fig. 2.6) includes unlimited replicative potential, 

sustained angiogenesis, self-sufficiency in growth signals, insensitivity to growth inhibitory 

signals, evasion of apoptosis, tissue invasion metastasis as well the ability of the cancer to 

escape the immune response through several complex processes and events (26, 98-99). 

Further breast cancer stem cell identification led to elucidation about evolution and 

progression of breast cancer (100). Molecular basis of cancer evaluates biomarkers which 

enables identification of disease state and pathways to stake out disease progression. With the 

advent of gene expression profiling studies, our understanding of the molecular mechanisms 

involved in tumourigenesis and progression of breast cancer has improved. The basis of this 

heterogeneity lies in genetic variability (101-104). Early marker identification preceding 

clinical manifestation for disease is an important objective of molecular epidemiology (105). 

These genes may be classified into two main categories: (i) Oncogenes and ii) Tumour 

suppressor genes. 

2.10.1 Oncogenes 

Mutations, leading to gain of function, results in activation of proto oncogenes. Activated 

oncogenes start behaving in a dominant fashion leading to neoplastic development (106-

107). Breast cancer genome analyses indicate that some genes are frequently mutated and 
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some get infrequently mutated, causing heterogeneity. Oncogenes are dominant in nature, 

since a single “hit” or alteration activates them. They get amplified and their protein 

products are over expressed leading to increase in product presence (107).They cause 

sporadic cancers, accounting for the majority breast cancers. To name a few important 

oncogenes that are reported to be involved in breast cancer are Erb-b2, Cyclin D1, Bcl2, 

MYC and H-RAS. 

2.10.2 Tumour Suppressor Genes 

 Tumour suppressor genes are those that sustain loss-of function mutations in the 

development of cancer (108). They regulate vast  number of cellular activities, like cell 

cycle check-point, repair of DNA damage, protein ubiquitination and degradation, mitotic 

signaling, and tumour angiogenesis. These genes stop cell from dividing during cell division, 

especially if DNA is damaged during its replication (109). Tumour-suppressor genes have 

three basic properties (a) they are recessive and undergo biallelic inactivation in tumours, 

(b) inheritance of a single mutant allele accelerates tumour susceptibility, because one 

additional mutation completes the loss of function, hence a germline mutation can be the 

underlying cause of a familial cancer syndrome that exhibits an autosomally dominant 

pattern of inheritance and (c) the same gene is frequently inactivated in sporadic cancers 

(110). They get deleted either physically or by loss via recombination or via 

hypermethytlation. TSGs involved in the breast cancer development includes, TP53, RB and 

PTEN, along with the susceptibility genes BRCA1 and BRCA2. 

2.10.3 Growth Factors 

GFs act as compact polypeptides, binding to transmembrane receptors leading to kinase 

activity, which stimulates specific combinations of intracellular signalling pathways, mitogen-
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activated protein kinase (MAPK), the phosphatidylinositol 3-kinase (PI3K), phospholipase C-

γ, and transcription factors like the signal transducers and activators of transcription (STATs) 

or SMAD proteins. A somatic mutation may initiate survival and growth advantage to a cell 

which may clonally expand in presence of growth factors like IGF1, EGF etc. Further this 

expanded cell goes through the process of invasion which involves loss in epithelial polarity, 

and acquisition of mesenchymal like motile phenotype. This critical phase of development is 

controlled by interplay between oncogenes and tumour suppressors, and GFs. Intravasation 

and extravasation of cancer cells through lymphatic and blood vessels leads to dissemination 

and metastasis of cancer to distant organs. The characteristic of cancer cells to acquire new 

mutations and produce GFs (autocrine loops) along with persistent angiogenesis, all together 

leads to establishment of large size tumours. The final phase involves large movement of 

tumour mass to target organs called metastasis. Some growth factors as EGF, epidermal 

growth factor, CSF-1, colony stimulating factor 1; HB-EGF, heparin-binding EGF, FGF, 

fibroblasts growth factor; NRG, neurogulin; TGF, transforming growth factor; VEGF, 

vascular endothelial growth factor plays a crucial role. 

Fig. 2.6 Hallmarks of cancer ( Hanahan and Wienberg, 2011)(27)) 
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2.11 Genome wide studies on breast cancer 

The genome wide association studies involve rapid screening of markers across the complete 

sets of DNA or genome to find out the genetic variation associated with diseases which can 

be further utilized to develop better strategies to detect, treat and prevent disease and also lead 

to the era of personalized medicine. The high throughput tools used for such studies are 

microarrays. Microarray is defined as a collection of microscopic features (most commonly 

DNA) which can be probed with target molecules (proteins, DNA, RNA, antibodies, 

carbohydrates or other chemical compounds) to produce either quantitative (gene expression) 

or qualitative (diagnostic) data.(111) There are various types of microarrays which are 

distinguished based upon the solid surface support used by them, nature of the probe, and the 

specific method used for probe addressing or target detection There are mainly two types of 

microarrays , Solid phase array where tiny spots of DNA termed as probes are spotted on a 

glass, plastic or silicon plate (112) which are used to bind to specific DNA sequence in test 

sample and Polystyrene bead array where DNA probes are placed on tiny plastic beads 

which can be mixed with test sample of DNA. Hundreds to thousands of DNA probes can be 

placed on single array with the help of robotic machine. A microarray chip mainly consists 

of an arrayed series of thousands of microscopic spots of DNA oligonucleotides, each having 

a small amount probes which hybridize to cDNA or cRNA. To identify the relative 

abundance of nucleic acid sequences in the sample hybridization is detected and quantified 

by fluorescence-based detection. A microarray can be DNA microarray, Protein microarray, 

or Tissue microarray, with single or double channels. Microarray’s are used for detection and 

measuring gene expression at the mRNA or protein level, finding mutations, identifying 

copy number variations, miRNA profiling, methylation and histone profiling and locate 

chromosomal changes (CGH =comparative genomic hybridization) along with several other 

applications like gene discovery, disease diagnosis, drug discovery etc. 
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The, gene expression profiling by microarray enables simultaneously access to the expression 

profile of thousands of genes which enable understanding the multiple molecular events and 

mechanisms by creating a global picture of cellular functions for cancer development. 

Advanced technologies make use of expression Bead Chips to provide genome wide 

transcriptional coverage of well characterized genes. The oligos covalently attached to beads 

in Bead Chips having a 29-base address attached to 50-base gene-specific probe. This address 

helps in decoding the array, while the probe quantifies expression levels of transcripts. This 

probe is hybridized to labelled nucleic acid derived from total RNA (Fig.2.7.). 

Fig.2.7. Bead image showing its address bar and a probe bar which in turn attaches to labelled 

cRNA (Adapted from Illumina) 

Use of gene expression profiling in identification of breast cancer molecular subtypes can 

enable development of prognostic, predictive molecular signatures leading to better 

understanding of the biologic heterogeneity of breast cancer (18). 

2.12 Molecular classification of breast cancer via gene expression profiling 

Gene expression profiling using microarrays provided an opportunity to perform more 

individualized and detailed breast tumour characterization by identifying signature gene lists 

with potential for prediction of clinical outcome. It has divided breast cancer in four main 

molecular classes (8-11, 50). The “intrinsic” classification by Perou et al. proposed these four 
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classes as basal-like breast cancers, corresponding to ER/PR/ HER2/neu-negative tumours 

(also called as triple-negative” tumours); followed by luminal-A cancers, which consists of 

ER-positive and low-grade histologically; luminal-B cancers, which are ER-positive having 

low levels of hormone receptors and are high-grade; and HER2/neu -overexpressing 

cancers, showing amplification and high expression of the ERBB2 gene and several other 

genes of the ERBB2 amplicon. This subgroup correlates to clinical characterization on the 

basis of ER and HER2/neu status, as well as proliferation markers or histologic grade (12-13). 

The ERBB2 group of patients responds well to Herceptin. In 2001 data was reanalyzed by 

Sorlie et al. (52) on 85 tissue samples. Clinical outcomes (metastasis, death and survival) 

were found to be significantly different between the subtypes. Gene sets corresponding to 

each subtype were identified from the dataset which were further used for classification. 

Sorlie et al. added 38 new breast cancer tumour tissue arrays and rexamined 84 of the 85 

arrays (9). The results were same since they found once again the same subtypes with 

significant differences in overall survival between the groups which consequently led to the 

conclusion that all breast cancers are not the same from molecular point of view. Further 

studies reported that these large-scale gene expression differences existing between ER-

positive (mostly luminal-like) and ER-negative (mostly basal-like) cancers suggests that 

further molecular subsets also exists (9-10) varying in terms of prognosis and chemotherapy 

sensitivity. Luminal type cancers are the most favourable long-term survival group, whereas 

basal-like and ERBB2-positive tumours are more sensitive to chemotherapy (52, 113). Van’t 

Veer et al. compared expression profiles of patients developing distant metastasis (n=34) 

within 5 years with patients who remained disease free (n=44) for at least 5 years (114-115). 

A 70 gene expression signature was developed which classified tumours into the good and 

poor prognosis groups. The results were later confirmed in a larger set of tumours (116-117). 

The summary of all microarray studies is represented below (Table.2.5). 
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Table.2.5 Summary of initial microarray studies related to human breast cancer 

Study Findings/Conclusion 
Perou et.al. (2000) 
(50) 

Classified tumours into 4 major subtypes alongwith a novel 
subgroup namely basal-like breast tumours was identified 

Sorlie.et.al.(2001) 
(8) 

Identification of novel luminal-type subclasses lumina A, 
luminal B and Basal-like, ERBB2, luminal subtype B possesd 
worse clinical outcome while  luminal A subtype  had a good 
clinical outcome 

Sorlie et.al.(2003) 
(118) 

Classification of breast  cancer based on gene expression 
profiling captures the molecular complexity of tumours 

Ma et al. (2003) 
(119) 

Identification , in contrast to tumour stage, different tumour 
grades which are associated with distinct gene expression 
signatures 

Zhao et al.(2004) 
(120) 

Gene  expression  profiling  has revealed distinct patterns of 
gene expression among ILCs and IDCs 

West et al. (2001) 
(121) 

Gene  expression  profile  could predict metastatic potential 
even in the absence of reportedly positive nodes 

Van‘t Veer et 
al.(2002) (114) 

Signature that defines ER status can be used to decide on 
therapy and signature that reveals BRCA1 status may further 
improve diagnosis of hereditary breast cancer. 

Van de Vijver et al. 
(2002)(116) 

Classification of patients into high-risk and low-risk subgroups 
on basis of prognosis profile - useful means of guiding adjuvant 
therapy in patients with lymph-node–positive breast cancer 

Huang et 
al.(2003)(122) 

Group analysis  of lymph-node risk defines metagene patterns 
that can accurately predict high- risk versus low-risk cases, in 
both internal and external validation studies 

Ma et al. 
(2004)(123) 

HOXB13:IL17BR expression ratio may be useful for 
identifying patients appropriate for alternative therapeutic 
regimens in early-stage breast cancer 

Chang et 
al.(2005)(124) 

Both overall survival and distant metastasis-free survival 
diminished in patients whose tumours expressed the wound 
response signature. Wound response signature improves risk 
stratification independently of known clinico- pathogenic risk 
factors. 

Dai et al. 
(2005)(125) 

By combining ER expression level and age, identified group of 
patients with relatively poor outcome Suggest that cell 
proliferation is the driving mechanism associated with poor 
outcome 

Farmer et 
al.(2005)(126) 

Divided mammary tumour cells into 3 groups based on steroid 
receptor activity: luminal (ER+ AR+), basal (ER- AR-) and 
molecular apocrine (ER- AR+) 

Miller et al. 
(2005)(127) 

Showed the primary importance of p53 functional status in 
predicting clinical breast cancer behavior 

Nadari et al. 
(2007)(128) 

Identified a prognostic classifier and gene set, which predicts 
the overall survival in three independent studies 
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Although carcinoma breast is predominantly a disease of aging, with only 5 to 7% of patients 

diagnosed below the age of 40 years in the developed world (129) but the developing 

countries show higher percentage of younger patients (20%) below 40 years of age (130-

131). Younger patients tend to expresses key biomarkers differentially as absence of 

endocrine receptors, HER2/neu and high proliferation index. Younger women mostly 

presents with more aggressive subtypes. Young patients with luminal-B tumours had worst 

outcome compared to older (16, 132). These collective findings suggest that tumours arising 

in younger patients may have a different molecular pathology. 

In a study by Azim and colleagues (16) 3,522 patients tumours were evaluated, of which 451 

were ≤40 years age breast cancer diagnosis. Higher proportion of basal like breast tumours 

were shown by young people (34.3%) compared to age 41 to 52 (27.7%), 53 to 64 years 

(20.8%) and ≥65 years (17.9%) (P < 0.0001). HER2/neu-enriched tumours were also present 

in young patients. Luminal-A tumours were lesser in early onset tumours (17.2%) compared 

in other age groups 30.7%, 35.1% and 35.4% (P < 0.0001). Many studies based on the 

expression of ER and HER2/neu have discussed the differences in breast cancer subtypes 

according to age (<40, 40 to 49 and ≥50 years) (133).  

Anders in 2008 (14), firstly attempted to describe the breast cancer biology in young women 

through gene expression profiling. Study included 200 patients having age ≤45 years 

compared to 211 patients having ≥65 years age. It was found that PI3K and Myc pathways 

were top deregulated in early onset patients. Later on after adjusting these datasets for 

potential differences a metanlysis was done (15), where no distinct signatures could be 

identified amongst 2 groups. In 2012 Azim and colleagues (16) metanalysis on gene 

expression identified 50 genes based on literature search related to early-onset breast cancer. 

RANKL was found to express significantly along with c-kit and BRCA1 mutation signatures 
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typically present in young breast cancer females. They also reported MAPK and PI3K and 

apoptotic pathways deregulation (134-135).  

Studies suggest that young patients tend to have BRCA1 mutations and are mostly basal like, 

while previous literature suggested them to be of luminal origin regulated by c-kit (136-137). 

RANKL stimulates osteoclastogenesis and thus targeting it leads to reduction in risk of 

osteoporosis and related skeletal events secondary to bone metastases (17, 138-139). The 

potential advantage of improving tumour classification by expression profiling has been 

central to several large-scale breast cancer studies over the past few years.  

It has been now proved that metastatic potential of tumour is the property of whole tumour 

(119, 140). These findings resulted in need of studies which aim at identifying genes which 

may be involved in metastasis, relapse and shorter survival prognostic models have been 

developed to predict long term relapse (114, 122, 141). As a result of continuous efforts and 

attempts prediction models have been developed which have been converted to diagnostic 

assays, approved by US Food and Drug Administration FDA for breast cancer patients. Apart 

from predicting clinical outcomes, these kits can also indicate therapeutic options for patients.  

2.13 Gene expression in diagnostics 

Gene-expression profiling technology aims providing better prediction of clinical outcome 

than the traditional clinical and pathological parameters. Gene predictor tests aid clinician to 

estimate outcome with local treatment along with the absolute benefits expected from 

systemic adjuvant endocrine therapy and chemotherapy. However, the challenge is to identify 

the low-risk patients who don’t need adjuvant chemotherapy. To date, only two assays have 

received FDA clearance, while seven tests are marketed in the European Union and the US.  
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2.13.1 Mammaprint 

A 70 gene classifier was developed by Van’t Veer and colleagues called the MammaPrint dx 

signature. It accurately distinguishes patients who would likely remain free of distant 

metastases (good profile) from breast cancer patients at high risk of developing distant 

metastases (poor profile) within the 5 years after diagnosis.(116) This test is approved by US 

FDA as a prognostic assay for breast cancer patients who are 61 years or younger having 

stage I or II with positive or negative lymph nodes (142). ER positive cancers show a good 

prognostic risk discrimination but ER negative cancers have high risk score The prognostic 

risk discrimination is good among ER-positive cancers who benefit by chemotherapy (132, 

143) but almost all ER-negative cancers are classified as high risk group. 

2.13.2 Oncotype DX (Oncotype DX Breast Cancer Assay) 

Currently, the most widely used prognostic assay is Oncotype DX (Genomic Health, 

Redwood City, CA, USA) for ER-positive cancers suggesting how likely the woman is going 

to benefit from chemotherapy in addition to tamoxifen therapy. This assay comprises of 16 

cancer related genes and five housekeeping genes which utilizes expression measurements to 

compute a recurrence score from 0 to 100, which can be categorized into low-risk (score <18), 

intermediate-risk (score 18 to 30) or high-risk (score ≥31) groups corresponding to 10-year 

distant recurrence rates after 5 years of tamoxifen therapy to be <12%, from 12% to 21%, and 

from 21% to 33%, respectively (144). The commercially available Oncotype DX Breast 

Cancer Assay which uses reverse transcriptase-polymerase chain reaction (RT-PCR) 

evaluates the mRNA expression levels of 21 genes (16 cancer-related genes and 5 reference 

genes 8). These genes are main components of the ER pathway (ER, progesterone receptor, 

BCL2 and SCUBE2), proliferation (Ki67, STK15, Survivin, CCNB1 and MYBL2), 

HER2/neu amplicon (HER2/neu and GRB7), invasion (MMP11 and CTSL2) and GSTM1, 
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CD68 and BAG1. The expression of these 21 genes is reported as a single Recurrence Score 

(RS).  

2.13.3 Theros-Breast Cancer Gene Expression Ratio Assay 

Theros is based on 3 predictive genes: the homeobox gene HOXB13, interleukin 17B receptor 

(IL17BR) and EST AI240933, which was identified in a microarray study conducted by Ma 

and co-workers. It was specifically developed for ER-positive breast cancer patients treated 

with tamoxifen. 

2.13.4 Genomic Grade Index (MapQuant DX) 

It is the first clinically validated molecular diagnostic test based on microarray which 

measures tumour grade as a indicator of tumour proliferation, metastatic risk and 

chemotherapy response. It allows distinction of grade2 tumours into either grade1 or grade 3. 

Higher GGI suggests increased sensitivity to neoadjuvant therapy with paclitaxel, 

fluorouracil, adriamycin, and cyclophosphamide in ER positive and negative patients; 

however it predicts worse survival in ER positive patients only. Hence this test implies the 

importance of tumour differentiation and proliferation genes in ER positive group of patients.  

2.13.5 PAM50/Breast Bio Classifier 

Patients outcome are predicted by a 50-gene qRT-PCR assay which classifies ER-positive and 

ER-negative breast cancers into various subtypes which predict patients outcome (high, 

medium and low risk groups). It generates a risk score which enables clinicians to take 

treatment decisions based on estimates of death risk. Consequently, chemotherapy can be 

avoided in case of a very good prognosis.  
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Hence the expression profiling has led to better understanding of heterogeneous nature of 

breast cancer even at genomic level and also prediction of clinical outcomes. Some of the 

validated and commercially available profiles include OncotypeDx® and Mammaprint® assay.  

2.14 DNA Methylation 

Epigenetic mechanisms have a potential role in cancer, mainly histone modifications & DNA 

methylation. DNA methylation is a heritable epigenetic mechanism regulating gene 

expression, which involves transfer of methyl group to the C-5 position of the cytosine ring of 

DNA by DNA methyltransferases (DNMTs) hence modifying the function of the genes (20). 

In human DNA methylation occurs at cytosine residues which form part of CpG dinucleotides 

(19), with some methylation occurring at CpNpG sequences, where N can be A, T or C. 98% 

of DNA methylation is known to occur in a CpG dinucleotide and around a quarter of all 

methylation occurs in a non-CpG sites in embryonic stem cells (ESCs) (19).Methylation 

patterns are removed during time of zygote formation and gets restablished at time of embryo 

implantation (145). DNA methylation plays a vital role in genomic imprinting, X-

chromosome inactivation, and suppression of repetitive element transcription and 

transposition. It may also contribute to cancer when dysregulated (20-21). Approximately 

41% of the average human genome content is G/C nucleotides which is different from the 

statically expected frequency (20%). This is mainly accounted to the fact that cytosines in 

CpGs becomes methylated, resulting in 5mCpG, which is highly susceptible to spontaneous 

deamination, resulting in thymine. Further DNA replication, repairs the mismatched T/G to 

T/A, hence producing a permanent alteration/mutation within the DNA sequence. As a result 

of this, the mutation rate of cytosine to thymine is much higher than the average nucleotide, 

estimated to be 8.5 times higher, resulting in the loss of many CpG dinucleotides over time. 
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High levels of these alterations are seen at CpG islands which are long repetitive sequences 

and regions which are often unmethylated. 

2.14.1  Types of DNA Methylation 

2.14.1.1 CpGs 

DNA methylation generally refers to the addition of a methyl group to the 5’ carbon ring of 

cytosine in CpG (cytosine-phosphodiester bond-guanine) dinucleotides (Fig.2.8). The 

enzymes responsible for DNA methylation are called DNA methyltransferases (DNMTs). 

DNMT3A, DNMT3B, DNMT3L perform de novo methylation while DNMT1 maintains DNA 

methylation by adding methyl groups to newly replicated DNA strands. 

Fig. 2.8 Mechanism of DNA Methylation, a cytosine of the CpG dinucleotide is methylated 

via chemical modification facilitated by DNA methyltransferase adding a methyl group (CH3, 

depicted in red) to its 5’ carbon ring.  

2.14.1.2 CpG Islands and Promoters 

About 1% of human genome is comprised of highly dense regions of CpGs called CpG 

islands. with > 50% G+C concentration, > 200bp in length, and > 0.6 in the observed vs 
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expected ratio of CpG dinucleotides based G and C density (146). CpG islands are around 1kb 

in length and are usually devoid of DNA methylation which in turn protects them from the 

highly mutable events of 5mC deamination. Hence DNA sequences underlying CpG islands 

are evolutionarily conserved. Approximately 60 to 70% of gene promoters contain CpG 

islands, and these promoter CpG islands are known to regulate gene expression (147). DNA 

methylation at gene promoters usually is accounted to transcriptional silencing. Housekeeping 

genes often contain CpG islands at their promoters which lack methylation and hence these 

promoter CpG islands express ubiquitously. On other hand promoters of genes devoid of CpG 

islands are usually expressed in differentiated cells in a cell-type specific manner (148). CpG 

island shores are regions which are up to 2kb away from island, and shelves which are up to 4 

kb away from the island, are sometimes suggested to be more functionally relevant than CpG 

islands themselves. Moreover, multiple non-malignant tissue types as well as cancerous cells 

were distinguishable from one another using only the methylation profiles of CpG island 

shores.  

2.14.1.3 Repetitive Elements 

Human genome consist of approximately 45% of repetitive elements, encompassing 52% of 

all CpGs. Somatic cells mainly consist of methylated repetitive elements which suppress their 

activities (e.g. retrotransposons) and maintain genome stability and integrity (149). 

Furthermore 25% of repeat elements in the human genome were suggested to play functional 

roles in cellular pluripotency and differentiation. Specifically, repeat element methylation was 

associated with genes that were active in human ESCs but are silent in differentiated cells. 
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2.14.2 Mechanism of DNA methylation 

DNA methylation is accomplished with two classes of DNA methyltransferase enzyme 

namely DNMT1 and DNMT3a/DNMT3b. Though both of them uses, adenosyl methionine to 

methylate, but these two classes target different states of DNA. 

2.14.2.1 DNMT1 

DNMT1 methylates hemimethylated DNA on the nascent DNA following replication and 

hence it’s also called as maintenance methyltransferase (150), It thus provides the mechanism 

by which methylation status of DNA is maintained in daughter cells. DNMT1 also maintains 

DNA methylation pattern in proliferating cells. 

2.14.2.2 DNMT3a and 3b 

DNMT3a and 3b are called as de novo methyltransferases which are required to establish new 

DNA methylation patterns. They interact with CENPC protein resulting in increased 

misalignment and segregation defects due to loss of protein during mitosis (151).  

2.14.3 DNA Methylation and gene expression 

DNA methylation can regulate gene expression in several ways, either directly or indirectly. 

Promoter CpG island methylation leads to downregulation of gene expression in cancers 

(152). Methylation causes X chromosome inactivation early in embryogenesis or genomic 

imprinting of either paternal or maternal allele, resulting in single allelic expression (153). 

Repression of expression occurs by either blocking of transcription factors or due to actions of 

methyl DNA binding protein (154). Directly, DNA methylation can physically block the 

binding of transcription factors. For example, the binding of N-Myc to the promoter of 
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epidermal growth factor receptor (EGFR) is hindered by DNA methylation of N-Myc binding 

site E-box (CACGTG).  

2.14.3.1 Hypermethylation and Gene Silencing 

Human genome expects the overall prevalence of CpG dinucleotide pair to be around 1% 

which is actually lower than the expected frequency (6%). High density concentrations are 

however present in promoter regions called as CpG islands extending between several 

hundreds to few thousands mainly associated with tumour suppression. These are usually 

unmethylated, but if they get methylated, they fail to transcribe downstream genes resulting in 

silencing of that gene.  

