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Abstract 

Purpose: The purpose of this thesis was to investigate whether tumors in very young breast 

cancer patients (≤35 years) are associated with a unique biology when compared to older 

women with breast cancer, and if there were distinctive patterns in gene expression that could 

be associated with the aggressive phenotype observed in very young women with breast cancer 

(VYWBC). 

Material and methods: A subset of 29 breast cancer patients (≤35 years) were selected from 

the OSLVAL cohort to participate in this project. Tumor cell percentage was assessed in fresh-

frozen tumor tissue, and RNA and DNA extracted from tumor samples with tumor cell 

percentage ≥30%. Whole transcriptome microarray data were generated and a series of quality 

control measurements were carried out before the tumors were classified into the five molecular 

intrinsic subtypes using the PAM50 gene list. Survival time among the VYWBC were explored 

using the Kaplan-Meier (KM) estimate including stratification by various clinical parameters. 

For investigation of age-related differences in gene expression, 810 women diagnosed with 

breast cancer across all ages (26-90 years) were retrieved from the publicly available database 

TCGA. The underlying gene ontology in young and old breast cancer patients was then 

explored.  

Results: Gene expression data were generated from the VYWBC in the OSLVAL cohort. High-

quality data was assured by performing various quality controls at all phases in the project. As 

hypothesized, distribution of the molecular subtypes differed between young and old breast 

cancer patients. However, VYWBC in the OSLVAL cohort tended to have a higher frequency 

of more aggressive subtypes; including basal-like (22.7%) and luminal B (27.3%), than what 

was observed in corresponding age group in the TCGA cohort (14.8% and 22.2%, respectively). 

Survival was poor regardless of subtype, with median years of survival from initial diagnosis 

of 4.3 years. A pattern of age-related gene expression was observed in the TCGA data when 

age was treated as a continuous variable, with more genes highly expressed in young women 

compared with older women. Genes found to be significantly overexpressed in tumors of young 

women were often related to extracellular processes, while genes related to intracellular 

processes were mainly overexpressed in older women’s tumors. 

Conclusion: The results in this project further suggest a distinct biology in very young women 

with breast cancer, with an overrepresentation of aggressive molecular subtypes. Gene 
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expression patterns with associations to the tumor microenvironment might explain some of the 

aggressive phenotype observed. These findings need further validation in larger data sets 

containing tumors from women diagnosed with breast cancer across all ages, and for whom 

survival information is available. 
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Sammendrag 

Formål: Formålet med denne masteroppgaven var å undersøke om tumorer hos svært unge 

brystkreftpasienter (≤35 år) er assosiert med en unik biologi sammenlignet med tumorer hos 

eldre kvinner med brystkreft, og om det finnes et særegent mønster i genuttrykk som kunne 

være assosiert med den aggressive tumor fenotypen som er observert hos svært unge kvinner 

med brystkreft. 

Material og metoder: En gruppe på 29 brystkreftpasienter (≤35 år) ble valgt fra OSLVAL-

kohorten for å delta i dette prosjektet. Tumorcelleprosent ble vurdert i ferskfrosset tumorvev, 

og RNA og DNA ble ekstrahert fra tumorprøver med tumorcelleprosent ≥30%. Genomvide 

analyser av genuttrykk, og en rekke kvalitetstester ble utført, etterfulgt av en klassifisering av 

tumorene i de fem molekylære “intrinsic” subtypene ved hjelp av PAM50-genlisten. 

Overlevelsestid blant svært unge kvinner med brystkreft ble undersøkt ved hjelp av Kaplan-

Meier (KM) estimatet, med stratifisering basert på ulike kliniske parametere. For å studere 

aldersrelaterte forskjeller i genuttrykk, undersøkte vi 810 kvinner diagnostisert med brystkreft 

i alle aldre (26-90 år) hentet fra den offentlig tilgjengelige databasen TCGA. Den 

underliggende gen-ontologien hos unge og eldre brystkreftpasienter ble deretter utforsket. 

Resultater: Data med genuttrykk ble generert fra et sett med tumorer fra svært unge kvinner 

med brystkreft i OSLVAL-kohorten. Høy kvalitet på dataene ble sikret ved å utføre ulike 

kvalitetskontroller i alle faser av prosjektet. Som antatt, var fordelingen av molekylære 

subtyper forskjellig mellom unge og eldre brystkreftpasienter. Til tross for dette ble de svært 

unge pasientene i OSLVAL kohorten observert med en høyere andel av mer aggressive 

subtyper; inkludert basal-lignende (22,7%) og luminal B (27,3%), enn det som ble observert i 

tilsvarende aldergruppe i TCGA-kohorten (henholdsvis 14,8% og 22,2%). Overlevelsen var 

dårlig uavhengig av subtype, med median overlevelse fra første diagnose på 4,3 år. Et 

mønster av aldersrelatert genuttrykk ble observert i TCGA-dataene når alder ble behandlet 

som en kontinuerlig variabel med flere gener høyt uttrykt i tumorer hos unger kvinner 

sammenlignet med eldre kvinner. Gener som viste seg å være signifikant høyt uttrykt i 

tumorer hos unge kvinner var ofte tilknyttet ekstracellulære prosesser, mens gener relatert til 

intracellulære prosesser hovedsakelig var høyt uttrykt i eldre kvinners svulster.  

Konklusjon: Resultatene i dette prosjektet indikerer en unik biologi hos svært unge kvinner 

med brystkreft og en overrepresentasjon av aggressive molekylære subtyper. 
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Genuttrykksmønstre med assosiasjoner til tumormikromiljøet kan forklare noe av den 

observerte aggressive fenotypen. Disse funnene må ytterligere valideres i større datasett som 

inneholder tumorer fra kvinner diagnostiert med brystkreft i alle aldre, og hvor informasjon 

om overlevelse er tilgjengelig.  
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2 Introduction 

 

2.1 Epidemiology 

Breast cancer is a complex and diverse disease that affects millions of women worldwide (1). 

It is the most common cancer condition among women in Norway. In 2015, a total of 3415 

women were diagnosed with breast cancer. For comparison; in 1970, 1235 women were 

diagnosed with the disease. There has been reported a steadily increase in breast cancer 

incidence over the last 50 years. At the same time, the mortality rates have decreased. These 

trends are largely due to the early detection of preinvasive breast cancer stages by the 

mammographic screening programs among women between age 50-59 (2). The screening 

programs have been reported to decrease the mortality of attending women with breast cancer 

with around 43% (3). Other reasons are increased use of systemic adjuvant treatment, changed 

life style and reproduction pattern, and raised awareness and knowledge about the disease. 

Approximately one in every 12 women in Norway are expected to develop breast cancer before 

reaching 75 years of age. Breast cancer is most frequent among women over the age of 50, with 

an average age of 59 years for the first diagnosis, but does also strike sporadically among 

younger women around 30 years of age  (4). In 2015, 59 very young women with ages ranging 

between 20-35 years were diagnosed with breast cancer in Norway (4). 

 

2.1.1 Risk factors 

Risk factors for breast cancer can be categorized into two main groups; factors that are innate 

(e.g. gender, age, and family history), and those that are potentially modifiable lifestyle-related 

factors (e.g. weight, parity, and hormone supplementary). The strongest risk factor for 

developing breast cancer is female gender. In U.S., lifetime risk of developing breast cancer is 

1 out of 8 in females compared to 1 out of 1000 in males (5). The subsequent risk factor 

following gender is advancing age. Breast cancer incidence as a function of age shows a rapid 

increase in incidences with a small peak around 50-54 years, before a slower increase after 

menopause and another peak at 65-69 years (Figure 1). 
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Figure 1. Breast cancer incidences in Norway (2011-1015). Average annual number of new 

breast cancer cases in females by primary site in five-year age groups between 2011-2015 in 

Norway. Figure modified from (4).  

 

Women with a family history of breast cancer have a higher probability of developing the 

disease (6), indicating a genetic component to the etiology of early-onset breast cancer (7). 

Approximately 5-10% of breast cancers are due to germline mutations. Women with germline 

mutations in the DNA repair genes BRCA1/2 have a 50-80% lifetime risk of developing breast 

cancer (6, 8). 

Early menarche (<12 years) and late menopause (>55 years) increases the risk of breast cancer, 

showing a positive linear correlation with risk of developing breast cancer and a woman’s 

cumulative number of ovulatory cycles (9, 10). Late age at first full-term birth and nulliparity 

increases the risk of breast cancer (11). Breast gene expression changes permanently after 

pregnancy, increasing DNA repair pathways and control over apoptosis (12). However, there 

is a transient increased risk of breast cancer during pregnancy and shortly after giving birth (i.e. 

postpartum), partly due to higher estrogen and progesterone levels, which increases 

proliferative activity (13), but recently also suggested to be a result of cellular 

microenvironment and extracellular matrix remodeling during these events (14). These last 

findings have been hypothesized to contribute to enhanced invasive and metastatic potential of 

breast carcinomas (14), possibly underlying the worse clinical outcome observed in women 

diagnosed 2-5 years postpartum (15, 16).  
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Young women often have a shorter exposure to certain risk factors compared to middle-aged 

women. Alcohol has been shown to increase the amount of circulating estrogen (17), but it is 

unclear how much it contributes to breast cancer development. In the same study, smoking was 

concluded to have little or no independent effect on the risk of developing breast cancer (17).  

Combined hormonal replacement therapy of estrogen and progesterone increases risk of breast 

cancer, while estrogen supplementation alone does not (18). Breast tissue is sensitive to the 

carcinogenic effects of ionizing radiation, especially in the developing breast (19). 

High body-mass index (BMI) pose an increased risk in postmenopausal women, while it may 

lower the risk in premenopausal women (20).  

Other parameters have also been observed to contribute to development of breast cancer, 

including breast density (21) and medical history (e.g. previous history of breast, endometrial, 

or ovarian cancer) (22). 

 

2.2 Breast anatomy 

The breast mainly consists of protective and supportive adipose tissue and mammary glandular 

tissue (Figure 2). The mammary glands are exocrine glands, consisting of 10-20 milk-producing 

lobes, and a tree-like branching network of milk-leading (laciferous) ducts (23). The end parts 

of the ducts (before the lobules) are called the terminal ductal-lobular units (TDLUs). The 

TDLUs are mainly composed of two types of cells; secreting luminal epithelium and contractile 

myoepithelium. The myoepithelium is surrounded by a basement membrane, which sets the 

barrier between the epithelium and the peripheral connective tissue (24).  
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Figure 2. Anatomy of the human breast. The mammary gland consists of ducts and lobes, 

with surrounding adipose tissue, fibroblasts and stroma. The lymph nodes closest to the breast 

reside near the armpits and are called the axillary lymph nodes. For the National Cancer Institute 

© 2011 Terese Winslow, U.S. Govt. has certain rights. 

 

Both the female and male breast are morphologically similar up until puberty. Here their 

development diverges due to different hormonal stimuli. The adult male breast usually remains 

the same as before puberty, while the female breast and mammary glands are subject to 

extensive changes throughout life; mainly through the events of puberty (development of the 

breasts), menstruation (egg production), pregnancy (reproduction), lactation (breastfeeding) 

and involution (after ended breastfeeding), and menopause (breast atrophy) (24). 

 

2.3 Breast cancer progression 

Tumors can be either in situ or invasive (“invading”). If cancer cells penetrate the basement 

membrane into the surrounding tissue, it is said to be invasive. At this stage, the tumor might 

get the ability to spread to lymph nodes and blood stream and metastasize to other parts of the 

body. Depending on where the cancer arises in the breast, the cancer can be diagnosed as either 
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a lobular carcinoma or a ductal carcinoma. Invasive ductal carcinoma (IDC) accounts for 70-

80% of all breast carcinomas, while invasive lobular carcinoma (ILC) accounts for around 10-

20 %. The last percentages of breast cancer incidences consist of less common types of invasive 

breast cancer; including medullary, mucinous, papillary, and secretory carcinomas (25). 

Tumor cells that are in situ are restricted to their original location and have not yet found a way 

to penetrate the basement membrane. These types of lesions do have some malignant features; 

often increased cell proliferation, decreased differentiation and higher genomic instability. 

Approximately 20-25% of all breast tumors detected by mammography screening programs are 

ductal carcinoma in situ (DCIS). Benign types of ILC are called lobular carcinoma in situ 

(LCIS) and are less frequent than DCIS (25).  

 

2.4 Histopathology 

Breast cancer is a complex and heterogeneous disease with several morphological features (26). 

There are many ways of classifying cancers, but the classifications can typically be divided 

based on histopathological features or through molecular profiling. Classification of breast 

cancer using histopathology normally considers tumor location and stage, tumor grading, 

hormonal receptor status of estrogen receptor (ER) and progesterone receptor (PR), human 

epidermal growth factor 2 (HER2) amplification and quantification of proliferation markers 

such as Ki-67. 

 

2.4.1 Tumor staging 

Tumor stage gives information about the size and spread of the tumor at initial diagnosis. There 

are several different cancer-staging systems used today. For many types of cancers, including 

breast cancer, the TNM staging system is the most common one. The TNM staging systems 

considers the size and extent of the primary tumor (“T”), number of nearby lymph nodes 

affected (“N”), and presence of metastases in distant organs (“M”) (27). Each category is given 

a score, increasing score signifying a higher spread and worse prognosis. For many cancers, the 

TNM system typically also combines the scores into five less-detailed stages (Stage 0-IV). The 
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stage is determined at the time of diagnosis and does not change, even though the cancer 

changes (27).  

 

2.4.2 Tumor grading 

Tumor grade gives information about the degree of differentiation in tumor cells, and thereby 

indicating how fast the tumor is likely to grow and spread. It describes the proliferation and 

differentiation of the tumor cells using three morphological factors: 1) cell mitotic activity 2) 

tubular formation, and 3) nuclear pleomorphism. Each factor is given a score from to 1-3. The 

combined score from each factor givens a total score from 3-9, thereby giving a grade of 1-3 

(28). Each grade categorizes the tumor as either “well-differentiated”, “undifferentiated” and 

“poorly-differentiated”, saying something about how abnormal the cells look under the 

microscope and how fast the tumor cells are growing (29).  

 

2.4.3 Quantification of tumor markers  

The intricate biological heterogeneity of breast tumors is not completely reflected by current 

pathological parameters and clinical markers (30). However, through cell samples and biopsies, 

a pathologist can look at selected sections of antibody stained antigens (e.g. proteins) to quantify 

clinical markers and select the best possible treatment. In breast cancer, the most measured 

markers are the ones for the two hormonal receptors; ER and PR, the amplification of HER2, 

and the proliferation marker Ki-67 (31).  

Patients with ER-positive and/or PR-positive breast tumors can receive endocrine therapy, 

thereby improving outcome. ERs are a family of ligand-dependent intracellular proteins that 

are known to influence development and proliferation in many human cancers (32). They are 

activated by the steroid hormone estrogen, and function as a transcription factor; binding DNA 

and regulating gene expression (33). PRs are also dimerizing transcription factors. When 

activated by the steroid hormone progesterone, they relocate to the nucleus where they bind 

DNA and alter transcription (34). 
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HER2 protein overexpression can be verified through immunohistochemistry (IHC) and 

amplification of the HER2 gene (also called ERBB2) measured using in situ hybridization 

techniques (e.g. FISH). HER2 consists of a family of transmembrane receptors involved in the 

control of cell proliferation and differentiation. HER2-amplification occur in approximately  

25-30% of all breast cancers (35). Amplification in the gene produces correspondingly high 

levels of HER2 protein in the cell and is correlated with worse survival (36). 

Ki-67 is a protein that is expressed during all cell cycle phases, except in G0 (37), and thereby 

has the potential of functioning as a proliferation marker. The marker can be quantified by IHC 

and is a good way of screening for patients that might benefit from chemotherapy. It is 

especially important for deciding treatment for women with ER-positive breast tumors 

(luminal), by separating high- and low-proliferative tumors (38). An optimal cut-off Ki-67 

proliferation index value has not yet been globally accepted, due to difficulties in finding 

standard Ki-67 values (31, 39). According to the previous St Gallen Guidelines (2015), a          

Ki-67 between 20-29% should be interpreted be the local laboratories references, while Ki-67 

levels of <10 % and >30% should be treated as low and high values, respectively (40). A           

Ki-67 proliferation index cut-off was not voted upon at the latest St Gallen Guidelines 2017 

(41). 

 

2.5 The molecular “intrinsic” subtypes 

During the last 20 years, advances in high-throughput technologies have made whole-

sequenced genomes and different sequencing platforms more available for research. With these 

major advancements, it has been possible to take classification of breast cancer down to the 

molecular level. 

In year 2000, Perou and Sørlie et al. used complementary DNA microarray prepared from 

mRNA from fresh-frozen breast tumor tissue samples to perform a gene expression subtyping 

(42). They used a gene set of 496 genes, and performed a hierarchical clustering of their 

samples. Four distinct molecular subtypes were initially discovered based upon global gene 

expression; ER+/luminal-like, basal-like, ERBB2+ (HER2-enriched) and normal breast-like. 

These have been termed the “intrinsic” subtypes (Figure 3). The luminal-like tumors were later 
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subclassified into luminal A and luminal B, due to increasing evidence of having distinct 

morphologies and clinical implications (39, 43). 

 

 

Figure 3. The five intrinsic subtypes. Illustration of a tumor sample dendrogram taken from 

a hierarchical clustering analysis of the breast intrinsic gene list. The dendrogram is color-coded 

by the 5 molecular subtypes. IHC profile of each group is also included (44). 

 

In addition to their molecular profiles, the subtypes have also been observed to differ in clinical 

outcome, and thus provide valuable prognostic information to guide clinical decisions (43, 45, 

46). The ProsignaTM gene signature assay from NanoStringTM technologies, Inc. is starting to 

be included in international clinical practice guidelines for assessment of the intrinsic subtypes. 

ProsignaTM translate the molecular tumor biology information into an individualized prognostic 

score based on the PAM50 gene expression signature (47). PAM50 is a list of 50 genes that can 

be used to classify tumors into one of the five molecular subtypes. ProsignaTM is currently under 

evaluation for clinical use in Norway (48).   