2.14.4 Aberrant DNA methylation changes in cancer 

2.14.4.1 DNA hypomethylation 

Cancer consists of reduced or loss of genome wide methylation level/hypomethylation leading 

to global hypomethylation. The hallmark associated with hypomethylation occurs at repeat 

sequences of Alu and LINE1 elements juxtacentromeric satellite2 and tandem centromeric 

satellite alpha regions, leading to tumourigenesis due to genomic rearrangements and 

activating transposable elements. Loss of methylation can also lead to activation of proto-

oncogenes such as IGF2 in Wilms’ tumour and HOX11 in leukemia (155-156). 

2.14.4.2 DNA hypermethylation 

In 1986 DNA hypermethylation was known to be a form of gene inactivation. Down 

regulation of calcitonin gene in small cell lung cancer was accounted to its hypermethylation 

(157). Further other tumour suppressor genes such as RB1 (retinoblastoma 1) in 

retinoblastoma, VHL (von Hippel-Lindau) in renal cell carcinoma and CDKN2A (cyclin-

dependent kinase inhibitor 2A) were also methylated in multiple tumour types (158) resulting 
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in inactivation of certain tumour suppressor genes. Since then, many genes have been shown 

to be inactivated in this manner. Other genes as CDH1 (E-cadherin), RASSF1A (Ras 

association (RalGDS/AF-6) domain family member 1) and HIC1 (hypermethylated in cancer 

1), were inactivated due to methylation besides deletion. RASSF1 is commonly methylated in 

lung, breast, glioma, colorectal and RCC. HIC1 gene methylation was first observed in 

leukaemias as well as breast cancers (159) along with in multiple malignancies.  For these 

reasons, DNA methylation has been used as a biomarker for the detection of tumours, 

assessment of tumour prognosis, and prediction of treatment responses (160). 

2.14.4.3 Imprinting Disorders 

Loss or gain of methylation can lead to imprinting disorders which is an unusual event that is 

associated with dysregulation of growth (e.g. Beckwith-Wiedemann syndrome or BWS), 

neurodevelopment (e.g. Angelman syndrome) or metabolism (e.g. transient neonatal diabetes 

mellitus or TNDM). Abnormal imprinting via methylation is sometimes due to an underlying 

genomic change. For example, patients can have both copies of one chromosome partially or 

entirely inherited from only one of the parent, a phenomenon known as uniparental disomy .  

2.14.5 Aberrant DNA methylation in breast cancer 

Epigenetic modifications shape the chromatin topology which determines the cellular 

phenotype and controls its gene expression patterns (161). Aberrant DNA methylation 

occurring in CpG islands in the proximity of promoters is responsible for the loss of gene 

function (162). A large number of genes have been shown to be either hypermethylated or 

hypomethylated in breast carcinomas (163). It has been found that cancer genomes are 

generally hypomethylated and this demethylation event is mostly associated with repeat 

regions rather than specific genes (23). IL-10(Interleukin 10), MDR1 (multidrug reistance 1) 
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FEN1 (flap structure-specific endonuclease 1), CDH3 (cadherin 3), NAT1 (N-

acetyltransferase1) are all reported to be hypomethylated in breast cancer (164-165). 

Hypomethylation of TLR9 (Tol-like receptor 9) gene results in it’s over expression leading to 

enhanced migratory ability of cells (166). Other classical tumour suppressor genes commonly 

methylated are CDKN2A (cyclin dependent kinase inhibitor2A), BRCA1 (breast cancer1), 

CCND2 (cyclin D2), RASSF1A (Ras association (RalGDS/AF-6 domain family member 1 

isoform A), APC (adenomatous polyposis coli) and RARβ (retinoic acid receptor β). RASSF1A 

is known to be methylated in 62% of breast cancers CDKN2A and CCND2 are cell cycle 

tumour suppressor frequently methylated in breast cancer correlating with low expression at 

the mRNA and protein levels. APC another tumour suppressor gene involved in Wnt 

signalling is tumour-specifically methylated in 36% of breast cancers (167). RARβ is a 

commonly methylated gene in many cancers, including invasive and in situ breast carcinomas 

(161). Gene expression analysis of breast tumours has identified different breast cancer 

subgroups belonging to estrogen receptor (ER) negative basal-like and the ER positive 

luminal subgroups (50) with differences in outcome (8). In DCIS and early invasive breast 

cancer, FOXC1, GSTP1, ABCB1 and RASSF1A methylation were found to be associated 

with TP53 status and FOXC1, ABCB1, PPP2R2B and PTEN methylation to be associated to 

ER status (168). In locally advanced breast cancer patients treated with doxorubicin, 

methylation of GSTP1 and ABCB1 were found to be independent prognostic factors and we 

found DNA methylation patterns in single genes to be associated to TP53 and ER status as 

well as tumour expression subtypes (169). A concomitant methylation status was observed for 

several genes although residing on different chromosomes. 
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2.14.6 Analysis of DNA methylation 

Analysis of DNA methylation can be done at individual gene level, or whole chromosome 

level or entire genome level. Most commonly used method to study DNA modification by 

methylation is by sodium bisulphite treatment. Denatured DNA when treated with sodium 

bisulphite leads to deamination of cytosine to uracil while 5-methylcytosine (5mC) remains 

unaffected. This is followed by PCR which incorporates T nucleotide wherever deamination 

has occurred and the methylated cytosine remains unaffected and incorporates C only. 

Bisulfite converts equally both 5-hydroxymethycytosine as well as 5-methylcytosine without 

any discrimination (170). Many techniques since then have been developed to assess the 

methylation levels in particular DNA sequences. Presently Illumina; GoldenGate, Infinium 

HumanMethylation27 and Infinium HumanMethylation450 are available arrays for 

methylation. They use bead chip technology and allow directly hybridizing the bisulphite 

modified DNA to the array. Correct binding of methylated or unmethylated DNA to the bead 

chip results in single base extension with the addition of a fluorescently labelled nucleotide. 

For each probed CpG locus, numerous methylated and unmethylated probes are scattered 

throughout the chip and measurement of the fluorescence of all the probes for each locus bead 

type gives a quantitative representation of the amount of methylated and unmethylated alleles 

in the analysed sample. 

2.14.7 Clinical relevance of DNA methylation 

DNA methylation mainly enables understanding of the molecular events leading to the 

evolution of cancer for the benefit to the clinician majorly to improve the accuracy of the 

diagnosis of cancer, prognostic information about the cancer, and offer a potential means for 

cancer therapy. 
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2.14.7.1 Diagnosis of Early Cancers 

There is a urgent need to diagnose patients with cancer at a initial or preclinical stage. 

Diagnosing a disease early i.e before the invasion, lymph node metastasis, leads to improved 

surgical resection and has lesser side effects which is beneficial for the patients. The large 

population screening and surveillance programs are trying to identify these high risk patients. 

Presently the methods used for investigating cancers include serum tumour markers, 

radiologic procedures or endoscopic tests which are less sensitive or specific and expensive. 

Diagnosis of equivocal lesions in asymptomatic patient’s leads to further series of 

investigations and surgery which might or might not be necessary or beneficial to patients. 

For example, screening mammography programs tend to indentify ductal carcinoma in situ 

incidentally which have a high risk of developing into invasive cancer, but with presently it’s 

impossible to predict with any certainty which patients will have malignant disease and 

require surgery, versus which will remain quiescent, making potentially hazardous 

intervention less justifiable. 

Methylation could prove as a potential tool for diagnosing premalignant lesions, since 

promoter regions methylation proves to be a consistent early event in the incipient cancer 

cells. It would allow accurate screening and surveillance by identifying higher-risk patients on 

a molecular basis. It would also provide a justification to all patients who need more 

definitive treatment associated with malignancy at molecular level rather at typical pathologic 

or microscopic level. Focal resection or abalation in such patients would prevent subsequent 

cancer in such patients. Surgically managing these cancers at a stage before invasion and 

metastasis involving minimum invasive procedures would be associated with lesser 

complications and benefit the patient. 
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2.14.8 Treatment and management of breast cancer 

There are multiple modalities available for the treatment of breast cancer. It consists of both 

local as well as systemic treatment. Local treatment includes surgery or radiation while 

systemic treatment includes chemotherapy, radiotherapy, endocrine or targeted therapy. 

2.14.8.1 Surgery 

The first line of attack against breast cancer is surgery. Surgery can be either breast 

conserving surgery (BCS)/lumpectomy or mastectomy. When lumpectomy is performed only 

tumour tissue and its surrounding normal tissue is removed depending on size and tumour 

position. The tumour margins comprising of normal tissue should be pathologically free of 

cancer. Women undergoing BCS are later on subjected to radiation therapy too. If the whole 

breast is removed it is termed as Mastectomy. It could be subcutaneous mastectomy in which 

nipple and areola are left as such and only breast tissue is removed. On other hand if the entire 

breast along with level I and II axillary lymph nodes are also removed then it is Modified 

radical mastectomy. If the entire breast with level I, II, III axillary lymph nodes and the 

pectoralis muscle all are removed it is termed as Radical mastectomy. 

2.14.8.2 Radiation Therapy 

Radiation therapy is performed after surgery to ensure local control of clinically undetectable 

cancer cells. Radiation decreases the chance of breast cancer recurrence around 70%. Sites for 

therapy may consist of breast/chest wall or the axilla. Radiation therapy is done after breast 

conserving surgery or mastectomy in the patients with either a large tumour (greater than 5 

cm) /with cancer in lymph nodes or cancer with chest wall involvement. The stimulation 

should be CT guided to insure even and maximum distribution of radiation to the tumour and 

minimal toxicity to the surrounding normal tissue. Therapy can be of traditional external 

radiations type targeting whole breast. This has to be done for 5-6 weeks with few minutes 
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every day. Intensity Modulated Radiation Therapy (IMRT) can be done to deliver radiations 

to whole breast with varying beam length which is assures more accuracy. It takes around 

four weeks for complete therapy. Hypo fractionated radiotherapy on the other hand has 

increased dose of radiation for patients in lesser time. 

2.14.8.3 Chemotherapy 

Chemotherapy, often termed as "chemo," is a systemic therapy affecting whole body through 

the bloodstream. It can be given before or after surgery and is called neoadjuvant or adjuvant 

therapy respectively. This therapy uses anticancer (cytotoxic) drugs to destroy and weaken 

cancer cells in the body present either at original cancer site or any other part of the body. 

Various drugs used in 1st line or 2nd line of treatment includes Cyclophosphamide, Epirubicin, 

Fluorouracil (5FU), Methotrexate, Mitomycin, Mitozantrone, Doxorubicin, Docetaxel, 

Taxotere, Gemcitabine(Gemzar). 

2.14.8.4 Targeted Therapy 

These therapies are meant to target specific characteristics of cancer cells such as protein 

which makes the cancer cells to grow rapidly and abnormally. They cause little or no damage 

to normal cells resulting in lesser cytotoxicity. In breast cancer targeted agents are commonly 

used to block the over expression of HER2/neu. A monoclonal antibody Trastuzumab 

(Herceptin®) interacts with the HER2/neu receptors on the cell surface and hence preventing 

them from activating the signaling pathways that causes cell proliferation. Other therapy for 

HER2/neu positive patients is treatment with monoclonal antibodies as Pertuzamab, 

Lapatinib.  
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2.14.8.5 Endocrine Therapy 

Hormone therapy slows down the growth of hormone sensitive tumours by either blocking the 

body’s ability to produce hormones by interfering with hormone action mainly used to slow 

or stop the growth of hormone-sensitive tumours by either blocking the body’s ability to 

produce hormones or by interfering with hormone action. On the other hand hormone 

insensitive tumours fail to respond to hormone therapy. This either blocks ovarian function by 

blocking estrogen production or by blocking estrogen’s effects. Ovarian suppression drugs as 

Zoladex/Lupron have been approved by FDA. The activity of aromatase is blocked by 

aromatase inhibitor like anastrozole or letrozole Selective estrogen receptor modulators 

(SERMs) specifically bind to estrogen receptors and hence prevent estrogen from binding to 

them. Some SERMs which are approved by the FDA are tamoxifen (Nolvadex®), raloxifene 

(Evista®), and toremifene (Fareston®). Since more than 30 years tamoxifen has been used to 

treat hormone receptor positive breast cancer or metastatic breast cancer. 

2.14.8.6 Gaps in existing research 

This lack of data from Indian subcontinent where incidence of early onset of breast cancer is 

on rise made us hypothesized that the underlying mechanism for early onset breast cancer is 

different from that of late onset and hence we studied the gene expression and methylation 

profiles of  breast cancer patients. Once the profiles in gene expression and methylation are 

recognized the underlying genetic mechanism in early onset breast cancer in India will be 

elucidated, and would also assist in development of therapies for the early diagnosis screening 

and treatment. Therefore, the study focuses mainly to identify differential gene expression and 

methylation breast cancer profiles in Indian breast cancer patients, to understand the 

molecular pathogenesis. 
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Chapter 3 

Aim and Objectives 

Aim 

To understand molecular biology of breast cancer in Indian women with special emphasis on 

breast cancer in young Indian women.  

The key questions include 

1. Does gene expression profile in breast cancer in young women (≤ 40 years) differs

from breast cancer in older women (≥ 55years) suggesting different genetic factors

associated with both.

2. Does epigenetic factors vary in breast cancer in young women (early onset) compared

to breast cancer in older women (late onset)

Objective 

1. To study the gene expression profiles in breast cancer in Indian women and compare

the differentially expressed genes in early and late onset tumours. 

Whole genome gene expression profiling was performed in 29 breast cancer patients of 

which 12 tumours were early onset and 17 were from late onset patients. A comprehensive 

analysis was done to identify differentially expressed genes amongst the tumours vs normal 

(control) and further between early and late onset breast cancer patients, different 

molecular subtypes and stages. Clustering of differentially expressed genes and patients 

samples was performed. Gene ontology and pathway analysis was done to perform the 

functional classification of differentially expressed genes, followed by network buildup to 
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identify gene networks involved. All statistical analysis for expression data was done using 

bioconductor R with various packages available such as LIMMA, GENEFU. The gene 

expression profile was validated using qRTPCR for matrixmetallopeptidase pathway which 

showed differential expression between tumour and normal (control) tissue as well as early 

and late onset tumours.  

2. To study differential methylation profile in Indian breast cancer women and compare

the profiles in early and late onset tumours.

Whole genome methylation profiling was performed amongst 36 breast cancer tumours of 

which 19 tumours were of early onset and 17 tumours belonged to late onset along with 12 

normal (control) tissues. The differential methylation profiles were identified and further 

they were also compared amongst early and late onset breast cancer patients. The extent of 

methylation was determined using beta values. The results were further validated using 

TCGA database. Later on gene expression and methylation was merged to understand the 

role of epigenetics in cancer. Genes and pathways correlating methylation and gene 

expression were also identified. 

50 



Chapter 4

To study the gene expression profiles

in breast cancer in Indian women

and compare the differentially

expressed genes in early and late

onset tumours



Chapter 4 

To study the gene expression profiles in breast cancer in Indian women and compare the 

differentially expressed genes in early and late onset tumours 

4.1. Introduction 

Breast cancer is the most common cancer among women worldwide representing nearly a 

quarter (25%) of all cancers with an estimated 1.67 million new cancer cases diagnosed in 

2012. Women from less developed regions have slightly more number of cases (883 000 

cases) compared to more developed (794 000) regions. In India, although age adjusted 

incidence rate of breast cancer is lower (25.8 per 100 000) than United States of America (93 

per 100 000) but mortality is at par (12.7 vs 14.9 per 100 000) with United States of America 

(1). There is a significant increase in the incidence and cancer-associated morbidity and 

mortality in Indian subcontinent as described in global and Indian studies.  In India more than 

50% of women develop breast cancer at age below 40 yrs (4) suggesting greater burden of 

breast cancer due to early onset disease. An analysis of the time trends of breast cancer 

incidence in India by estimating annual percentage change (APC) for age of women by 

estimating change in age specific incidence rates (ASR) revealed 4.24% increase in the 

younger age group women (15-34 years) compared to 1.6 % and 0.8% in age groups 35-44 

years and 45-54 years respectively suggesting significant increase in breast cancer incidence 

mainly in younger age group of patients during the last decade (6, 60). Early age onset breast 

cancer arising in younger women is characterized by a higher incidence of negative 

prognostic factors, higher recurrence rates and poorer overall survival despite aggressive 

therapies (171-175). The etiology of breast cancer is still poorly understood with known 

breast cancer risk factors which explain only a small proportion of cases. The heterogeneous 

nature of the disease coupled with the lack of robust markers for prediction, prognosis, and 

response to treatment has so far eluded our understanding of its complex nature. 
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Understanding of etiopathogenesis and molecular biology of the early onset breast is very 

important for disease control. Gene expression profiling is an advanced technology used 

initially for molecular classification of breast cancer for optimization of disease behaviour and 

improving therapeutic options. This study is planned to elucidate the gene signatures and 

molecular pathways involved in breast carcinogenesis in young women. This would help in 

confirming our hypothesis that breast cancer arising in young women is a unique disease 

entity driven by complex biologic processes extending beyond hormone receptors and 

hereditary cancer syndromes.  

4.2  Materials and Method 

4.2.1 Clinical Specimen 

A total of 97 tumour tissue samples were collected from Safdarjung Hospital and Indraprastha 

Apollo Hospital, New Delhi, along with 38 distant normal tissues from histopathologically 

confirmed cases (Infiltrating Duct carcinoma) prior to any chemotherapy or radiotherapy 

treatment. The samples were staged according to American joint committee on cancer-AJCC. 

Expression of ER/PR/ERBB2 receptors had been studied in all the cases by 

immunohistochemistry The study group included 41 cases (42.3%) below 40 years of age 

(early onset) with a mean age of 35.9 and 56 cases (57.7%) above 55 with a mean age of 63.2 

years (late onset). The patients aged between 41-54 yrs, who received any treatment viz 

chemotherapy or radiotherapy or patients who had reported with any other malignancies 

besides breast cancer were excluded from present study. Tissues were collected from tumour 

areas along with the distant normals either after incisional biopsies or (MRM) modified 

radical mastectomy and were snap frozen (RNA Later, Ambion) and stored at -80 

immediately for histopathology, DNA and RNA extraction. Informed consent was obtained 

from all the patients prior to collection of samples which was approved by the human research 

ethical committee of Safdarjung hospital and Indraprastha Apollo hospital, New Delhi.  
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4.2.2 Isolation and purification of RNA from tumour and normal tissue 

Isolation 

Isolation of total RNA from tissues was carried out using standard protocols by trizol method. 

1 mL TRIzol Reagent was added per 50–100 mg of tissue sample and homogenized using 

pestle and mortar in liquid nitrogen. Following homogenization 0.2 mL of chloroform per 1 

mL of TRIzol Reagent was added and centrifuged at 12,000 × g for 15 minutes at 4°C. 

Aqueous phase was removed by angling the tube at 45° and pipetting the solution out in a 

new tube. 0.5 mL of 100% isopropanol was added to the aqueous phase, per 1 mL of TRIzol 

and sample was incubated at room temperature for 10 minutes followed by centrifugation at 

12,000 × g for 10 minutes at 4°C.Supernatant was removed from the tube, leaving only the 

RNA pellet. Pellet was washed, with 1 mL of 75% ethanol per 1 mL of TRIzol Reagent used 

in the initial homogenization. Sample was vortexed, then centrifuged at 7500 × g for 5 

minutes at 4°C. RNA pellet was air dried for 5–10 minutes. It was resuspended in 30µl DEPC 

treated water.  

Purification 

For purification Qiagen Rneasy Mini Kit was used. RNA sample was adjusted till total 

volume of 100µl with RNase free water and 350µl RLT buffer was added and mixed 

thoroughly. It was followed by addition of 250µl of absolute ethanol. Sample was passed 

through RNeasy mini spin column and centrifuged at >10,000 rpm. It was further washed by 

500µl of buffer RPE and again centrifuged at >10,000 rpm for 1 minute. Wash step was 

repeated for 2 minutes followed by empty spin. Finally the RNA was eluted in a new tube in 

30 µl of RNase free water after centrifuging it at speed >10,000 rpm for 2 minutes. 
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Quantitative/Qualitative Analysis 

For each sample quantity was estimated by measuring RNA concentration and 260/280 nm 

ratios using a Nanodrop (Invitrogen, Carlsbad, California, USA).All the samples having RNA 

quantity above 300ng were used for the gene expression study. An approximate concentration 

of RNA was determined by electrophoresis of 1or 2 μl of RNA solution on ethidium bromide 

(0.5μg/ml) stained 1.8% agarose gel in 0.5X TBE buffer prepared in DEPC water with 100 bp 

DNA ladder. RIN was assessed using an Agilent 2100 Bioanalyzer (Agilent Technologies, 

Santa Clara, California). Briefly, all the reagents were incubated at RT for 30 minutes, 550 μl 

gel was filtered by spinning at 1500g for 10 minutes. Then 65 μl filtered gel was taken and 1 

μl of 6000 RNA nano dye concentrated was added and spinned at 13000g, 10 minutes at RT. 

Further 9 μl of this mix was pippetted in well marked as G in chip which was already primed 

in priming station and plunger was slowly pressed down until held by clip. After 30 seconds 

clip was released and gel dye mix was further added in all the remaining wells.5 μl of RNA 

Nano marker was added in each 12 sample well and in the well for ladder. 

4.3 Gene expression microarray 

Whole Genome Expression profiling was performed using Sentrix Human 6 and Human HT-

12 v3 direct hybridization assay (Illumina, San Diego, CA) in 2 batches. The Human-6 

Expression Bead Chip contains six arrays on a single BeadChip, each with >46,000 probes 

derived from human genes in the National Center for Biotechnology Information (NCBI) 

Reference Sequence (RefSeq) and UniGene databases while HT-12 chip contains 12 arrays on 

a single chip with more than 47,000 probes. Each array contains full-length 50-mer probes 

representing more than 48,000 well-annotated RefSeq transcripts, including 25,400 unique, 

curated, and up-to-date genes derived from the National Center for Biotechnology 

Information Reference Sequence (NCBI RefSeq) database. 
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4.3.1 Quantitation of RNA by Quant-iT RiboGreen RNA quantitation kit  

A dilution of 1:200 was prepared of ribogreen into 1X TE using kit supplies. 500ng of total 

RNA was taken initially and converted by in vitro transcription step into cRNA, which were 

biotin labelled using Ambion Illumina Total prep RNA Amplification Kit (Ambion, Austin, 

TX). Further labelled probes were mixed with hybridization reagents and hybridized to the 

chips overnight. The labelled probes were then mixed with hybridization reagents and 

hybridized overnight to the Bead Chips. All protocols were performed following the 

manufacturer’s recommendations. They were further followed by washing, staining and 

imaging using the Illumina Bead Array Reader which measures fluorescence intensity at each 

probe. The signal intensity corresponds to the mRNA quantity in the original sample. 

Sample Distribution 

From the total set of 97 tumours and 38 normal (non tumour controls), 29 tumour samples (12 

early onset and 17 late onset cases) were used for gene expression microarray analysis along 

with 9 distant normal controls (Microarray Set). Further validation of results had been done 

by real time PCR in 67 samples (33 early onset and 34 late onset cases) (Validation set) and 

all normal controls i.e 38. Also 19 samples were kept in common between microarray set and 

validation set (Fig. 4.1a, b) to see the reproducibility of data. Remaining of the samples, along 

with validation and microarray set all (n=97) together were related analyzed for their 

association with parameters such as stage, lymph node status, metastasis, breast feeding, IHC 

staining for determination of ER status, PR status and HER2/neu status, phenotypes. The 

expression profiles have been deposited in NCBI’s Gene Expression Omnibus (GEO) with 

GSE accession number GSE 89116 
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a b 

Fig.4.1 Patients sample distribution, for microarray and real time validation (a) Distribution of 

tissues used for microarray study. Tumour tissues from 29 cases were used for microarray 

experiment along with 9 distant normals. (b) Real time validation was performed on 67 

tumour tissues along with 38 distant normals tissues 

4.3.2 Raw data background subtraction and Normalization 

Raw data was processed by Genome studio software. We obtained data for around 48,000 

probes. In order to identify the probes which were common between the WG-6 and HT-12 

chip we merged the data from both the platforms at probe level. Non specific hybridization 

generated background signals in the regions nearby the main spots. We further used 

Bioconductor R, LIMMA package for background subtraction and intensity correction by 

neqc command. This function matches distributions of gene counts across lanes. 

Early Tumor n=12 
Late Tumor n=17 

 Normal n=9 

Microarray Early Tumor n=33 
Late Tumor n=34 

Normal n=38 

Validation 

True Intensity = Foreground Intensity – Background Intensity 
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Normalization of the background subtracted data was next step. Normalization is the process 

of balancing the intensities of the channels to account for variations in labelling and 

hybridization efficiencies. To achieve this, various adjustment strategies are used to force the 

distribution of all ratios to have a median (mean) of 1 or the log-ratios to have a median 

(mean) of 0. It removed the unwanted non biological variation that might existed between 

chips and microarray experiments. Data was quantile normalized to obtain the gene 

expression intensity values for all samples individually for 28,504 genes. The data was found 

to be distributed uniformly after quantile normalization as can be seen in Fig. 4.2 for samples. 

Fig.4.2 Images depicting changes in samples before and after normalization.  

Further the normalized intensity values were log transformed for advanced analysis (Fig. 4.3). 

Fig. 4.3 Plot showing distribution of intensity values before and after normalization 

Before 
Normalization 

Intensity 
After 
Normalization 
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Each sample had a unique average signal value along with a detection p value (a term used by 

Illumina). A small detection p value indicates that the measured intensity is very likely to be a 

true (significant) signal and not the background noise. The intensity associated with a 

detection p value (≤ ±13) corresponds to the respective upper quantile (percentile) of the 

(probability) distribution of the intensities of the negative controls. 

4.4 Hierarchical Clustering 

Hierarchical clustering is mathematical techniques whereby the analysed samples/genes are 

connected iteratively based on their similarity and are grouped together in form of 

dendrogram (or clustering tree). It enabled all samples with similar expression patterns to 

cluster together and which would further explain reasons for heterogeneity associated with 

various types of cancers. In order to determine the potential gene signatures from identified 

differentially expressed genes (DEGs) we performed unsupervised hierarchical clustering 

analysis in main groups viz. Total tumours (TT); Early tumours (ET) and Late tumours (LT). 

Clustering was also performed in molecular subtypes and according to stage of cancer viz. 

Lower Stage I,II vs Advanced Stages III, IV group to identify specific differential gene 

profiles. Cluster 3.0 software was used to accomplish clustering amongst these groups. We 

performed median centered clustering for centroid linkage using Pearson uncentered 

correlation. Clustering images were viewed using JavaTree View Software.  

4.5 Gene ontology (GO) and pathway analysis 

The transition from normal tissue to cancerous tissue is an important aspect in understanding 

the biology of cancer. GO analysis had been done to associate differentially expressed genes 

(DEGs) with GO function categories in order to understand the relevance and pathways 

associated with a particular gene using Pathwayexpress and Advanced pathway painter 

software. It generated various pathways involved significantly in cancer through Kyoto 
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Encyclopedia of Genes and Genomes (KEGG) database or Genemap databases. We also did 

enrichment of pathways using Gene set enrichment analysis (GSEA) to gain insights into the 

top significant pathways and their corresponding genes. It also generated a heat map for top 

50 genes in each group. 

4.6 Statistical analysis 

Identification of DEGs using microarray was further performed by Bioconductor R package 

LIMMA. Raw data was processed by background subtraction and quantile normalization 

using neqc commands.  Further genes which were differentially expressed were identified 

from normalized data by applying student’s t test amongst all tumours vs total normal group; 

Analysis of variance (ANOVA) was done amongst three groups (Early tumour, Late tumour 

and Total normal control) which were corrected further by Benjamini Hocheberg based FDR 

correction. The significance of their association with various clinicopathological parameters 

was also identified by Chi square test. For identification of DEG’s criteria of fold change ≥ 2 

with a nominal p-value cutoff of 0.05 was used. Mann Whitney U test was used to determine 

the significance of differentially expressed genes in real time validation for groups TT/ET/LT. 

4.7 Quantitative real time PCR  

The reverse transcription reaction was performed using 1 μg of total RNA, random primers, 

and SuperScript® III RT (Invitrogen) in a total volume of 10 μL according to the 

manufacturer’s protocol. Primers were purchased and designed using IDT software specific 

for real time PCR. The real-time RTqPCR reactions were prepared using power SYBR green 

(Applied Biosystems, Foster City, CA), with housekeeping gene 18sRNA, PSMC4 and beta 

actin as an endogenous control. 67 tumour tissues along with 38 distant normal tissues were 

used for validation of results (validation set). A normal pool was formed by combining RNA 

from all the normals upto 500ng. The cDNA was diluted to 5-fold for the real-time RT-PCR. 
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Each PCR reaction consisted of 5.0 μL of SYBR green mix, 4.5.0 μL diluted cDNA and 0.25 

μL of individual primers making a total reaction to 10 μL. The following conditions were 

used: 95 °C for 2 min, 40 cycles of 95 °C for 10 s and 60 °C for 1 min. 

Samples were run on the StepOne Real time PCR according to default parameters, with three 

replicate assays for each gene in each sample. Additionally we also procured commercial 2 

vials of Normal breast RNA from Life technologies. Using the RQ Manager Stepone 

Software 2.3 (AB, Foster City, CA) the data was analyzed and the baseline and the threshold 

were verified for each gene of interest. Fold change of gene expression was calculated with 

the 2-ΔΔC T method, using β-actin and 18s and PSMC4 as the house keeping gene. For each 

assay, the average endogenous Ct (Cycle threshold) value in the SYBR qPCR assay was 

subtracted from the Ct of gene of interest to obtain a ΔCt value (gene of interest – 

endogenous), followed by ΔΔCt values and consecutively fold change (RQ mean) for the 

early and late group patients. Data analysis was performed using Datassist software and 

significant differential genes were identified with p≤0.05. 

4.8 Results 

4.8.1 Clinicopathological Details 

In the present study 97 histopathologically confirmed cases of breast cancer were enrolled of 

which, 41 cases (42.3%) were below 40 years (Early onset-ET) having mean age 35.9 years 

while 56 cases (57.7%) had age ≥ 55 years (Late onset- LT) having mean age 63.2. Early 

onset group included patients with early menarche i.e.below 13 years (p=0.029) as compared 

to late onset group. Females not breast feeding their children were at higher risk of developing 

early onset breast cancer (p=0.023). Lymph node metastasis was also found significantly high 

in ET group of patients (p=0.05) compared to LT group. The cases for which the details were 

not available were excluded. On phenotypic characterization using immunohistochemistry it 
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was found that 19 cases (32%) were Luminal (ER+ PR+ HER2/neu -), 22 cases (24%) were 

HER2/neu over expressing (ER- PR- HER2/neu +) and 19 cases (21%) were Basal (ER- PR- 

HER2/neu -). Loss of estrogen receptor was found in 22 cases (55%) of early onset group and 

in 24 cases (48%) in late onset patients, however values did not reached statistical 

significance. HER2/neu positivity was found in 29 cases (58%) of late age onset group as 

compared to 18 patients (45%) in early onset group. In early age onset patients 25 cases (62.5 

%) reported at advanced stages (p=0.07) as compared to 24 cases (45.3%) in late age onset 

group. Also 25% cases having early onset breast cancer belonged to Basal subtype as 

compared to 18% cases in late onset breast cancer group though the difference between the 

two groups was not found statistically significant (p=0.735) (Table 4.1).  

Table 4.1 Showing association of various clinicopathological characteristics of patients with 

age of onset of breast cancer 

Characteristics    Early Group (≤ 
40yrs)  

  Late Group (≥ 
55yrs)  

p value 

          
Tumour (n=97) 41 (42.3%)        56(57.7%)   

          
          

Age at menarche(yrs)         
≤13 23(56.1%)   19(34.5%) 0.029 
≥14 18(43.9%)   36(65.5%)   

Data unavailable     1   
          

Breast Feed         
Yes 35(85.3%)   54(98.2%) 0.023 
No 6 (14.6%)   1(1.8%)   

Data unavailable 1   3   
          

Tumour size         
 =1,2cm 15(37.5%)   27(50.9%) 0.14 
 =3,4cm 25(62.5%)   26(49.1%)   

Data unavailable 1   3   
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Lymph Node         
N=0 5(12.5%)   15(28.4%) 0.05 
N=1 35(87.5%)   38(71.6%)   

Data unavailable 1   3   
          

Metastasis         
M=0 36(90.0%)   50(94.3%) 0.345 
M=1 4(10%)   3(5.7%)   

Data unavailable 1   3   
          

Oestrogen receptor         
Negative  22(55.0%)   24(48.0 %) 0.327 
Positive  18(45.0%)   26(52.0%)   

Data unavailable 1   6   
          

Progesterone receptor          
Negative  25(62.5%)   28(56.0%) 0.343 
Positive  15(37.5%)   22(44.0%)   

Data unavailable 1   6   
          

HER2/neu expression         
Negative  22(55.0%)   21(42.0%) 0.155 
Positive 18(45%)   29(58.0%)   

Data unavailable 1   6   
          

Phenotype         
Luminal (ER+ PR+ 

HER2/neu -) 
9(23%)   10(20%) 0.735 

Her2Nu (ER- PR- 
HER2/neu +) 

9(23%)   13(26%)   

Basal (ER- PR- 
HER2/neu -) 

10(25%)   9(18%)   

  
 

4.8.2 Qualitative and quantitative analysis of RNA  
 
Gel electrophoresis for RNA 
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Quality of RNA extracted from all the cases was checked by running over 1.5% agarose gel in 

0.5X TBE prepared in DEPC treated water. All the samples showed 2 bands for RNA of 28s 

and 18s for most of the samples suggesting high quality of RNA (Fig.4.4). 

Fig.4.4 Gel electrophoresis image showing the quality of extracted RNA samples 

Quality check by Bioanalyzer  

All the samples were checked for their integrity by determining their RIN (RNA Integrity 

Number) on bioanalyzer. RIN measures the quality of RNA in the range of 1-10, RIN 1 

suggesting the totally degraded RNA and 10 showing very high quality RNA. Samples having 

RIN above 7 were only included in the study. Maximun RIN for our tissue samples was 

9.7(Fig.4.5). 

Fig.4.5 Bioanalyzer image showing high quality of RNA samples and 28s and 18s bands for 

other samples in gel using bionalyzer 

28s 

18s 

L    1   2  3  4 

28s 
18s 
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4.8.3 Analysis of gene expression profiles of breast cancer  

The total 29 samples were proceeded for microarray. The RNA was converted to cDNA 

followed by conversion to cRNA which was biotin labelled. It was hybridized to chip, 

followed by washing and scanning,  resulting in green colour intensity signals. 

A. Chip Hybridization Image 

After the hybridization, raw data was collected and processed by Illumina’s genome studio 

software. Microarray chip image data (Fig.4.6) was extracted and visualized to see the overall 

hybridization efficiency. All the probes on chip showed equal and uniform hybridization  

Fig.4.6 Image of chip showing uniform hybridization of the probes 

B. Quality Control parameters 

Quality control (QC) of data is an important step as it helps in identifying presence of any 

outliers or experimental failures. It is performed using internal control of chip by genome 

studio software itself. QC tools included plotting features as the control summary plot, box 

plots, scatter plots, cluster dendrograms. The sample independent metrics make use of 

oligonucleotide spiked into hybridization solution. Poor performance measured by these 

controls could indicate a general problem with hybridization, washing or staining. The sample 
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dependent metric is based on measurements from actual sample of interest and their poor 

performance may indicate problems related to sample or labelling. 

Sample independent control- Hybridization control 

It is used to access efficiency of hybridization. This control worked fine at both high and 

medium scale for our samples  

 

 

 

Stringency Control  

It determines the quality of the experiment with Perfect match signal > Mismatch signal. In all 

samples Perfect match signal > Mismatch signal inferred as lesser noise in experiment. 

 

 

 

 

 

Biotin & high stringency control 

It is designed to determine efficiency in biotin labeling and stringency check. Here biotin 

labeling in all samples was good and efficient and all points were found to be in linear scale. 
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 Sample dependent control-Gene intensity control   

It detects sample quality and status with housekeeping control probes designed to show 

optimum or constant expression. Here housekeeping and control genes worked fine for all 

samples. 

 

 

 

 

Negative Controls  

It detects contamination in the samples. Probes were designed which had no resemblance with 

human genome. Background and noise signal represented as nonspecific/negative signal 

expected to be least. In given experiment this negative control has worked fine 

 

Detected genes p value 0.01 & 0.05  

Genome studio calculated and reports a detection p-value, which represents the confidence 

that a given transcript is expressed above the background defined by negative control probes. 

This detection score determines whether a transcript on the array was called significantly 
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detected or not. Detected genes expected to be > 8000 in number. In all above samples 

detected transcript in expected range. 

4.8.3 Differential Gene expression Analysis 

The raw data after normalization showed 28,504 genes deregulated in all the samples. This 

normalized dataset was further used to identify the differentially expressed genes (DEG’s) 

amongst the following 3 main groups- 

1. Total Tumour (TT) vs.  Normal Control (CC)

2. Early onset Tumour (ET) vs. Normal Control (CC)

3. Late onset Tumour (LT) vs. Normal Control (CC)

Also DEGs were determined for other 2 subgroups 

1. Molecular subtypes (Luminal, HER2/neu over expressing, Basal)

2. Advanced Stage (III,IV) (AS) vs. Lower Stage (I,II) (LS)

4.8.4 Differential gene expression analysis 

4.8.4.1 Total tumour (TT) vs. Normal Control (CC) 

Volcano plots plotted for the TT vs. CC to get an overview of the deregulated genes showed 

(Fig. 4.7 ) higher number of the gene significantly downregulated (p ≤0.05, FC cutoff 1.5) as 

compared to upregulated genes. 
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Fig. 4.7 Volcano plots showing genes differentially expressed in all breast tumour tissue vs. 

normals. All genes in green colour reached significance level with p≤0.05 and all red genes 

are those which did not reached significance level. The genes marked in black and orange 

colour are those genes that did not had a fold change greater than 1.5.All green genes were 

significant deregulated having a fold change cutoff of 1.5.  

a. Hierarchical Clustering

Hierarchical clustering was performed for all the genes getting significantly deregulated in 

tumour tissues with respect to normal control tissues. Heat map showed separate and distinct 

clusters of tumour and normal tissue suggesting robustness of our data. It formed two separate 

gene clusters viz. Cluster 1 getting upregulated in control and Cluster 2 upregulated in 

tumours as compared to normals (Fig.4.8).  

Total Tumour vs. Normal 
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Fig.4.8. (a) Heat map showing the clustering of all tumour tissues with respect to their normal 

Differential patterns were observed amongst the tissues with red colour genes showing 

upregulation and green colour genes depicting downregulated. Cluster 1 includes genes 

downregulated in tumours and cluster 2 includes genes upregulated in tumours (b) 

dendrogram showing separate clusters of tumours and normals 

 

b.  Differentially Expressed Genes  

Differential genes expression analysis using student t test, yielded 2413 deregulated genes at 

significance level p≤0.005 with a fold change cutoff of 1.5. Among these DEGs, 991 genes 

were found upregulated and 1422 were found downregulated. The top 20 DEGs are shown in 

Table. 4.2 
69 

 



Table 4.2 Top 20 DEGs between breast cancer and normal controls tissues 

GENE FC-UP adj.P.Val GENE 
FC-
DOWN adj.P.Val 

COL10A1 23.2815 5.96E-06 PLIN -49.7345 3.12E-08 
MMP11 15.45492 6.55E-06 KIAA1881 -48.6453 2.71E-07 
GJB2 13.68954 8.27E-06 ADH1A -46.9269 1.12E-05 
CST1 11.94889 0.004912 ADH1B -33.9347 3.6E-08 
KIAA1199 9.509539 0.000351 CIDEC -27.4842 3.18E-08 
MMP1 9.096327 0.008953 THRSP -26.7033 3.01E-05 
MMP13 7.297567 0.002203 GPD1 -24.9122 3.83E-10 
CEACAM6 7.014203 0.042617 TIMP4 -24.1717 1.03E-07 
BUB1 6.795974 9.11E-05 FABP4 -23.8769 0.000104 
ASPM 6.500159 2.39E-05 C7 -22.871 1.39E-05 
FAM83D 6.454691 0.000158 G0S2 -22.0594 3.68E-07 
EPYC 6.265743 0.019523 SCARA5 -21.6551 2.8E-06 
CKAP2L 6.264448 9.48E-05 C2ORF40 -21.1401 2.51E-06 
PITX1 6.117431 0.014046 ALDH1L1 -20.0129 4.43E-10 
TUBB3 6.044887 0.00046 SLC19A3 -19.0548 7.94E-07 
CEP55 5.938681 6.02E-05 SAA1 -18.744 3.74E-05 
HSD17B6 5.64996 5.07E-05 AQP7P2 -18.3621 3.36E-10 
KIF20A 5.529247 0.000161 PCOLCE2 -17.5336 4.09E-06 
CCNB2 5.48809 5.52E-05 LIPE -17.1976 7.36E-09 
MELK 5.47034 0.00025 CA4 -17.0258 7.36E-09 

c. Gene ontology analysis

Further, to identify the biological mechanism associated with breast cancer, pathway analysis 

was performed using pathway express software amongst tumours and normal controls. Major 

pathways found deregulated included- Cell adhesion molecules (CAMs) involving genes as 

CADM3, CDH5, CLDN11, CLDN5, Cell cycle with genes BUB1, CCNA2, CDC2, CCNB2, 

Adherens junction with genes as ACVR1C, LEF1, PVRL2, PVRL4, pathways in cancer 

involving genes as MMP1, CCNE1, WNT2, BIRC5;  PPAR signaling pathway including 

genes as MMP1, OLR1, PLIN, FABP4, AQP7 ; Focal adhesion pathway with COL11A1, 

COL1A1, COL1A2, COL5A1, COL5A2, CAV1, CAV2, FIGF ; ECM-receptor interaction 

including genes as COL11A1, SPP1, DNA replication including genes MCM2, MCM4, 

POLE2 etc. (Table 4.3.).  
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Table 4.3 Pathways found differentially expressed in all tumours 

Rank 
Pathway Name Unique 

Pathway-
id 

Impact 
Factor 

Input 
Genes 
in 
Pathway 

Corrected p-
value 

Corrected 
gamma p-value 

1 Cell adhesion 
molecules 
(CAMs) 

1:04514 235.367 21 0.011143 1.43E-100 

2 Cell cycle 1:04110 22.121 34 8.12E-10 5.71E-09 
3 Adherens 

junction 
1:04520 20.559 15 0.00458 2.54E-08 

4 PPAR signaling 
pathway 

1:03320 15.598 20 3.54E-06 2.79E-06 

5 Pathways in 
cancer 1:05200 9.026 50 0.000696817 0.001205551 

6 Focal adhesion 1:04510 14.939 40 5.09E-06 5.18E-06 
7 ECM-receptor 

interaction 
1:04512 14.846 23 1.69E-06 5.65E-06 

8 DNA replication 1:03030 10.812 12 4.31E-05 2.38E-04 

The pathways which were found upregulated in breast cancer with genes having Fold change 

above 2 included Cell cycle, Adherens junction, DNA replication, and ECM-receptor 

interaction (Table 4.4) while pathways found downregulated at less than -2 FC included 

leuckocyte transendothelial migration, Cell adhesion molecules, PPAR signaling, Adherens 

junctions, Focal adhesion etc.as shown in Table 4.5. 

Table 4.4 Pathways upregulated in all tumours 

Rank 

Unique 
Pathway-
id Pathway Name 

Impact 
Factor 

#Input 
Genes in 
Pathway 

corrected 
gamma 
p-value 

1 1:04520 Adherens junction 33.507 2 9.68E-14 
2 1:04512 ECM-receptor interaction 13.797 9 1.51E-05 
3 1:03030 DNA replication 11.914 6 8.65E-05 
4 1:04510 Focal adhesion 6.469 9 0.011583 
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Table 4.5 Pathways downregulated in all tumours 

Rank 

Unique 
Pathway-
id Pathway Name 

Impact 
Factor 

#Input 
Genes in 
Pathway 

corrected 
gamma 
p-value 

1 1:04670 
Leukocyte transendothelial 
migration 322.933 12 

1.83E-
138 

2 1:04514 Cell adhesion molecules (CAMs) 226.966 12 6.13E-97 
3 1:04520 Adherens junction 20.562 8 2.53E-08 
4 1:03320 PPAR signaling pathway 19.079 14 1.04E-07 
5 1:04510 Focal adhesion 10.923 17 2.15E-04 

d. Gene Set Enrichment Analysis (GSEA)

To further narrow down the genes hierarchical clustering of top 50 genes found differentially 

expressed between TT and CC, was done using GSEA, which showed  two distinct clusters of 

upregulated and downregulated genes in all tumours (Fig.4.9). All genes marked red were 

upregulated while those marked blue were downregulated. The topmost over expressed genes 

in all breast tumours included COL10A1, GJB2, MMP11, MMP13, MMP1, COL11A1 while 

the top under expressed genes included GPD1, ALDH1L1, AQP7, PLIN, ADH1B, CIDEC, 

(Fig. 4.9) 

72 



Fig 4.9 Heat Map of the top 50 genes that are differentially expressed in all tumours (Tumour 

Vs Normal). Red colour show upregulated genes and blue shows downregulated genes. 
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Despite identification of pathways and genes leading to breast carcinogenesis amongst Indian 

patients, it was important to determine the genes associated with early onset breast carcinoma. 

Hence we further analyzed the DEGs present in early and late onset groups of breast cancer 

patients. 

4.8.4.2. Early onset Tumour (ET)/ Late onset Tumour (LT) vs. Normal Control (CC) 

Since majority of breast cancer patients in India are below 40 years of age, belonging to early 

onset tumour group, study of DEGs in this group has been done to understand molecular 

biology. 

a. Volcano Plots

 Volcano plots were plotted for the ET vs. CC and LT vs CC to get an overview of the 

deregulated genes in both early and late onset tumours (Fig. 4.10). Higher numbers of the 

gene were found significantly (p ≤0.05) downregulated (FC ≤ -1.5) as compared to 

upregulated genes (FC ≥1.5) in both ET and LT. 

a        b 

Fig.4.10 Volcano plots showing genes differentially expressed in (a) ET vs CC and (b). LT vs 

CC. All genes in green colour reached significance level with p≤0.05 and all red genes are 

Early Tumour vs. Normal Late Tumour vs.  Normal 
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those which did not reached significance level. The genes marked in black and orange colour 

are below FC cutoff of 1.5.All green genes were significant deregulated (p<0.005, FC cut off 

1.5). 

b. Hierarchical Clustering

Hierarchical clustering was performed by Pearson uncentered algorithm with centroid linkage 

rule and heat map was generated between ET and LT using log ratios. The early tumours 

clustered distinctly from late tumours. However some samples from ET and LT clustered 

together showing grey zone and heterogeneous nature of breast cancer (Fig. 4.11). Cluster 1 

showed upregulated genes while cluster 2 showed downregulated genes in ET as compared to 

LT where those genes showed reverse expression, separately shown in (Fig. 4.12).   
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Fig.4.11. (a) Heat map generated by clustering of ET and LT samples. (b)Sample dendrogram 

showing distinct ET and LT clusters 
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a        b 

Fig.4.12 Differential clusters identified amongst ET and LT (a) Cluster1 (b) Cluster 2 

showing genes upregulated genes in ET and LT respectively. 

c. Differentially Expressed Genes

Differential expression was determined by using student t test, and 1685 significantly 

deregulated genes in ET (p≤0.005, FC cutoff 1.5) were identified of which 724 genes were 

upregulated and 961 genes were downregulated. The top 20 DEGs (upregulated 

/downregulated) are shown in Table 4.6 
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Table 4.6 Top DEGs identified amongst ET vs CC (a) Upregulated genes (b) Downregulated 

genes 

GENES 
FC_EARLY
-Up 

F.p.valu
e GENES 

FC_EARLY
-Down F.p.value 

COL10A1 31.47292 1.46E-07 KIAA1881 -40.5015 5.61E-09 
MMP11 20.16884 1.62E-07 PLIN -39.6452 2.95E-10 
CST1 15.09418 0.000998 THRSP -33.9885 1.47E-06 
MMP1 13.78096 0.001196 ADH1B -28.3934 4.42E-10 
KIAA1199 12.24469 2.69E-05 ADH1A -27.5073 1.64E-07 
GJB2 11.13843 2.76E-07 CIDEC -23.2443 3.64E-10 
S100P 10.67661 0.011113 TIMP4 -22.5053 2.24E-09 
MMP13 8.923938 0.000343 GPD1 -21.6043 6.70E-13 
PITX1 8.241605 0.00272 G0S2 -21.3539 9.76E-09 
TUBB3 7.974669 2.51E-05 ALDH1L1 -17.9509 1.08E-12 
KLK4 7.194806 0.001101 C7 -17.8379 5.32E-07 
FNDC1 6.822992 0.000239 SCARA5 -17.304 7.51E-08 
PPAPDC1A 6.605047 9.53E-07 AQP7P2 -16.7673 4.77E-13 
BUB1 6.013008 6.92E-06 SAA1 -16.5605 2.44E-06 
SPP1 5.957017 0.001561 RBP4 -16.4476 1.22E-10 
COL11A1 5.888016 2.28E-08 AQP7 -15.0834 5.85E-13 
MMP3 5.746106 0.004459 SLC19A3 -14.9731 1.45E-08 
HSD17B6 5.655976 4.00E-06 PCOLCE2 -14.8175 1.37E-07 
FAM83D 5.589527 1.29E-05 SLC7A10 -14.3907 4.92E-10 
BAPX1 5.58275 0.002853 

 
LIPE -14.2705 3.06E-11 

a b 

Similarly we found 2379 genes differentially expressed in LT comprising of 988 upregulated 

and 1391 downregulated genes (Table 4.7). Table shows top 20 DEGs in LT. 