The intrinsic molecular subtypes have also been translated into corresponding IHC subtypes 

(Table 1) as a way of aiding breast cancer classification. Even though it isn’t a perfect 

conversion (46), it has proven to be a good estimate for prognosis and treatment (49).  
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Table 1. Subtypes with ICH according to the St Gallen Guidelines 2013 (31) 

Molecular 

subtype 

Surrogate subtype ER PR HER2 PI (Ki-67) 

Luminal A Luminal A-like + ≥20% - <20% 

Luminal B Luminal B-like (HER2-negative) 

Luminal B-like (HER2-positive) 

+ 

+ 

<20%* 

Any 

- 

+ 

≥20%* 

Any 

HER2-

overexpression 

HER2-positive - - + Any 

Basal-like Triple negative - - - Any 

ER: Estrogen receptor; PR: Progesterone receptor; HER2: Human epidermal growth factor 

receptor 2; PI: Proliferation index; +: Positive; -: Negative; *: Only one of these criteria must 

be met to define luminal B-like breast cancer 

 

 

Luminal A tumors are hormone-receptor positive (ER-positive and/or PR-positive), HER2- 

negative, and have low levels of Ki-67 (31). The tumors are typically low-grade, and has better 

prognosis than all the other subtypes (Figure 4), regardless of age (50, 51). Like luminal A, 

luminal B tumors are also hormone-receptor positive (ER-positive and/or PR-positive), either 

HER2 positive or negative, but has high levels of Ki-67. Luminal B tumors typically has higher 

grade tumors and poorer survival than luminal A tumors. They also are less responsive to 

endocrine therapy, and shows better response to chemotherapy. Both luminal subtypes express 

the cell surface markers cytokeratin 8/18 (42).  
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Figure 4. Kaplan-Meier plot of overall breast cancer survival stratified by subtypes. 

Tumors with luminal A subtype had the greatest survival, while triple-negative tumors had the 

poorest survival. Ontario, 2010-2012. Figure modified from (52). 

 

Basal-like tumors expresses cytokeratin 17 and typical myoepithelial markers such as 

cytokeratin 5/6 and/or epidermal growth factor receptor (EGFR) (42). Most basal-like tumors 

lack ER, PR and/or amplification of HER2. But not all triple-negative breast cancers (TNBCs) 

are basal-like in gene expression, as not all basal-like cancers are triple-negative in receptor 

status (53). HER2-enriched breast tumors are characterized by amplification of the HER2 gene 

and are typically ER negative (42). 

Only approximately 5-10% of breast cancers are classified as normal-like (54). The disease 

resembles luminal A in histopathological features; being estrogen-receptor positive, HER2-

negative and having low levels of Ki-67, but has a slightly worse outcome and poor prognostic 

markers. Normal-like breast carcinomas express many genes typically expressed in basal 

epithelial cells and adipose cells (like fatty-acid binding protein 4 and PPARγ) (42).  

Other subtypes have been found as well. Recently, the claudin-low (55, 56) and molecular 

apocrine (57) subtypes have gotten more focus. 
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2.6 Carcinogenesis 

The development of cancer is a multistage process which can be divided into distinct phases 

(58). During the first phase, the initiation, an irreversible genetic change happens within a cell’s 

genetic material. This mutation can occur spontaneously or may have been induced by 

chemical, physical, biological or genetic agents, also termed carcinogenic initiators. The next 

phase is the promotion phase, where the initiated cell gets the opportunity to proliferate under 

the influence of a special class of carcinogens called promoters, thereby allowing additional 

mutations to accumulate. During the last phase, the progression phase, the tumor gains the 

ability to invade surrounding tissue and maybe metastasize to other organs (58). It is the 

progressive accumulation of non-lethal mutations that increases cell growth potential and 

essentially lead to carcinogenesis. 

Estrogen is a female sex hormone that plays a major role in promoting proliferation in both 

normal and neoplastic breast epithelium (59). It may stimulate in all phases of carcinogenesis 

through various metabolites generated at different step in estrogen degradation and synthesizing 

pathways. These metabolites can cause chromosomal changes and later promote cell 

proliferation, making estrogen a carcinogen which can act as both an initiator and a promoter 

(59). The hormone is also highly associated with molecular subtypes and age, by being more 

represented in luminal tumors and in tumors from postmenopausal women with breast cancer 

(60).  

 

2.6.1 Cancer Hallmarks  

There are more than 200 forms of cancer, for all which are characterized by different molecular 

profiles requiring unique therapeutic strategies (61). They arise from different dynamic changes 

in the genome, which ultimately lead to the transformation of normal cells into cancer cells. 

The hallmarks of cancer are a set of six biological capabilities summarizing the underlying 

principles of neoplastic diseases. They were presented by Hanahan and Weinberg in year 2000 

as a way of organizing and simplify the grand complexity of cancer (62). The hallmarks of 

cancer are; 1) sustaining proliferative signaling, 2) evading growth suppressors, 3) unlimited 

cell growth (i.e. immortality), 4) the ability of tissue invasion and metastasis, 5) generate new 
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blood vessels (i.e. angiogenesis), and 6) the ability of resisting cell death/evading apoptosis 

(62). 

In 2010, four more characteristics were added; 7) reprogramming of the cells metabolic 

activities, 8) avoiding the immune system, 9) genomic instability and mutations, and 10) tumor-

promoting inflammation (63) (Figure 5). Genomic instability and inflammation are underlying 

factors behind the cancer hallmarks, generating genetic diversity (i.e. heterogeneity) and 

supporting advancement of other the traits.  

 

 

Figure 5. The Cancer Hallmarks – Next generation. The 10 cancer hallmarks proposed by 

Hanahan and Weinberg in 2011. Re-used with permission from (63). 

 

In addition to cancer cells, tumors are aided by a variety of seemingly normal cells which creates 

a “tumor microenvironment” and promote cancer progression. This recently discovered ability 

contributes to the complexity of cancer and has the last few years gained increased focus in the 

scientific community (64). The tumor microenvironment mainly consists of blood vessels, 

fibroblast, extracellular matrix, and a variety of immune cells, which all interact in concert with 

the tumor. Tumor stroma is made up of connective tissue produced by tumor-associated 

fibroblasts in response to the growth of solid tumors (e.g. cytokines from TGF-β signaling 

pathways). Some processes associated with tumor microenvironment includes loss of 
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myoepithelial cells, epithelial-to-mesenchymal transition (EMT), and angiogenesis  (63, 64). 

EMT is the process when epithelial cells with low mobility lose their adhesion to the basement 

membrane and gain properties associated with mesenchymal cells as well as higher mobility. 

Several studies show that increased expression of EMT-related genes correlates with higher 

invasiveness and poorer prognosis for breast cancer patients (65-67).  

 

2.7 Cancer genomics 

Through the last decade, great advances in understanding the mechanisms behind the hallmarks 

of cancer and carcinogenesis has been made. Genetic changes happen at both the nucleotide 

level and the chromosomal level, mainly through four major mechanisms: 1) gene mutations, 

2) aneuploidy, 3) chromosome translocations, and 4) gene amplifications (68). These events 

increase genome instability (e.g. by accumulating mutations), which contributes to the genetic 

heterogeneity found in cancer.  

A gene mutation is a permanent alteration in the DNA sequence of a gene, as a result of 

insertions, deletions, or substitutions of nucleotides. A mutation ranges in size, and can involve 

a single base pair or a large fragment of chromosome containing multiple genes (68). The 

mutations can be gene activating or inactivating. Gene mutations can be divided into two 

categories, depending on whether they are hereditary (i.e. germline) mutations or acquired (i.e. 

somatic) mutations. Hereditary mutations are inherited from one or both parents, and are present 

throughout the life of the affected individual in virtually all cells in the body. Around 5 to 10% 

of all cancer are made up of germline mutations (69). An acquired mutation arises during some 

part of a person’s life, either through a random event or by initiating carcinogens. These types 

of sporadic mutations are not passed on to the next generation and affects only some cells. A 

person is expected to acquire numerous errors in their DNA during life. Most of these are so-

called passenger mutations and does not directly contribute to development of cancer (70). 

However, mutations in high penetrate genes (i.e. driver mutations) can cause cancer. These 

genes are involved in crucial steps of DNA repair, apoptosis or cell proliferation (70). Mutations 

tend to accumulate over time, increasing the probability of acquiring driver mutations as we get 

older which can promote cancer (71). An accumulation of 3-7 driver mutations is thought to 

generate cancer (72). 
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Aneuploidy is gain or loss of entire chromosomes, resulting in an abnormal chromosome 

number. These types of alterations are found in nearly all major types of human cancers (73).  

Chromosome translocation is the fusion between two chromosomes, possibly resulting in a 

fusion between two different genes (e.g. BCR-ABL fusion gene in chronic myeloid leukemia). 

This could lead to a gene inactivation, or a gene amplification (e.g. by introducing a gene to a 

new and more active promoter) (73).  

Gene amplification is the increase in copy number of a confined area on a chromosome arm, 

often resulting in higher gene overexpression. They arise as a result of several mechanisms, for 

example through aneuploidy, DNA double-stranded breaks, errors in DNA replication, or 

chromosomal translocations. In breast tumors, the gene HER2 coding for the protein HER2 

(gene located on chromosome 17q) is often amplified (36). Other important genes frequently 

amplified in breast tumors include CCND1 (chr. 11q) and FGFR1 (chr. 8p) (74). 

 

2.7.1 Oncogenes 

An oncogene is a gene that has the potential to promote cancer. They often start as proto-

oncogenes, which are normal genes important in stimulating cell growth and proliferation, or 

inhibiting apoptosis. Proto-oncogenes can acquire a genetic change (i.e. mutation) and become 

an active oncogene. These genetic changes typically lead to a gain of function of the oncogene 

product. The oncogenes most frequently mutated in breast tumors are ESR1, PIK3CA, GATA3, 

and MAP3K1 (75).   

GATA3 mutations has been found to be associated with age, and are at present the main 

characteristic somatic aberration detected in very young breast cancer patients (76). The gene 

plays a role in up-regulating varies proto-oncogenes, including ERα, suggesting that it 

contributes to promoting tumor-development in luminal subtypes of breast tumors (77). 
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2.7.2 Tumor-suppressor genes 

Tumor suppressor genes (TSGs) are genes that protect the cell from becoming cancerous. 

They often have an important role in DNA repair systems or regulatory roles in suppressing 

cell growth and proliferation, and promoting apoptosis. Mutations in these genes normally 

lead to loss or reduction of gene function. Important TSGs in breast cancer includes TP53, 

CDH1, PTEN, and BRCA1/2 (75) . 

 

BRCA1/2 

Around 5-10% of all breast cancers arise from germline mutations (69). 20-25% of these 

mutations are in the putative DNA repair genes BRCA1 and BRCA2 (78). These are high 

penetrate genes which plays crucial roles in repairing double stranded DNA breaks through 

homologous recombination (79). BRCA1 and BRCA2 reside on chromosome loci 17q21 and 

13q12, respectively, and mutations in these genes dramatically increase the risk of getting breast 

and ovarian cancer (80, 81).  

The histopathological features of the two genes are well described; tumors with BRCA1 

mutation typically has higher grade (grade 3), ductal carcinomas with necrotic areas and 

lymphocytic infiltration, while BRCA2-mutated tumors show grade 2/3, and often are ductal 

carcinomas with high mitotic count (82). The two genes have also been shown to be associated 

with different gene expression patterns. BRCA1 mutations are frequently present in basal-like 

tumors, while BRCA2 mutations typically gives luminal B tumors (83).  

Patients with BRCA1/2 mutation normally have families with a dominant inheritance pattern of 

breast cancer, and are often characterized by breast malignancies at an early age, presence of 

ovarian cancer, bilateral breast cancer, and male breast cancer (78, 83). Pathogenic germline 

mutations in BRCA1/2 are detected in less than one out of three families with a strong history 

of breast and ovarian cancers, indicating that many BRCA1/2 mutations remain undetected by 

current screening methods (83). In addition, a Polish study found that as many as half of 

mutations carriers lack an obvious family history of cancer prevalence, and would therefore not 

have been discovered by today’s selection criteria (84). However, BRCA1-associated gene 

expression patterns (i.e. BRCA1ness signatures) has been observed, giving hopes to finding 
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undetected BRCA1 carriers for genetic counseling and patients that might benefit from certain 

types of treatment (e.g. PARP inhibitors) (83, 85, 86).  

 

2.8 Defining unique biology 

Biology is a broad term confining many branches of science, where the main goal is to study 

the basis of life and living organisms, including their chemical and physical structures, function, 

development, and evolution. The biology of tumors can be investigated in many ways, for 

example through epigenetics, transcriptomics (e.g. gene expression), genomics (e.g. SNP, 

CNA), proteomics, microenvironment, and pathway activities (87), each revealing important 

biological aspects of the intra- and intertumoral heterogeneity, disease progression, and possible 

clinical markers or therapy targets. A unique biology would mean to have distinct profiles in 

several of the categories mentioned. 

Gene expression profiling is an important tool which can be used to detect different molecular 

subtypes with possible prognostic and therapeutic value (88), including hinting towards 

important molecular pathways active in the tissue (89). Microarray-based gene expression 

profiling of breast tumors has revealed the existence of at least four different molecular 

subtypes, as previously mentioned in section 2.5. These subtypes are present in both 

premenopausal and postmenopausal breast cancer patients. However, even thou the same 

subtypes have been observed across all ages, the subtype prevalence varies between different 

age groups (90).   

 

2.9     Very young women with breast cancer 

Breast cancer at a very young age is said to be an independent negative prognostic factor for 

local recurrence (91), distant metastases (92), and overall prognosis (93, 94), but mainly in 

luminal subtypes and early-stage breast cancers (91, 93-96). Very young women with breast 

cancer (VYWBC, ≤35 years) frequently display a more aggressive phenotype, resulting in a 

poorer prognosis compared to older women (97, 98). There has been a debate whether this 

“poor-prognosis” phenotype is a result of a distinct biology or reflects an overrepresentation of 
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the molecular and cellular processes underlying the aggressive subtype among all women with 

this malignancy (99). The question whether breast cancer in very young women and older 

women are two different malignancies, is important to investigate as the answer may increase 

our knowledge of the disease process, and provide clues to how treatment and therapy options 

can be optimized for the young breast cancer patients.  

 

2.9.1 Histopathological features  

The more aggressive phenotype observed in VYWBC patients might in part be explained by 

the frequently occurring higher tumor grade at diagnosis, the high tumor proliferation, and more 

lymph-node positive tumors (98). A different distribution of the known receptors ER, PR and 

HER2 has also been found between VYWBC and their older counterparts, where young patients 

have shown a reduced presence of both ER and PR, and increased protein expression of HER2 

(98).  

 

2.9.2 Molecular features  

Anders et al. used a cohort of 200 young women (≤45 years) and an older cohort of 211 women 

(≥65 years) and investigated the somatic gene expression in breast tumors (100). Using genomic 

mRNA profiling, they observed the same trends in the gene expression of ESR1, PGR and 

HER2 as had been observed by IHC. The young patients had a significantly lower mRNA 

expression of ESR1 (both ERα and ERβ) and PGR, and a higher expression of HER2 and EGFR 

compared to older patients, where low ESR1 expression and high EGFR expression predicted 

a worse disease-free survival. Using an exploratory gene set enrichment analysis, they also 

found a gene list of 367 genes that differed between the two age groups, including genes related 

to immune regulation, mTOR signaling, hypoxia-regulating genes, BRCA1, stem cells, 

apoptosis, histone deacetylase, and growth and differentiation pathways (e.g. Myc, E2F, Ras, 

β-catenin, AKT, p53, PTEN, MAPK) (100). 

Other studies have found enriched gene expression of RANK-ligand and c-kit, disruption of 

MAPK and PI3K pathways, in addition to mammary stem cell luminal progenitors and BRCA1 
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mutation signatures, where differences in histological features and molecular subtypes were 

adjusted for (101). 

Molecular profiling of gene expression has revealed that the four intrinsic subtypes exist in 

breast cancer patients of all ages, but at different subtype frequencies in different age groups 

(95). TNBC, HER2-enriched breast tumors, and luminal B subtypes are higher represented in 

the young population (<40 years), while luminal A is overrepresented in women over 60 years 

(95).   

Pregnancy-associated breast cancer is of particular concern in VYWBC. The female breast goes 

through many biological phases, and is highly stimulated by fluctuations in steroid hormones 

during pregnancy and lactation. During these phases, hormonal stimulation increases growth 

and proliferation of the many immature mammary cell populations (i.e. stem cells and 

progenitor cells) present in the young breast, possibly raising the risk of breast cancer by 

introducing genomic instability, increasing the probability of random genetic mutations, and 

reducing immune surveillance (102). A study comparing two groups of VYWBC; pregnant and 

non-pregnant, showed that there was higher expression of the immune-related genes coding for 

PD1 and PD-L1, and multiple genes related to SRC, insulin-growth factor, and β-catenin among 

pregnant compared to non-pregnant, suggesting potential effects from the tumor 

microenvironment on tumor phenotype in VYWBC (103). 

Different patterns in tumors from young women with breast cancer using other branches of 

biological sciences have also been observed, including in microRNA expression (104, 105), in 

methylation patterns (106), and in somatic mutation profiles (107). 
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3 Aims of study 

 

The aim of this master thesis is to investigate whether very young women with breast cancer 

(VYWBC) have a unique biology that is reflected in gene expression patterns of the tumors.  

 

The objectives are as follows: 

1) Identify a tumor sample set of very young breast cancer patients with focus on protection 

of data privacy. 

2) Generate a high-quality tumor sample set suited for gene expression analysis. 

3) Classify the tumors into the molecular intrinsic subtypes. 

4) Explore gene expression patterns and gene ontology associated with age in breast 

tumors. 

5) Investigate survival trends in VYWBC compared with published literature. 

 

 

 

 



20 

 

4 Material 

 

A total of 34 fresh-frozen primary tumor samples from very young women of 35 years of age 

or younger were originally chosen from the Oslo Val (OSLVAL) cohort for use in this thesis.  

Additionally, a subset of 1052 breast tumor samples from The Cancer Genome Atlas (TCGA) 

database was also accessed to investigate biological differences related to age. 

 

4.1 OSLVAL 

The OSLVAL cohort consists of fresh frozen primary breast tumor samples from two sampling 

rounds; Børmer and Ekstrøm, collected between 1983 and 1997. The cohort consists of 

approximately 500 patients treated at the Norwegian Radium Hospital, for which very few 

patients are still alive today. Clinical data has the last few years been updated for all of the 

patients. With its long follow-up and great meticulously, the cohort provides a unique material 

important for both identifying and validating molecular prognostic markers, epidemiological 

studies, and investigating the molecular biology of breast cancer.  

A sub-cohort of 34 breast tumors from women aged 35 or younger by time of diagnosis was 

identified in the cohort and has been subject to genome-wide transcriptomic analyses in this 

master thesis. All of the 34 tumors were collected from the oldest cohort, Børmer. Hereafter, 

the term the OSLVAL cohort refers only to this subgroup of very young women and their breast 

tumor samples.  

After initial investigation in the patient journal database Medinsight1 and of the tumor sample 

biopsies, a total of five tumor samples were found ineligible for further experiments. Four 

samples were excluded due to too little or no tumor material, and one sample was excluded 

because it was a metastasis from a patient for which the primary tumor was also available. This 

resulted in a final OSLVAL cohort of 29 samples, which was subject for further investigation 

in this thesis. 