Table 4.7 .Top DEGs identified amongst LT vs CC (a) Upregulated genes (b) Downregulated 

genes 

GENES FC_LATE1 F.p.value GENES FC_LATE1 F.p.value 
COL10A1 18.81883 1.46E-07 ADH1A -68.4175 1.64E-07 
GJB2 15.83475 2.76E-07 PLIN -58.3665 2.95E-10 
MMP11 12.80727 1.62E-07 KIAA1881 -55.3614 5.61E-09 
CST1 10.13195 0.000998 ADH1B -38.4857 4.42E-10 
CEACAM6 8.845062 0.012935 FABP4 -36.043 1.88E-06 
KIAA1199 7.955398 2.69E-05 CIDEC -30.9348 3.64E-10 
BUB1 7.409286 6.92E-06 C2ORF40 -28.6211 2.00E-08 
ASPM 7.250018 1.01E-06 GPD1 -27.5477 6.70E-13 
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FAM83D 7.144855 1.29E-05 C7 -27.2571 5.32E-07 
CKAP2L 6.929208 6.64E-06 TIMP4 -25.4218 2.24E-09 
EPYC 6.883756 0.006325 SCARA5 -25.3702 7.51E-08 
MMP1 6.78446 0.001196 CA4 -22.8854 1.91E-12 
PBK 6.777075 1.21E-05 SLC19A3 -22.5894 1.45E-08 
CEP55 6.63997 3.36E-06 G0S2 -22.5714 9.76E-09 
MMP13 6.331392 0.000343 THRSP -22.5223 1.47E-06 
DIO1 6.011271 0.00376 ALDH1L1 -21.6094 1.08E-12 
C6ORF126 5.976349 0.005392 SAA1 -20.4564 2.44E-06 
CCNB2 5.914008 3.61E-06 DARC -19.7618 3.84E-06 
TOP2A 5.823935 9.92E-05 PCOLCE2 -19.7456 1.37E-07 
MELK 5.760493 2.72E-05 

 
LIPE -19.6185 3.06E-11 

a  b 

It was observed that there were 420 unique genes (270 upregulated; 150 downregulated) 

exclusively expressed in ET and 1114 unique genes (534 upregulated, 580 downregulated) 

exclusively expressed in LT and there were 1265 genes which were found deregulated in both 

ET and LT (Fig. 13.) 

Fig.4.13 Venn diagram showing the unique and common genes amongst ET and LT 

d. Gene Ontology

Further pathways were analyzed amongst ET and LT to understand the molecular 

pathogenesis associated with breast cancer in age specific cohort. GeneMapp identified 

Metallopeptidases activity (MMP1, MMP13, MMP14, MMP11, MMP3, ADAMTS1, 

ADAMTS5) and Anion deregulation activity (COL10A1, COL12A1, COL5A1, COL1A1) to 
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be top deregulated pathways. These pathways were of prime importance since they contained 

several genes which were differentially expressed in breast tumours and amongst ET / LT. 

Other deregulated pathways identified in KEGG are shown in Table 4.8 and Table 4.9. 

Table 4.8 List of pathways deregulated in early onset tumours 

Table 4.9 List of pathways deregulated in late onset tumours 

Rank Pathway Name 
Unique 
Pathway-
id 

Impact 
Factor 

#Input 
Genes in 
Pathway 

corrected  
p-value 

1 Cell adhesion molecules 
(CAMs) 1:04514 260.699 13 1.58E-

111 

2 Leukocyte transendothelial 
migration 1:04670 345.414 14 3.37E-

148 
3 Adherens junction 1:04520 24.625 10 5.18E-10 
4 Cell cycle 1:04110 21.738 25 8.24E-09 
5 PPAR signaling pathway 1:03320 19.302 17 8.41E-08 
6 ECM-receptor interaction 1:04512 16.445 18 1.26E-06 
7 Pathways in cancer 1:05200 16.248 41 1.51E-06 

The analysis showed that the key pathways found deregulated remained mostly same in both 

ET/LT groups to a larger extent however some of the genes showed deregulation in both the 

groups but with varied fold change of deregulation, few genes were found uniquely 

deregulated in each group. Some of the important pathways are discussed below ahead. 

Rank Pathway Name 
Pathway-

id 
Impact 
Factor 

#Input 
Genes in 
Pathway 

Corrected 
p-value 

1 
Cell adhesion molecules 
(CAMs) 1:04514 169.631 13 3.65E-72 

2 
Leukocyte transendothelial 
migration 1:04670 263.359 10 7.65E-172 

3 ECM-receptor interaction 1:04512 16.951 18 0.00000078 
4 Cell cycle 1:04110 15.375 21 0.00000344 
5 PPAR signaling pathway 1:03320 15.374 15 0.00000345 
6 Pathways in cancer 1:05200 10.153 34 0.000435 
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Metallopeptidase Activity Pathway 

Metallopeptidase activity genes showed deregulation of top DEGs in all TT/ET/LT groups. 

These were found to be over expressed in breast cancer as well as they were differentially 

expressed in early and late onset tumours (Table 4.10) (Fig 4.14). MMPs are known to be 

over expressed in breast cancers including several other cancers, but their differential role in 

ET and LT carcinogenesis has not been elucidated. 

Table 4.10 MMP pathway genes showing differential expression in ET and LT tumours along 

with their adjusted p value 

Fig.4.14 Metallopeptidase genes pathway showing differential expression of genes in early 
cancer.The red boxes showing upregulated genes and green boxes showing downregulated 
genes.  

GENES FC_EARLY FC_LATE p.value 
MMP1 13.78096 6.78446 0.001196 
MMP11 20.16884 12.80727 1.62E-07 
MMP13 8.923938 6.331392 0.000343 
MMP14 3.75373 1.900651 1.26E-05 
MMP3 5.746106 4.261598 0.004459 
ADAMTS1 -3.99311 -6.96077 1.19E-08 
ADAMTS5 -2.68595 -4.16648 3.20E-05 

81 



Cell adhesion molecule pathway 

This pathway is mainly associated with binding of cell surface proteins with extracellular 

matrix and thus playing a critical role in wide array of biological processes that include 

homeostasis, the immune response, and inflammation. This is major deregulated pathway in 

both early and late onset breast cancer. Table (4.11) shows the genes uniquely deregulated in 

ET and LT group of patients 

Table 4.11 Cell adhesion molecule pathway genes differentially expressed uniquely in (a)  

Early onset tumours (b) Late onset tumours 

Early Unique FC 
CDH15(Cadherin 15) 2.452977 
PVRL2(Poliovirus receptor-related 2) 2.192558 
VCAN (Versican) 2.194877 

Late unique FC 
ESAM(Endothelial cell adhesion molecule) -2.99498 
PTPRM(Protein tyrosine phosphatase, receptor type, 
M ) -2.22114 
PVRL3(Poliovirus receptor-related 3) -2.59583 

Besides this some common genes such as CLDN5 (claudin 5), CLDN11 (claudin 11), CDH5 

(cadherin 5), SELE (Selectin), JAM2 (junctional adhesion molecule 2), ICAM2 (intercellular 

adhesion molecule 2) were found under expressed in both ET and LT groups in this pathway. 

Cell Cycle 

A reproducible sequence of events is necessary to accomplish Mitotic cell cycle progression 

such as DNA replication (S phase) and mitosis (M phase). The genes found uniquely 

deregulated in ET included CDKN2A and SMAD3 while DEGs in LT included BUB1, 

CDKN2C, GADD45B, MAD2L1, MCM2, ORCIL (Table 4.12) 
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Table. 4.12 Cell cycle pathway genes differentially expressed uniquely in (a) Early onset 

tumours (b) Late onset tumours 

Early Unique FC 
CDKN2A(cyclin-dependent kinase inhibitor 2A) 2.034508 
SMAD3(SMAD family member 3) -2.06139 

Late Unique FC 
BUB1B(budding uninhibited by benzimidazoles 1 homolog beta) 2.26076 
CDKN2C(cyclin-dependent kinase inhibitor 2C) -2.18721 
GADD45B -2.03287 
MAD2L1(MAD2 mitotic arrest deficient-like 1) 3.074305 
MCM2(minichromosome maintenance complex component 2) 2.873948 
ORC1L(origin recognition complex, subunit 1-like) 2.343208 

However genes such as BUB1 (Budding uninhibited by benzimidazoles 1), CCNB2(cyclin B2), 

CCNA2(cyclin A2), CDC2 (cell division cycle 2, G1 to S and G2 to M), CCNB1(cyclin B1), 

MCM4(minichromosome maintenance complex component 4) were all top upregulated genes 

in early  and late onset tumours.  

ECM receptor interaction pathway 

The extracellular matrix (ECM) plays an important role in tissue and organ morphogenesis 

and thus maintains cell /tissue structure and function. The specific interactions amongst cells 

and ECM are mediated by transmembrane molecules, mainly integrins and also proteoglycans 

or other cell-surface-associated components which in turn control cellular activities such as 

adhesion, migration, differentiation, proliferation, and apoptosis. The unique DEGs in ET 

included IBSP, ITGA11 while unique DEGs in LT included LAMA4, LAMAB2, THBS4, and 

TNN (Table 4.13) 
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Table 4.13 ECM receptor pathway genes differentially expressed uniquely in (a) Early onset 

tumours (b) Late onset tumours 

Early Unique FC 
IBSP(integrin-binding sialoprotein) 2.003757 
ITGA11(integrin, alpha 11) 3.87499 

Late Unique FC 
LAMA4(laminin, alpha 4) -2.39522 
LAMB2(laminin, beta 2 (laminin S)) -2.05976 
THBS4(thrombospondin 4) -5.38855 
TNN(tenascin N) -2.24961 

Other genes found upregulated in both the groups included CD36 and Collagens which 

included COL11A1 (collagen, type XI, alpha 1), COL1A1 (collagen, type I, alpha 1), 

COL5A1(collagen, type V, alpha 1),COL5A2(collagen, type V, alpha 2). 

Pathways in cancer/Metastasis 

This Kegg pathway termed Pathway in cancer consisted of a number of genes which were 

expressing exclusive to either ET/LT group (Table 4.14). 

Table 4.14 Pathways in cancer genes differentially expressed uniquely in (a) Early onset 

tumours (b) Late onset tumours 

Early Unique FC 
BRAF(v-raf murine sarcoma viral oncogene homolog B1) 2.016751 
CDKN2A(cyclin-dependent kinase inhibitor 2A) 2.034508 
FZD2(frizzled homolog 2) 2.199027 
SMAD3(SMAD family member 3) -2.06139 

Late unique FC 
EPAS1(endothelial PAS domain protein 1) -3.01042 
TCF7L1(transcription factor 7-like 1) -2.65815 
WNT3(wingless-type MMTV integration site family, member 3) 2.859969 
EGLN3(egl nine homolog 3) 2.94615 
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Other genes found upregulated in both ET and LT groups included such as MMP1 (matrix 

metallopeptidase 1 (interstitial collagenase)), WNT2 (wingless-type MMTV integration site 

family member 2), E2F2 (E2F transcription factor 2).  

Leukocyte transendothelial migration 

Migration of Leukocyte from the blood into tissues is vital for immune surveillance and 

inflammation. During this diapedesis, leukocytes bind to endothelial cell adhesion molecules 

(CAM) and then migrate across the vascular endothelium. Hence it shares common genes 

with cell adhesion molecule pathway. No specific gene was found exclusively expressing in 

ET at FC of >2 while CXCL2, ESAM, MYL9, and PXN were exclusively downregulated in 

LT.  

Table 4.15 Leukocyte transendothelial migration genes differentially expressed uniquely in 

Late onset tumours 

Late unique FC 
CXCL12(chemokine (C-X-C motif) ligand 12 ) -3.88799 
ESAM(endothelial cell adhesion molecule) -2.99498 
MYL9 (myosin, light chain 9) -3.3877 
PXN(paxillin) -2.21029 

Caludins (CLDN11, CLDN5 , JAM2(junctional adhesion molecule 3), MYL7(myosin, light 

chain 7), RAPGEF3 (Rap guanine nucleotide exchange factor (GEF) 3) were the top genes 

which were found downregulated in both ET/LT groups. 

PPAR signalling pathway 

PPARs i.e Peroxisome proliferators-activated receptors are nuclear hormone receptors which 

are activated by fatty acids & their derivatives. PPAR plays significant role in clearance of 

cellular/ circulating lipids via regulating gene expression which is involved in lipid 

metabolism in the liver and skeletal muscle. It is also involved in lipid oxidation and cell 
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proliferation. This pathway was found downregulated in both ET and LT groups while GK 

(glycerol kinase ) and PLTP (phospholipid transfer protein) expressing genes were found 

downregulated in LT, no gene was found exclusively expressed in ET group. Genes as PLIN 

(perilipin), AQP7 (aquaporin 7), FABP4 (fatty acid binding protein 4, adipocyte), ACADL 

(acyl-Coenzyme A dehydrogenase, long chain), ADIPOQ (adiponectin, C1Q and collagen 

domain) were found downregulated in both ET/LT. Besides this Matrix metallopeptidase 1, 

(interstitial collagenase) and OLR1 (oxidized low density lipoprotein (lectin-like) receptor 1) 

were upregulated in both ET/LT groups. 

e. Gene Networking

Networking was performed using network analyst software to identify top interacting 

differential nodes amongst various groups.   

Fig.4.15 a Early unique network b. Late unique network

The unique nodes getting upregulated exclusively in ET consisted of RPL29 and FZD2 while 

SMAD3 was the top downregulated node (Fig.19 a). The top nodes getting upregulated 

exclusively in LT were MCM2 , MAD2L1 and top downregulated nodes were PXN, SOCS3 

(Fig. 19.b). 
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To elucidate the mechanism driving early onset breast carcinogenesis at molecular level, 

genes which were found to play significant and important functional role in various pathways 

only in early onset breast carcinogenesis were further evaluated for their interactive networks. 

These 9 genes were forming highly interactive 198 nodes. SMAD3 was topmost interactive 

node and was downregulated while BRAF was topmost upregulated interactive node. 

(Fig.4.16) 

Fig.4.16 Early unique network of genes playing significant functional role in breast 

carcinogenesis 

Further differentially expressed genes amongst various sub groups viz. Molecular subtypes 

and stagewise were also analyzed  

4.8.4.3 Molecular Subtypes 

To study the DEG profile in various molecular subgroups of breast cancer, Genefu package in 

R was used. It categorized 7 cases (24%) as Luminal A, 6 cases (20%) as Luminal B, 6 cases 

(20%) as HER2/neu over expressing, 9 cases (31%) as Basal and 1 case (3%) as Normal like 

class. Heat map shows the gene clusters formed by the unsupervised hierarchical clustering of 

tumour tissues into molecular subtypes (Fig. 4.17). 842, 705, 198, 415, 39 genes were found 
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deregulated exclusively in basal, HER2/neu, Luminal A, Luminal B and Normal like group of 

tumours respectively. A set of 534 genes was found commonly deregulated amongst all the 4 

breast cancer subtypes viz. Basal, Luminal A, Luminal B and HER-2 excluding Normal  like 

subtype (Fig 4.18) The top differential 20 genes exclusively deregulated to each group are 

mentioned in (table 4.16).  

Table 4.16 Top deregulated genes in various subtypes of breast cancer 

Basal FC HER2/neu FC Lum A FC Lum B FC 

MMP1 32.16716 S100A7 51.6068 COL10A1 36.40927 TFF1 45.97365 

MMP12 19.28295 EPYC 34.41583 CST1 34.79067 COL10A1 35.18033 

GJB2 14.85975 COL10A1 33.32071 EEF1A2 22.99457 EEF1A2 22.05647 

KIAA1199 14.63984 CEACAM6 24.19824 MMP11 21.42561 S100P 19.21812 

BUB1 14.13919 S100A7A 23.90803 HS.573062 16.37021 HS.573062 17.28372 

CST1 12.8087 MMP11 20.71085 TFF1 13.29112 MMP11 17.14796 

COL10A1 12.02824 GJB2 18.8979 GJB2 13.26494 CST1 14.48951 

CKAP2L 11.79736 CNTNAP2 18.47607 CEACAM6 12.61417 C1ORF64 13.16269 

FAM83D 11.39371 CALML5 15.72376 ANKRD30A 12.24614 FOXA1 11.16501 

MELK 11.2226 PNMT 13.2562 FOXA1 12.0476 AKR7A3 10.93866 

FABP4 -26.0292 FABP4 -23.5189 ALDH1L1 -19.0648 FABP4 -47.0658 

GPD1 -29.2149 SCARA5 -23.5481 SAA2 -19.5392 LYVE1 -47.5 

C7 -32.81 SAA1 -26.9342 THRSP -20.0569 SAA1 -48.6369 

TIMP4 -35.321 C7 -28.5069 CIDEC -20.828 ADH1B -50.1531 

CIDEC -36.1959 TIMP4 -29.4988 ADH1A -21.333 THRSP -50.2262 

THRSP -38.9895 ADH1B -31.8829 GPD1 -21.6239 SCARA5 -55.2669 

KIAA1881 -49.6841 ADH1A -36.8982 SAA1 -25.292 PCOLCE2 -60.4794 

ADH1B -55.2248 PLIN -40.2103 KIAA1881 -27.4985 ADH1A -69.4295 
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PLIN -76.9024 C2ORF40 -41.4724 PLIN -29.0779 PLIN -83.2191 

ADH1A -99.4174 KIAA1881 -62.857 G0S2 -30.6163 KIAA1881 -107.566 

COL10A1, GJB2, CST1 genes were robustly upregulated in all the 4 molecular subtypes 

(Basal, Luminal A, Luminal B, HER2/neu), suggesting up regulation of these genes in various 

cancer related pathways during breast carcinogenesis. ADH1A, KIAA1881, PLIN were 

downregulated amongst all breast cancer subtypes. 

Pathway analysis was done for all the molecular subtypes. The unique genes pertaining to 

specific pathways are mentioned in 74.16 along with their FC. 

Table 4.17 Genes deregulated uniquely and playing functional role in various molecular 

subtypes of breast cancer 

Pathway 
Basal-
Unique FC 

HER2/ne
u -Unique FC 

Lumina 
A- 

unique FC 
Luminal 
B-unique FC 

Cell 
Adhesion 
Pathway ITGB8 2.8 CDH15 3.1 HLA-E -2.8 CDH1 3.6 

JAM3 -2.2 CNTNAP2 18.5 CLDN23 -2.7 
ITGA9 -2.2 

Complemen
t and 

coagulation 
pathway C4BPB -2.7 FGB 11.5 A2M -2.5 SERPING1 -2.1 

FGG 6.5 
PLAU 3.2 

ECM 
receptor THBS4 -7.6 ITGA10 -2.1 COL3A1 2.2 LAMA4 -2.4 

LAMC1 -2.1 
Pathways in 

cancer BRAF 2.3 BCL2 -2 WNT3 3.4 
CKS1B 2.1 CSF3R 3.1 GSTP1 -2.2 
E2F3 2.4 EGLN3 4.8 IGF1R 4.3 
JUN -2.4 ERBB2 2.6 RET 3.1 

STAT1 2.1 FGF2 -6.9 RXRA -2.1 
MYC -3.9 TCF7L1 -3.8 
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SMAD3 -2.2 
TRAF4 2.1 
WNT7B 2 

PPAR EHHADH -2.6 FADS2 6.2 ME1 -3.7 RXRA -2.1 
GK 3.1 

SLC27A1 -2.3 

Besides these differentially expressed unique genes, some common genes were also 

found specific to pathways such as Cell Adhesion (CADM3, CDH5, CLDN5, ICAM2, and 

JAM2), Complement and coagulation cascade (CD59, CFD, CFH, F10, PROS1, VWF), ECM 

receptor interaction (COL11A1, COL1A1, COL5A2, ITGA7), Pathways in Cancer 

(ACVR1C,BMP2, EPAS1, EVI1, FIGF, FN1, IGF1) PPAR Pathway (ACADL, ACSL1, 

ADIPOQ, AQP7, CD36, FABP4, LPL, OLR1, PCK1, PLIN, PPARG, SORBS1 in all 

subgroups. 

Interestingly, highest numbers of deregulated genes were present in Basal subtype 

followed by HER-2 and Luminal B and Luminal A. On other hand Normal-like subtype 

include lowest number of deregulated genes. All the normal samples clustered separately 

from luminal, basal, HER2/neu over expressing groups. 
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b 

a 

Fig.4.17 Breast cancer predicted molecular subtype in Indian breast cancer patients. 

The subtypes LumimalA, LuminaB, HER2/neu, Basal and normal like were identified. 

(a) Heat map (b) Sample Dendorgram 
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Fig.4.18 Venn diagram representing the common and unique genes belonging to all the five 

predicted molecular subtypes of Indian breast cancer patients 

a. Basal Group

Since early onset breast tumours possess higher percentage of basal molecular subtypes of 

breast cancer hence we build up a network for basal group of tumours to identify the top 

interactive nodes. 

Fig. 4.19 Network image for unique basal subtype genes 
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JUN and RPS23 were the top interactive downregulated nodes found in basal group of 

tumours. LYN was found to be the top upregulated node. 

b. HER2/neu overexpressing group 

Networking analysis of HER2/neu over expressing group of tumours identified top node as  

MYC which was found to be downregulated while next highly interactive node was ERBB2 

which was upregulated node. Other upregulated nodes were CDC6, CSNK2A corresponding 

uniquely to Her2Nu over expressing group of tumours (Fig. 4.20). 

 

Fig.4.20. Network image for unique HER2/neu subtype genes 

c. Luminal A and Luminal B subtypes 

Lum A group of tumours possessed TLE1 as the highly interactive and top node which was 

found to be downregulated while WNT3 was top upregulated node (Fig. 4.19).   
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LumB group of tumours showed higher number of networks including top genes as IGF1R, 

CDH1, RET which were upregulated while SOCS3 was downregulated (Fig. 4.21, 4.22). 

 

Fig. 4.21 Network showing unique Luminal A interactive genes 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.4.22. Network showing unique Luminal B interactive genes 
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4.8.4.4 Advanced stage (III, IV) vs Lower stage (I, II) 

Categorization of DEG profile according to different tumour stage, identified 1386 

deregulated genes unique to LS and 200 genes unique to AS while 1336 genes were 

commonly deregulated in both LS and AS (Fig. 4.23).  

 

Fig. 4.23 Venn diagram showing unique and common genes in advanced and lower stages 

Pathways getting deregulated in AS/LS were also identified It was observed that AS group of 

tumours possessed unique genes belonging to mainly 3 pathways (table 4.18) while LS also 

showed deregulation similar pathways but with different genes (table 4.18). Rest of the genes 

were present in both LS and AS tumours.  

Table 4.18 List of pathways and genes deregulated uniquely in advanced stage of tumours  

Pathway AS- Unique Genes FC 
Cell 
Adhesion VCAN(versican) 2.0194 
ECM 
receptor 
interaction 
  
  
  

COL1A2(collagen, type I, alpha 2) 2.406966 
COL3A1(collagen, type III, alpha 1) 2.217713 
ITGA11(integrin, alpha 11) 3.55656 

TNN(tenascin N) -2.00255 
Pathways in 
cancer 
  

JUN(jun oncogene) -2.38138 
MYC(v-myc myelocytomatosis viral 
oncogene homolog ) -2.51316 
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Table 4.19 List of pathways and genes deregulated uniquely in lower stage of tumours  

Pathway LS Unique Genes FC 
Cell 
Adhesion 
  
  
  

JAM3(junctional adhesion molecule 3) -2.2021 
NLGN1(neuroligin 1) -3.88356 
PTPRM(protein tyrosine phosphatase, 
receptor type) 

-2.35086 

PVRL3(poliovirus receptor-related 3) -3.04221 
Cell cycle 
  
  
  
  

BUB1B(budding uninhibited by 
benzimidazoles 1 homolog beta) 

2.733421 

CCND2(cyclin D2) -2.219 
CCNE2(cyclin E2) 2.213775 
CDKN2C(cyclin-dependent kinase 
inhibitor 2C ) 

-2.16278 

MCM2(minichromosome maintenance 
complex component 2) 

2.83024 

ECM 
receptor 
  
  
  

LAMA3(laminin, alpha 3) -2.47639 
LAMA4(laminin, alpha 4) -2.35986 
LAMB2(laminin, beta 2 (laminin S)) -2.25598 
THBS4(thrombospondin 4) -5.15772 

 

Genes such as Cadherins (CDH5), claudins (CLDN5, CLDN11), Cyclin (CCNB1, CCNB2, 

CCNE1), Collagen (COL11A1, COL1A1, COL5A1, COL5A2) were some of the commonly 

deregulated genes in both AS and LS. 

As we wanted to study the biology of young onset breast cancer which in turn possesses 

advanced stage of tumours, hence we did networking for the AS group of tumours to identify 

the top deregulated nodes. Nodes Myc and Jun were the top highly interactive downregulated 

nodes present in AS of tumours. 
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Fig. 4.24 Network showing unique higher stage interactive genes 

a. Lower Stage tumours

Networking analysis was performed in lower group of tumours to identify the top nodes. 

Genes RPL29, PRKDC were the top upregulated nodes and PRKCA was top downregulated 

node (Fig. 4.23).  
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Fig. 4.25 Network showing unique lower stage interactive genes 

4.8.4.5 Comparison of differentially expressed genes in Indian and western population 

Molecular signatures found in breast cancer in Indian women were further compared with 

molecular signatures reported in western population. Using cutoff for FC> 2 and adjusted p 

value <0.05 we identified 5062 genes reported as significantly differentially expressed (3789 

upregulated and 1273 downregulated) in tumours vs normals in western population(176-177).  

When compared to DEGs identified in our data we found 558 genes exclusive and unique to 

Indian population having 156 over expressed and 402 under expressed genes. These unique 

genes included KIAA1199, CKAP2L, TUBB3, CENPA significantly over expressed while 

PLIN, KIAA1881, ADH1A, ALDH1L1, SAA1, AQP7P2, AQP7 genes were under expressed in 

Indian breast cancer patients (Table 4.20). Besides these top genes all the remaining genes 

were analyzed for various pathways which showed Leukocyte transendothelial migration 
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[ESAM, MYL7] Cytokine cytokine receptor interaction pathway [IL17B, CNTFR, FIGF, MPL, 

and CCL21], Adherens junction [PVRL3, PVRL4, and TCF7l1] majorly deregulated. 

Table.4.20 Unique gene sets specific to Indian breast cancer population 

 

KIAA1199 9.509539 0.000351 
CKAP2L 6.264448 9.48E-05 
TUBB3 6.044887 0.00046 
CENPA 5.311936 5.86E-05 
CDC45L 4.832954 0.001179 
C6ORF126 4.722761 0.028214 
PPAPDC1A 4.614044 0.000137 
KLK4 4.404234 0.020902 
CDC2 4.340372 0.000164 
PTTG3P 4.210745 0.000407 
FIGF -10.6485 1.73E-07 
SAA2 -11.9734 0.000866 
XLKD1 -13.1265 2.6E-06 
DARC -15.1034 0.000104 
AQP7 -16.3904 3.36E-10 
AQP7P2 -18.3621 3.36E-10 
SAA1 -18.744 3.74E-05 
ADH1A -46.9269 1.12E-05 
KIAA1881 -48.6453 2.71E-07 
PLIN -49.7345 3.12E-08 

 

A set of 715 genes were found to be commonly deregulated in Indian and western dataset, of 

which 247 genes were upregulated and 464 genes were downregulated (Table 4.21). However 

amongst them 4 genes XIST, KLF6, CCNL1 and CD59 were found upregulated in western 

data while they were downregulated in Indian data (Table 4.22). 

Table 4.21 Top commonly deregulated gens in both Indian and western population in breast 

cancer 

 

COL10A1 23.2815 5.96E-06 
MMP11 15.45492 6.55E-06 
GJB2 13.68954 8.27E-06 
CST1 11.94889 0.004912 
MMP1 9.096327 0.008953 
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MMP13 7.297567 0.002203 
CEACAM6 7.014203 0.042617 
BUB1 6.795974 9.11E-05 
ASPM 6.500159 2.39E-05 
FAM83D 6.454691 0.000158 
C2ORF40 -21.1401 2.51E-06 
SCARA5 -21.6551 2.8E-06 
G0S2 -22.0594 3.68E-07 
C7 -22.871 1.39E-05 
FABP4 -23.8769 0.000104 
TIMP4 -24.1717 1.03E-07 
GPD1 -24.9122 3.83E-10 
THRSP -26.7033 3.01E-05 
CIDEC -27.4842 3.18E-08 
ADH1B -33.9347 3.6E-08 

Table 4.22 Genes getting commonly deregulated but with opposing directions in both 

populations 

Gene FC-Western FC-Indian 
XIST 4.929642686 -2.142038315 
KLF6 3.367593079 -2.14940167 
CCNL1 3.043093301 -2.012116527 
CD59 2.483964818 -2.579648816 

We also compared our early onset patient’s data with the previously identified young age 

onset gene signatures (16). 2 genes BAX (1.6 FC, p value 4.52E-07) and ALDH2 (-3.36 FC, p 

value 0.000113) expressing differentially.  

4.8.4.6 Validation of gene expression profiles  

Genes which were found differentially expressed in microarray were validated in 67 breast 

cancer tissues (Table 4.23) and 38 distant control normals (13 early and 25 late) along with 2 

commercial available breast total RNA by real Time PCR.  

100 



Table 4.23 Clinicopathological details of patients used in real time validation 

S.NO RT-ID AGE DIAGNOSITNM TSIZE LYMPH NOMETASTASSTAGE ER PR HER2NUMENARCHBREAST FEE FAMILY HIMARRIAG CHEMOTH
1 ET-16 40 IDC T3N0M0 T3 N0 M0 IIB P P N 15 YES NO NO NO
2 ET-29 40 IDC T3N1M0 T3 N1 M0 IIIA N N N 15 YES NO NO NO
3 ET-30 34 IDC TXNXMX TX NX MX X P N N 14 NO NO NO NO
4 ET-32 40 IDC T4N1M0 T4 N1 M0 IIIB P P N 13 YES NO NO NO
5 ET-33 35 IDC T4bNxM1 T4 N1 M1 IV P P N 14 YES NO NO NO
6 ET-34 41 IDC T4bN1M0 T4 N1 M0 IIIB P P N 13 NO NO NO NO
7 ET-36 25 IDC T4N2M1 T4 N2 M1 IV N P N 11 NO NO NO NO
8 ET-37 40 IDC T2N1M0 T2 N1 M0 IIB N P N 12 YES NO NO NO
9 ET-38 35 IDC T4N2M0 T4 N2 M0 IIIB P N N 13 YES NO NO NO
10 ET-41 35 IDC T2N1M0 T2 N1 M0 IIB P P N 14 YES NO NO NO
11 ET-47 40 IDC T2N1M0 T2 N1 M0 IIB N P N 13 YES NO NO NO
12 ET-50 30 IDC T2N0M0 T2 N0 M0 IIA N N N 13 YES NO NO NO
13 ET-51 32 IDC T3N1M0 T3 N1 M0 IIIA N N N 13 YES NO NO NO
14 ET-52 35 IDC T4bN1M0 T4 N1 M0 IIIB N N N 15 YES NO NO NO
15 ET-55 40 IDC T2N1M0 T2 N1 M0 IIB P P N 14 YES NO NO NO
16 ET-58 36 IDC T4BN2M0 T4 N2 M0 IIIB N N N 13 YES NO NO NO
17 ET-59 36 IDC T4BN1M0 T4 N1 M0 IIIB N N N 13 YES NO NO NO
18 ET-60 40 IDC T2N1M0 T2 N1 M0 IIB N N N 13 YES NO NO NO
19 LT-18 57 IDC T2N1M0 T2 N1 M0 IIB N N N 13 yes NO NO NO
20 LT-22 65 IDC T2N0M0 T2 N0 M0 IIA P P N 15 yes NO NO NO
21 LT-24 65 IDC T2N0M0 T2 N0 M0 IIA P P N 16 yes NO NO NO
22 LT-25 65 IDC T4BN1M0 T4 N1 M0 IIIB N N N 14 yes NO NO NO
23 LT-29 70 IDC T2N0M0 T2 N0 M0 IIA P P N 15 yes NO NO NO
24 LT-40 70 IDC T1N0M0 T1 N0 M0 I P N N 15 YES NO NO NO
25 LT-53 65 IDC T2N1M0 T2 N1 M0 IIB N N N 15 YES NO NO NO
26 LT-54 80 IDC T2N1M0 T2 N1 M0 IIB N N N 14 YES NO NO NO
27 LT-55 57 IDC T3N1M0 T3 N1 M0 IIIA P P N 15 YES NO NO NO
28 LT-62 70 IDC T2N0M0 T2 N0 M0 IIA N P N 15 YES NO NO NO
29 LT-66 65 IDC T4BN1M0 T4 N1 M0 IIIB P N N 14 YES NO NO NO
30 ET-18 35 IDC T2N1M0 T2 N1 M0 IIB P N P 14 yes NO NO NO
31 ET-19 32 IDC T2N1M0 T2 N1 M0 IIB P P P 13 yes NO NO NO
32 ET-20 33 IDC T1N1M0 T1 N1 M0 IIA N N P 13 yes NO NO NO
33 ET-22 39 IDC T3N1M0 T3 N1 M0 IIIA P P P 13 yes NO NO NO
34 ET-23 28 IDC T4bN1M0 T4 N1 M0 IIIB N N P 15 no NO NO NO
35 ET-24 40 IDC T3N1M0 T3 N1 M0 IIIA N N P 15 yes NO NO NO
36 ET-25 30 IDC T2N1M0 T2 N1 M0 IIB N N P 14 yes NO NO NO
37 ET-26 41 IDC T3N1M0 T3 N1 M0 IIIA N N P 13 yes NO NO NO
38 ET-27 37 IDC T2N0M0 T2 N0 M0 IIA N N P 13 yes NO NO NO
39 ET-28 40 IDC T2N0M0 T2 N0 M0 IIA P N P 13 yes NO NO NO
40 ET-46 35 IDC T3N1M0 T3 N1 M0 IIIA N N P 14 YES NO NO NO
41 ET-53 35 IDC T3N1M0 T3 N1 M0 IIIA P P P 13 YES NO NO NO
42 ET-54 37 IDC T3N1M0 T3 N1 M0 IIIA N N P 15 YES NO NO NO
43 ET-57 E IDC T3N1M0 T3 N1 M0 IIIA P N P 13 YES NO NO NO
44 ET-61 E IDC T4BN1M0 T4 N1 M0 IIIB N N P 15 YES NO NO NO
45 LT-19 70 IDC T3N1M0 T3 N1 M0 IIIA N N P 14 yes NO NO NO
46 LT-23 60 IDC T4bN1M0 T4 N1 M0 IIIB N N P 14 yes NO NO NO
47 LT-26 56 IDC T2N1M0 T2 N1 M0 IIB P P P 13 yes NO NO NO
48 LT-31 71 IDC T2N0M0 T2 N0 M0 IIA P P P 14 yes NO NO NO
49 LT-32 60 IDC T3N1M0 T3 N1 M0 IIIA N N P 13 yes NO NO NO
50 LT-33 59 IDC T2N1M0 T2 N1 M0 IIB P N P 15 yes NO NO NO
51 LT-34 60 IDC T3N0M0 T3 N0 M0 IIB P P P 14 NO NO NO NO
52 LT-35 55 IDC T4BN1M0 T4 N1 M0 IIIB N N P 13 YES NO NO NO
53 LT-36 62 IDC T4N1M0 T4 N1 M0 IIIB N N P 14 YES NO NO NO
54 LT-38 69 IDC T4bN1M0 T4 N1 M0 IIIB N N P 14 YES NO NO NO
55 LT-39 65 IDC T2N1M0 T2 N1 M0 IIB N N P 13 YES NO NO NO
56 LT-41 70 IDC T2N1M0 T2 N1 M0 IIB N N P 16 YES NO NO NO
57 LT-47 63 IDC T1N1M0 T1 N1 M0 IB P P P 13 YES NO NO NO
58 LT-49 58 IDC T2N1M0 T2 N1 M0 IIB P P P 14 yes NO NO NO
59 LT-52 56 IDC T3N1M0 T3 N1 M0 IIIA N N P 14 YES NO NO NO
60 LT-56 75 IDC T3N1M0 T3 N1 M0 IIIA N N P 13 YES NO NO NO
61 LT-59 61 IDC T2N1M0 T2 N1 M0 IIB P N P 15 YES NO NO NO
62 LT-61 57 IDC T2N1M0 T2 N1 M0 IIB N N P 13 YES NO NO NO
63 LT-63 58 IDC T4BN2M0 T4 N2 M0 IIIB P P P 13 YES NO NO NO
64 LT-64 62 IDC T3N1M0 T3 N1 M0 IIIA N N P 12 YES NO NO NO
65 LT-45 80 IDC T4BN2M1 T4 N2 M1 IV NA NA NA 15 YES NO NO NO
66 LT-46 55 IDC T2N1M0 T2 N1 M0 IIB NA NA NA 13 YES NO NO NO
67 LT-57 58 IDC T3N1M0 T3 N1 M0 IIIA NA NA NA 12 YES NO NO NO
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Genes from Metallopeptidase (MMP1, MMP13, MMP14, MMP3, MMP11, ADAMTS1 and 

ADAMTS5) activity were selected for validation since several of these genes were found in 

top 50 genes in total tumour data set (TT) (Table 4.24 a) and also they were found 

differentially expressed in early onset tumours (Table 4.25). When compared to normal 

controls genes as MMP1 (FC= 15.4 fold, p=.05), MMP13 (FC=12.3 fold, p=0.018), MMP11 

(FC=6.8 fold, p=0.03) were all significantly over expressed in TT (Table 4.24 b) while gene 

MMP14 (FC=0.48 fold, p=0.7) and MMP3 (FC= 6.8 , p= 0.214) expression did not reached 

the level of significance. Genes as ADAMTS1 (FC= -9.4 fold, p=0.009), and ADAMTS5 (FC=-

5.7 fold, p=0.018) showed significant down regulation in tumours as compared to normal 

controls (Table.4.24 b). Scatter plots are plotted for all these genes (Fig.4.24). Further the 

expression of these genes was also found differential amongst ET and LT as seen in 

microarray data (Table.4.25), hence their expression was further validated amongst ET/LT. 

Tissue qPCR showed differential expression of all these genes between ET and LT but only 

ADAMTS5 expression was found statistically significant (Table. 4.26). Down regulation of 

ADAMTS5 was found to be -6.5 fold in late tumours as compare to -4.5 fold in early tumours 

(table.4.26) (p=0.013), suggesting its significant association with late onset tumours (Fig. 

4.25). Expression of various MMP genes was although found upregulated in early onset 

tumours but it was not found statically significant. Further validation in large number of 

patient’s samples is warranted to establish their role in early onset tumours. 
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Table 4.24 Showing expression MMP activity genes in all tumours (a) micro array data and 

(b) qPCR 

GENE FC-GX p. Val 
ADAMTS1 -5.53083 4.48E-06 
ADAMTS5 -3.47433 0.000893 
MMP1 9.096327 0.008953 
MMP11 15.45492 6.55E-06 
MMP13 7.297567 0.002203 
MMP14 2.518856 0.006155 
MMP3 4.822623 0.016434 

a      b 

Table 4.25 Fold change in breast cancer tumour tissue in age specific group’s viz early onset 

(ET) and late onset (LT) breast cancer tumours as obtained from microarray 

 

 

 

 

 

 

Table 4.26 Real time PCR validation in breast cancer tumour tissue in age specific groups viz 

early onset (ET) and late onset (LT) breast cancer tumours 

   GENE 
qPCR-
EARLY 

qPCR-
LATE p value 

ADAMST1 -7.76766 -10.9943 0.25 
ADAMST5 -4.54458 -6.74784 0.013 
MMP1 17.52682 13.44894 0.603 
MMP11 7.807872 5.862773 0.554 
MMP13 14.96795 9.799033 0.985 
MMP14 0.542113 0.428789 0.985 
MMP3 7.284474 6.10074 0.669 

 

 

GENE FC-qPCR p value 
ADAMST1 -9.40506 0.009 
ADAMST5 -5.66265 0.018 
MMP1 15.42609 0.05 
MMP11 6.820807 0.03 
MMP13 12.34492 0.018 
MMP14 0.484605 0.722 
MMP3 6.683773 0.214 

GENES 
FC-GX-
EARLY 

FC-GX-
LATE p.value 

ADAMTS1 -3.99311 -6.96077 1.19E-08 
ADAMTS5 -2.68595 -4.16648 3.20E-05 
MMP1 13.78096 6.78446 0.001196 
MMP11 20.16884 12.80727 1.62E-07 
MMP13 8.923938 6.331392 0.000343 
MMP14 3.75373 1.900651 1.26E-05 
MMP3 5.746106 4.261598 0.004459 
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Fig. 4.26 Validation of microarray results by qRTPCR in Indian population. a,b) Scatter plots 

showing the significant downregulation of ADAMTS1 (p=0.009) and ADAMTS5 (p=0.018) 

and c,d,e,f,g) showing upregulation of MMP11 (p= 0.03), MMP1 (p=0.05), MMP13 (p= 

0.018), MMP3 (p= 0.214), MMP14 (p= 0.722) respectively in all tumour compared to 

controls. The values are the mean of log fold change normalized to beta actin, 18sRNA and 

PSMC4 along with the standard error shown by vertical bars as obtained by Mann Whitney U 

test with the p value ( * p≤ 0.05) as obtained from real time qPCR 

 

 

 

 

 

 

 a. b. 

c. d. 

g. 
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 Fig. 4.27 Scatter plot showing the differential expression of MMP’s in early and late onset 
tumours. Here figure a, b, c, d, e, f, g shows the differential fold changes for genes 
ADAMTS1, ADAMTS5, MMP11, MMP1, MMP13, MMP3, MMP14. Expression of 
ADAMTS5 was found to be significantly downregulated in early and late onset tumours 
(p=0.013) with higher fold downregulation in late onset tumours.  

 

Further clinicopathological association with these MMPs was also identified.  Expression of 

MMP1 gene was found significantly associated with ER negative (p=0.01), PR negative 

(p=0.006) while expression of MMP13 and MMP14 was found correlated with HER2/neu 

positivity (p=0.023 and p=0.084 respectively). Metastasis was found to have significant 

positive association with over expression of MMP11 gene (p=0.04).  

In the present study we have identified pathways related to Cell cycle, Cell adhesion in all 

breast tumours, however, when we have analysed early and late onset tumours we found 

pathways cell adhesion, cell cycle, ECM receptor interaction, Pathways in cancer, Focal 

adhesion signalling involving 9 genes majorly altered in early onset tumours. The top altered 

genes exclusive to Indian females was identified. Thus we have shown in the present study 

the differential expression profile of early onset breast tumours, this is to our knowledge is the 

g. 
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first study analysing gene expression profiles of early and late onset tumours particularly form 

Indian continent.  

4.8.4.7 Discussion 

Over the past two decades there has been a significant increase in breast cancer incidence all 

over Asia, mainly South Eastern Asia (178-180). However the incidence of breast cancer in 

Asian women is much lower as compared to western countries, also the age at diagnosis 

peaks between 45-50 years for Asian women, while it ranges between 55-60 yrs for western 

women (4, 181). In developing countries populations are much younger on average, a 

higher proportion of patients are diagnosed below the age of 40, reaching as high as 20% 

(130-131). The underlying causes may be attributed to either epigenetic or environmental 

factors which make these women more prone to develop disease at a younger age (142) is a 

subject of ongoing research. In Indian women, breast cancer is now the most common 

cancer surpassing the cervical cancer, the mean age at diagnosis ranging between 45-50 

years, a decade younger compared to western women.  

Among various molecular subtypes, Triple negative (TNBC) breast cancer is considered the 

most aggressive subtype with worst prognosis. The present study showed 18% cases of 

TNBC which is higher in comparison to other Asian countries such as Korea (14.7%), China 

(12.6%) and Japan (8.4%) (182-184); whereas similar incidence had been reported by other 

Indian studies (11.8% to 31.9%) (185-191). Incidence of Basal, (ER- PR- HER2/neu -) 

(24%) has been found higher in younger patients (≤40 years) (Azim et al. 2012, (133) with 

higher proportion of advanced stage tumours (62.5%) and lymph node positivity (p=0.05) 

compared to late onset tumours as reported by others. Anders et al. (14) also demonstrated 

higher rates of lymphocytic and  lymphovascular invasion (133, 192-194) in breast cancer. 

Breastfeeding had been reported to be protective against triple-negative breast cancer 
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(195-197) and a significant proportion of patients who have not breast feed their children 

(p=0.029) or who have attained their menarche before 13 years of age (p=0.023) had been 

found in early onset group of breast cancer. Breastfeeding had been reported protective for 

both early- and late-onset cancers in the high risk population and even BRCA1 carriers, in 

whom breastfeeding for 1 or 2 years was shown to be associated with a 32% and 49% 

reduction in breast cancer risk, respectively (198). These collective findings suggest that 

tumours arising in younger patients are probably more aggressive due to the biological 

differences. 

Further the differences in gene expression profile of breast tumour enabled classification of 

the tissues into various molecular subtypes (12) viz Luminal A (24%), luminal B (20%), 

HER2/neu positive (20%), basal (31%) and normal-like (3%) which was similar to reported 

by Azim et al.  (199). According to western literature various molecular subtypes associated 

with breast cancer includes Luminal A (50-60%), luminal B (15-20%), HER2/neu positive 

(15-20%), basal (8-37%) and normal-like (3%) (199). Early onset breast cancer consisted of 

32% cases Luminal subtype, 24% HER2/neu over expressing and 21% cases basal subtype. 

Also IHC analysis for the phenotype viz. ER/PR/Her2/neu identified the subtypes which were 

showing the similar gene sets specific to each subtype as obtained by PAM50 classifier, hence 

showing the existence of molecular subtypes for the first time from Indian subcontinent.  

Genome wide gene expression profiling in 29 breast cancer cases showed 2413 genes 

differentially expressed (adjusted p value ≤0.05) including COL10A1, COL11A1, MMP1, 

MMP13, MMP11, GJB2, CST1, KIAA1199, CEACAM6, BUB1 top up regulated genes and 

PLIN1, FABP4, LIPE, AQP7, LEP, ADH1A, ADH1B, CIDEC, THRSP, GPD1, TIMP4, 

KIAA1881 top down regulated genes. The up regulated genes (COL10A1, COL11A1, MMP1, 

MMP13, MMP11, GJB2, CST1, KIAA1199, CEACAM6, BUB1) are involved in various 
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cellular processes viz ECM, cell cycle/M phase, Focal Adhesion and Metastasis.  COL10A1 

encodes a short chain collagen expressed by hypertrophic chondrocytes during endochondral 

ossification. The majority of human skeleton develops through the endochondral pathway, in 

which cartilage-forming chondrocytes proliferate and enlarge into hypertrophic chondrocytes 

that eventually undergo apoptosis and are replaced by bone. It acts through activating several 

molecules of Wnt signaling pathway and is direct transcriptional target of RUNX2 gene, a 

transcription factor that is expressed in cancer cells, and has been related to multiple cancers 

(200). GJB2 gene provides instructions for making a protein called gap junction beta 

2/connexin 26, which permits the transport of nutrients, charged atoms (ions), and signaling 

molecules between adjoining cells. Connexins may interact with other junctional complexes 

to regulate overall cell adhesion and intercellular junction formation. It plays a role in the 

growth, maturation, and stability of the skin's outermost layer, the epidermis and is implicated 

in the mechanisms of Invasion of Ductal Breast Carcinomas.  Cystatin SN (CST1), a cysteine 

protease inhibitor is upregulated and associated with tumor invasion and metastasis. It is a 

known tumour marker for colorectal cancer (CRC) (201) alongwith other cancer as gastric 

and esophageal squamous cell carcinoma (201-203). Cell cycle gene, as BUB1 functions in 

part by phosphorylating members of mitotic checkpoint complex and activating the spindle 

checkpoint complex leading to cell division. It is also reported to be associated with breast 

cancer prognosis in western population (204) and therapeutic target for colorectal (205), 

hepatocellular (206), gastric (207), non small cell lung (208) cancer in Chinese population. 