                                                 
1 Access to Medinsight was executed by an authorized nurse 
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4.2 TCGA 

TCGA is a collaboration between the National Cancer Institute (NCI) and National Human 

Genome Research Institute (NHGRI). It consists of 2.5 petabyte of a public available and 

comprehensive multi-dimensional data “atlas” about central genomic changes in 33 different 

types of cancer (108). The TCGA datasets has expanded our knowledge of carcinogenesis, 

revolutionized how cancer subtypes are classified, and improved diagnostic methods and 

treatment standards (108).  

Open access files from TCGA was accessed through the webpage 

http://gdac.broadinstitute.org/. The data file used in this thesis was selected by clicked “Breast 

Invasive Carcinoma” data, then choosing the mRNASeq file “illuminahiseq_rnaseqv2-

RSEM_genes_normalized”. The file contained normalized transcriptome data from primary 

invasive breast carcinoma, with total RNA sequenced on an Illumina system based platform. 

Hereafter, this data will be referred to as TCGA cohort.  

Originally, the downloaded dataset consisted of 1052 samples, but 227 samples lacked age as 

an annotation, and were therefore excluded. 7 male patients were also excluded from the final 

cohort. After lack-of-age and gender exclusion, the final TCGA cohort consisted of a total of 

810 samples.  

 

4.3 Clinical data 

In addition to gene expression data, both OSLVAL and TCGA included several clinical and 

histopathological parameters. Parameters like age at initial diagnosis, and ER and PR status 

were available for both cohorts.  

For the OSLVAL cohort, selected clinical and histopathological parameters were extracted 

from Medinsight by an authorized nurse through the OSLVAL-sample codes. These distinct 

codes were changed into new, classified ID-codes (VYWBC-xx), for maintaining patient 

anonymity in this thesis. Sample codes and associated clinical data were later linked with 

corresponding Agilent microarray barcode-ID and expression data. See Appendix A for patient 

and tumor characteristics for the OSLVAL cohort material. 

http://gdac.broadinstitute.org/
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Correlation of each sample to the intrinsic subtypes, gender and risk of recurrence (ROR) were 

available for the TCGA cohort, but were not included in the analyses of this thesis. Only age at 

initial pathologic diagnosis, subtype and proliferation were included for further investigation. 

Survival data for the TCGA cohort are incomplete with inconvenient number of missing data, 

and were therefore not used. 
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5 Methods 

 

Following is a description of the experiments, quality controls, and analyses performed in this 

thesis. The methods can be divided in two parts; the first part mainly consisted of laboratory 

work using the OSLVAL cohort, as illustrated by the study design in Figure 6, while the second 

part were statistical and bioinformatical tests for both cohorts, written in section 5.5. 

 

Figure 6. Study design for the OSLVAL cohort. From the selection of eligible patients, to 

the generation of high-quality expression data from the tumors in the OSLVAL cohort. 
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The subset of 29 OSLVAL samples selected were first sectioned and prepared for tissue 

staining, before getting an expert opinion on tumor cell percentage by an authorized pathologist. 

Samples containing 30% or higher tumor cell content were included for further experiments. 

Hematoxylin and eosin (HE) stained sample slides with too little tissue or uncertain tumor cell 

percentage were prepared, sliced and HE stained a second time. After individual examination 

of the samples histology, a total of 29 tumor samples were kept in the study, while 1 sample 

was excluded.  

In tumor preparation part 2, accepted samples were minced, mixed and sorted into clean tubes 

marked for different tests (e.g. DNA and RNA extraction, protein assays, flow cytometry, etc.). 

Tumor tissue was lysed using Qiagen’s TissueLyser, followed by DNA and RNA isolation in 

QIAcube. DNA and RNA concentrations and purity for each sample were assessed using the 

Thermo Scientific NanoDropTM 1000 Spectrophotometer, while total RNA quality was 

investigated using the Agilent 2100 Bioanalyzer system. Samples that passed all exclusion steps 

were subject to 8x60K Agilent Microarray gene expression analysis. The data was pre-

processed and analyzed in Qlucore Omics Explorer (QOE), and multiple quality controls were 

performed to ensure high-quality material suitable for statistical and bioinformatical 

examination. Subclassification into the molecular intrinsic subtype was performed on the final 

samples. A total list of reagents, suppliers and equipment are listed in Appendix B. 

 

5.1 Tumor selection based on histology 

The following method description and protocol for tumor preparation was written in Norwegian 

by a senior laboratory scientist at the Cancer Genetics Department at the OUS Radiumhospital, 

the latest update on the protocol being 15.12.2015. The method was initially prepared for 

another project, the OSL2 project, but with only a few modifications, it was decided that it 

would be applicable for the VYWBC in the OSLVAL cohort as well. The following protocol 

is a translated and extended version of the standard operating procedure (SOP) that was made, 

with the modifications for the OSLVAL project.  

Primary tumor was frozen down to -80 °C within 30-40 minutes after macroscopic, pathologic 

analysis. In tumor preparation step 1, the tumor is cut in three pieces as presented by the tumor 

preparation overview in Figure 7.  
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Figure 7. Tumor preparation overview. The figure shows how each tumor sample is cut, 

divided and sorted for different analyses.  

 

Around 8-20 mg of the middle piece is cut off, frozen down to -80 °C and delivered to High 

Resolution Magic Angle Spinning (HR-MAS) analyzing in Trondheim. The two periphery end 

parts are sent to a specially trained lab technician who imbed the two parts of each tumor sample 

in TissueTec and slice a section of each cut surface at low temperature. TissueTec is a gel that 

preserves the tumor tissue and quickly freeze when temperature drops, making it possible to cut 

thin sections of each tumor sample. The two thin sections were attached to glass slides, stained 

with HE, and sent to a pathologist for examination of histology. Rest of the two tumor parts are 

sent back imbedded in TissueTec for tumor preparation part 2.  

In tumor preparation step 2, the middle and two outer parts of a tumor sample is mixed together 

to generate a homogenized tumor mix. The tumor mix is distributed in specific quantities to a 

variety of possible future extractions and analyses (e.g. DNA, RNA, protein). Both tumor 
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preparation step 1 and step 2 should be done with two lab technicians present; one to cut and 

prepare the tumor fractions, and one to takes notes and administers and weigh samples. This is 

done for more efficient handling of the fragile samples by preventing thawing and thereby 

increasing the probability of extracting higher quantities and quality of DNA and RNA.  

Workbench and fume hood were washed prior to tumor preparation step 1 and 2, first with 

nuclease free water, then >70 % ethanol (EtOH), and finally with RNase Away. The surfaces 

were wiped dry with clean paper towels between each washing step. A 1% virkonbath for 

washing used forceps was prepared by mixing approximately 500 mL nuclease-free water and 

one Rely+On™ Virkon® tablet. Minimum one scalpel, one Petri dish and one forceps for each 

tumor sample planned for tumor preparation were arranged easily available, with back-ups easy 

accessible.  

 

5.1.1 Step 1: Tumor preparation for HE staining  

Procedure 

A selection of tubes for each sample was prepared with unique barcodes, each barcode 

indicating which analysis the sorted tumor fraction was destined for. Two nuclease-free 

cryotubes (green lid) were marked with HE1- and HE2-barcodes and one cryogenic vial was 

labeled with HR-MAS-barcodes, all with sample IDs. 

After washing and the initial preparations, the samples were taken out of the -80 °C freezer and 

stored on dry ice placed in the fume hood. A Petri dish with tumor sample was put on a block 

of dry ice covered in a clean cloth. The tumor was carefully cut into three parts. This was done 

time-efficiently to prevent extensive thawing. The middle piece of the tumor was transferred 

back to the original sample tube2 after 8-20 mg tumor sample had been cut off and put in a 

                                                 
2 Deviation from the original SOP: The tumor samples from the OSLVAL-cohort were sometimes 
larger in size than what was needed for the different analyzes. Only a small part (>0.5-1cm) was used 
in the experiment. Redundant parts of the large tumors were put back in their original tubes and 
stored as biobank material at -80°C.  
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cryogenic vial marked with HR-MAS barcode and correct sample ID. The HR-MAS tumor 

fraction was cut and measured in the following way: 

When the fraction was cut with a sterile scalpel from the middle piece of the tumor, the shape 

of the HR-MAS fraction had to be elongated; approximately 1 cm x 1 mm x 1 mm in size, and 

preferably cut out from one of the two cut surfaces. Gray or white tumor tissue was preferably 

selected. Yellow or orange tissue was avoided, since this probably was fat tissue and thereby 

uninteresting for breast tumor analysis. The weight of the Petri dish and the cryogenic vial (with 

sample ID and HR-MAS barcode) was subtracted before weighting the HR-MAS tumor 

fraction. The numbers on the weight should have shown a weight between 0,008-0,020 g 

(preferably not over 0,020 g). Weight was noted and the HR-MAS tumor fraction in cryogenic 

vial was put back on dry ice. Remaining middle piece was transferred to its original Eppendorf 

tube (or optional “middle-part” tube if large tumor) and transferred to dry ice, before all samples 

were stored at -80 °C. The tubes for the HR-MAS study were later sent on dry ice to St.Olavs 

(NTNU), and were not included in step 2 of this tumor preparation protocol. 

The cut surface on the two peripheral tumor sample parts were marked with a small dot with a 

waterproof marker, and then transferred to separate nuclease-free cryotubes labeled with 

Sample ID and either HE1- or HE2-barcode. The two peripheral parts had to be frigid when 

parted and marked, or else the marking would be too invisible for later sectioning. The samples 

were stored at -80 °C or sent on dry ice to a specialized technician to make tumor sections and 

color them with HE staining.  

Petri dishes and scalpels were discarded after use on one sample. Forceps were washed as 

described below. New and clean forceps, Petri dish and scalpel was always used when a new 

sample was assessed and cut. This was important to prevent cross-contamination. 

 

Wash of used forceps 

The forceps were put in a 1% virkonbath for a minimum 20 minutes, then washed and rinsed 

in MQ-water using a tiny brush (e.g. toothbrush). Afterwards, the forceps were rinsed 

thoroughly in >70 % EtOH and then in RNase Away. Lastly, the forceps were dried with clean 

paper and put in a clean container (e.g. paper bag) with washing date and initials. 
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5.1.2 HE staining and tumor slide analysis 

The samples were imbedded in TissueTec at a low temperature, sliced with a cryostat (Leica 

CM1950), attached to glass slides, and then stained with HE staining by a specialized engineer. 

Each tumor had two HE stained tumor slides, termed HE1 and HE2. Afterwards, the prepared 

HE stained tumor slides were analyzed by an experienced pathologist. The purpose of these 

procedures was to estimate the tumor cell count (%) to validate that the tumor samples 

contained enough tumor cells for further cancer-related analyzes. The tumors estimated to have 

30% or higher tumor cell count was included in the OSLVAL cohort and approved for step 2 

in the tumor preparation protocol; distributing of tumor mix.  

 

5.1.3 Step 2: Distributing tumor mix 

Procedure 

The remaining parts of the sectioned samples were received back from the specialized engineer 

after tumor cell percentage validation.  

The following tubes were prepared for each validated tumor sample: 3 nuclease-free cryotubes 

(green lids) were labeled with sample-specific barcodes for flow cytometry, protein analyses, 

and fluorescence activated cell sorting (FACS), respectively, and one 2 ml Eppendorf tube was 

labeled with sample-specific barcode for QIAcube experiment. 

Two blocks of ice were used in this experiment. One block with a temperature of approximately 

-20°C for gentle thawing of samples imbedded in TissueTec, and one block of dry ice for 

preventing excessive thawing of tumor tissue. Both blocks of ice were covered in clean cloths. 

After initial washing and preparations of materials, the tumor samples were taken out of the       

-80°C freezer. The two peripheral tumor parts of a sample in TissueTec were first handled in a 

clean Petri dish on the -20°C ice block. After the TissueTec had been melted and removed, the 

Petri dish with the two tumor parts were moved onto the block of dry ice. Here, the middle 

piece of the tumor sample was cut and mixed thoroughly with the two peripheral parts with a 

clean scalpel. After obtaining a homogenized tumor mix, the mixture was divided into 5 

fractions:  
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1. The largest fraction was destined for RNA- and DNA- isolation3 (maximum 33 mg 

tumor material)  

2. Approximately 1-3 mg tumor sample for flow cytometry (not measured) 

3. A small fraction for protein analyses (not measured, roughly <8 mg) 

4. A small fraction was also made for potential future analysis with FACS4 

5. Possible remaining tumor mix5 

 

When excessive tumor material was available, a fourth and fifth fraction was made for the 

OSLVAL tumor samples. If there was little tumor material available, the priority in which the 

tumor fractions were sorted was as listed above.  

The RNA and DNA fraction was measured like the HR-MAS sample was measured in section 

5.1.1, but in a 2 ml Eppendorf tube instead of cryogenic vial, and with a weight between 0,010-

0,030 g. The weight was noted, and all fractions were transferred for storing at -80°C. 

 

 

 

 

 

 

 

 

 

                                                 
3 Deviation from the original SOP: Instead of making separate fractions for RNA and DNA, one combined 
fraction of RNA and DNA (max. 33 mg) destined for isolation with QIAcube was made. The fraction was 
measured the same way as the HR-MAS fraction in tumor preparation step 1. 
4 Deviation from the original SOP: A new, small fraction intended for possible FACS-analysis was also included in 
this experiment, but not in the original SOP.  
5 Deviation from the original SOP: Since the tumors of the OSLVAL-cohort often were large in size, there was 
sometimes excess tumor mix. These were transferred to own Tumor mix - barcoded tubes. 
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5.2 DNA and RNA isolation 

Purification of DNA and RNA was performed at the same time using QIAcube (Qiagen). The 

steps behind the isolation program are illustrated in Figure 8. 

 

Figure 8. Overview of the AllPrep procedure in QIAcube. The sample is lysed and 

homogenized (step 1 and 2), then bound to the column, washed and eluted to generate a pure 

and high-quality product (Figure modified from (109)). 
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Firstly, the fresh-frozen tumor samples are properly lysed with lysis buffer in step 1, then 

homogenized with TissueLyzer in step 2. These two steps are performed to access the nucleic 

acids in the cell nucleus. Next, the lysate containing genomic DNA and total RNA are isolated 

in a combined process in QIAcube using Allprep DNA Mini Spin columns and RNeasy Mini 

Spin columns, which selectively retain their respective corresponding nucleic acids to the 

columns. The nucleic acids bound are then washed several times before the two separate, 

purified products are eluted, providing maximum yield and saving time. 

Workbench and fume hood were washed prior to the experiment, first with nuclease free water, 

then >70 % EtOH, and finally with RNase Away. The surfaces were wiped dry with clean paper 

towels between each washing step. 

 

5.2.1 Sample preparation 

Input was 10-30 mg of fresh-frozen tumor tissue from validated samples. Lysis was performed 

to completely disrupt the plasma membrane of cells and organelles, and to release nucleic acids 

contained in the samples nucleus. Homogenization was performed by shearing high molecular-

weight cellular components, to reduce the viscosity and create a homogeneous lysate. Both 

incomplete disruptions of plasma membrane and incomplete homogenization results in 

significant reduced nucleic acid yield and purity. Excessive homogenization can result in 

shorter genomic DNA fragments (109). 

Biological samples are first lysed and homogenized in a highly denaturating guanidine-

isothiocyanate-containing buffer (lysis buffer), which immediately inactivates DNases and 

RNases. This is necessary to ensure isolation of intact DNA and RNA (109). The lysis buffer 

consists of RLT Plus buffer, which contains different detergents that helps in the binding to the 

columns and lysis reagents, and DL-Dithiothreitol (DTT), which stabilizes enzymes and 

proteins in the solution (110). Reagent DX is added to reduce foaming of lysis buffer during 

sample disruption and homogenization. 
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Procedure 

Step 1: Manual lysis  

Two 50 ml Sarstedt tubes were marked; one for washing buffer and one for lysis buffer. One 

QIAshredder column and one 2 ml Safe-Lock microcentrifuge tubes with round base were 

marked for each tumor sample with sample ID prior to the experiment. The Eppendorf tubes 

would be used for the lysed sample after disruption with the QIAshredder. 

A set of 5 mm stainless steel beads were washed in a 50 ml Sarstedt tube containing 1 ml RLT 

Plus buffer by shaking the tube vigorously. One sterile bead per sample was then transferred to 

each tumor sample on dry ice.  Lysis buffer mix was made in room temperature (RT) as 

described in Table 2, volumes depending on the number of samples per run.  

 

Table 2. Lysis buffer mix per sample 

Reagent Volume (µl) 

RLT Plus buffer 586.5 

DTT [2M] 12 

Total volume per sample ~600 

 

 

299 µL lysis buffer mix was added to each sample. The tissue was properly submerged in the 

mixture. The tubes were shortly spun down and 1.5 µL Reagent DX (antifoam) was added to 

each tumor tube on wet ice. 

 

Step 2: Homogenization 

The lysed samples were loaded in balance onto the TissueLyzer adapter (with the adapter 

straight from 4 °C). Samples were homogenized in the TissueLyzer at 30Hz for 2 x 4 minutes. 

Each sample was visually examined to ensure that all large tissue samples were crushed and 

homogenized. The tubes were shortly spun down and the remaining 300 µl lysis buffer 

mixture was added to each sample at RT, and mixed by pipetting. The lysate of each sample, 

approximately 600 µl, was transferred to QIAshredder columns placed in 2 ml Eppendorf 
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tubes marked with corresponding sample ID. The columns were centrifuged with 13.200 rpm 

in 3 minutes at RT. Flow-through without precipitant was transferred to new 2 ml Eppendorf-

tubes with rounded base and correct sample ID. Samples were then either stored at -80°C or 

directly processed with DNA and RNA isolation programs in QIAcube. The TissueLyzer 

adapter was washed with dust-free paper covered in >70 % EtOH and stored at 4°C. 

 

5.2.2 Genomic DNA and total RNA isolation using QIAcube 

For isolation and purification of genomic DNA and total RNA >18 bp from homogenized tumor 

lysate the QIAcube instrument and the AllPrep DNA/RNA/miRNA Universal Kit (50) from 

Qiagen were utilized. The QIAcube instrument controls a set of integrated components see 

Figure 9, and is constructed to perform a variety of programs for fully automated purification 

of nucleic acids and proteins. The QIAcube purification program used in this thesis was the 

Large AllPrep DNA/RNA/miRNA universal Customize protocol (ID: 4316) (111). 