Over expression of BUB1 gene has been found associated with improved overall survival in 

breast cancer patients (209). Other cell cycle genes such as CCNA2, CCNB2, CDC2 have also 

been reported over expressed in hepatocellular carcinoma (210), laryngeal squamous cell 

carcinoma (210) renal cell carcinoma and breast carcinoma with association with short-term 

disease-specific survival (211-212).  
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The focal adhesion genes (COL11A1, COL10A1, and COL1A1) have also been found 

upregulated in breast cancers which are important in maintaining integrity of tissues like skin, 

muscle, cartilage, tendons, and intervertebral disks. In invasive carcinomas, extracellular 

collagens are key to tumour behaviour and are subjected to continuous remodelling, inhibiting 

and/or promoting tumour progression. COL11A1 is known to encode a minor collagen and its 

over expression had been reported in various microarray studies in breast cancer (213-214), 

solid tumours (215) and colon cancer (216-217). Over expression of COL10A1 gene in breast 

tumours in Taiwanese population (213) had been reported to be associated with of tumour 

progression leading to invasion and metastasis (218). Increased expression of COL10A1 gene 

had also been reported in diverse solid tumours (219-225), and had been associated with 

tumour vasculature (215). Li J. et al. had reported association of over expression of 

COL10A1 gene with lower overall survival in gastric cancer (226) in Chinese population. 

Genes playing important roles in extracellular matrix pathway/ metastasis such as MMP1, 

MMP11, and MMP13 were found to be over expressed in breast cancer (217, 227-228). 

MMP1 has been reported as novel biomarkers for tumour progression in early stage cancer 

leading to even brain metastasis (229). MMP-11 promotes cancer development by inhibiting 

apoptosis as well as enhancing migration and invasion of cancer cells (230). Many Asian 

studies (Korea, China, Japan) have also reported their intricate role in breast and 

nasopharyngeal cancers (230-232). Over expression of MMP13 has been reported in breast 

(232-233), oral and colorectal carcinoma (234-235) in many western and Asian studies. It also 

serves as a potential biomarker for early detection and prognostic assessment in esophageous 

squamous cell carcinoma (236). 

Minichromosome maintenance complexes genes viz. MCM2, MCM4 were also found 

upregulated in breast cancer, which are part of DNA replication process (237). Over 
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expression of MCM2 gene in breast cancer has been found associated with poor outcome and 

poor recurrence free survival (238-241). Over expression of MCM4 gene in breast cancer had 

been reported to be associated with shorter survival and used as prognostic biomarker and 

prediction of response to treatment in Chinese population (237, 242-243). POLE2 gene, DNA 

polymerase epsilon, is involved in DNA repair and replication, and the protein encoded by 

this gene represents the small subunit (B). Our study for the first time has reported significant 

up regulation of POLE2 in breast cancer, the differential expression of POLE2 gene had been 

reported in bladder cancer (244) and cervical cancer earlier in Chinese population (245). 

Mutations in POLE2 genes had been reported in colorectal cancer (246).  

The top down regulated genes include PLIN1, FABP4, LIPE, AQP7, LEP, ADH1A, ADH1B, 

CIDEC, THRSP, GPD1 and TIMP4 genes which are involved mainly in Lipid Metabolism, 

Lipolysis, Oxidoreductase activity and PPAR pathway. PPAR pathway involved genes as 

PLIN, FABP4, and AQP7. Perilipin gene (PLIN) gene mainly coats lipid storage droplets in 

adipocytes. Not much is known about this genes and its functional role in cancer. Zhou C. et 

al. have shown down regulation of PLIN genes in breast cancer and proposed it to be 

potentially new target for gene therapy (247). AQP7 is reported to be downregulated in 

hepatocellular carcinoma (248) and in breast cancer (249). These lipid metabolizing enzymes 

are shown to be differentially expressed in different subgroups of breast cancer and are 

associated with poor survival. (250).  

Besides this several other important genes playing functional role in various pathways were 

also found under expressed such as CDH5 which functions as a classical cadherin, imparting 

the ability to cells to adhere in a homophilic manner with major role in endothelial adherence 

junction assembly and maintenance. Expression of CDH5 gene can distinguish metastatic 

breast cancer from non metastasizing type (251). Besides this CDH5 gene mutation are 
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associated with TNBC which causes alterations in the RAS/RAF/MEK/ERK and 

PI3K/AKT/mTOR pathways leading to resistance to treatments (252). High CDH5 expression 

has been reported in gastric cancer (253) also gene CADM3 gene acts as a tumour suppressor 

gene and it encodes a calcium independent cell adhesion protein enabling adhesion activity. 

This is found downregulated in breast cancer patients and upregulated in oesophageal cancer 

in northeast Indian population (254). CLDN11 is an intergral membrane protein and 

component of tight junctions. Loss of CLDN11 gene has been reported in other cancers also 

such as cutaneous squamous cell carcinoma (255) oral leukoplakia (256) and prostate cancer 

(257) resulting in enhancement of cellular motility and invasiveness, however up regulation of 

CLDN11 had been reported in gastric cancer (258). There is a single report which suggests its 

over expression in breast cancer making it a target for prognostic and therapeutic intervention 

in breast cancer (259). Deregulation of all these genes suggest a strong interplay with each 

other leading to complex process of breast cancer progression in Indian women. 

Comparison of significant dysregulated genes in present study with that of western population 

identified few unique upregulated genes KIAA1199, CKAP2L, TUBB3, CENPA and unique 

downregulated genes PLIN, KIAA1881, ADH1A, SAA1, in Indian population. These genes are 

part of Cell cycle, Cytokine- cytokine receptor interaction, Lipolysis mainly involved in 

metastasis leading to breast cancer. Few genes which were found to be upregulated in western 

dataset as XIST, KLF6, CCNL1, CD59 were downregulated in our data. XIST is known to 

play a tumour supressive or oncogenic role. In breast cancer decreased XIST levels have been 

reported which act by increasing AKT phosphorylation and thus leading to tumourogenesis in 

Indian population as compared to western where it was found to be upregulated (260). KLF6 

is a tumour suppressor gene and its downregulation is reported to play a role in development 

of CRC (261) which shows concordance with our data. Cyclin family gene CCNL1 is 

upregulated in various cancers and was associated with poor prognosis (262-263). CD59, 
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belonging to membrane complement regulatory proteins,  inhibits the cytolytic activity of 

complement and is overexpressed in many types of solid cancers (264). The differences in the 

gene set, could be either attributed to either differences in ethinicity, platform variability or 

due difference in sample size between both studies which might have lead to bias in 

identifying the differential genes. 

Few common genes amongst the two populations suggestive of some common mechanism 

promoting breast carcinogenesis included upregulated genes as COL10A1, MMP11, CST1, 

GJB2, MMP1, MMP13, CEACAM6 and downregulated genes as ADH1B1, CIDEC, THRSP, 

GPD1, TIMP4, FABP4, SCARA5. 

Validation of genes MMP1, MMP13, MMP11which were found up regulated and ADAMTS1, 

ADAMTS5 genes which were found down regulated in 67 breast cancer cases by real time 

PCR showed concordance with our gene expression profiles. Significant up regulation of 

genes MMP1, MMP13, MMP11 and down regulation of ADAMTS1, ADAMTS5 was seen in 

breast tumours as compared with control. MMP’s up regulation has already been reported in 

lung, prostate, breast cancer leading to increase in invasion and metastasis. There was also a 

significant higher fold up regulation of MMPs in ET; however it did not reach to level of 

significance in validation probably due to smaller number of samples. This is suggestive of 

aggressive nature of early onset tumours. ADAMTS5 was found significantly differentially 

expressed between early and late groups, (p=0.012) suggesting its association with late onset 

tumours. Porter et al. reported ADAMTS5 to be down-regulated in breast cancer. The 

significant association of these MMP1, MMP13, MMP14 and MMP11 was also seen with ER, 

PR negativity and HER2/neu positivity along with metastasis suggesting their significant role 

metastasis progression by epithelial mesenchymal transitions in breast cancer. 

To understand the molecular biology of early onset breast cancer in Indian women, the 

significant genes and pathways involved in early onset tumours were also analyzed and 
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compared with those in late onset tumours. The pathways which were found involved include 

basic cellular pathways such as cell adhesion (VCAN, CDH15, PVRL2), cell cycle (CDKN2A 

and SMAD3), ECM receptor (IBSP, ITGA11), pathways in cancer (BRAF, FZD2). All these 

genes were found over expressed except SMAD3gene which was found down regulated in 

early onset tumours. Versican (VCAN) is a member of the aggrecan/versican proteoglycan 

family. The protein encoded is a large chondroitin sulfate proteoglycan and is a major 

component of the extracellular matrix and is involved in cell adhesion, proliferation, 

proliferation, migration and angiogenesis playing a central role in tissue morphogenesis and 

maintenance. It accumulates in tumor stroma and plays a key role in both malignant 

transformation and tumor progression. Increased versican expression has been observed in a 

wide range of malignant tumours, and has been associated with both cancer relapse and poor 

patient outcomes in breast, prostate, and many other cancer types. Through negatively-

charged chondroitin and dermatan sulfate side chains or interactions of the G1 and G3 

domains, versican is able to regulate many cellular processes including cell adhesion, 

proliferation, apoptosis, migration, angiogenesis, invasion and metastasis. VCAN is a known 

potential prognostic biomarker for colon cancer (265) and is associated with cancer relapse 

and poor patient outcomes in breast, prostate, and many other cancers.(266). VCAN was 

found to be overexpressed  in early onset as compared to late onset showing association with 

aggressive behaviour, acting probably through EGFR/AKT/GSK-3β (267). CDH15 gene is a 

member of the cadherin superfamily of genes, encoding calcium-dependent intercellular 

adhesion glycoproteins. Transcripts from this particular cadherin are expressed in myoblasts 

and upregulated in myotubule-forming cells. The protein is thought to be essential for the 

control of morphogenetic processes, specifically myogenesis, and may provide a trigger for 

terminal muscle cell differentiation. CDH15 gene has been reported over expressed in 

hepatocelluar carcinoma (268), however its role in breast cancer has not yet elucidated. We 
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report for the first time over expression of CDH15 gene in early onset breast cancer in Indian 

women which is known to play role in morphogenetic processes especially myogenesis (269). 

In aggressive cancers CHD15 are upregulated, as found in this study. PVRL2 also called as 

Nectin2 are Ca2+-independent immunoglobulin (Ig) superfamily proteins that participate in 

the organization of epithelial and endothelial junctions and regulate several cellular activities 

including the entry of some viruses. It has been found to be over expressed in breast tumours 

where it plays a major role in metastasis (270) and other cancers such as ovarian cancer and 

hepatocellular carcinoma (271) where its role as prognostic biomarker has been established 

through microarray and immunohistochemistry (272). Over expression of CDKN2A gene is 

mainly responsible for making tumour suppressor proteins p16 and p14ARF which in turn 

regulate cell cycle. It has been reported in ovarian cancer (273). IBSP gene is major structural 

protein of bone matrix and is found over expressed in osteosarcoma (274) in western 

population while Integrin ITGA11 enables attachment and is mainly required to initiate 

collective invasion and metastasis during tumour progression. It promotes tumourigenesis and 

metastasis in non small cell lung cancer (275). It’s over expression is associated with poor 

outcome in breast cancer (276). Significant up regulation of ITGA11 in early onset tumours 

suggests its specific role in invasion, metastasis and aggressive behaviour in young Indian 

breast cancer patients. BRAF is a known proto-oncogene which is involved in sending signals 

for directing cell growth. Mutations in BRAF gene have been reported in many cancers (277). 

Epithelial mesenchymal transitions are promoted by Frizzled2 (FZD2) protein leading to 

metastasis of endometrial cancer (278), prostate cancer (276, 279) and breast cancer (280-

281). Association of over expression of BRAF and FZD2 genes have been found with 

metastasis. The SMAD3 gene normally provides instructions for making protein which is 

involved in transmitting chemical signals from the cell surface to the nucleus through 

transforming growth factor-beta (TGF-β) pathway. The signaling process begins when a TGF-
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β protein attaches (binds) to a receptor on the cell surface, which activates a group of related 

SMAD proteins (including the SMAD3 protein). These SMAD proteins combine to form a 

protein complex, which then moves to the cell nucleus. In the nucleus, the SMAD protein 

complex binds to specific areas of DNA to control the activity of particular genes. Through 

the TGF-β signaling pathway, the SMAD3 protein also influences many aspects of cellular 

processes, including cell growth and division (proliferation), cell movement (migration), and 

controlled cell death (apoptosis). It functions as both positive and negative regulator of 

carcinogenesis depending on cell type and clinical stage of the tumour (282). It functions as 

tumour suppressor and is found downregulated in gastric cancer (283) and breast cancer in 

western population. In early onset breast cancer the downregulation of SMAD3 stops the 

antiproliferative activity of TGFbeta pathways and thus leading to carcinogenesis (284). It 

functions as tumour suppressor and is found downregulated in gastric cancer (283) and breast 

cancer in western population. Late onset tumours were found to deregulate almost similar 

pathways as that of early onset tumours, like cell adhesion, cell cycle, ECM receptor 

interactions, however the genes in the pathways were different in both the groups. In late 

onset cancer MCM2, MAD2L1, BUB1B, WNT3 genes were found up regulated while THBS4, 

EPAS1, ESAM, PVRL3, CXCL12, MYL9 genes were found down regulated suggesting distinct 

molecular events in both early and late onset breast cancer. They played a major role in 

angiogenesis, cell survival, invasion. 

Study by Anders et  al. (14) showed 367 biologically relevant gene significantly distinguished 

breast cancer arising in young women on gene set enrichment analysis (GSEA) from tumours 

arising in older women (>65yrs) at false discovery rate of < 0.25. The gene set unique to 

breast cancer in young women included those related to immune functions, mTOR/rapamycin 

pathway, hypoxia, BRCA1, stem cell, apoptosis, histone deacetylase and multiple oncogenic 

signalling pathways, holding therapeutic implications in breast cancer (14). In this analysis, a 
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higher probability of phosphatidylinositide 3-kinase (PI3K; P = 0.006) and Myc (P = 0.03) 

pathway deregulation was observed in tumours arising in younger patients. Since this 

analysis was not adjusted for potential differences in breast cancer molecular sub- types as 

well as other known prognostic factors, the same authors re-analyzed their data using two 

publicly available datasets with appropriate adjustment for molecular subtypes among other 

features and reported that younger patients have more basal-like tumours and after 

adjustment for subtype differences, no distinct molecular aberrations were found in early 

onset breast cancers. Azim et al. 2012 has reported 41 genes associated with young breast 

cancer signatures, after adjustments only 12 genes involved in biological processes like 

immature mammary cell population including RANKL, c-kit, BRCA1-mutated phenotype, 

mammary stem cells, and luminal progenitors cells were found significantly deregulated. Two 

genes- BAX (apoptosis related) and ALDH2 (stem cell related) out of 41 genes which did not 

reached statistical significance in Azim et al. study were found significantly differentially 

expressed in present study. 

Our study identified RPL29, FZD2 as the most interactive topmost upregulated node in ET 

while SMAD3 was topmost interactive downregulated node (Fig. 19.b). Early onset tumours 

mostly have aggressive basal subtype with higher and advanced stage of cancer which showed 

LYN as upregulated and MYC, JUN, RPS23 as downregulated nodes. RPL29 gene interacts 

with heparin and proteoglycans to modulate blood coagulation, cell adhesion and cancer cell 

invasion during metastasis (285). Liu J.J. et al. has reported over expression of RPL29 in 

colon cancer (286). All these genes play important role in cell cycle progression and 

metastasis in turn leading to breast cancer progression.  

To conclude, the molecular mechanism we hypothesize for early onset breast cancer in Indian 

women as shown in Fig. 4.28. Genes IBSP, VCAN, PVRL2, FZD2, CDKN2A, B-RAF, 
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ITGA11, CDH15, SMAD3 either activates several cancer pathways or enables epithelial 

mesenchymal transitions enabling adhesion, division and proliferation, angiogenesis, 

migration leading to breast cancer in young Indian females. Their over expression makes 

tumours highly aggressive in nature leading to bone metastasis which also correlates with 

poor outcome in breast cancer patients 
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Fig.4.28 Breast carcinogenesis mechanism leading to increasing incidence of early onset 

breast cancer in Indian females.  
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Conclusion 

Breast cancer is one of the most common cancers and the leading health crisis for women 

today. This continuous rise in breast cancer incidence has prompted the need to develop 

strategies for its prevention. Breast cancer appears to have a complex etiology, possibly with 

interplay of many causal factors including genetic, epigenetic, hormonal and environmental 

factors operating over a long period. Although several risk factors have been well defined, the 

interactions of the various etiological factors are yet to be completely understood. Moreover, 

analysis of parameters like early-onset could be helpful in screening high risk women for 

developing breast cancer, followed by planning of future preventive and treatment modalities. 

Younger patients more frequently exhibit aggressive features with young age itself being an 

independent predictor of adverse prognosis. This study had been initiated to understand 

molecular pathology and behaviour of early onset breast cancer and to identify potential 

biomarkers. MMPs could possibly serve as novel targets for early onset breast cancer but it 

has to be further validated in larger cohort of patients at protein level.  
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Chapter 5 

To study methylation profiles of breast cancer in Indian women and compare the differential 

profiles in early and late onset tumours. 

5.1 Introduction 

Breast cancer is one of the most common cancer and second common cause of cancer-death 

among females in western countries (287). In India, it is most common cancer in women in 

metropolitan cities while it holds second position in rural population (6). Breast cancer is 

characterized by both genetic and epigenetic alterations (160, 288-291). Epigenetic hallmarks 

of cancer include global DNA hypomethylation and locus-specific hypermethylation of CpG 

islands which occurs at initiation or development of tumours (292-293). CpG methylation 

plays an important role in maintaining gene silencing, and this process is essential for a wide 

variety of cellular functions, such as tissue-specific gene expression, X chromosome 

inactivation and genomic imprinting (294-296). Although most CpG dinucleotides are 

methylated on cytosine residues, but CpGs present in promoter are protected from 

methylation. Many tumours exhibit excessive methylation of these CpG islands that are found 

near or inside the transcriptional promoters of mammalian genes contributing to breast cancer 

(297). Hypermethylation of CpG islands in specific gene promoters transcriptionally silence 

tumour suppressor gene expression and hence contributes to carcinogenesis by leading to the 

initiation and progression of cancer (298). A large number of genes are found to be aberrantly 

methylated in breast tumours as RASSF1A, CDH1, RARβ, CYCLIND2, TWIST, BRCA1, HIN1 

and APC (299-300). DNA methylation alterations are widely accepted as a potential source of 

early biomarkers for better diagnosis/prognosis (301-302). Aging increases the risk of cancer 

along with other diseases as cardiovascular diseases/neurodegenerative diseases gradually as 

body’s ability to maintain a steady state is reduced. There are few studies on methylation 

status of breast cancer in Indian women (303-306) however none of them addressed 
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methylation specific changes in age specific cohort in breast cancer. In this objective we have 

studied DNA methylation in breast cancer in Indian women with special emphasis on early 

onset breast tumours. 

5.2 Material and methods 

5.2.1 Clinical Specimen 

A total of 97 tumour tissue samples were collected from Safdarjung Hospital and Indraprastha 

Apollo Hospital, New Delhi, along with 38 distant normal control tissues from 

histopathologically confirmed Infiltrating Duct carcinoma cases prior to any chemotherapy or 

radiotherapy treatment (Table4.1). The samples were staged according to American joint 

committee on cancer-AJCC. Immunohistochemistry was performed to identify the receptor 

status for ER/PR/ERBB2 receptors. 41 cases were found to be below ≤40 yrs (early onset) 

and 56 cases were with age ≥55 years (late onset). A total of 48 samples were used for 

methylation microarray (Table 5.1) of which 19 tumours were of early onset and 17 tumours 

belonged to late age along with 12 normal control, 6 in each group. All tissue samples were 

snap frozen immediately after the modified radical mastectomy or after incision/true cut 

biopsy and immediately stored at -80 for RNA/ DNA isolations. Informed consent was 

obtained from all the patients prior to collection of samples and was approved by the ethical 

committee of Safdarjung hospital and Indraprastha Apollo hospital. 
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Table. 5.1 Clinicopathological details of samples used for methylation microarray 

5.2.2 DNA isolation, purification from cancer tissues 

DNA was isolated using Geneaid DNA tissue isolation kit following manufacturer’s protocol. 

Upto 30mg of breast tissue was transferred to a 1.5 ml micro centrifuge tube. It was grounded 

to form a pulp with the help of micro pestle. After tissue homogenization 200 μl of GT Buffer 

was added to the tube and tissue was further homogenized by grinding. Next 20 μl of 

Proteinase K was added to the sample mixture and was incubated at 60ºC for 30 minutes. 200 

μl of GBT Buffer was added and then shaken vigorously for 5 seconds. It was incubated at 

60ºC for at least 20 minutes to ensure that the lysate becomes clear. Next 200 μl of absolute 

ethanol was added to the lysate which was immediately shaken vigorously for 10 seconds and 

the mixture (including any precipitate) was transferred to the GS Column and then centrifuged 

RT-ID AGE DIAGNOSITNM TSIZE LYMPH NODMETASTASI STAGE ER PR HER2NU MENARCHBREAST FEFAMILY HI MARRIAGCHEMOT
ET-16 40 IDC T3N0M0 T3 N0 M0 IIB P P N 15 yes NO no no
ET-18 35 IDC T2N1M0 T2 N1 M0 IIB P N P 14 yes NO no no
ET-19 32 IDC T2N1M0 T2 N1 M0 IIB P P P 13 yes NO no no
ET-20 33 IDC T1N1M0 T1 N1 M0 IIA N N P 13 yes NO no no
ET-21 40 IDC T2N1M0 T2 N1 M0 IIB P N P 14 yes NO no no
ET-22 39 IDC T3N1M0 T3 N1 M0 IIIA P P P 13 yes NO no no
ET-23 28 IDC T4bN1M0 T4 N1 M0 IIIB N N P 15 no NO no no
ET-24 40 IDC T3N1M0 T3 N1 M0 IIIA N N P 15 yes NO no no
ET-25 30 IDC T2N1M0 T2 N1 M0 IIB N N P 14 yes NO no no
ET-29 40 IDC T3N1M0 T3 N1 M0 IIIA N N N 15 yes NO no no
ET-33 35 IDC T4bNxM1 T4 N1 M1 IV P P N 14 YES NO no no
ET-36 25 IDC T4N2M1 T4 N2 M1 IV N P N 11 NO NO no no
ET-37 40 IDC T2N1M0 T2 N1 M0 IIB N P N 12 YES NO no no
ET-38 35 IDC T4N2M0 T4 N2 M0 IIIB P N N 13 YES NO no no
ET-39 35 IDC T3N1M0 T3 N1 M0 IIIA P P P 12 NO NO no no
ET-43 30 IDC T3N1M0 T3 N1 M0 IIIA N P P 13 YES NO no no
ET-51 32 IDC T3N1M0 T3 N1 M0 IIIA N N N 13 YES NO no no
ET-52 35 IDC T4bN1M0 T4 N1 M0 IIIB N N N 15 YES NO no no
ET-60 40 IDC T2N1M0 T2 N1 M0 IIB N N N 13 YES NO no no
LT-61 70 IDC X X X X X P P N 13 YES NO no no
LT-16 70 IDC T2N1M0 T2 N1 M0 IIB N N N 14 yes NO no no
LT-17 80 IDC T4bN1M0 T4 N1 M0 IIIB N N P 14 yes NO no no
LT-18 57 IDC T2N1M0 T2 N1 M0 IIB N N N 13 yes NO no no
LT-19 70 IDC T3N1M0 T3 N1 M0 IIIA N N P 14 yes NO no no
LT-21 62 IDC T3N2M0 T3 N2 M0 IIIA N N N 14 yes NO no no
LT-23 60 IDC T4bN1M0 T4 N1 M0 IIIB N N P 14 yes NO no no
LT-24 65 IDC T2N0M0 T2 N0 M0 IIA P P N 16 yes NO no no
LT-29 70 IDC T2N0M0 T2 N0 M0 IIA P P N 15 yes NO no no
LT-33 59 IDC T2N1M0 T2 N1 M0 IIB P N P 15 yes NO no no
LT-35 55 IDC T4BN1M0 T4 N1 M0 IIIB N N P 13 YES NO no no
LT-41 70 IDC T2N1M0 T2 N1 M0 IIB N N P 16 YES NO no no
LT-44 60 IDC T4BN1M0 T4 N1 M0 IIIB NA NA NA 16 YES NO no no
LT-45 80 IDC T4BN2M1 T4 N2 M1 IV NA NA NA 15 YES NO no no
LT-46 55 IDC T2N1M0 T2 N1 M0 IIB NA NA NA 13 YES NO no no
LT-49 56 IDC T3N1M0 T3 N1 M0 IIIA NA NA NA 12 YES NO no no
LT-51 58 IDC T2N0M0 T2 N0 M0 IIA P P P 14 YES NO no no
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at 14,000 x g for 2 minutes. For washing the column 400 μl of W1 Buffer was added to the 

GS Column and then centrifuged at 14,000 x g for 30 seconds. Another wash with 600 μl of 

Wash Buffer (make sure ethanol was added) was given to the GS Column. It was centrifuged 

at 14,000 x g for 30 seconds. Flow-through was discarded and then column was placed back 

in the 2 ml Collection Tube. It was centrifuged again for 3 minutes at 14,000 x g to dry the 

column matrix. DNA was eluted in 60 μl elution buffer by centrifuging it at 14,000 x g for 3 

minutes. 

5.2.2.1 Quantitation of DNA 

Quantitation of double stranded DNA was performed by using Quant-iT™ PicoGreen® 

dsDNA Assay kit by Thermo fischer. Reagents from kit were thawed at RT in a light 

impermeable container. A standard DNA plate was made by diluting stock lambda DNA and 

plating its dilutions. Picogreen reagent was diluted 1:200 into 1X TE, vortexed and mixed. 

195ul of this PicoGreen/1X TE dilution was dispensed into each well and dilutions of stock 

DNA were added. The sample fluorescence was measured to generate a standard curve and 

concentration of DNA samples was determined. All of the samples yielded high quantity of 

DNA per µl and were further proceeded for microarray. 

5.2.3 Genomic Methylation study 

Human whole genome methylation analysis was performed using Illumina’s Human 

methylation 27 bead chips for 48 tissue samples in various batches. It interrogates over 27,000 

highly informative CpG sites per sample at single-nucleotide resolution which  includes 

approximately 13,000 well-annotated genes described in the NCBI Database1 (Genome Build 

36) covering over 1,000 cancer related genes, 200 miRNA promoters, and 150 regions which

are known to exhibit differential methylation status in various systems 
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5.2.3.1 Bisulphite Conversion of DNA 

Around 500ng of DNA was taken for Bisulphite-conversion of the genomic DNA samples 

using the Zymo EZ DNA Methylation Kit according to manufacturer’s instructions. Briefly 

genomic DNA was denatured and CT conversion reagent was added followed by incubation 

at 95°C for 30 sec and 50°C for 1 hour for 16 cycles. The converted product was 

desulphonated by addition of desulphonation buffer. Bisulphite converted DNA was eluted 

using elution buffer. 

5.2.3.2 Fragmentation/ Hybridization and Scanning of microarray 

The bisulphite converted DNA samples were further denatured and neutralized by adding 4ul 

of 0.1N NaOH in the presence of buffer MA1 provided in the Illumina’s whole genome 

methylation kit. It was vortexed, centrifuged and incubated at RT for 10 minutes. Next 68ul of 

MA2 was dispensed along with 75ul of MSM solution into each well. Plate was sealed and 

incubated for 20-24 hrs at 37°C. Next the DNA was fragmented using end-point 

fragmentation. Finally DNA was precipitated using 2 propanol and PM1 solution and further 

resuspended into RA1 buffer. This DNA was now dispensed onto bead chips and they were 

kept into hybridization oven for homogenous hybridization overnight. Bead chips were 

further washed and labelled nucleotides were hybridized in order to extend the primers. Bead 

Chips were scanned using Illumina BeadArray Reader (Scanner).  

5.2.4 Background correction 

Hybridization of non specific labeled targets leads to fluorescence which results in generation 

of background. Background correction was performed by subtracting the average signal of the 

negative controls probes from the actual probe intensity signal. It also generated detection P-

value which is a statistical calculation that provides the probability that the signal from a 
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given probe is greater than the average signal from the negative controls.  

5.2.5 Normalization 

Raw data normalization was initiated by selecting probes sets having uniform intensity among 

the tumour tissues samples. Illumina custom model which is analogues to t- test error model 

was used to find significant methylated CpG sites, based on the experimental conditions and 

the number of replicates available. Further Beta value was generated for each significantly 

identified probe, which in turn specifies the data into range between 0-1 and hence removes 

unnecessary high intensity variation which leads to noise. It is calculated by taking ratio of 

intensity of methylated bead and intensity of methylated and unmethylated bead for each 

probe used in experiment.   

Beta Normalization   

 

Here signal A and signal B are produced by two different bead types viz. unmethylated and 

methylated beads. 

Output also generated a Diff score which represent the magnitude of the difference between 

the Beta value of reference group and test group.  

5.2.5 Differential Methylation  

Post beta normalization, each gene was assigned a beta value (β). A gene was defined as 

having higher methylation level (Hypermethylated) if the average methylation level in tissue 

was at least 0.5 (β ≥ 0.5). Similarly, a lower methylation level (hypomethylated) indicated that 

the average methylation level of a gene should be less than 0.5 (β < 0.5). The Diff score was 

used to identify the differentially methylated genes and gene sets amongst various groups 
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(TT/ET/LT) as compared to normal controls. Positive Diff score indicated hypermethylation 

and suggested that the methylation in tumour tissue was higher than methylation in control 

tissues while negative score suggested, hypomethylation of the gene having higher 

methylation in normal control tissue as compared to tumours. Higher Diff score suggests 

higher significance of the DMGs.  

5.2.6 Hierarchical Clustering and Gene ontology analysis 

Hierarchical clustering was done of differentially methylated genes by using Cluster 3 

software by median centred clustering for centroid linkage using Pearson uncentered 

correlation. It segregated gene in clusters of hypermethylated or hypomethylated genes which 

were viewed by JavaTree View Software.  

5.2.7 Validation  

Validation of identified methylated profiles was performed in 740 human breast cancer 

patients along with 92 controls from TCGA database via MethHC (A database of DNA 

methylation and gene expression in human cancer) software which uses TCGA data portal. 

Box plots were generated for average tumour and normal beta values with corresponding p 

values for each genes. Also the gene expression and methylation integrated profiles were 

validated in 839 tumour samples and corresponding scatter plots were produced along with 

correlation coefficient and corresponding p value using MethHC software. 
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5.3 Results 

5.3.1 DNA Methylation analysis 

Gel Image  

 

Fig. 5.1 Agarose gel showing the good quality of DNA which was extracted from the tumour 

tissues 

Quality of DNA extracted from all cases were checked by running samples over 0.8% agarose 

gel in 0.5X TBE prepared in distilled water. All the samples showed a single discrete band for 

DNA suggesting its high quality (Fig.5.1). 

5.3.2 Methylation Quality Control 

5.3.2.1 Chip Hybridization 

Infinium Human Methylation 27k bead chips were scanned to visualize the efficiency of 

hybridization. The hybridization of DNA was found to be uniform throughout the chip (Fig 

5.2). 

 

  

DNA 
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Fig.5.2 Scan of the hybridized chip showing overall view of the probes present on chip 

5.3.2.2 Quality Control 

To establish the quality of the microarray experiments, several quality control parameters 

were checked on each single array (Fig5.3).  

a. Staining and Hybridization Controls 

Staining controls examine the efficiency of staining for all channels. The staining efficiency 

was found to be upto the mark for all samples used for profiling. Hybridization controls test 

the overall performance of the Infinium Assay using synthetic targets. These synthetic targets 

complement the sequence on the array perfectly allowing the probe to extend on the synthetic 

targets as a template. They are present in hybridization buffer (RA1) at three levels 

monitoring the response from high to low concentration. 
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b.  Bisulphite conversion Controls 

Bisulphite conversion controls monitor the efficiency of bisulphite conversion of genomic 

DNA. If the bisulfite conversion is successful the converted probes “C” matches the 

converted sequence and gets further extended. If the samples have unconverted DNA “U”, 

unconverted probes gets extended. In our experiment all the converted controls worked well. 

 

 

 

 

 

c. Negative Controls 

Negative controls target bisulfite converted sequences that do not contain CpG dinucleotides. 

These assay probes are randomly permutated and does not hybridize to DNA template. The 

mean signal of these probes defines the system background. Mostly all of the probes showed 

low signal for background. 
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Fig.5.3 Quality control assessment of the methylation microarray experiment  

5.3.3 Differential methylation Analysis 

5.3.3.1  All tumours vs. normal controls 

Methylation analysis in 36 tumours and 12 normals showed 11,016 CpG sites significantly 

differential methylated in all tumours. Of the total sites 5660 CpG sites were hypermethylated 

and 5356 sites were hypomethylated (Fig.5.4). Further filtration resulted in corresponding 910 

genes which were aberrantly methylated.  

 

 

Fig. 5.4 Histogram depicting hypermethylated (red) and hypomethylated (green) CpG sites in 

tumours vs. normals 
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a. Hierarchical clustering 

Unsupervised hierarchical clustering was performed using Beta values (range 0-1) for all 

individual genes and heat map was plotted. Two distinct differential gene clusters were visible 

separating hyper from hypo methylated genes amongst tumours and normals (Fig 5.5).  

 

 

 

 

 

 

 

 

 

Fig.5.5 Heat map of differentially methylated genes between tumour vs. normals showing 

distinct clusters. Hypermethylated regions are represented as blue coloured genes while 

hypomethylated region are represented in yellow colour. 

These differentially methylated genes were used further to explore their role in breast 

carcinogenesis. 

 

 

 

Hypermethylated 

Hypomethylated 
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b. GO Analysis  

Pathway analysis was done to identify pathways associated with deregulated genes 

contributing to breast carcinogenesis. Major aberrant methylated genes were found involved 

in pathways such as cAMP signalling, cell adhesion, cytokine receptor interaction, 

neuroactive ligand receptor interaction etc.  

cAMP signalling pathway showed hypermethylation of HHIP (hedgehog interacting 

protein), RYR2 (ryanodine receptor 2) and CFTR (cystic fibrosis transmembrane conductance 

regulator) genes. The embryonic development is regulated by HH pathway, which is 

negatively regulated by HHIP (307). RYR2 encodes a protein which is a major component of 

calcium channel which supplies calcium to cardiac muscle. They are mainly involved in 

signal transduction pathways in heart and their dysregulation leads to cancer and many other 

diseases (308). CFTR gene enables transport of various molecules across extracellular and 

intracellular membrane by functioning as chloride channel. Cell adhesion pathway showed 

hypermethylation of CLDN11, CDH5 genes playing a mechanistic role in cell adhesion and 

hypomethylation of CD86 and CD28 genes. CDH5 also known as vascular endothelial 

cadherin, plays an important role in homotypic cell-cell adhesion among epithelial cells (253). 

CLDN11 are members of tight junction strands serving as a physical barrier which prevent 

solutes and water from passing freely through the paracellular space between epithelial or 

endothelial cell sheets, and maintains cell polarity and signal transductions. Hypomethylated 

genes CD86 and CD28 genes have role in immune regulation. The costimulatory signals 

reaching through CD86 to its counter receptor CD28  on T cells induce T-cell-mediated 

immunity against tumours (309) Further genes as TNFRSF10D, CD40, TNFSF4 were found 

hypermethylated and act as mediators in regulation of cytokine cytokine receptor 

interaction in tumours. The tumour necrosis factor family genes play major role in adhesion 

of activated T cells to endothelial cells mediating immune and inflammatory response. 
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Neuroactive ligand receptor interaction pathway showed hypermethylation of GALR1 

(Galanin receptor1), PTGDR (Prostaglandin D2 receptor), LEP genes (Leptin). GALR1 

mediates many biological effects via interaction with G protein coupled receptor. Similarly 

PTGDR also mediates allergic inflammation via. G protein coupled receptor.  LEP gene plays 

major role in regulation of body weight. Beta values and diff scores for all genes are 

mentioned in table 5.2.  

Table. 5.2 Beta values for the differentially methylated genes in breast tumours. 

GENE Normal. 
AVG_Beta 

Tumour. 
AVG_Beta 

Tumour.Diff 
Score 

CELL SIGNALLING 
HHIP 0.21737 0.43807 354.363 
RYR2 0.14956 0.3697 354.363 
CFTR 0.39799 0.60456 350.694 
CELL 
ADHESION 

      

CLDN11 0.22769 0.43387 354.363 
CDH5 0.42541 0.64487 354.363 
CD86 0.73312 0.55526 -154.77 
CD28 0.53185 0.33486 -140.76 
CYTOKINE CYTOKINE RECEPTOR INTERACTION 
TNFRSF10D 0.11532 0.32766 354.363 
CD40 0.18419 0.37311 350.694 
TNFSF4 0.2 0.42 350.694 
NEUROACTIVE LIGAND RECEPTOR 
GALR1 0.2 0.38 350.694 
PTGDR 0.36 0.53 111 
LEP 0.44 0.62 114 
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5.3.3.2 Early onset and Late onset tumours 

Analysis of differentially methylated genes in ET (19) and LT tumours (17) showed a total of 

6050 CpG sites differentially methylated in ET and 4966 sites differentially methylated in LT 

(Fig5.6 a,b) 

Fig. 5.6 Scatter plots of (a) early and (b) late onset tumours showing hypermethylated and 

hypomethylated CpG sites 

These differential CpG sites corresponded to 528 genes (327 hypermethylated, 201 

hypomethylated) in ET and 525 genes (466 hypermethylated , 59 hypomethylated) in LT. 

Comparison of these genes showed  385 (42%) unique genes aberrantly methylated in ET, 

382 (42.3%) genes unique to LT and 143 (15.7%) genes found methylated in both early and 

late onset tumours (Fig. 5.7). 

Fig.5.7 Venn diagram representing the differentially methylated genes in early and late onset 

breast cancer 
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a. Gene ontology analysis for ET 

528 differentially methylated genes identified in ET were further explored for their pathways. 

Pathways such as Apoptosis, cAMP signalling pathway, cell adhesion molecule pathway, cell 

cycle, cytokine cytokine recptor interaction pathway were altered.  

Apoptosis pathway 

Epigenetic regulation of Apoptosis pathway resulted in hypermethylation of tumour 

supressors and hypomethylation of oncogenes leading to breast cancer progression. DAB2IP , 

TNFRSF10D were hypermethylated and Bcl2, CAD were hypomethylated. DAB2IP, Disabled 

homolog 2-interacting protein a tumour suppressor is a known to be hypermethylated in 

breast and prostate cancer. It is involved in several functions such as innate immune response, 

inflammation and cell growth inhibition, apoptosis, cell survival, cell migration and 

maturation. Hypermethylation of TNFSRF10D Tumour necrosis factor receptor 

superfamily member 10D gene has been reported in melanoma. Bcl2, B-cell lymphoma 2 is 

a antiapoptotic gene and its over-expression along with activation of other proto-oncogenes 

such as myc causes cancer. CAD, carbamoyl-phosphate synthetase 2 gene plays important 

role in de novo synthesis of pyrimidine nucleotides which is required for mammalian cells 

proliferation.  

cAMP signaling pathway 

Under normal physiological conditions, cyclic nucleotides regulate a myriad of biological 

processes such as cell growth and adhesion, energy homeostasis, neuronal signalling, and 

muscle relaxation. CFTR, cystic fibrosis transmembrane conductance regulator along with 

LIPE, lipase were found to be highly hypermethylated in tumours. Although MYL9, myosin 

light chain 9, NPY, neuropeptide Y genes were also hypermethylated but the difference 

between methylation levels among tumour and normals was marginal. CFTR has tumour 
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suppressive role and plays an essential role in anion regulation and tissue homeostasis of 

various epithelia which serve as source for many cancers. 

Cell Adhesion molecules pathway 

Hypermethylation of CD40, SELE, ICAM2, CDH5 genes in cell adhesion pathway was found 

in early onset tumours. CD40 plays a central role in both humoral and T-cell-mediated 

immunity. SELE mediates the adhesion of tumour cells to endothelial cells which is in turn 

associated with metastatic dissemination. ICAM2 gene, Intercellular Adhesion Molecule 2 

mediates adhesive interactions important for antigen-specific immune response. CDH5, 

Cadherin are calcium dependent cell adhesion proteins and play an important role in 

endothelial cell biology by controlling cohesion and organization of the intercellular 

junctions. CD86 was found to be hypomethylated in early onset breast tumours which is 

known to play a role in T cell coinhibition (Table 5.3).  

Table.5.3 Functional enriched genes getting deregulated in early tumours 

SYMBOL Early Normal 
AVG_Beta 

Early 
Tumour.AVG_Beta 

Early 
Tumour.DiffScore 

BCL2 0.41488 0.257508 -94.9252 
CAD 0.362022 0.287858 -21.611 
TNFRSF10D 0.152177 0.256622 72.01141 
DAB2IP 0.085654 0.313422 350.6937 
TNNI3 0.19861 0.361443 350.6937 
CFTR 0.397992 0.604564 350.6937 
LIPE 0.460502 0.638042 115.5567 
NPY 0.236208 0.347527 59.12702 
MYL9 0.247866 0.378053 77.72686 
CD40 0.184193 0.373106 350.6937 
CNTN2 0.215315 0.309111 45.26828 
SELE 0.571021 0.754095 135.7661 
ICAM2 0.27316 0.448848 133.0642 
CDH5 0.254247 0.383927 75.89573 
CD86 0.73 0.55 -154 
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b. Network Analysis

Network analysis was performed for all the genes which were found to be uniquely hyper and 

hypomethylated in ET. The hypermethylated genes formed highly interactive 140 nodes. 

Genes as PDGFRB and STAT5A, CCNA1 top hypermethylated nodes while SYK, BCL2 were 

top hypomethylated nodes in early onset tumours (Fig. 5.8 a,b). PDGFRB gene encodes a cell 

surface tyrosine kinase receptor for members of the platelet-derived growth factor family. 

CCNA1 gene is a part of highly conserved cyclin family gene which mainly targets activated 

CDKs during apoptosis. STAT5A mediates the response of many cell ligands and promotes 

carcinogenesis. 

a b 

Fig. 5.8 Showing Top nodes uniquely methylated in early onset tumours a.) Hypermethylated 

and b) hypomethylated  
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c. Gene Ontology analysis in  LT

Late onset tumours expressed 525 differentially methylated genes which were were similar to 

those found in early onset tumours, however the genes showing aberrant methylation in LT 

were different. The gene ontology analysis had been done to identify major functional 

pathways involved in carcinogenesis in late onset tumours. It involved cAMP signalling 

pathway and cell adhesion pathways (Table.5.4, 5.5) 

cAMP signalling pathway showed hypermethylation of TNNI3, BRAF, NPY, RYR2 genes. 

Table 5.4 cAMP pathway genes showing their beta values in tumour and normal along with 

their diff score 

SYMBOL 
Late 
Tumour.AVG_Beta 

Late 
Normal_AVG_Beta 

Late 
Tumour.DiffScore 

HHIP 0.438071 0.217374 354.3631 
NPY 0.384511 0.205567 354.3631 
GRIA1 0.275704 0.102357 354.3631 
RYR2 0.369698 0.149557 354.3631 
TNNI3 0.350143 0.188131 137.0436 
MYL9 0.381006 0.223029 118.2771 
BRAF 0.373158 0.244154 74.56955 

Cell adhesion pathway showed hypermethylation of CLDN11, CDH5, ICAM2 genes in early 

onset tumours with hypomethylation of CD28 gene late onset tumours. 

Table 5.5 Cell adhesion pathway genes showing their beta values in tumour and normal along 

with their diff score 

SYMBOL 
Late 
Tumour.AVG_Beta 

Late 
Normal.AVG_Beta 

Late 
Tumour.DiffScore 

CDH5 0.64487 0.425413 354.3631 
CLDN11 0.433867 0.227685 354.3631 
ICAM2 0.319995 0.211619 58.23082 
CNTNAP2 0.336275 0.233516 48.81013 
ITGA8 0.328822 0.252683 25.35596 
CD28 0.334864 0.53185 -140.757 
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Comparison of aberrantly methylated genes among these pathways in early and late onset 

tumours lead to identification of significant unique and common genes in both groups 

(Table5.6). 

Table 5.6 Unique and common genes showing functional significance in ET and LT pathways 

 METHYLATION 
STATUS 

EARLY   LATE 

  UNIQUE COMMON UNIQUE 
HYPERMETHYLATED CFTR TNNI3 RYR2 
  LIPE NPY GRIA1 
  CD40 MYL9 HHIP 
       CLDN11 
  CDH5 BRAF 
HYPOMETHYLATED CD86   CD28 

 

Genes CFTR, LIPE and CD40 epigenetically regulate early onset breast carcinogenesis. These 

play a major role in transport through ECM, growth and metastasis. Genes RYR2, HHIP, 

CLDN11, BRAF regulated late onset carcinogenesis by promoting growth and proliferation. 

5.3.3.1.6 Network Analysis 

Network analysis was performed for all the genes which were found to be uniquely hyper and 

hypomethylated in LT which consisted of MYOD1, BRAF, FZD2 as top hypermethylated 

genes while CCND1 was top hypomethylated gene.  
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Fig. 5.9 Top interactive nodes in late onset tumours a.) Hyper and b) hypomethylated unique 

in LT 

5.4 Integrome Analysis 

Integrome analysis was done to develop a network map of the gene expression and 

methylation interactome in order to study biological relevance of their interactions and their 

potential functional role as biomarkers and further deduce biological meaningful conclusion. 

Genes which were found differentially expressed and methylated were merged to develop 

interactome using bridge island software, which displayed interactive enriched genes and 

pathways. Two sets of genes which were hypermethylated and downregulated and those 

which were hypomethylated and upregulated were identified (293, 310).  A total of 59 genes 

showed significant interaction between gene expression and methylation in early onset 

tumours, while 91 genes showed interaction in late onset tumours. Amongst them 42 genes 

were unique to ET and 74 to LT while 17 genes were found both in early and late onset 

tumours. Integration of filtered genes from expression and methylation set has been shown in 

Fig. 5.10 
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Carcinoma Patients/ Normal Controls 

     Early-onset and Late-onset cases distant normal control 

Fig. 5.10 Integration of gene expression and methylation data for breast cancer patients 
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5.4.1 Early onset tumour integrome 

Early onset integrome uniquely consisted of STAT5A, LIPE, ALDH1A2 genes which were 

hypermethylated leading to downregulation and hence loss of expression. These genes are 

mainly a part of pathways as Immune response, fatty acid metabolism and mesenchymal cell 

development. Genes as MMP13 (Matrix metalloproteinase) was hypomethylated leading to 

it’s over expression exclusively in early onset tumours 

 

 

 

 

  

 

 

 

 

 

Fig.5.11 Early tumour integrome, here red indicates over expression while green shows under 

expression of the genes. Red circle indicated hypermethylation while green circle represents 

hypomethylation.  
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Table 5.7 List of genes showing their beta value and fold change for early integrome 

Gene 
Symbol 

Gx Fold 
Change 

Tumour 
Beta 
Value 

Normal 
Beta 
Value 

ALDH1A2 -3.53612 0.326087 0.220613 
LHCGR -2.66263 0.368043 0.239029 
LIPE -14.2705 0.638042 0.460502 
MMP13 8.923938 0.657276 0.831124 
SH2D3C -1.37949 0.364704 0.285132 
SOCS2 -3.30331 0.202144 0.075554 
STAT5A -2.66207 0.33225 0.161668 
TNFRSF10D -1.85759 0.256622 0.152177 

 

5.4.2 Late onset tumour integrome 

Methylation of genes LEP, EDNRB, FBLN2 was correlated with gene expression in late onset 

tumours. Theses play a major role in fatty acid metabolism, mesenchymal cell development 

and cell cycle. Two other genes CELSR3, IL11 which belonged to cell signalling pathway and 

immune response pathway were over expressed due to hypomethylation uniquely in late onset 

tumours 
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Fig.5.12 Late onset tumour integrome, here red indicates over expression while green shows 

under expression of the genes. Red circle indicated hypermethylation while green circle 

represents hypomethylation.  

Table 5.8 List of genes showing their beta value and fold change for late integrome 

Gene 
Symbol 

Gx Fold 
Change 

Tumour 
Beta 
Value 

Normal 
Beta 
Value 

EDNRB -2.0594 0.395349 0.267877 
FBLN2 -2.67356 0.315739 0.163669 
LEP -17.5896 0.624537 0.445898 
LHCGR -2.66263 0.379807 0.281122 
SH2D3C -1.6786 0.360766 0.255421 
SOCS2 -3.30331 0.202144 0.075554 
TNFRSF10D -2.06288 0.327664 0.115319 
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There was a common set of genes amongst early and late integrome consisting of SOCS2, 

TNFRSF10D, SH2D3C which were under expressed due to hypermethylation. They were a 

part of pathways as cell adhesion, cell signalling, PLC activity. 