 

 

Figure 9. Internal features of the QIAcube. The internal features of the QIAcube consist of 

the main components: 1) Centrifuge, 2) Shaker, 3) Reagent bottle rack (positions 1-6), 4) 

Microcentrifuge tube slots (positions A, B and C), 5) Tip racks, and 6) Robotic arm and 

pipetting system. 
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The AllPrep DNA/RNA/miRNA Universal Kit (50) contain equipment and reagents that are 

designed to purify genomic DNA and total RNA (and optionally; miRNA) simultaneously from 

a single biological sample. The genomic DNA purified with this kit has an average length of 

15-30 kb, depending on homogenization conditions, while purified RNA larger than 18 

nucleotides are easily isolated with the kit (109). The lysate generated from step 1 and 2 are 

first passed through an AllPrep DNA Mini spin column to selectively retain DNA, and then 

through an RNeasy mini spin column to isolate RNA (111). The AllPrep DNA Mini spin 

column in combination with a buffer with high concentrations of salt allows selective and 

efficient binding of DNA. Proteinase K in its optimized buffer (Buffer AW1) purifies the DNA 

by digesting protein contaminants, allowing purification of high-quality DNA. The column is 

then washed again with the washing buffers AW1 and AW2, followed by DNA elution using 

EB buffer. The EB buffer contains Tris-Cl (pH 8.5), which solubilizes the DNA and protects 

against degradation (109).  

Previously eluted flow-through containing RNA from the AllPrep DNA Mini spin column is 

digested by Proteinase K in the presence of EtOH, which enables efficient binding of RNA to 

the RNeasy mini spin column. Subsequent DNase I digestion ensures high-yield of DNA-free 

RNA (109). After the digestion steps, RNA is washed with EtOH and RPE buffer, and eluted 

using RNase-free water.  

The purification programs selected in QIAcube were chosen by clicking RNA/AllPrep 

DNARNAmiRNA univ. /select/tissue or cells/select/#. Part Large X Tipchange; where #.X 

was either 6.A1 and 7.A2 (DNA isolation) or 8.B1-10.B3 (RNA isolation). 

After the different programs, bottles containing the instructed reagents were taken out of the 

instrument and bottled up. Used rotor adaptors and waste tray content were thrown in zip-lock 

bags and discarded in the hazardous waste bin numbered 7100. Unused filter tips were taken 

out the QIAcube and saved. Following completed program, the internal features of the QIAcube 

instrument were carefully wiped with 75% EtOH (not the rubber parts), then with RNase Away. 

Description of how after-eluate was generated is written in step 5 below. 

Additionally, 1.5 µl RNA eluate of each sample was transferred to new 1.5 ml Safe-lock 

Sarstedt tubes for future assessment of RNA quality using 2100 Bioanalyzer. 
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Step 5: DNA and RNA after-eluate 

Elution of DNA and RNA after-eluate was performed by pipetting 30 µl of EB buffer or RNase-

free water to each column, respectively, incubating for 1 minute at RT, and then centrifuging 

for 1 minute at 8000g. After-eluates were then transferred to Sarstedt tubes with correct barcode 

and put on wet ice. 

Purified DNA and RNA eluate and corresponding DNA and RNA after-eluate was transferred 

from the 1.5 ml collection tubes to barcode-labeled Sarstedt tubes with screw cap, then 

evaluated by using NanoDropTM as described below in section 5.3.1. After concentration and 

purity assessment, tubes containing DNA were stored at -20°C and samples containing RNA 

were stored at -80°C. 

 

5.3 RNA quality control 

5.3.1 RNA quantification with NanoDropTM 

RNA quantification and quality were estimated using NanoDropTM ND-1000 

Spectrophotometer version 3.8.1 (NanoDropTM Technologies, Thermo Fisher Scientific Inc., 

USA). NanoDropTM uses surface tension to hold liquid sample in place between two optical 

surfaces. By pulsating light from a xenon flash lamp through two controlled gap distances, 1 

mm and 0.2 mm, measurements of sample RNA concentration and purity could be assessed. 

The instrument is supervised by a computer based software, and the data are logged and 

archived in a file on the computer (112).  

 

Procedure 

The NanoDropTM software version 3.8.1 was turned on and the Nucleic Acid program was 

chosen. The upper and lower optical surfaces was washed and initialized in turn by pipetting   

2 µl and 1.5 µl nuclease-free water, respectively, to the lower optical surface. In each step, the 

leveler arm was closed to wet the upper optical surface and both surfaces were wiped clean with 

special lens-cleaning tissue. After initializing, “Nucleic Acid” was chosen as sample type and 
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1.5 µl of nuclease-free water was used to blank the instrument. Measuring samples were only 

proceeded when the instrument showed an acceptable concentration value between +/- 0.3 ng/µl 

after blanking. 1.5 µl of each sample were pipetted onto the pedestal, the leveler arm closed, 

and the instrument was started by clicking the option “measure”. The pedestal was whipped 

clean with special lens-cleaning tissue between each sample measurement to prevent cross-

contamination and residue buildup. After all samples had been measured, a final cleaning with 

2 µl of nuclease-free water was carried out.  

 

5.3.2 RNA quality assessment with 2100 Bioanalyzer 

Intact RNA is important for successful gene expression microarray experiments. RNA quality 

was assessed by measuring degree of RNA degradation using Agilent RNA 6000 Nano Kit on 

2100 Bioanalyzer (Agilent Technologies, USA). 2100 Bioanalyzer is based on electrophoretic 

separation and flow cytometric assays on a microfabricated chip, where RNA fragments are 

separated in a gel according to size and detected through laser induced fluorescence detection. 

A RNA integrity number (RIN) is estimated for each sample, based on an algorithm for 

assigning integrity values to total RNA measurements (113). The RIN numbering system range 

from 1 to 10; 1 being the most degraded and 10 being the most intact. RNA profiles are also 

generated, allowing a visual inspection of RNA integrity, and contain information on RNA 

concentrations and ribosomal ratios (18S and 28S), see Figure 10. The 2100 Bioanalyzer 

instrument uses a computer based software, and the program generates electropherograms and 

gel-like images that provide a detailed visual assessment of the quality of the RNA samples 

(113).  
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Figure 10. Intact RIN profile. A samples electropherogram with intact RNA (RIN 10), where 

the 18S and 28S peaks are indicated. The profile is used to calculate the samples RIN value. 

(Figure modified from (113)) 

A total of 23 samples were assessed from the OSLVAL cohort. RIN values ≥7 were desired, 

but due to low number of samples, all samples were included for microarray analysis. 

 

Procedure 

Preparation of gel matrix 

Gel matrix from the RNA 6000 Nano Kit was taken out of the fridge and put at RT, protected 

from light, for 30 minutes. A heat-block was set to 70 °C. 550 µl gel matrix was transferred to 

a spin filter and spun at 4000 rpm for 10 min. The filtered gel was divided into aliquots of 65 

µl in 0.5 ml RNase free tubes, stored at 4 °C, and had to be used within a month. 

 

Preparation of gel-dye matrix 

RNA 6000 Nano dye concentrate and RNA 6000 Nano marker was taken out the fridge and put 

at RT for 30 min, constantly with protection from light to avoid fluorescence degradation. The 

RNA 6000 Nano dye concentrate was vortexed for 10 seconds and spun down. 1 µl of the dye 

concentrate was added to an aliquot of filtered gel. The gel-dye mix was vortexed for 10 

seconds, or until properly blended, then centrifuged at 13000 rpm at RT for 10 minutes. Enough 

gel-dye matrix was prepared to be used for two chips. The matrix had to be used within one day 

and if used later than one hour after preparation, the mixture had to be re-spun. 
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Loading chip with gel matrix and RNA 6000 Nano Marker 

A new 2100 Bioanalyzer RNA Nano chip was placed in the “chip priming station” and 9 µl 

gel-dye matrix was loaded with a pipette into the well marked as “G” with black background, 

see Figure 11.  

  

Figure 11. Microfabricated RNA Nano chip. Picture of the chip used for eukaryotic total 

RNA quality assessments on Agilent 2100 Bioanalyzer. Wells where filtered gel-dye matrix, 

ladder, and samples are loaded as indicated. 

 

A timer was set to 30 seconds and the plunger of the chip priming station to the 1 ml mark. The 

chip priming station was closed, and the plunger was pressed down until it was held by the 

syringe clip. After exactly 30 seconds, the plunger was released. After 5 more seconds, the 

plunger was slowly pulled back up to 1 ml mark. The chip priming station was re-opened and 

additional 9 µl gel-dye matrix was loaded into the two other wells marked “G”. 5 µl input of 

RNA 6000 Nano marker was loaded into the well marked “ladder” and to each of the 12 wells 

destined for RNA sample.  

 

Loading of RNA samples and RNA 6000 ladder 

RNA samples were incubated at a 70 °C heat-block for 2 minutes, then cooled down on ice for 

5 minutes. To collect sample residues attached to tube walls and lid, the samples were 

centrifuged for 5-10 seconds. 1 µl ladder was briefly centrifuged then loaded into the well 

marked as “ladder”. 1 µl input RNA sample was loaded into the 12 wells, carefully noting 
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which sample went where. The fully loaded chip had to be analyzed within 5 minutes, due to 

rapid evaporation of reagents. 

 

Running the chip 

The loaded Nano Chip was put in an adapted vortex and mixed at 2400 rpm for 1 minute. Two 

electrode cleaners were prepared, one with 350 µl RNase-free water, and the other with 350 µl 

RNase Zap. The electrode cleaner containing RNase Zap was placed in the 2100 Bioanalyzer 

instrument for 1 minute, then removed and replaced with the electrode cleaner containing water 

for 10 seconds. The lid was opened to allow the electrodes to air-dry for 10 seconds. The Nano 

chip was placed into the instrument and the right assay selected (“Eukaryotic total RNA Nano”). 

The sample names were entered, and the instrument was started by clicking “Start”. 

 

Cleaning the electrodes 

After approximately 20 min, the run was finished. The Nano Chip was removed from the 2100 

Bioanalyzer, and the electrodes was cleaned with the electrode cleaner containing new 350 µl 

RNase-free water for 10 seconds. The lid was open to air-dry for 10 seconds, before it was re-

closed. 

 

5.4 Whole-Genome mRNA Microarray 

The human genome contains approximately 23.000 genes that transcribes and translates into a 

complex and diverse network of transcripts and protein. To investigate such a large network, 

powerful biotechnological and -informatic tools are needed. 

Microarray gene expression analysis measures expression of thousands of genes in a cell or 

tissue sample at a specific timepoint. The principle behind the technology is to hybridize 

immobilized probes (60-mer oligonucleotides) to complementary molecules of interest (e.g. 

DNA or RNA) on a solid surface. Prior to hybridization, the sample molecules with an input 

between 40-100 ng are labeled with substances that emit signals (e.g. fluorescence) and 
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amplified (Figure 12). After hybridization, the array is scanned and the signal from the samples 

are measured (114). 

 

Figure 12. Standard workflow. The standard workflow for sample preparation and array 

processing. Figure modified from (115).   

 

The Human GE 8x60K Microarray v3 has an 8 samples capacity and can analyze whole-

genome expression using 60.000 nucleic acid-based probes. Each probes intensity indicates a 

relative level of hybridization; the more genes that bind, the higher signal is emitted (114).   

In our study, an input of 40 ng total RNA from 23 fresh-frozen breast tumor samples were 

amplified and labeled using Low RNA Input Quick Amp Labeling Kit (Agilent Technologies, 

USA). All samples were randomized before the analysis. Three Human GE 8x60K Microarray 

v3 slides were generated for the whole-genome mRNA analysis by following the One-Color 

Microarray-Based Gene Expression Analysis Protocol from Agilent Technologies (Version 

6.9). The cyanine 3-CTP (Cy3) fluorophore was used for detecting genes hybridized to the 

microarray slides. One of the slides contained an array with Agilent provided Spike-In RNA 

for control and as possible replicate. Due to high cost, only one array had a control included. 
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5.4.1 Sample preparations 

In this part of the microarray protocol, cDNA is synthesized from mRNA, followed by the 

synthetization of Cy3-labeled cRNA (Figure 13). The sample preparation protocol includes 

preparation of one-color spike-mix, preparation of the labeling reaction, purification of 

amplified and labeled RNA, and quantification of cRNA.  

 

Figure 13. Schematic overview of the one-color microarray expression procedure. Total 

RNA with an input between 40 ng is converted to complementary DNA (cDNA) by reverse 

transcriptase and dyed with Cy3 fluorophore for visualization. Only protein-coding mRNA, 

which has a poly(A) tail at its 3’-end, will bind the oligo-dT primer and thereby be the template 

for cDNA synthesis. To generate enough sample for the analysis, the total RNA from each 

sample is amplified a 100-fold with T7 RNA polymerase in a PCR reaction. Figure modified 

from (115). 
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During the labeling reaction, oligo dT-Promoter Primers attaches to the poly(A)-tail of the 

tumor samples mRNA (protein-coding genes) and cDNA is synthesized by AffinityScript 

Reverse Transcriptase. T7 RNA polymerase uses the double-stranded cDNA as a template to 

amplify target RNA and at the same time incorporate Cy3-labeled nucleotides (CTP) into the 

cRNA sequence (115). Purification of amplified and labeled cRNA is done using Qiagen’s 

RNeasy mini spin columns. 

Quantification of cRNA and degree of Cy3-labeling was assessed using NanoDropTM (as 

described in section 5.3.1) to ensure adequate concentrations of amplified cRNA before 

proceeding to hybridization of samples to microarray slide. The sample preparation protocol 

was repeated if cRNA concentrations were lower than 40-50 ng/µl.  

 

Protocol 

First dilutions (1:20) spike-in mixes was prepared in advance in aliquots of 3 µl. The One-Color 

Spike mix stock solution was first properly blended on a vortex mixer, then heated to 37 °C for 

5 minutes. To catch all sample residues, the heating was followed by another brief 

centrifugation, before the mix was diluted in Dilution buffer provided by the Spike-in kit. The 

first dilution spike-in mixes could then be stored at -80 °C until use. 

Prior to step 1, three heat blocks were set to 37 °C, 65 °C and 80 °C, and a water-bath to 40 °C. 

The work bench and all equipment were washed with nuclease-free water, followed by >70% 

EtOH, then RNase Away. Powder-free gloves was utilized during all procedures for protection 

and preventing contamination of samples. Three 1.5 ml Eppendorf tubes were labeled for 2nd 

dilution (1:25), 3rd dilution (1:20) and 4th dilution (1:3), and wet-ice was put available for 

reagents and sample storage during the experiment.  

 

Step 1: Preparation of Spike-mix  

An aliquot of first dilution was thawed, heated at 37 °C for 3 minutes, vortexed for 5-10 

seconds, then briefly spun down. All the following dilutions was executed at RT, and vortexed 

and spun briefly after each dilution step to mix and collect the sample residues in the tubes. 2 
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µl input of first dilution and 48 µl of Dilution buffer was added to the tube marked 2nd dilution. 

The mix was vortexed for 5-10 seconds, then briefly centrifuged. 2 µl was then taken from the 

2nd dilution and mixed by vortex with 38 µl of Dilution buffer in the 3rd dilution, before brief 

centrifugation. Finally, 26.7 µl input of 3rd dilution was mixed by vortex with 13.3 µl of Dilution 

buffer in the 4th dilution, before a brief centrifugation. Spike-in mix, first, 2nd and 3rd dilutions 

were discarded after use, while the 4th dilution was used in the following protocol steps. 

 

Step 2: Preparation of labeling reaction 

T7 promoter Primer mix was prepared on ice. In a new tube, 5 µl of nuclease-free water and 8 

of µl T7 Promoter Primer was added before mixing on a vortex mixer and spun down in a 

centrifuge.  

To prevent excessive RNA degradation, 2 µl of 40 ng input total RNA from each sample were 

added to 8 new 1.5 Eppendorf sample tubes on ice, before the total RNA stock solutions were 

quickly re-stored at -80 °C. An input of 2 µl Spike-mix (4th dilution from step 1) was mixed 

gently with each sample, then briefly spun down. 1.3 µl of T7 Promoter Primer Mix was added 

to each sample tube, mixed gently and carefully spun down. All 8 sample tubes were placed at 

a 65 °C heat-block for 10 minutes to denature the primer and the template, and then put on ice 

for 5 minutes, before briefly spun down. 

While the samples were on ice, the 5X first strand buffer for the cDNA Master Mix was 

prewarmed at 80 °C for 3-4 minutes to ensure proper re-suspension of the buffer. After 

prewarming, the 5X first strand buffer was kept at RT before use and the heat-block was set to 

70 °C. 

A new 1.5 Eppendorf tube was prepared for the cDNA master mix, and the different reagent 

volumes were added as listed in Table 3, in RT. The AffinityScript RNase Block Mix contains 

a mixture of enzymes and was therefore kept on ice prior to use.   
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Table 3. cDNA Master Mix 

Reagents Volume (µl) 

5X first strand buffer  20 

0.1M DTT 10 

10mM dNTP mix 5  

AffinityScript RNase Block Mix 12 

Total volume for each sample tube 4.7 

 

 

A total volume of 4.7 µl cDNA master mix was added to each sample tube, and mixed by 

carefully pipetting up-and-down. The 8 sample tubes were then incubated in a circulating water 

bath at 40 °C for 2 hours.  

After 2 hours in a 40 °C water bath, the tubes were put at a 70 °C heat-block for 15 minutes to 

inactive the AffinityScript enzyme, followed by 5 minutes on ice. This marked stopping point 

1, for which it was possible to move the samples to -80 °C for storage, or continue to the 

transcription master mix. 

The transcription master mix was prepared at RT in a new 1.5 Eppendorf tube as described in 

Table 4. Tubes containing Cy3 were protected against light with aluminum foil to prevent 

degradation of the fluorophore dye. The lights in general was also kept at a minimum at all 

times. The T7 RNA polymerase blend contained a mixture of enzymes and was therefore kept 

on ice prior to use. 6 µl of transcription mix was added to each sample tube, mixed by gently 

flicking each tube with a finger, then briefly spun down.  
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Table 4. Transcription Master Mix 

Reagents Volume (µl) 

5X first Transcription buffer 32 

RNase-free water 7.5 

NTP mix 10 

0.1M DTT 6 

T7 RNA polymerase blend 2.1 

Cyanine-3-CTP 2.4 

Total volume for each sample tube 6 

 

 

The samples were incubated in a circulating water bath at 40 °C for another 2 hours to amplify 

cRNA and incorporate Cy3, then spun down in a microcentrifuge. This marked stopping point 

2, where it was possible to move the samples to -80 °C for storage, or continue to step 3 for 

RNA purification. 

 

Step 3: Purification of labeled and amplified RNA 

The purification of labeled and amplified RNA was performed with Qiagen’s RNeasy mini spin 

columns. The centrifuge was pre-cooled to 4 °C. The purification was performed at RT, as 

quick and dark as possible, to prevent degradation of RNA and Cy3-dye. The RLT buffer (from 

the RNeasy Kit) contains high concentrations of guanidine isothiocyanate, thus all phases 

involving RLT buffer was executed in a fume hood for safety. The rest of the RLT buffer 

content are confidential, but the buffer functions by aiding attachment of RNA to the silica-

membrane of RNeasy mini spin columns (116). 

First, 84 µl of nuclease-free water and 350 µl of RLT buffer was added to each RNA sample 

tube, and mixed by pipetting. To precipitate RNA, 250 µl of EtOH (100 %) was added to the 

sample tubes and mixed by pipetting. Approximately 700 µl (total volume) of the precipitation 

mixture was transferred to individual RNeasy mini spin columns and spun at the 4 °C pre-

cooled centrifuge at 13,000 rpm for 30 seconds. Flow-through was discarded in special RLT 

buffer-containing waste bottles in the fume hood. The RNeasy mini spin columns with bound 

RNA was transferred to new 2 ml collection tubes prior to the washing steps.  
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500 µl of RPE buffer was added to the RNeasy mini spin columns and spun in the pre-cooled 

centrifuge at 13,000 rpm for 30 seconds. RPE Buffer is a mild washing buffer containing EtOH 

that removes traces of salt in the columns, generating a purer nuclei acid product. Flow-through 

was discarded in special RPE-waste containers. The washing step was repeated, adding 500 µl 

of RPE buffer to each sample column and centrifuged at 4 °C at 13,000 rpm for 60 seconds. 

Flow-through was again discarded, and the RNeasy mini spin columns were spun at 4 °C at 

13,000 rpm for an additional 30 seconds to remove any remaining traces of buffer. The RNeasy 

mini spin columns were transferred to new 1.5 Eppendorf tubes. RNA trapped to the column 

was eluted with 30 µl of nuclease-free water, incubated for 1 min, and finally spun at 4 °C at 

13,000 rpm for 30 seconds. The 1.5 ml sample tubes containing the final eluted RNA product 

were put on ice and kept in darkness. The RNeasy mini spin columns were discarded. 

 

Step 4: Quantification of cRNA 

Concentrations of cRNA and degree of cRNA labeled with Cy3-dye was assessed using 

NanoDropTM ND-1000 Spectrophotometer version 3.8.1, as described in section 5.3.1. As 

measurement program, “Microarray RNA-40” was selected instead of “Nucleic Acid”. The 

same nuclease-free water that the RNA was eluted in was used as blank. Cy3 dye concentration 

(pmol/µl), RNA absorbance ratio (260 nm/280 nm), and cRNA concentration (ng/µl) was 

recorded. 

This marked stopping point 3, for which it was possible to move the samples to -80 °C for 

storage, or continue to the hybridization step. 

 

5.4.2 Hybridization 

Prior to the hybridization, samples are treated with a fragmentation buffer to optimize the cRNA 

target length, and a blocking agent to minimize non-specific binding to the array. The 

hybridization buffer is added to stop the fragmentation reaction (115). Samples are then 

dispersed onto the Human GE 8x60K v3 microarray gasket slide. A matching Human GE 

8x60K v3 oligo microarray slide containing the 60-mer oligonucleotide probes is then placed 

on top of the gasket slide. Preparations for the hybridization is executed in a specialized 
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microarray hybridization chamber from Agilent, which consists of a chamber base, a chamber 

cover, and a clamp assembly. Ultimately, the hybridization chamber is incubated in a 

hybridization oven to hybridize the samples Cy3-labeled RNA onto the complementary probes 

on the microarray slide.  

 

Step 1: Preparation of hybridization samples 

After thawing and mild vortexing, the 10X Blocking agent was heated for 4-5 minutes at 37 °C 

and briefly spun down. A heat-block was set to 60 °C, and the hybridization oven was turned 

on 65 °C at least 1 hour before use. Based on the cRNA concentrations from NanoDropTM in 

section 5.4.1 step 4, dilutions of samples containing 600 ng cRNA (x) were generated using 

nuclease-free water (y). The fragmentation mix for 8x60K formatted microarray were the mixed 

in new sample tubes as described in Table 5.  

 

Table 5. Fragmentation mix per sample for 8x60K microarray 

Reagents Volume (µl) 

cRNA sample (600 ng) x 

10X Blocking agent 5 

Nuclease-free water y 

25X Fragmentation buffer 1 

Total volume 25 

 

 

The mix was heated at 60 °C for 30 minutes to fragment the RNA, then cooled on ice for 1 

minute. 25 µl of 2xGEx Hybridization buffer HI-RPM was added to each sample to stop the 

fragmentation reaction. The samples were mixed by careful pipetting to avoid bubble 

formation, which can affect the microarray hybridization process. The samples were then spun 

at 13,000 rpm at RT for 1 minute to collect sample residues and further reduce possible bubble 

content. The samples were put on ice and loaded onto arrays as soon as possible.  
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Step 2: Preparation of hybridization assembly 

A clean backing slide with 8 basket spaces was loaded into the Agilent SureHyb chamber base 

with the label facing up and without touching the top and bottom glass sides. 45 µl of each 

sample were carefully added to its correct position on the array without letting the pipette tip 

touch the array or the sample touch the gasket walls. A new array with the Agilent-labeled 

barcode facing up was slowly lowered into the SureHyb chamber, always keeping the two slides 

in parallel. The SureHyb chamber cover was put on top of the two slides and securely looked 

by the hand-tighten clamp. By holding the chamber up towards the light, the chamber was 

inspected for sample volume and undesirable stationary bubbles. Stationary bubbles were 

removed by knocking the assembled chamber against the palm of the hand, and arrays with low 

content volume were noted. The sample-containing SureHyb chambers were incubated in the 

pre-heated hybridization oven at 65 °C and 10 rpm for 17 hours.  

 

5.4.3 Microarray wash 

Washing of microarray slides are performed using Gene Expression Wash buffer 1 and 2. This 

is done to remove unhybridized and non-specific hybridized cRNA, thereby reducing 

background noise before scanning the slides (115). Triton X-102 is added to the buffers to 

reduce array wash-related background residues. 

Gene expression wash buffer 1 and 2 was prepared in advance by adding 2 ml Triton X-102. A 

container with a magnetic stir bar was filled with gene expression wash buffer 2 and pre-

warmed to a temperature close to 37 °C. 2x containers filled with wash buffer 1, one of them 

with a magnetic stir bar, was prepared at RT. The Agilent Technology scanner was turned on 

to appropriate warm up the lasers prior to use.  

The array-backing slide was carefully taken out of the hybridization oven and SureHyb chamber 

and quickly transferred to the first dish containing buffer 1. Through minimal contact and 

careful only to touch the ends of the slides, the slides were separated at the barcode side using 

a forceps. The backing slide was left in the first buffer 1. The microarray slide containing the 

hybridized samples was slipped into a slide rack and baptized for 1 minute in the second wash 

buffer 1 with magnetic stirring turned on. Magnetic stirring was always first started when the 

microarray slide was properly submerged in buffer and set to a stirring speed of around 6-8 
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rpm. After the minute had passed, the slide rack with the microarray was transferred to the 

prewarmed buffer 2 for 1 minute, also with magnetic stirring. 10 seconds were used to slowly 

lift the array up. The microarray was placed in a dark, air-protected box and scanned as soon as 

possible.  

 

5.4.4 Scanning and Feature Extraction 

First, the computer was logged on and the Agilent Scan Control program was entered. A 

connection to the scanner was confirmed with a green scan light. The microarray was carefully 

placed with the Agilent-labeled barcode side up in a scan slide holder. The assembled slide 

holder was then put in slot number 1 in the scanning instrument. In the scanning program, start 

slot was set to “1”, the profile “AgilentG3_GX_1Color” was selected, and an output path 

(storage file) was chosen. The rest of the settings were set by default. The scanning was initiated 

by clicking “Scan Slot” in the Scan Control program.  

The fluorescence from the labeled cRNA samples were measured by using a laser to excite the 

Cy3-fluorophore, and saved in high-resolution TIFF images for use in the feature extraction 

analysis. During scanning, all microarray washing equipment was repeatedly washed with 

plenty of distilled water and no soap. Following the scanning, the microarray scan data saved 

as high-resolution TIFF images was uploaded onto the Agilent Feature Extraction Software. 

The program uses the information from the probe features in the extracted data to gain 

information about the gene expression measurements (115), and automatically place microarray 

grids, reject and mark (“flags”) outlier pixels, determine feature intensities and ratios, and 

calculate statistical confidences (117). Quality Control (QC) reports are generated from the 

software by the aid of Spike-In controls. The QC report contains statistical results and a QC 

Metric Set indicating whether the different steps of the experiment was within the pre-defined 

thresholds (“Good”) or outside (“Evaluate”) (118), as a means of evaluating the overall 

microarray performance (e.g. reproducibility and reliability). 

 

 



50 

 

5.5 Statistical tests and bioinformatics 

Following is a brief description of the different statistical tests and bioinformatical tools that 

were utilized in analyzing the OSLVAL cohort and the TCGA cohort. An overview of the 

processing, statistical tests and analyses performed are illustrated in Figure 14.  

 

 

Figure 14. Overview of statistical test and bioinformatics. Flow-chart of statistical tests and 

bioinformatical analyses performed.  

 

The OSLVAL data were first log2 transformed and quantile normalized using the interactive 

bioinformatical software program Qlucore Omics Explorer (QOE) version 3.2 (Qlucore AB). 

In a filtering step, an optimized gene list of approximately 19700 genes was selected after 

collapsing, based on the mean over the multiple probes corresponding to the same genes. This 

gene list was then used as base for investigating major trends, clinical parameters and 

discriminating variables in three dimensional (3D) plots (e.g. PCA plots), and in analyses like 

molecular subclassification, hierarchical clustering and gene ontology analysis.  
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The normalized TCGA cohort data was downloaded from their publicly accessible website. The 

cohort was used to find genes associated with age based on linear regression, followed by gene 

ontology analyses to further investigate the biological processes involved. Following is a 

detailed description of each step in the data analyses. 

 

5.5.1 Preprocessing 

The microarray data from the OSLVAL cohort were first log2 transformed in QOE. This 

transformation makes the data more interpretable by scaling down the data and therefore 

making the data distribution less skewed. The extreme outliers are scaled down the most, such 

that over all we achieve a more symmetric distribution (119). Transformation is important to 

make the biological relevant data more visible and accessible for analysis.  

For normalization, so called quantile normalization is often utilized. Quantile normalization 

assumes that overall expression and distribution of gene abundances are the same across all 

sample arrays (120). The technique normalizes the distribution of probe intensities to be the 

same for all patients, so that meaningful biological comparisons can be made (119).  

Lowering the number of variables in OSLVAL was done in different steps; through 1) 

collapsing the probes into corresponding genes, and by 2) excluding a selection of uninteresting 

variables until reaching an optimized gene list. Collapsing the 60,000 probes was done in QOE 

by summarizing multiple probe measurements by their average value to their single 

corresponding gene. This generated a list of approximately 43,300 variables. From this list, an 

optimized gene list of 19,767 genes were selected by manual screening for known and validated 

genes with the Reference Sequence (Ref Seq) prefix NM_. This optimized gene list was then 

used in all following statistical tests and analyses.  

 

5.5.2 Quality control 

To assure that accurate, high-quality and biological relevant data were obtained, a series of 

quality controls were performed at all phases in the study. In advance to any statistical test or 



52 

 

bioinformatical analyses the expression data were adjusted for systemic errors introduced by 

technical bias, and investigated for possible outliers. 

Principal Component Analysis 

Principal Component Analysis (PCA) is an explorative analysis for simplifying big and 

complex data sets (121). The method can be performed in QOE as a quality control of the 

samples, generating comprehensible plots for detecting outliers, identifying major trends and 

see hidden structures. The samples can also be colored after various clinical and experimental 

parameters to investigate similarity of samples within different condition groups. PCA is an 

unsupervised method, meaning that no “labeled” information about categorical groups or 

response variables is included to obtain the 3D plot (121). PCA plots reduce the microarray 

data into three dimensions by lowering the number of variables into vectors called Principle 

components. The Principle components 1, 2 and 3 is ordered according to their capability to 

capture the variance in the data set (121). In a PCA plot, each sample is plotted according to its 

values in the three first Principle components. Samples with similar scores for their Principle 

components are believed to have similar trends in their gene expression profiles. 

 

Frequency plots of raw data 

After finding possible outliers in PCA plots, the overall distribution of the expression data for 

each OSLVAL sample were further investigated in frequency plots (also called density plots) 

of raw data (i.e. transformed, but not normalized) in QOE. The plots were especially interesting 

for the samples viewed as possible outliers. This was to see if the samples with deviating 

positions in previous PCA plots could be explained by generally low expression. 

 

RIN profiles  

RIN profiles generated from 2100 Bioanalyzer were also examined as a last quality control of 

the possible outliers to get an additional overview of the degree of RNA degradation for each 

sample. For more details, see section 5.3.2. 
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5.5.3 Molecular subclassification into PAM50 subtypes 

As previously mentioned, breast cancer is a complex and heterogeneous disease with distinct 

molecular alterations, cellular composition and clinical outcome. Various classifiers, risk 

models and predictors has been developed over the last 15 years to better diagnose, study the 

disease, and predict outcome and treatment of breast cancer patients (47, 85, 122-124). One 

such classifier is the PAM50 classifier (47). The classifier is a risk model based on gene 

expression profiling by microarray, and tests tumor samples for their expression for a distinct 

group of 50 genes that are related to the five intrinsic subtypes previously identified by Sørlie 

and colleagues (44). Many molecular classifiers which exist today, including PAM50, are 

largely determined by cohort composition and ER +/- tumor ratio (125), so gene centering is 

therefore important. We used a modified PAM50 classifier, where the ER ratio is taken into 

consideration when genes are centered, as explained briefly in the protocol below. Breast 

tumors are then subclassified into five distinct molecular groups based on the correlation 

between each samples gene expression in these 50 genes and the five expression centroids (47).  

 

Protocol 

The PAM50 molecular subclassification was done in R x64 version 3.4.1 and based on the 

paper by Parker et al. from 2009 (47). The OSLVAL expression data of the 50 genes were 

loaded into R. The expression data had already been normalized, but not gene centered. If there 

were multiple probes per gene, the values were collapsed based on their average. An ER-cutoff 

was set based on the bimodal expression of the ESR1 gene, and the ratio of ER-positive and 

ER-negative tumors was determined. The centering value per gene in the data set was 

calculated, while considering the ER proportion. A Pearson correlation between the centered 

expression values in each sample and the five centroids was calculated to find which subtype 

each sample had the highest correlation to. The frequency and portion of each subtype was then 

summarized, and the subtype “call” added to the sample information in QOE.  
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5.5.4 Detecting gene expression associated with age 

To be able to find gene expression associated with age in breast cancer patients, all ages in the 

TCGA cohort were included in a linear regression analysis, where age was treated as a 

continuous variable. The regression was performed in QOE, where the genes were not filtered 

by variance. Since subtypes dominate the expression profiles of breast tumors and thus may 

hide important expression related to age, a correction was done on the subtypes. QOE subtract 

the part of the data that can be explained by subtypes by clicking “eliminate factors” and choose 

subtypes as a nominal factor in the regression model. In QOE, factors are eliminated by mean-

centering each variable over each subgroup defined by the subtypes (126). We tested the 

hypothesis whether gene expression was associated with age, and calculated the following p-

values. The results of the regression analysis (i.e. estimated slope) were used to measure the 

strength of the association and the direction of the relationship between two variables. 

 

Correcting for multiple testing 

Multiple testing is a problem that occurs when a large set of statistical tests are performed, and 

some tests give significant p-values less than 0.05 simply by chance. In a data set where over 

60,000 tests are done, this would equal to around 3000 possible false positives. The problem 

with multiple testing can be reduced or solved by a variety of methods; for example, by 

lowering the number of variables so that fewer statistical tests are performed (e.g. by filtrating 

variables by variance), and/or by using an adjusted p-value (also known as a q-value). Adjusted 

p-value is here calculated using the Benjamini-Hochberg method (i.e. false discovery rate 

(FDR)), which slightly increases each genes original p-value, resulting in fewer significant 

genes (127).  

In the successive statistical tests performed in QOE, a gene was defined as a significant finding 

if the gene had an adjusted p-value lower than 0.001.  
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5.5.5 Hierarchical clustering 

Hierarchical clustering is an analysis where samples and genes are clustered in different groups 

in a hierarchal way based on similarities and differences in gene expression profiles. The 

hierarchical clustering performed in QOE is based on Euclidean distance (i.e. shortest distance) 

and clustered by average linkage (128). Both unsupervised and supervised clustering was 

performed. Unsupervised clustering groups samples and genes after similar gene expression 

without any predefined parameters (129). The similarities are often shown in a dendrogram and 

the expression is showed in heat maps. In a dendrogram, the length of the branching arms 

signifies similarity in gene expression, where genes with similar expression will cluster closer 

to each other and have shorter length on the branching arms. The distance between clusters and 

each branching point indicates how similar the clusters are; shorter distance corresponds to 

higher similarity (129). In the heat maps generated from QOE, green color signifies gene 

expression that is lower than the average expression, while red color signifies overexpression. 

Black color indicates no over- or underexpression. 

 

5.5.6 Gene Ontology analysis 

Gene ontology (GO) is a bioinformatic initiative that aims to produce a dynamic and controlled 

vocabulary of genes and gene products from core biological functions that can be applied to all 

eukaryotes (130). The terms comprise three independent ontologies; 1) cellular component 

(where gene products are active), 2) molecular function (the molecular activities of gene 

products) and 3) biological process (pathways and larger processes made up of the activities of 

multiple gene products) (130). Each gene or gene product has a GO term that indicates which 

ontological category it belongs to. 

Database for Annotation, Visualization and Integrated Discovery (DAVID) version 6.8 is a 

web-accessible program that was used to investigate the functionality and biological meaning 

behind the large gene lists generated through different statistical tests in QOE (131, 132). The 

program cluster highly related genes into functionally related groups (GO terms) across species 

through gene ontology, with genes derived from Homo Sapiens in focus. Information for the 

different GO terms are extracted from a variety of public genomic resources, chosen prior to 

the analysis (132). The databases selected for this run was GO_ (to cover the three types of 
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gene ontology), KEGG_ (to investigate pathways), and UP_SEQ_FEATURES and 

UP_KEYWORDS (two databases for major functional categories). A GO terms degree of 

enrichment to each annotation category are reported through p-values which are adjusted by the 

Benjamini-Hochberg procedure (127) to correct for multiple testing and that ranges from 0 to 

1. A GO term with p-values equal or smaller than 0.05 are strongly enriched in the annotation 

categories.  
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6 Results 

 

6.1 Preprocessing of the OSLVAL data 

Preprocessing of the OSLVAL microarray data was performed in Qlucore Omics Explorer 

Version 3.2 (QOE). The finale gene expression data set was generated through four steps; 1) 

log2 transformation, 2) quantile normalization, 3) duplicate probes were collapsed based on 

their average per gene, generating a list of 43317 variables, and 4) using only probes detecting 

Ref Seq transcripts (prefix “NM_”), thus giving a list of 19743 unique genes available for 

analyses. 

 

6.2 Quality control  

All 24 samples passed the technical lab quality control based on the QC report generated from 

the Agilent’s Feature Extraction program. The microarray control sample was removed before 

further processing and analyses, leaving a total of 23 tumor samples for successive quality 

controls. 