5.5 Validation 

Validation of differentially methylated genes was done in 740 human breast cancer patients 

along with 92 Normal from TCGA database via MethHC (A database of DNA methylation 

and gene expression in human cancer) software. It was also observed that hyper methylation 

included mainly promoters of tumour supressors whose expression becomes repressed thereby 

facilitating cancer formation. Similarly hypomethylation at promoters of oncogenes results in 

their over expression and thus leads to cancer progression.   

5.5.1 All tumours vs normal control 

Genes such as HHIP, RYR2, CFTR, CLDN11, CDH5, TNFRSF10D, CD40 which were found 

to be functionally relevant since they altered various pathways leading to breast 

carcinogenesis were selected for further validation. These genes were found to be 

hypermethylated in microarray and similar concordant results were produced by MethHC 

database which showed higher average tumour beta values than average normal control beta 

values, (Fig. 5.13, Table5. 9) as seen in box plots. 
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         RYR2,            HHIP            CFTR        CDH5        CLDN11 

TNFRSF10D           FLT4             CD40 

Fig 5.13 Box plots for average Beta values of tumours and normal controls for differentially 

methylated genes amongst various pathways in all tumours. Red indicates average tumour 

beta values while green indicates average beta normal controls values. (** indicates p value 

<0.001) 
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The following table depicts the beta values obtained from MethHC database for tumour and 

normals along with the p values. 

Table 5.9 Beta values of tumour and normals breast cancer tissues obtained after validation 

GENE ACCESSION MEDIAN  
TUMOUR 
BETA 

MEDIAN 
NORMAL 
BETA 

P-VALUE 

HHIP NM_022475 0.3531 0.219 2.48E-14 
RYR2 NM_001035 0.428 0.1937 5.96E-14 
CFTR NM_000492 0.63495 0.3591 7.66E-15 
CLDN11 NM_001185056 0.5424 0.3511 3.02E-14 
CDH5 NM_001795 0.57135 0.3176 5.40E-14 
TNFRSF10D NM_003840 0.60645 0.4426 7.51E-14 
CD40 NM_001250 0.50245 0.2141 3.18E-14 
 

5.5.2 Pathways found differential amongst ET/LT groups 

Further validation of genes differentially methylated in early and late tumours was done using 

MethHC database in all 740 tumour tissues compared to 92 normal controls (since the database 

did not showed distinction between early and late onset tumours). 

Genes as NPY, MYL9, LIPE, CFTR, TNNI3, CDH5, SELE, CD40, CAD, BCL2 playing 

functional role in early and late onset breast carcinogenesis were selected for validation. All 

genes were found to be hypermethylated in tumours samples except Bcl2, CAD which were 

found hypomethylated both in microarray and MethHC database. Another gene SELE which 

was hypermethylated in our data was found to be hypomethylated in MethHC database, 

however it did not reached to level of significance (Fig. 5.14 table 5.10). The observed median 

beta value for tumours and normals are mentioned in table along with the p value . 
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NPY         MYL9          LIPE              CFTR            TNNI3 

CDH5           SELE    CD40 
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Fig 5.14 Box plots of tumours and normals for differentially methylated genes amongst 

various pathways in ET/LT. Red indicates average tumour beta values while green indicates 

average beta normal values. (** indicates p value <0.001, * indicates p value <0.05) 

Table 5.10 Median beta value and p values for tumours and normal controls 

GENE ACCESSION 

MEDIAN  
TUMOUR 
BETA 

MEDIAN 
CONTOL 
BETA P-VALUE 

CFTR NM_000492 0.63495 0.3591 7.66E-15 
LIPE NM_005357 0.7969 0.7441 8.39E-14 
MYL9 NM_006097 0.42605 0.226325 1.18E-13 
NPY NM_000905 0.38405 0.1098 7.33E-14 
TNNI3 NM_000363 0.56095 0.4827 1.36E-13 
CD40 NM_001250 0.50245 0.2141 3.18E-14 
CDH5 NM_001795 0.57135 0.3176 5.4E-14 
ICAM2 NM_000873 0.6353 0.5221 6.36E-13 
CNTN2 NM_005076 0.39775 0.3248 -9.5E-15 
SELE NM_000450 0.6827 0.709 0.147871 
CAD NM_004341 0.4196 0.4152 0.034588 
BCL2 NM_000633 0.05245 0.0576 0.002475 
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The validation using MethHC software confirms our differential methylation profiles obtained 

using microarray.  

Owing to the functional involvement of these genes in various pathways their 

hypermethylation or hypomethylation plays an important role in tumourigenesis and breast 

cancer progression.  

5.6.2 Integrative gene expression and methylation profiles 

Validation of genes showing significant integration on integrome analysis was also done by 

MethHC database in 839 tumour tissues. Scatter plots were generated for tumours and 

controls gene expression and methylation intensity and beta values. Significant negative 

correlation was found for genes TNFRSF10D, LEP, ALDH1A2, LHCGR, SOCS2, STAT5A, 

SH2D3C which were hypermethylated resulting in their loss of expression. However 

correlation amongst remaining 4 genes LIPE, FBLN2, MMP13, EDNRB did not reached to 

level of significance (Table5.11).  

Of the genes showing significant correlation we found the expression of STAT5A, ALDH1A2 

genes to be significantly regulated through hypermethylation in early onset tumours while 

LEP gene was significantly repressed due to hypermethylation in late onset tumours 

(Table5.11) Besides this 4 genes LHCGR, SOCS2, TNFRSF10D, SH2D3C were also found 

hypermethylated leading to loss of its expression in both early and late onset tumours (Fig 

5.15).  

Table 5.11. Interactome genes showing their correlation coefficient and correspondimg p 

values 

GENE CORRELATION P VALUE 
STAT5A -0.507934609 1.11E-16 
LEP -0.10233753 2.22E-16 
ALDH1A2 -0.146384096 3.33E-16 
LHCGR -0.066247526 7.11E-05 
SH2D3C -.5276209114 5.55E-16 
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SOCS2 -0.030401153 5.55E-16 
TNFRSF10D -0.360619155 6.66E-16 
MMP13 -0.205262142 0 
FBLN2 -0.239788084 0 
LIPE -0.058124235 0 
EDNRB -0.077784999 0 

a b      

c d 
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Fig. 5.15 Validation of significantly interacting and correlating genes as found in microarray 

experiments using MethHC software. a) STATA5A b) LEP c) ALDH1A2 d) LHCGR e) 

SH2D3C f) SOCS2 g) TNFRSF10D. Red dots shows the correlation for tumours and green 

dots shows that for normals 

This study showed the differential methylation profiles obtained in breast cancer patients and 

the distinguishing profiles in early and late onset breast cancers. The results obtained by the 

methylation microarray were further validated by TCGA database. We identified STAT5A, 
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ALDH1A2 genes to be significantly downregulated through hypermethylation in early onset 

tumours while LEP was repressed due to hypermethylation in late onset tumours. Hence it is 

important to mention that these genes are epigenetically regulated and they might play a 

important role in tumour progression by activating specific pathways pertaining to breast 

cancer. These could also probably serve as potential drug targets in early and late onset breast 

carcinogenesis. Their functional role has to be further explored.  

Discussion 

The development and progression of breast cancer is a multi-step process modulated by 

genetic, epigenetic and environmental factors. DNA methylation modifies DNA resulting in 

dysfunction and deregulation of genes. As DNA methylation is a reversible process (311) it 

can result in gene re-expression which in turn can lead to normal gene regulation (312). 

Therefore it can serve as a potential therapeutic target. Hence it would be interesting to 

determine the changes in DNA methylation which plays an essential role in breast cancer 

development, emphasizing the crucial role of these epigenetic changes for future diagnosis, 

prognosis and prediction of response to therapies.(313-314) 

In the present study whole genome methylation profiling of 48 breast cancer tissues had been 

studied to obtain distinct methylation profile of breast cancer in Indian women. A total of 910 

genes were found aberrantly methylated, of which 667 genes were hypermethylated and 243 

were hypomethylated. Pathways which were epigenetically regulated include Apoptosis, 

cAMP signalling, Cell adhesion, Cytokine cytokine receptor interaction, neuroactive receptor 

ligand interaction pathway. Various genes found hypermethylated among these pathways 

included HHIP, RYR2, CFTR, CLDN11, CDH5, TNFRSF10D, CD40, GALR1 while CAD, 

BCL2 genes were found hypomethylated. Downregulation of HHIP gene may activate 

hedgehog signalling pathway leading to EMT and stem cell activation. Song Y. et al. has 
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described HHIP to be hypermethylated in gastric cancer (307, 315) but there are no reports 

suggesting its role in breast cancer. Expression of HHIP is also considered as significant 

prognostic marker in glioblastoma patients (316). RYR2 works as a  key calcium channel by 

operating calcium influx during EMT and hence controls the transitions during carcinogenesis 

(317). It is reported to be aberrantly methylated in breast cancer (318). CFTR gene plays 

important role in carcinogenesis since it encodes members of ABC transporters family which 

enables transport of molecules across membrane. It is reported to be hypermethylated in 

prostate cancer (319) and is found to be associated with poorer survival in young patients in 

non small cell lung cancer (320). Cell adhesion genes as CLDN11, CDH5 play critical role in 

formation of junctional proteins which are important for epithelial mesenchymal transitions. 

Agarwal R. et al. and Abe M. et al. have described hypermethylation of CLDN11 in  gastric 

and oral squamous cell carcinoma (256, 321). However its role in breast cancer is still 

unknown. CDH5 is a known tumour suppressor gene and is known to be hypermethylated and 

silenced in many cancers (322-325). It has major role in imparting adherens and maintaining 

junctional assembly. TNFRSF10D plays a inhibitory role in inducing TRAIL induced 

apoptosis. Li et al. has reported hypermethylation of TNFRSF10D in breast cancer. CD40 is 

hypermethylated in breast cancer and is known to generate different growth signals in 

tumours and controls leading to tumour cell proliferation (326-327). Chunlong Zhang et al. 

has reported negative correlation between CD40 methylation and gene expression (327). 

GALR1 activates variety of secondary intercellular pathways. Hypermethylation of GALR1 

gene had been reported as predictive biomarkers for clinical outcome in head and neck cancer  

patients (328). Its hypermethylation also plays important role in regulation of neoplastic 

transformation from non-malignant intestinal metaplasia to cancer in gastric cancer (329). 

Analysis of methylation profile in early onset breast cancer showed Apoptosis, cAMP 

signalling and cell adhesion pathways. Genes such as DAB2IP, CFTR, TNNI3, LIPE, CD40, 
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SELE, ICAM2 were found hypermethylated in ET. Dab2 is a known tumour suppressor gene 

methylated in many cancers (330-331) and its hypermethylation in breast cancer in Indian 

women had been reported earlier also (332-333). Morbie et al., Son J.W. et al., Ashour N. 

have described hypermethylation of CFTR gene in many cancers (319-320, 334). CFTR gene 

is a known tumour suppressor and modulates transport of chloride ion across epithelial cell 

membrane with its dysregulation leading to thickened mucus in lungs. TNNI3 forms 

component of striated muscles and its role is not known. LIPE gene induces adiposity and is 

known to be hypermethylated in adipose tissue (335). Selectin E is hypermethylated and 

hence is lost during breast cancer progression. It is also reported to be hypermethylated in 

GBM (336-337). Another gene BCl2 was hypomethylated in early onset breast cancer. Bcl2 is 

antiapoptotic and hence its hypomethylation results in its over expression leading to cancer 

progression. CAD is a strong tumour suppressor and was reported to be hypomethylated in 

ovarian cancer, breast cancer leading to its over expression (25, 338). In late onset tumours 

pathways as cAMP signalling and cell adhesion were major aberrantly methylated pathways 

which consisted of RYR2, HHIP, CDH5, CLDN11. These aberrant methylation profiles were 

further confirmed by MethHC database.  

Network analysis in early onset tumours showed CCNA1, PDGFRB, STAT5A as top 

hypermethylated genes, while SYK, BCL2 were top hypomethylated genes. CCNA1 gene 

which has the ability to control cell differentiation or suppress cell growth (339), is reported 

to be frequently hypermethylated in head and neck squamous cancer cells, nasopharyngeal 

cancer, cervical cancer and colon cancer (340-341) resulting in its silencing. 

Hypermethylation of PDGFRB in breast cancer is reported by Zibo Li et al. (342) also loss of 

SYK protein due to hypermethylation had been found associated with distant metastasis 

breast cancer patients (343). Most interactive node in Late onset tumours consisted of 

MYOD1, BRAF as top hypermethylated and CCND1 as top hypomethylated node.  
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Altered DNA methylation patterns set the hallmarks for cancer by either repressing or 

overexpressing the genes which have mechanistic and functional role in cancer. It has also 

been established now that different gene expression patterns contribute to breast cancer 

heterogeneity (344). Merging of gene expression with methylation profile had been done to 

obtain the integrative profiles in breast cancer. Integration resulted in 59 and 91 correlated 

genes in ET/LT respectively. The early integrome comprised of significant hypermethylation 

of genes STAT5A, ALDH1A2 genes resulting their downregulation. STAT5A deficiency in 

breast cancer results in impaired prolactin dependent differentiation of mammary cells. There 

is a correlation between low nuclear level of STAT5A and its association with unfavourable 

clinical outcomes and cancer progression. High STAT5A was suggested to be an inhibitor of 

invasion and metastasis and therefore an indicator of favourable clinical outcomes(345). 

STAT5A is a major part of Immune response pathway where it contributes to tumour 

development compromising immune surveillance (346-349).Studies have indicated key role 

of STAT5A in leukemia, breast, colon, head and neck, prostate cancers. Unphosphorylated or 

inactive STAT5A suppress tumour growth in colorectal cancer while active STAT5A 

expression has been shown as potential prognostic marker in oral squamous cell carcinoma 

(346, 350). ALDH1A2 (aldehyde dehydrogenase 1 family, member A2) oxidizes retinaldehyde 

into retinoic acid. Kim et al. reported hypermethylation of ALDH1A2 gene a candidate tumour 

suppressor and hypermethylated in primary prostate tumours as compared with normal 

prostate (351). Methylation of this gene has been associated with changes in alcohol 

metabolism (352). Its role in breast cancer has yet to be elucidated. 

Late integrome consisted of hypermethylation of LEP gene. LEP gene has many endocrine 

functions and regulates immune and inflammatory responses, angiogenesis and wound 

healing. It is known to encode protein playing major role in body weight regulation. This 

protein acting through the leptin receptor, functions as part of a signalling pathway to 
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maintain consistency of the adipose mass. One of the mechanisms for prostate cancer involves 

methylation of circulating hormones associated with obesity and insulin resistance, such as 

leptin (353-354). Its hypermethylation resulted in significant loss of its expression in late 

onset tumours.  

Some genes were commonly methylated genes which further lead to their repression such as 

The SOCS2, TNFRSF10D, LHCGR. SH2D3C genes were found hypermethylated in ET and 

LT. This family of genes activates JAk/STAT pathway. They interact with major molecules of 

signalling complexes to block further signal transduction by proteasomal depletion of 

receptors or signal-transducing proteins via ubiquitination. SOCS2 gene is a tumour 

suppressor (355-356) and its low expression has been associated with hepatocellular, breast, 

pulmonary and ovarian cancers (355, 357-359). LHCGR (luteinizing 

hormone/choriogonadotropin receptor) gene activation is tightly regulated by the methylation 

status of its core promoter sequence. It is a central player for human gonadal maturation and 

functions. Its hypomethylation has been observed in tumours contributing to their increased 

aggressiveness(360). TNFRSF10D belongs to tumour necrosis receptor family protein and is 

involved in cell signalling and cell cycle. It is epigenetically silenced in human melanoma 

(222, 361), as well as in cancers of lung, breast, bladder, mesothelioma, prostate, cervix, brain 

ovary and in hematopoietic malignancies (362). SH2 domain containing 3C are DNA markers 

associated with fetal growth (363) and are also involved in cell migration. Its role is not 

known in breast cancer.  

In present study, integrated analysis demonstrated that methylation status of different genomic 

regions plays a key role in establishing transcriptional patterns in human breast cancer. Hence 

understanding the functional and mechanistic impact of these distinct regions of DNA 

methylation on gene expression patterns may further provide additional insight into breast 
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cancer progression along with response to therapy, which is critical for improving 

management of the disease. Thus the critical challenge is to derive high-quality DNA 

methylation signatures that are confirmed in prospective studies as specific and sensitive 

predictors of clinical outcome and therapeutic responses. These specific genes leading to 

repression or over expression due to their hyper or hypo methylation were hence identified 

in breast cancer patients in this study. An additional question is to determine whether DNA 

methylation signatures would provide advantages over current histopathological and 

immunocytochemical methods. Hence these DNA methylation markers with independent 

prognostic value can be further evaluated for application in tailoring treatment to patient 

groups that today are receiving uniform treatment regimens.  
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Chapter 6 

Conclusion and Future Scope of Work 

The rising incidence of breast cancer in India has enabled it to attain number one position 

with a higher proportion of young early onset breast cancer patients. Hence whole genome 

gene expression and methylation profiling was performed in Indian breast cancer patients in 

order to understand their underlying molecular pathogenesis with special emphasis to early 

onset breast carcinoma 

1. Amongst total 97 histopathologically diagnosed cases of breast cancer 42.3% cases

were early onset (≤40 years) and 35.9 were late onset cases (≥55 years). Early onset

breast cancer had significant number of patients that did not breast fed (p=0.029) and

have attained menarche before 13 years of age (p=0.023). Young patients with breast

cancer presented significant association with Lymph node (p=0.05) and advanced stage

(p=0.07). Higher number of these patients was estrogen receptor negative (55%) while

less number of them was HER2/neu receptor positivity (45%).  Basal subtype found as

main representative molecular subtype in early onset patients than older patients (24 %

vs. 18%). However the difference was not found significant probably because of less

sample size corresponding to each sub group.

2. Gene expression profiling of 29 TT and 9 CC identified 2413 DEGs where the topmost

upregulated genes such as COL10A1, MMP11, GJB2, CST1, MMP1, MMP13,

KIAA1199 and topmost downregulated genes such as PLIN, KIAA1881,

ADH1A,ADH1B, CIDEC, THRSP . Pathway analysis for all significant deregulated

genes in breast tumours identified Cell cycle, Cell adhesion molecules, PPAR, ECM

pathway, DNA Replication to be majorly deregulated.
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3. Gene set Enrichment analysis also identified genes as COL10A1, GJB2, MMP11,

MMP13, MMP1, COL11A1 as top upregulated and AQP7, PLIN, ADH1B, CIDEC

topmost downregulated genes in breast cancer.

4. The top deregulated genes found in advanced stage of tumours included as VCAN,

COL1A2, ITGA11, MYC, JUN while the top interactive nodes present in basal tumours

included as JUN, RPS23, LYN genes.

5. Further expression analysis for ET and LT identified 1685 DEGs in ET of which 724

were upregulated and 961 downregulated while LT consisted of 2379 DEGs of which

988 were upregulated and 1391 downregulated. Further ET had 420 genes and LT had

1114 genes unique to these groups in addition to 1265 common gene set.

6. Several pathways were deregulated in ET and LT which had some differential genes

unique, to each group along with a set of genes which were common to both ET and LT.

Pathways deregulated in ET along with the set of uniquely expressing gens are cell

adhesion (CDH15, VCAN, PVRL2), Cell Cycle (CDKN2A, SMAD3), ECM receptor

interaction (IBSP, ITGA11), pathways in cancer metastasis (BRAF, FZD2).

7. Networks were created for the genes uniquely expressing in ET, it showed RPL29 and

FZD2 as top upregulated nodes. BRAF gene was the top upregulated node playing a

important role in various pathways and mechanisms of early onset breast cancer.

SMAD3 was top downregulated node it was the most interactive node playing

significant functional role in early onset breast cancer. The top node found in basal

group of breast cancer included JUN and RSP23 as downregulated and LYN was

upregulated. Advanced stages of cancer also showed Myc and Jun topmost interactive

node. Networking of lower stage tumours showed PRKDC , PRKCA as the top

deregulated node
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8. For the first time we predict the gene sets from Indian patient using PAM50 classifier

and also they showed the concordance with the profiles predicted by IHC profiles.

Various molecular subtypes identified viz Luminal A (24%), luminal B (20%),

HER2/neu positive (20%), basal (31%) and normal-like (3%). Basal subtype was most

aggressive subtype and genes ITGA8, BRAF, CKS1B, E2F3, STAT1 were uniquely

upregulated in basal subtype. JAM3, C4BPB, THBS4 were important genes which were

downregulated leading to metastasis. HER2/neu over expressing group showed over

expression of CNTNAP2, FGB, ERBB2 and down regulation of FGF2 gene. Luminal A

showed over expression of WNT3 and COL3A1 gene while ME1 gene was found to be

under expressed. Luminal B showed over expression of CDH1 and IGF1R genes and

under expression of TCF7L1, LAMA4, LAMC1 genes.

9. Comparison with western population identified a set of unique genes found in Indian

population comprising of ESAM, MYL7, IL17B, CNTFR, PVRL3, and PVRL4. However

the topmost deregulated genes were common with those deregulated in western

population suggesting some common mechanisms between Indian and western

population. However when we compared our early onset signature genes with already

known early signatures we found 2 common genes viz. BAX and ALDH2 in our data.

Also comparison of data with that of Lebanese population (Asian), it was found that the

a higher number of genes were common with Lebanese population than western

population and thus in turn  a larger similarity between the 2 populations, thus in turn

10. Validation of various top deregulated genes identified MMPs such as MMP1, MMP11,

MMP13, ADAMTS1 and ADAMTS5 significant differentially regulated in breast

tumours as compared to normal controls however only ADAMTS5 gene reached

statically significance with late tumours when these were compared amongst ET and LT

groups.
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11. Methylation profiling in 48 samples (36 tumours and 12 normal controls) identified 910

differentially methylated genes playing important role in cAMP signalling, cell

adhesion pathways, cytokine cytokine receptor interaction, neuroactiove ligand recptor

interaction pathways involving genes as RYR2, CFTR, HHIP, CLDN11, CDH5, GALR1,

and LEP.

12. Differential methylation analysis for early onset breast carcinoma showed 385 unique

genes altering various pathways such as cAMP signalling, Cell adhesion, apoptosis,

cytokine cytokine receptor interaction consisting of unique hypermethylated genes as

CFTR, LIPE, CD40 and hypomethylated genes as CD86. Network analysis showed

PDGFRB, STAT5A and CCNA1 genes as top hypermethylated and SYK, BCL2 genes as

top hypomethylated interactive node.

13. In late onset tumours 382 unique genes involved in cAMP signalling pathway, cell

adhesion pathway as differentially methylated consisting of  unique  hypermethylated

genes as  RYR2,GRIA1, CLDN11 and HHIP and hypomethylated gene CD28. Network

analysis showed MYOD1, BRAF and FZD2 genes as top hypermethylated and CCND1

as top hypomethylated gene.

14. Integrome analysis by merging gene expression and methylation profile showed unique/

interactive significant gene as STAT5A, ALDH1A2 in ET while late integrome had LEP

as the significant correlated gene showing hypermethylation leading to loss of gene

expression resulting in breast carcinogenesis in Indian patients as validated by MethHC

database.

15. In conclusion; a complex interplay between gene expression and methylation leads to

activation of gene sets leading to Invasion/Metastasis/ECM/stem cell proliferation in

early onset tumours making them highly aggressive and metastatic in nature. In late

164 



onset tumours mainly lipid metabolism genes play a crucial role in cancer progression 

(Fig. 6.1) 

Fig. 6.1 Interplay between gene expression and methylation results in early onset breast 

carcinogenesis deregulating several genes  

 Future Scope 

Gene expression and methylation profiling in Indian breast cancer patients has led to the 

discovery of several differentially expressed and differentially methylated genes. The top 

deregulated genes are common amongst both early and late onset breast cancer. However few 
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genes were found to express only in early onset patients mainly which were playing important 

role in ECM pathway leading to invasion and metastasis. The presence of molecular subtypes 

was first time identified in Indian breast cancer patients showing concordance in the gene sets 

as predicted by IHC for the various phenotypes of breast cancer via. expression profiles. The 

profiles were also compared with the existing western and Asian profiles and Indian profiles 

showed higher concordance with Asian population suggesting the similarity in the 

mechanisms of breast carcinogenesis in Asian countries. Methylation profiling identified the 

set of 3 genes (ALDH1A2, STAT5A, LEP) for which the gene expression and methylation 

profiles correlated significantly in early and late onset breast cancer Indian patients.  
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