 

6.2.1 Detecting potential outliers 

Principal Component Analysis (PCA) was performed using QOE to investigate sample quality 

and similarity across the 23 samples.  

The first and second principle components represent most of the variance in the data and are 

displayed in Figure 15. The two-dimensional representation of principal components 2 and 3 is 

also included for a three-dimensional depiction of the gene expression data.  
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Figure 15. PCA plots of processed gene expression data. Samples are colored after sample 

ID (n=24). (a) Principle components 1 and 2 explaining 25% and 10% of the expression 

variance, respectively. VYWBC-09 and VYWBC-10 were noted as possible outliers. (b) 

Principle components 2 and 3 explaining 10% and 9% of the expression variance, respectively.    

 

Potential outliers were detected by investigating the two PCA plots. However, two outliers were 

protruding; VYWBC-09 and VYWBC-10. Quality and biological relevance of the two outliers 

were further investigated in frequency plots of the microarray raw data and in RIN profiles 

generated from 2100 Bioanalyzer.  
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6.2.2 Evaluating outliers 

Raw data generated from Agilent’s microarray experiments are log2 transformed by default, 

but not normalized. All original 58,201 variables (i.e. probe intensities) were included for 

quality control of mRNA quality and integrity. A samples distribution of gene expression can 

be summarized in a frequency plot, where level of expression (i.e. amount of mRNA) is 

presented on the x-axis and number of probes for each expression value (i.e. count) on the y-

axis, see three examples in Figure 16.    
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Figure 16. Probe signal distributions of raw data from selected OSLVAL samples. (a) 

Distribution of expression for a sample of high quality. (b) Density plot indicating potentially 

poor sample quality. (c) Density plot indicating poor sample quality.  
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Most samples in the OSLVAL cohort displayed expression distribution that resembled the 

density plot of VYWBC-22 shown in Figure 16 a). A few samples had distribution of expression 

values as for VYWBC-10 depicted in Figure 16 b). Only one sample (VYWBC-09) displayed 

mostly negative expression values (on log scale) as illustrated in Figure 16 c), indicating highly 

degraded mRNA.  

Degree of RNA degradation was assessed by examining each sample’s RIN profile from 2100 

Bioanalyzer. RIN values were generated for 8 samples. Quality of the remaining 15 samples 

was evaluated descriptively through their RIN profiles. In Figure 17, RIN profiles of three 

different samples are depicted, a) high quality sample with clear 18S and 28S rRNA peaks, b) 

a partially degraded sample, and c) a highly degraded sample with no evidence of 18S and 28S 

rRNA. 

 

Figure 17. RIN profiles from three samples from OSLVAL. RIN values were available for 

samples a) and c). The x-axis displays time in seconds, while the y-axis indicates degree of 

detected fluorescence. (a) High quality sample. RIN value of 8.10. (b) Partially degraded 

sample. No RIN value available. (c) Highly degraded sample. RIN value of 2.40. 
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Based on these quality control measurements, sample VYWBC-09 was excluded from the 

OSLVAL data set in all the following analyses. 

 

6.3 Clinical characteristics of the OSLVAL cohort 

All 22 patients were women of 35 years or younger, with a median age at initial diagnosis of 

breast cancer of 32.9 years. 80.9% had children when first diagnosed with breast cancer, and 

these women had experienced between 1-4 numbers of pregnancies. According to the women’s 

BMI, none were underweight, while 3 patients were characterized as overweight or obese. BMI 

status was not available (NA) for 6 of the patients. 

Two samples were characterized as recurrences while the rest were primary tumors. 

Histological grade was not determined for any of the samples. Median tumor size was between 

20-50 mm. 9 tumors were smaller than 20 mm, while 1 tumor had already metastasized (M1) 

when diagnosed. All tumors had nodal status included, where up to 72.7% of the tumors had 

spread to one or more axillary lymph nodes at diagnosis.  

There was an almost equal distribution between ER-positive (46.7%) and ER-negative (53.3%) 

breast tumors. However, ER status was missing for 7 tumors (31.8%, n=22). Samples 

investigated in PCA plots showed a clear clustering of the two ER statuses (Figure 18). We 

observed that some of the samples missing their ER status clustered with either ER-positive or 

ER-negative tumors.  
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Figure 18. PCA plot stratified by ER status. Clustering is visible (n=22). Samples are color-

coded after ER status (ER-positive: pink, ER-negative: blue, Missing ER status: yellow). 

 

In total, 6 of the 7 samples missing ER status could possibly be interpreted as either ER-positive 

or ER-negative based on their position in PCA plots of the two clusters. Nevertheless, these 6 

potential ER statuses was not included in any statistical tests. When comparing ER status with 

ER values (from previous biochemical testing), it appeared that the clinicians classified ER-

negative as approximately <11 and ER-positive as ≥11. ER values ranged from 0 to 97.  

More than half of the tumors were labeled PR negative (64.3%), but for a considerable number 

of tumors (n=8), PR status was missing. HER2-status was not determined for any of the cases. 

Information about relatives with cancer was available for 17 patients. Of these, four had 

relatives with breast cancer. One of these patients had a ER-negative tumor, while the three 

other patients with affected relatives had ER-positive tumors. One women had two affected 

relatives (sample VYWBC-16). The other 3 patients were VYWBC-19, VYWBC-20, and 

VYWBC-21.  

Finally, 5-year overall survival was 36.8%, with median years of survival being 4.3 years from 

initial diagnosis of pathogenesis. Four patients experienced long-term survival (longer than 10 

years). Patients with ER-positive tumors survived longer than those patients with ER-negative 

tumors, with median years from diagnosis to death being 6.2 years and 2.4 years, respectively. 

Time of death was not available for 3 of the patients.  
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Summary of molecular and clinicopathological data of the OSLVAL tumor material is provided 

in Appendix C. 

 

6.4 Subclassification into the five molecular intrinsic 

subtypes  

Gene-expression based subclassification of breast tumors were performed using PAM50 gene 

list in R according to our modified version of Parker et al. (47). All 22 tumor samples from the 

OSLVAL cohort were assigned to one of the five molecular subtypes based on the highest 

correlation with one of the previously described centroids (44), see details of the subtype 

classification in table#. None of the tumors were labeled as unclassified (i.e. correlation <0.1). 

A clear pattern emerged when subtype correlations across samples in the OSLVAL cohort was 

examined, see Figure 19. 

 

 

Figure 19. Correlation to the gene expression-based PAM50 centroids for the OSLVAL 

breast tumors. Correlation of each tumor sample in OSLVAL with each of the five intrinsic 

expression centroids (44). A value towards 1 indicates high correlation, a value of 0 is no 
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correlation and a value towards -1 indicates negative correlation. The chart is ordered after 

increasing correlation with the basal centroid. Lines are color-coded accorded to subtypes as 

indicated. 

As expected, the most striking difference was between luminal A and basal-like tumors, which 

were strongly anti-correlated. Additionally, luminal B and normal-like tumors also appeared to 

have opposite correlations to the centroids. Luminal B and HER2-enriched tumors showed 

similar patterns of correlation, and the same was observed between luminal A and normal-like 

tumors. However, the correlation for some samples to their final appointed subtype was not as 

evident, either because of low correlations in general (e.g. VYWBC-10 and VYWBC-23) or 

because of relative high correlations to multiple subtypes (e.g. VYWBC-22).  

The variance of expression across subtypes were also investigated by PCA, both in the OSVAL 

cohort and TCGA cohort. The PCA plots revealed a clear clustering of the five subtypes. 

Luminal A and luminal B clustered together, while HER2-enriched and basal-like tumors 

clustered closer to each other (Figure 20).  
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Figure 20. PCA plot stratified by the five intrinsic subtypes. Clustering of subtypes is 

apparent.  Subtypes are color-coded as indicated. a) OSLVAL cohort (n=22). b) TCGA cohort 

(n=810). 
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6.4.1 Distribution of molecular subtypes in OSLVAL and TCGA 

Frequency and proportion of each subtype for the 27 youngest women in the TCGA cohort 

(yTCGA, ≤35 years) and the 367 oldest women in the TCGA cohort (oTCGA, ≥60 years) are 

provided along with the OSLVAL subtype information in Table 6.  

 

Table 6. Proportion of molecular subtypes in OSLVAL, yTCGA and oTCGA 

Intrinsic subtype Frequency (n) Percentage (%) 

OSLVAL (n = 22) 

Luminal A 7 31.8 

Luminal B 6 27.3 

HER2-enriched 1 4.5 

Basal 5 22.7 

Normal-like 3 13.6 

yTCGA (n=27) 

Luminal A 14 51.8 

Luminal B 6 22.2 

HER2-enriched 2 7.4 

Basal 4 14.8 

Normal-like 1 3.7 

oTCGA (n=367)   

Luminal A 200 50.4 

Luminal B 87 23.7 

HER2-enriched 29 7.9 

Basal 45 12.3 

Normal-like 6 1.6 

 

 

Distribution of subtype differed substantially between the two cohorts of very young women. 

The largest difference was observed for luminal A tumors with 31.8% classified in OSLVAL 
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and 51.8% classified in yTCGA. In addition, a considerable larger proportion of tumors were 

classified as normal-like in OSLVAL than in yTCGA; 13.6% and 3.7%, respectively. The 

proportions of HER2-enriched subtypes were similar, with a slightly higher ratio in yTCGA 

than in OSLVAL.  

It is well-established that older women have a higher incidence of luminal A tumors compared 

to young women (133). However, both TCGA age groups had similar luminal A subtype 

distribution. In general, the proportions of the different subtypes were more similar between 

yTCGA and oTCGA than either group with OSLVAL.  

The distribution of subtypes in correlation with age was further investigated by dividing the 

TCGA cohort in three age groups; very young women (≤35 years, n=27), middle-aged women 

(35-60 years, n=416), and older women (≥60 years, n=367), and comparing them to the 

OSLVAL cohort (Figure 21). Of note, 277 samples from the original TCGA cohort (n=1052) 

lacked information on age at diagnosis and were excluded. 

 

Figure 21. Distribution of molecular subtypes. Each ratio is color-coded according to tumor 

subtype as indicated. The three age groups in TCGA consist of different number of samples 

(n=27, n=416, and n=367, respectively), where each group is depicted as a total 100% to make 

the groups comparable.  
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In the TCGA cohort, the younger and older women have a more similar distribution of subtypes 

than either has with the women aged 35-60 years. The largest difference in subtype distribution 

appears to be between the middle age group and oTCGA. The HER2-enriched and luminal B 

subtypes have an even distribution among all three age groups. A substantially smaller 

proportion of tumors were subtyped as normal-like in oTCGA than in the two other age groups. 

Highest contrast in subtype ratio is seen between basal-like tumors in middle aged (35-60 years) 

women and women over 60 years of age. This proportion was not substantially altered when 

we changed the cut-off for the young women age group to <40 years instead of ≤35 years (figure 

not included). Finally, there is a higher proportion of luminal tumors (combined luminal A and 

luminal B) in women over the age of 60 years, than among women under 35 years. 

 

6.5 Differential expression across age in TCGA cohort  

A genome-wide linear regression by age was performed on all 810 samples from TCGA in 

QOE to find gene expression patterns associated with age in breast tumors. Subtypes were 

adjusted for and FDR was used as correction of multiple testing. Using a FDR at 0.001 resulted 

in 1147 genes being significantly associated with age. The results are presented in a heat map 

in Figure 22. 
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Figure 22. Heat map of age-related gene expression in TCGA. The figure shows how gene 

expression in breast tumors changes when age increases, using 1147 genes significantly related 

to age. Rows are hierarchical clustered genes, while columns are samples ordered after 

increasing age. The patients are split into three age groups; yellow (≤35 years, n=27), blue (35-

60 years, n=416), and red (≥60 years, n=367). Subtype calls are also indicated with colors; dark 

blue = luminal A, light blue = luminal B, pink =HER2 enriched, red = basal-like, green = 

normal-like. Red expression signifies high expression, green indicates low expression.  

 

As expected, the molecular subtypes appear to be highly dispersed when ordered after 

increasing age. There are 971 genes that are more active in tumors of the VYWBC than in their 

older counterpart, which by comparison have 176 genes more expressed.  

The 1147 genes associated with age were further investigated using DAVID, to find gene 

ontology (GO) clusters, biological processes and pathways associated with both the very young 

and the older breast cancer patients, see details in Table 7.  
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Table 7. GO terms enriched in very young breast cancer patients from DAVID analysis 

Category 

(database/resource) 

GO Term Number 

of genes 

Adjusted p-value 

(Benjamini-Hochberg) 

UP_SEQ_FEATURE signal peptide 299 2.8E-29 

GOTERM_CC_2 proteinaceous extracellular matrix 78 5.1E-27 

UP_KEYWORDS extracellular matrix 63 1.4E-25 

UP_KEYWORDS glycoprotein 341 5.4E-23 

GOTERM_BP_3 extracellular matrix organization 70 4.5E-22 

UP_KEYWORDS signal 312 1.3E-20 

GOTERM_BP_1 developmental process 403 1.9E-20 

GOTERM_BP_2 single-multicellular organism process 422 2.7E-20 

UP_KEYWORDS cell adhesion 77 4.0E-20 

UP_SEQ_FEATURE glycosylation site:N-linked 322 1.1E-19 

UP_KEYWORDS secreted 180 6.1E-19 

GOTERM_BP_3 multicellular organism development 362 8.4E-19 

GOTERM_BP_2 anatomical structure morphogenesis 225 2.7E-17 

UP_KEYWORDS disulfide bond 258 1.7E-16 

GOTERM_BP_ALL cardiovascular system development 110 5.5E-15 

GOTERM_BP_ALL cell differentiation 280 1.0E-14 

GOTERM_BP_ALL movement of cell/subcellular component 161 3.4E-12 

GOTERM_BP_2 cell proliferation 162 3.0E-12 

KEGG_PATHWAY focal adhesion 34 8.8E-8 

KEGG_PATHWAY PI3K-akt signaling pathway 41 6.2E-6 

GOTERM_CC_1 cell junction 106 6.6E-6 

 

 

924 “functional annotation clusters” were generated from the analysis in DAVID. The three 

annotation clusters with the highest enrichment scores had scores of 21.89, 18.02 and 16.2. 

Genes typically found to be overexpressed in very young breast cancer patients were related to 

extracellular environment, cell signaling, cell adhesion and cell junctions, and glycosylated 

proteins. Some genes (n=41) were also found to be associated with the PI3K-AKT signaling 

pathway, and 12 genes with ERBB signaling pathway (adjusted p-value = 6.9E-2). When only 

GO-terms were investigated, genes related to extracellular matrix, cell and tissue differentiation 
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and development, cell motility, and angiogenesis were found to be significantly overexpressed 

in VYWBC. 

Only 174 functional annotation clusters were generated in the DAVID GO analysis when the 

176 genes expressed at low levels in VYWBC, and conversely, at high levels in older patients, 

were investigated. These genes had overall low enrichment scores and high p-values for all 

biological pathways and clusters, making it difficult to draw any conclusions on the most 

important processes, see Table 8.  

 

Table 8. GO terms enriched in older breast cancer patients from DAVID analysis 

Category 

(database/resource) 

GO Term Number 

of genes 

Adjusted p-value 

(Benjamini-Hochberg) 

UP_KEYWORDS peroxisome biogenesis disorder 5 1.1E-3 

GOTERM_MF_3 tetrapyrrole binding 9 4.2E-3 

GOTERM_CC_3 organelle membrane 39 4.3E-3 

GOTERM_CC_4 cytoplasmic part 88 8.0E-3 

GOTERM_CC_2 endomembrane system 51 8.0E-3 

UP_KEYWORDS heme 8 1.1E-2 

GOTERM_CC_3 endoplasmic reticulum 27 2.2E-2 

 

 

When investigated in DAVID, the genes overexpressed in older breast cancer patients were 

genes related to peroxisomes (macromolecule degradation), endomembrane system, and heme 

groups, among others. There was also some aromatase activity present, but not at a significant 

level (p>0.05).  

The list of 176 genes included ESR1, which had the highest expression value in tumors from 

the older women with breast cancer. 

 

 



73 

 

6.5.1 Association between ESR1 expression and age  

ESR1 is a gene shown to have expression highly associated with both breast molecular subtypes 

and age (134). The gene was significantly associated with age both before and after adjustment 

for subtypes, indicating that important factors associated with age were maintained after 

correction. In Figure 23 a) we see the linear regression slope after correcting for subtypes, and 

in Figure 23 b) we see the linear regression slope when we do not correct for subtypes. 

Following are the results from the stratified analysis on ERS1 gene expression used to illustrate 

the influence of subtypes on age within each subtype (Figure 24 and Figure 25). All figures 

were generated using linear regression in QOE. The ESR1 gene expression for each patient is 

presented on the y-axis, while age at diagnosis is ordered after increasing age on the x-axis. 

Each patient’s ESR1 expression mark is colored after assigned molecular subtype (dark blue = 

luminal A, light blue = luminal B, pink =HER2-enriched, red = basal-like, green = normal-

like).  
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Figure 23. Scatterplot of ESR1 expression as a function of age. Data are shown for each of 

the 810 tumors from TCGA. (a) ESR1 expression versus age after adjustment for subtypes, with 

a slope of 0.0220 and a correlation coefficient of 0.2902. (b) ESR1 expression versus age 

without correcting for subtypes, with a slope of 0.0162 and a correlation coefficient 0.2136.  

 

There is a positive linear correlation between ESR1 expression and age, where expression of 

ESR1 increases with age, both before and after subtypes are corrected for. The slope of the 

linear regression curve is steeper when subtypes are adjusted. Expression of ESR1 in luminal A 
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and luminal B subtypes is higher and more similar with each other compared to the other 

subtypes. HER2-enriched, normal-like and basal-like subtypes generally have low or no ESR1 

expression. A similar analysis was carried out, but stratified for the subtypes (Figure 24).  

 

 

Figure 24. Scatterplots of ESR1 expression as a function of age in luminal subtypes. (a) 

Scatterplot of ESR1 expression versus age in luminal A tumors (n=397). The correlation is 

relatively strong with a slope of 0.0382 and a correlation coefficient of 0.5154. (b) Scatterplot 

of ESR1 expression versus age in luminal B tumors (n=185). Slope of 0.0318 and a correlation 

of 0.4153.  
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Luminal A tumors have the strongest correlation of ESR1 gene expression with age, thus 

showing the largest difference between very young and old breast cancer patients. The 

correlation is lower in luminal B tumors, but there is still a prominent change in ESR1 

expression when age increases in these tumors. 

The association between ESR1 and age was also investigated in the ER-negative tumors and 

normal-like tumors (Figure 25). 
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Figure 25. Scatterplots of ESR1 expression as a function of age for basal-like, HER2-

enriched, or normal-like subtypes. (a) The scatterplot shows basal-like tumors (n=139), with 

a slope of 0.004 and a correlation coefficient of 0.0506 between ESR1 expression and age at 

diagnosis. (b) The scatterplot depicts the expression of ESR1 gene in correlation with age in 
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HER2-enriched tumors (n=67), showing a slope of 0.0025 and a correlation coefficient of 

0.0333. (c) Normal-like tumors (n=22) had a positive slope of 0.0258 and a correlation 

coefficient of 0.0272.  

The three other subtypes have a positive, albeit low, correlation between age and ESR1 

expression, showing lines with small slopes. HER2-enriched tumors have the smallest 

difference in expression between very young and old women, with a slope of 0.0025.  

In summary, ESR1 expression does not vary substantially with age, suggesting that there is little 

or no correlation between this gene and age in these three subtypes. 

 

Genome-wide, stratified analysis of association with age 

We performed a stratified gene expression association analysis with age separately in luminal 

tumors (mostly ER-positive patients) and non-luminal tumors (HER2-enriched, normal-like 

and basal-like tumors – mostly ER-negative patients). Within each of the two groups, the 

association with age was tested at one gene at a time. The resulting p-values were corrected for 

multiple testing, and a FDR threshold of 0.001 was used, as described earlier in section 6.5. 

Within the luminal tumor group, we found 1668 genes significantly associated with age. Within 

the non-luminal group, no significant genes were found. One reason for this could be the low 

number of patients, thus a lower power to detect significant associations. In our previously 

presented age analysis, resulting in the 1147 gene list, we combined all subtypes, thus the 

number of patients within the regression analysis was higher, and therefore also giving a higher 

power to detect interesting genes.  

In Figure 26, the intersection between the 1668 gene list and the previously defined 1147 gene 

list shows 1027 overlapping genes.  
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Figure 26. Venn diagram of genes associated with age from two different analyses. Red 

indicates the 1147 genes found to be associated with age across all age groups in all tumor 

subtypes in the TCGA data, while yellow represents the 1668 genes linked to age in only 

luminal A and luminal B subtypes (ER-positive subtypes).  

 

It appears that among our 1147 age-related genes, most are significant in the luminal tumors. 

In addition, 120 genes were identified which were not among the genes associated with age in 

luminal tumors. These could be interpreted as associated with age in non-luminal tumors, but 

were not however, detected in the stratified analyses, suggesting that the age-analysis 

combining all subtypes performed earlier in this chapter (6.5) reveals more information about 

the tumors association with age 

 

6.6 Prognostic features in the OSLVAL cohort 

A unique feature of the OSLVAL cohort was the available clinical information on the patients, 

including survival data, enabling prognostic tests related to VYWBC and their potential risk 

factors. A variety of different parameters was evaluated in stratified Kaplan-Meier (KM) 

analysis, including molecular subtypes, BMI, ER status, relatives with cancer, parity and 

number of children at diagnosis. Only ER status and the intrinsic subtypes were informative 

with respect to survival, see Figure 27.  
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Figure 27. Kaplan-Meier plots. Time depicted in years. (a) Survival stratified by ER status. 

Pink indicates ER-positive, and blue indicates ER-negative. Tumor samples lacking ER status 

were not included. (b) Survival stratified by the five intrinsic subtypes. 

 

Overall, the survival was poor no matter the ER status and subtype. ER-positive patients 

appeared to have a slightly better survival than ER- negative patients the 10 first years after 

initial diagnosis. However, only trends in the data could be explored, because the cohort was 

not sufficiently large to perform any statistical tests with significant results nor generate 

survival models.  

 

6.6.1 BRCA1ness-related analysis  

Approximately 5-10% of all breast cancers are thought to be a result of an inherited component, 

and around 10-12% of these hereditary malignancies are attributed to BRCA1/2 mutations 

(135). Women diagnosed with early-onset breast cancer, and who has first- or second- degree 

relatives with breast or ovarian cancers are especially represented in this group. These women 

are genetically susceptible at accumulating mutations, and therefore often have a poor survival 

and high risk of relapse (136). None of the patients from the OSLVAL cohort had undergone 

genetic consulting regarding potential heritable breast cancer. Since BRCA1 status has an 

impact on prognosis in VYWBC, we wanted to explore its expression signature in the OSLVAL 

data. 
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The expression of a gene signature comprising 77 genes recently found to be correlated with 

“BRCA1ness” (85) was investigated in our data using QOE (Figure 28). When presented in a 

heat map, this analysis enables the exploration of gene expression profiles associated with 

BRCA1ness without knowing the BRCA1 mutation status. An unsupervised clustering of the 

77 BRCA1ness-related genes across the OSLVAL tumors revealed a tendency of clustering by 

the intrinsic subtypes, indicating the strong role of the molecular subtypes in the data.   

 

Figure 28. Unsupervised clustering of the OSLVAL cohort using a BRCA1ness gene 

signature. The heat map was generated by unsupervised clustering of 77 genes important in 

determining BRCA1ness (85) across the OSLVAL cohort. Three clinicopathological 

parameters with possible association to the BRCA1ness signature were included to investigate 

the association with age, subtypes and survival. The clinical parameters are color-coded with a 

continuous color range, where green indicates low values, and red indicates high values. White 

indicates “NA”. Molecular subtypes are color-coded as follows: dark blue = luminal A, light 

blue = luminal B, pink =HER2-enriched, red = basal-like, green = normal-like 
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7 Discussion 

 

7.1 Ethical considerations 

7.1.1 Ethical approval of research projects 

Researchers have a great responsibility in protecting patient information and privacy in 

accordance with the Norwegian laws of research ethics and medical research. Medical and 

health associated research projects, general and thematic research biobanks, and dispensation 

from confidentiality requirements for other types of research are required to have authorization 

in advance of any experiments or tests (137). These approvals are governed by the Regional 

Committees for Medical and Health Research Ethics (REC). There is also an obligation to apply 

for approval from REC when the projects involve trials on humans (or human material) (137). 

This project include research on human fresh-frozen breast tumor samples acquired from the 

Norwegian Radiumhospital in the 1980’s. REC-approval was obtained prior to this project (ref. 

nr.: 2010/498). 

Merging of data from two different sources or patient cohorts requires REC-approval for both 

cohorts. Application of permission to merge the 22 samples from the OSLVAL cohort with an 

independent, larger data set for increased statistical power is under review.  

Early in the project, there were discussions regarding which detection platform that should be 

utilized for the RNA analysis; RNA sequencing or gene expression microarray, and by whom 

and where the analysis should be performed. Gene expression microarray analysis performed 

on site was decided to best preserve patient data and be the most cost- and time-efficient for 

this master project. In addition, this approach gives valuable laboratory experience for the 

master student. RNA sequencing is generally quite expensive, but can be performed at a lower 

cost at service facilities in other countries. However, this is not straight forward when working 

with human material, largely due to insecurities regarding protection of patient privacy and 

material safety abroad.  
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7.1.2 Research that potentially disclose inheritable risk 

We wanted to investigate the BRCA1ness signature (i.e. a signature associated with BRCA1 

defects, without searching for BRCA1 mutations) in the tumor samples from the OSLVAL 

cohort. BRCA1 provides important information about possible clinical outcome, and may 

explain why some of the women in the OSLVAL cohort got breast cancer at such an early age.  

Breast cancer at a very young age is associated with mutations in the DNA repair genes BRCA1 

and BRCA2, which dramatically increases the risk of getting breast and ovarian cancer (138). 

Often, these mutations are germline mutations, which represent a risk of being passed on to the 

next generation. Hence, certain experiments which imply BRCA1/2 detection (i.e. DNA 

analyses) need written informed consent from the patient prior to the tests, since the research 

may reveal knowledge about cancer susceptibility for the entire family. Therefore, special 

caution is required when working with breast tissue, especially in the OSLVAL cohort where 

several of the women were known to have had children.  

Appropriate handling and storage of experimental and clinical data, as well as tumor tissue 

material, is of uttermost importance. Clinical data requires the highest safety, and most of the 

data could only be accessed by certified personnel. Ultimately, the rights to the biological 

material and information obtained from the data belong to the affected patient. 

 

7.2 Methodological considerations 

7.2.1 Study population 

In the scientific literature, “young” age is defined in many ways: <35 years, <40 years, <45 

years, and premenopausal. The term “very young” aged is not consistently used, but tend to 

refer to patients ≤35 years of age. We have chosen to strive after a distinction between very 

young and young breast cancer patients, as the age groups ≤35 years and 40-49 years has been 

shown to confer different outcomes (139) and might have discrete underlying factors. However, 

this distinction in terminology is not as clear in all publications, illustrating that defining young 

age is not an easy task. The difficulties might largely be due to age being a continuous variable. 

By narrowing the definition, it is easier to distinguish biological entities related to age. 
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Therefore, also making a cut-off on age, rather than menopausal status, will better show the 

biological and etiological factors associated with breast cancer (140). Based on this, the cut-off 

for very young age in our study was set to 35 years or younger. The control group with “old 

women”, were decided to be 60 years or older, to establish two groups that were as pure 

premenopausal and postmenopausal as possible.  

Breast cancer among very young women is rare, which makes it difficult to obtain a reasonable 

number of samples to perform statistically significant analyses. All 31 breast tumor samples 

used in this thesis originated from the Børmer material, one of two major sampling collections 

completed in the beginning of 1980’s for the generation of the original OSLVAL cohort. 

Routines and protocols have changed a lot since then, and it is uncertain how well the tumor 

material has been treated during tissue collection and preservation. However, an advantage with 

the material is that the collecting was performed at the same hospital, thereby avoiding 

variations between protocols.  

To preserve high quality and biological relevant samples, quality controls and tests were 

performed at all steps in the generation of the OSLVAL expression data. These quality controls 

included evaluation of HE stained tumor sections, assuring appropriate yield and intact nucleic 

acids throughout the experiments, positive report from microarray run, and detection of 

potential outliers in expression data and further evaluation of these. Most of these quality 

controls are discussed in more detail in section 7.2.2. Samples were not included if controls 

suggested biological uninteresting or degraded material. Even so, sample variations due to 

differences in tissue content (e.g. mucinous, high amount of fatty tissue), sample quantities (e.g. 

tissue available, tumor cell count, RNA yield), and sample qualities (e.g. RIN) had to be 

accepted in downstream experiments to preserve a sensible number of samples. The number of 

samples that passed all quality controls were 22, see Appendix C for details on the experimental 

data.  

To investigate whether very young breast cancer patients have a unique biology, the gene 

expression data had to be compared to another age group of breast cancer patients. Preferably, 

the other (older) age group would be from the same original OSLVAL sample collection. 

However, when neither this group nor another independent cohort with relevant data could be 

merged with our OSLVAL cohort, a separate cohort was retrieved from public databases for 

age-related analyses; the breast tumor material in TCGA. These sequenced data could not 

directly be compared with the OSLVAL cohort, due to different detection platforms, but was 
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used as a training set to find gene expression related to age in breast tumors which later can be 

further investigated in the very young cohort. 

 

7.2.2 RNA isolation, yield and integrity 

Breast tumor DNA and RNA were isolated at the same time using one tissue sample per patient 

in QIAcube with the AllPrep DNA/RNA/miRNA Universal Kit (50). This purification method 

was chosen to obtain the maximum yield of nucleic acids from the minimum amount of sample, 

also saving valuable time. High quantities of tissue were available for isolation, making it easier 

to extract a high yield. Too much tissue would inhibit the isolation process by clogging the 

RNeasy mini spin columns, and was therefore avoided by having a minimum and maximum 

cutoff on tissue weight of >10 to <33 mg. During the isolation protocol, additional 

homogenization steps were performed to maximize RNA and DNA yield. Other possible 

adjustments included additional washing steps, and longer precipitation and incubation times, 

but these were not necessary in this project. Preferable, all protocols should be executed 

identical to prevent technical bias, but the adjustments performed were evaluated to being so 

small that they were considered negligible when comparing biological differences. Variations 

concerning RNA and DNA purity and yield was present after the isolations, but was not 

unexpected because of prior differences in tumor weight and varying tissue content.   

Precautions was made to prevent RNase contamination in all steps of the protocols, including 

wearing powder-free gloves, using sterile equipment, keeping a clean work-environment, and 

maintaining proper techniques as described by the protocols. Nevertheless, variations in the 

integrity of total RNA was apparent when analyzed with Agilent 2100 Bioanalyzer, by having 

RIN values ranging from low to high (2.40 to 8.10). Whether the degradation happened before 

or after isolation is difficult to establish, but since samples from the same isolation batches had 

different integrity values, degradation most likely happened in advance to the isolation 

procedures. A cutoff on RIN value at 5 was preferable for further gene expression experiments, 

but due to low sample number, all tumors were included. 

Impact of low RIN values on biological results are not established, but it appeared to be a link 

between degraded RNA profiles, gene expression frequency and the samples position in the 

PCA plots. Lower RIN values usually resulted in more negative and dispersed expression 
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patterns in frequency plots, and a more peripheral position in the cohorts PCA plot. The two 

major outliers VYWBC-09 and VYWBC-10 were good examples of this; even with their 

relatively small differences in RIN profiles, the two samples showed a noticeable difference in 

expression distribution and PCA plot position, see Figure 15 and Figure 16. When studying 

gene activity, positive (i.e. high expressed) gene expression is often more interesting and 

reliable to investigate than negative expression, because negative expression can be a result of 

other factors then cell activity (e.g. noise or technical bias). All three plots of sample VYWBC-

09 indicated degraded RNA, and the outlier was therefore excluded from the cohort. Sample 

VYWBC-10 had a poor RIN value, but both PCA plot position and distribution of expression 

frequency suggested that the differences observed might contain biological relevant 

information and was thus kept.  

The QC report generated from the Agilent Feature Extraction Software after the microarray 

experiment evaluated the microarray performance to be within thresholds, where all samples 

were marked as “Good” in the QC Metric set. When studying gene activity, positive (i.e. 

overexpressed) gene expression is often more interesting and reliable to investigate than 

negative gene expression, because negative expression can be a result of other factors then cell 

activity (e.g. noise or technical bias). The sample VYWBC-10 was separated from the other 

samples when unsupervised clustering was performed on OSLVAL, both in the heat map with 

genes from linear regression on age (p=0.05) and in the heat map with the 1147 genes (Figure 

22 in section 6.5) from TCGA thought to be related to age.  

 

7.2.3 Gene centering and subclassification using PAM50 

To investigate the composition of our cohort, the global distribution of ESR1 gene expression 

was evaluated in a density plot (see Figure 29). As previously mentioned, the gene is known 

for having bimodal distributions in breast cancer (125), which is also present in our data set.  
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Figure 29. ESR1 cutoff set and ER ratio calculated in R. Distribution of ESR1 expression 

values are shown on the y-axis, while the expression values are localized on the x-axis. Samples 

with ESR1 expression values above the ESR1-cutoff (red line) were classified as ER-positive, 

and samples below as ER-negative, in the PAM50 subtyping. 

 

 

ESR1 had a visible bimodal distribution, but only around 50% were ER-positive tumors, a 

smaller ratio than what is observed in the training cohort used to derive the PAM50 classifier 

(around 60% ER-positive tumors) (47). The distribution appeared to be coherent with the ER 

conclusions from the OSLVAL clinical data. The ratio between ER-positive and ER-negative 

tumors are possibly affected by the pre-selection of very young women, which are thought to 

have distinct subtype frequencies compared to older breast cancer patients (95). 

Although the distribution of molecular subtypes was approximately as expected from the 

literature, the pattern is probably influenced by the fact that we have a small cohort, illustrating 

one of the major disadvantages of subtyping with PAM50. PAM50 use normalization 

procedures and gene-centering techniques to remove batch effects and ensure comparability of 

gene expression levels between patients (141), making it sensitive to the composition and size 

of the cohort. Especially the assignment of subtypes is affect by the ratio of ER-positive and 

ER-negative tumors (125). Our modified version of the PAM50 classifier adjusts for this ratio. 

Recently, an alternative bioinformatical approach for molecular subclassification into the 

intrinsic subtypes were introduced, which aims to estimate patient subtype without being 

affected by cohort composition (122). This method, called Absolute Intrinsic Molecular 
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Subtyping (AIMS), intend to be insensitive to changes in normalization procedures and relative 

frequencies of ER-positive tumors, and applicable to datasets generated via both microarrays 

or RNA-sequencing. AIMS uses raw expression data, and instead of performing gene-

centering, the method does centering based on the relative relations between expression levels 

of different genes in a sample. The method would be interesting to test in future analyses. 

 

7.2.4 Finding genes related to age 

The TCGA cohort provided a large and heterogenous population with women of an appropriate 

age range between 26-90 years at initial diagnosis. Originally, OSLVAL was the object for the 

age-related studies, but changes had to be made since it is not possible to find genes associated 

with age when you have no other age-groups to compare with.  

For finding genes related to age in breast tumors, a genome-wide linear regression was 

performed on the 810 eligible TCGA samples with all available ages included. Linear 

regression was used to explain the impact of changes in age on gene expression. Linear 

regression was chosen over other association-analyses, like Pearson correlation or Spearman 

correlation, because of the possibility to do multivariate analyses and thereby include subtypes 

as a variable.  

Filtering away 10% of the genes with the least variance was also considered as a step prior to 

the linear regression analysis, as a way of minimizing the problem of multiple testing. This 

alternative was not pursued, as some important genes might have low variance, but still have 

associations with age, and could potentially be removed by the filtering.  

It is debatable whether it is best to adjust for subtypes or not, as both has advantages and 

disadvantages. One benefit of adjusting for subtypes is that one might uncover important 

patterns related to age which are over-shadowed by the dominant gene expression profiles of 

the molecular subtypes. In QOE, it is possible to adjust for different parameters by including 

the information as covariates in the linear regression. Still, some patterns and groupings related 

to subtype were observed, indicating the prominent influence of the factor and that it is difficult 

to remove completely from the gene expression profiles. 
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7.3 Biological considerations 

Very young women with breast cancer often exhibit more aggressive tumor phenotypes, leading 

to a poorer prognosis than in older women (95). Factors thought to influence the poorer 

prognosis in this patient group includes higher tumor grade at diagnosis, high tumor 

proliferation, spread to axillary lymph nodes, increased expression of HER2 and reduced 

expression of both ESR1 and PGR (98). As mentioned in the introduction, there is an ongoing 

debate whether this “poor-prognosis” phenotype is due to an overstimulation of molecular and 

cellular processes that forms the base for an aggressive disease in all women with this 

malignancy, or if it is based on a unique biology in VYWBC (99). In the following sections, 

the biological aspects of the findings in this thesis will be discussed in a larger context and the 

results compared with recent breast cancer research studies.   

 

7.3.1 Breast cancer and age 

It is important to study how breast cancer biology is affected by very young age, because of the 

high mortality, the loss of quality-life years, often delayed diagnosis, treatment complexity, and 

high costs in this patient group (reviewed in (142)). Even with increased research focus, this 

patient group continues to be a challenge to the public health (143).  

When gene expression changes across age in breast tumors from TCGA patients was 

investigated, the overall expression pattern revealed more genes active in young women 

compared to older women. Genes found to be highly expressed in very young breast cancer 

patients were often associated with biological processes such as cell signaling, secretion, cell 

motility, cell differentiation, development, angiogenesis, and cellular components including 

glycosylated proteins, cell junction factors, and extracellular matrix elements. Many of these 

processes indicates a central role of the tumor microenvironment in breast cancer progression 

among these women, in coherence with the cancer hallmarks (63) and as suggested by other 

studies (67, 144, 145). How tumor microenvironment is linked to VYWBC is gaining more 

attention, especially in associations with pregnancy (146). The tumor microenvironment might 

help in supplying nutrients and oxygen to the growing tumor through angiogenesis, and aid in 

immune evading and immune growth factor support. Still, very few genes were found to be 

associated with immune cells, inflammation responses, and immune infiltration, which also are 
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important factors of the tumor microenvironment (147), suggesting that the impact of tumor 

infiltration appears to not change with age. Even though tumor-infiltrating lymphocytes and 

tumor-associated macrophages are important components of the tumor microenvironment, and 

have shown prognostic value (148, 149), this was not under the scope of this thesis and was 

therefore not studied here. 

A few signaling pathways were enhanced among the breast tumors in very young women, 

including the PI3K/AKT signaling pathway. The PI3K/AKT signaling pathway is important for 

regulating the cell cycle, and acts through several different downstream effectors. Molecules 

known to enhance the pathways activity include EGF, IGF-1, and insulin, while for example 

PTEN acts as repressors (150). When overactive, the pathways promote cancer by reducing 

apoptosis and allowing proliferation. The pathway is thought to have a role in endocrine therapy 

resistance, by providing an escape route for tumors where ER signaling pathways have been 

blocked by ER antagonists (151, 152), thereby leading to a poorer prognosis. 

Only 176 genes were found to be highly expressed in tumors from older breast cancer patients 

in the age-related analysis. Low enrichment scores and high p-values subsequently prevented 

robust identification of pathways and processes more active in this group of women. Still, the 

GO terms most enriched included cellular components related to organelle membranes, 

cytoplasm, and the endomembrane system, as well as genes linked to tetrapyrrole-binding and 

peroxisome biogenesis disorder. In summary, these GO terms were more often associated with 

intracellular processes, cellular components and organelles, in contrast with the very young 

breast cancer patients for whom GO terms linked to the tumor microenvironment were 

identified. We do not know whether these are specific changes in breast tumors across age, or 

if its related to the normal tissue profile. However, gene expression data of normal breast tissue 

across different ages are rare, making these findings difficult to further investigate in human 

tumors (153). In future studies, such investigations could be assessed using tumor tissue from 

murine models, in addition to normal-adjacent tissue and tissue under different development 

phases (e.g. puberty, and pregnancy and involution).  
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7.3.2 Prognostic features of the OSLVAL cohort 

Several clinical characteristics were available for the OSLVAL cohort, including age at 

diagnosis, survival data, number of children when diagnosed, BMI, and different 

histopathological features. We decided to investigate survival of these patients by using Kaplan-

Meier (KM) estimates stratified by different clinical parameters. Most analyses were not 

informative with respect to survival and figures of these data were therefore not included in this 

thesis.  

For ER status, we observed a slightly better survival among women with ER-positive tumors 

than those with ER-negative tumors, as well as an overall poor survival in the entire OSLVAL 

cohort, regardless of subtype (Figure 27). However, due to the small cohort size in this study, 

we cannot conclude on survival differences between the different groups. 

Of note, ER status was not known for all tumors, which could have had impact on the survival 

analysis. However, from visual inspection and comparison between PCA plots of ER status and 

of ER values, respectively, the relative position of the samples indicated that two samples with 

unknown ER status could be interpreted as ER-negative tumors, and four other unknown 

samples as ER-positive tumors. It will be important to assess ER status on these samples in 

future analyses, for example by using IHC. In addition, FISH could also be performed to 

determine HER2-amplification.  

With median years of survival from diagnosis until disease-related death being 4.3 years, the 

survival in the OSLVAL cohort appeared to be worse than in other studies (154, 155). 

 

7.3.3 Significance of subtypes 

Subclassification of the OSLVAL cohort was performed using PAM50 in R, including 

adjustment for ER status (47). All the samples were grouped into one of the five intrinsic 

subtypes: luminal A, luminal B, HER2-enriched, basal-like, or normal-like. The classifications 

were compared with the distribution found in the TCGA cohort and with other datasets from 

the published literature. 
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Luminal A tumors are twice as common in old women compared to young women (95), and is 

the subtype associated with the best survival across all age groups (95, 156). Approximately 

50-60% of young women with breast cancer have a luminal subtype, but with a larger 

proportion of high proliferation, and high-grade tumors which exhibit more lymphovascular 

invasion than tumors in older patients. The proportion of luminal tumors (A+B combined) was 

59.1% in the OSLVAL cohort, while in the yTCGA cohort the equivalent number was 74%.  

VYWBC are known to have a higher incidence of more aggressive subtypes, such as         

luminal B, HER2-enriched and basal-like tumors (92, 95, 157, 158). For luminal B and basal-

like tumors, these frequencies coincided with the ratios found in the OSLVAL cohort but not 

in the TCGA cohort. The high frequency of these aggressive subtypes may in part explain why 

most of these women also had such low survival rate.  

HER2-enriched tumors had the most similar frequency between the OSLVAL cohort (4.5%), 

and the two TCGA groups (i.e. yTCGA and oTCGA) which had frequencies of 7.4% and 7.9%, 

respectively. In the OSLVAL cohort, only one tumor was classified as HER2-enriched, 

compared to a prevalence of around 5-10% in other studies (95, 157). The observed HER2-

enriched tumor frequency could be skewed by the small cohort size. 

The largest difference in subtype distribution between the OSLVAL and yTCGA cohort was 

the frequency of normal-like tumors. The OSLVAL cohort had a normal-like subtype frequency 

a little higher than expected (13.6%) (54). Very few tumors were characterized as normal-like 

in the TCGA cohort (approximately 1.6-3.7%). One explanation might be the high tumor-

percentage selection criteria for inclusion in the TCGA cohort, which is as high as 60% (159). 

This is a much stricter cutoff than of most other studies, including this project, which included 

samples with ≥30% tumor cells. Normal-like tumors have many characteristics similar to 

normal-tissue (88, 160), making this subtype difficult to interpret. Because of this, normal-like 

tumors might also be more dependent on the tumor cell cutoff than the other subtypes. The strict 

selection criteria could therefore explain the low normal-like subtype representation found in 

TCGA cohort. Other factors that could have had impact on the subtype distribution in the two 

cohorts include cohort size and composition, the use of different detection platforms, error in 

application, and differences in RNA integrity. 

Overall, the distribution of subtypes in the very young (≤35 years) and old (≥60 years) groups 

in the TCGA cohort resembled more than the two very young groups (OSLVAL vs yTCGA). 
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Additionally, the subtype characteristics of the OSLVAL cohort corresponded better with the 

scientific literature, again reflecting the selection criteria used for TCGA.   

Recently, a large study involving approximately 17,000 women with stage I to III breast cancers 

showed that survival of young women with breast cancer seem to vary by molecular subtypes. 

Additionally, there appeared to be a significant increased risk of breast cancer mortality among 

women with tumors classified with luminal subtypes in young (95). 

 

7.3.4 Unique biology in VYWBC? 

Young women with cancer typically face other challenges than older women. They are in a 

particularly vulnerable position, facing challenges such as careers in an early phase, fertility 

issues, family responsibilities, adverse effects of therapy with impact on sexuality and body 

image, and enormous psychological stress as a result of having a life-threatening disease at such 

a young age. It is important to understand the basis of this malignancy more, so that better 

treatment decisions can be made and the outcome among young women with breast cancer can 

be improved.  

Through this thesis, gene expression profiles of tumors from two independent cohorts were 

evaluated to investigate whether VYWBC have a unique biology compared to older breast 

cancer patients. The TCGA cohort was used for age-related gene expression analyses, and the 

OSLVAL cohort was used for evaluating molecular subtypes and survival.  

A difference in expression profile was observed between young and old breast cancer patients. 

Genes overexpressed in tumors from the very young were found to be associated mainly with 

extracellular components and pathways related to cell proliferation and development, while 

genes overexpressed in tumors from older women were generally linked to intracellular 

processes. This might not be so unexpected, because the female mammary gland goes through 

substantial developmental changes throughout life, especially during pregnancy, lactation, and 

involution periods in young women, and also breast atrophy in postmenopausal women (161). 

These events are mainly governed by hormonal fluctuations and growth factors (162), 

suggesting a contributing role of the surrounding, extracellular environment. 
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Diagnosis of breast cancer within 2 to 5 years after childbirth is an independent predictor of 

poor prognosis due to increased risk of metastasis (16, 163). 17 out the 21 women in the 

OSLVAL cohort had children when first diagnosed with breast cancer. No differences in 

survival according to parity or number of children at diagnosis was observed. However, this 

was most likely due to cohort size.  

Both IHC and molecular classification has been used to investigate whether the biology in the 

very young breast cancer patient is unique. Similar features and subtypes have been observed 

in all breast cancer patients, but present at different frequencies and with different clinical 

outcomes across age groups (88, 95, 164), indicating a distinct biology in very young women 

compared to older women. For example, there has been observed more luminal tumors among 

older patients, and an increased prevalence of TNBC and luminal B tumors among younger 

patients (90). This was also observed for the OSLVAL cohort in this project. A study performed 

by Cancello G. et al. in 2010, showed that very young breast cancer patients (≤35 years) which 

had TNBC, HER2-enriched or luminal B tumors had an increased risk of relapse compared 

with older patients with the same tumor subtypes (165), further demonstrating a different 

biology. Additionally, a very young age at diagnosis has been shown to be an independent 

prognostic factor for relapse and breast cancer-related death, despite intensive treatment (93).  

A meta-analysis of young women with breast cancer (<40 years) using prognostic signatures 

and gene classifiers from 20 different datasets showed enrichment of distinct molecular 

processes related to immature mammary epithelial cells (e.g. RANKL, c-Kit, BRCA1-mutated 

phenotype, mammary stem cells, luminal progenitor cells) and growth factor signaling (e.g. 

MAPK and PI3K related signaling pathways) (101). Genes related to stroma was also found to 

be overexpressed, suggesting a contributing role of the microenvironment for the support of 

tumor growth and proliferation. Combined, these processes could give a more aggressive 

phenotype. Overall, IHC-defined subtypes and various molecular classifications suggests a 

different biology in very young breast cancer patients compared to older premenopausal and 

postmenopausal patients.  

Arguments against a unique biology in VYWBC highlight that it is the overrepresentation of 

poor prognosis intrinsic subtypes and higher tumor grade that is the background for the 

aggressive phenotype and poor prognosis seen in young women with breast cancer (166). In 

contrast with the study which found 367 biologically relevant genes in young breast cancer 

patients when comparing with older breast cancer patients (100), a follow-up study correcting 
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for important clinicopathological and histopathological features, including grade, nodal status, 

ER status and molecular subtypes, did not find significant gene expression differences between 

breast tumors arising in women ≤45 years and ≥60 years (166). These results indicate that age 

alone does not contribute to the complexity of breast cancer above that of the molecular 

subtypes and grade. The basis for the overrepresentation of aggressive subtypes seen in 

VYWBC is not fully understood, but has been suggested to be the result of fluctuating hormonal 

and growth factor stimulus present in the young breast, and of other various risk factors (e.g. 

reproductive and body size exposures)  (140).  

Generally, there are research gaps with high impact on VYWBC that must be fulfilled; among 

them risk factors, long-term effect of treatment-related drugs, pregnancy-associated breast 

cancer, and the molecular mechanisms of metastasis and resistance, as well as deciding on the 

optimal treatments (167). There are major problems regarding resistance to therapy, largely due 

to escape pathways, intratumor heterogeneity, with sub-population of cells (possibly cancer 

stem cells), interactions with the tumor microenvironment, and deregulation and upregulation 

of certain pathways.  

Overall, it appears to be more evidence in favor of a distinct biology in VYWBC than against. 

However, important questions remains to be answered such as which processes and biological 

factors underpin the overexpression observed, why young women are more prone to aggressive 

subtypes than their older counterparts, to what degree hormones and growth factors are 

involved, and what role the tumor microenvironment have. 
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8 Conclusion and future perspectives 

Very young women with breast cancer (≤35 years) display more aggressive tumor features and 

have considerably poorer survival than older premenopausal and postmenopausal women with 

breast cancer. The aim of this thesis was to investigate whether these characteristics could be 

the results of a unique tumor biology. Most findings indicated that very young women with 

breast cancer have tendencies of a distinct biology, highlighted by the conclusions of our five 

objectives:  

 

1) A subgroup of 29 very young breast cancer patients was extracted from the original 

OSLVAL cohort, and REC approval was provided. Options surrounding handling of 

tumor material, protecting patient privacy and data, and ethical aspect regarding 

hereditary genetical experiments were carefully evaluated. Patient safety and privacy 

was maintained by following the REC-approval, safe storage of tumor material and 

obtained data, and preserved anonymity. 

2) A high-quality data set suited for gene expression analysis was generated from the 22 

fresh-frozen tumor samples from very young women with breast cancer. Quality was 

evaluated at all phases in the project; from tumor material preparing and handling by 

evaluating HE tumor staining and by using NanoDropTM and 2100 Bioanalyzer, through 

microarray expression data processing, removal of tumors classified as outliers. Finally, 

various descriptive data analyses were performed to ensure that our data was 

representative as a cohort of VYWBC.  

3) A subclassification of the 22 breast tumor samples in the OSLVAL cohort was 

performed using PAM50. The classification was evaluated to be successful based on the 

comparability with the literature of young women with breast cancer. Different subtype 

distributions were observed between young and older women. 

4) Genes associated with age in breast cancer patients were found using linear regression 

on 810 samples from the TCGA cohort. Subtypes were adjusted for, and FDR threshold 

set to 0.001. Total of 1147 genes were found to be associated with age in breast cancer 

patients from TCGA cohort, where genes highly expressed in “young” were related to 
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extracellular processes and elements, and genes highly expressed in “old” were mainly 

related to intracellular components. More genes were highly expressed in young breast 

cancer patients than in their older counterparts.  

5) Survival trends in very young women with breast cancer was investigated using Kaplan-

Meier plots stratified by different clinical parameters. Survival was poor regardless of 

subtype, with median years of survival from diagnosis being 4.3 years.  

 

The next step after this project would be first to expand our young cohort to also include a 

greater age span, for higher statistical power and more analyzing possibilities. This could be 

performed by merging the data with larger cohorts (e.g. Metabrick or OSL2), or by looking at 

multiple cohorts in a meta-analysis, by for example comparing to the TCGA data set. An 

advantage of our data set compared to the yTCGA is our high-quality survival data with long 

follow-up time. Our expanded data set could then be used to generate survival models across 

age, stratified by various clinical parameters (e.g. the five intrinsic subtypes, or parity and non-

parity), using Cox regression hazard models.  

The gene expression patterns found to be associated with age in the breast tumors in this thesis 

could be compared with normal tissue to see if the genes found are an attribute of the tumor 

profile, or merely pictures age-related difference found in all breast tissues. However, there are 

not adequate data available of high-quality normal human breast tissue across age, making 

model organisms (e.g. murine models) the most potential candidates for these investigations. If 

chosen for further studies, the murine models could also be used to explore the findings in this 

thesis related to tumor microenvironment, in the mammary fat pads. It would be especially 

interesting to study the mammary fat pad during puberty, in pregnancy-associated breast cancer 

and in involution periods, since these events appear to have high impact on breast tumor 

development and outcome. 

In addition, future studies should also investigate the mutation spectrums in tumors from young 

versus older women. For example, GATA3 mutations has been reported to be independently 

associated with breast cancer in younger women (76). Interesting genes differently expressed 

in cellular or developmental processes could be further explored experimentally in knock-out 

or knock-in cell line assays, in vitro or in vivo in model organisms.  
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Nevertheless, even with the multiple differences and trends observed, it is not possible to 

determine whether VYWBC have a unique biology solely based on transcriptomic data. More 

research must be performed on other forms of omics-studies; like genomics, epigenetics, and 

proteomics, as well as drug-response related studies to further elucidate this topic.  
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9 Appendix A 

Clinical data of the OSLVAL cohort 
 

 

Table A.1: Patient and tumor characteristics from Medinsight  

Sample ID Age at 

diagnosis 

Years from 

diagnosis 

to death 

ER 

status 

PR 

status 

Number 

of 

children 

(before 

diagnosis) 

Number 

of family 

member 

with 

cancer 

BMI T N M 

VYWBC-01 34,7 2,4 0 0 1 NA 27,8 T2            N0           NA 

VYWBC-02 31,8 0,8  NA NA 4 0 19,5 T4            N2           M0       

VYWBC-03 32,1 2,1 0 0 2 0 NA  T4b          N3          M0       

VYWBC-04 28,6 4,3 NA NA 0 NA 20,7 T3            N1           M0       

VYWBC-05 29,6 7,8 1 0 3 0 22,5 T1c          N1           M0       

VYWBC-06 33,4 5,3 NA NA 0 0 20,2 T2            N3          M0       

VYWBC-07 31,4 0,8 0 1 1 0 21,8 T1c          N1           M0       

VYWBC-08 34,6 NA NA NA 0 0 NA  T2            N1           M0       

VYWBC-09 31,8 NA 1 1 0 0 20,2 T1c          N0           M0       

VYWBC-10 30,7 7,9 NA NA 3 0  NA T2            N1           NA 

VYWBC-11 34,5 10,5 0 0 4 0  NA T1c          N0           M0       

VYWBC-12 32,0 3,2 NA NA 0 0 20,3 T2            N1           M0       

VYWBC-13 34,9 10,2 1 1 NA NA  NA T1c          N1           NA 

VYWBC-14 35,3 NA NA NA 3 0 21,3 T1c          N0          M0       

VYWBC-15 35,3 1,6 1 0 1 0 21,8 T1            N1           NA 

VYWBC-16 33,0 NA 1 1 1 2 26,8 T3            N2a        M0       

VYWBC-17 30,4 2,3 0 0 2 NA 24,9 T2            N0           M0       

VYWBC-18 35,0 5,8 0 0 3 NA 24 T1c          N0           M0       

VYWBC-19 33,3 20,0 0 0 2 1 31,2 T2            N0           M0       
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VYWBC-20 31,1 4,1 1 NA 2 1 20,8 T3            N2a         M0       

VYWBC-21 29,1 17,9 1 1 2 1 20,4 T1            N1           M0       

VYWBC-22 32,9 4,5 1 1 3 0 19,9 T1            N3          M0       

VYWBC-23 32,9 0,5 0 0 2 0  NA T3            N2           M1       

ER status; 0 = negative, 1 = positive. PR status; 0 = negative, 1 = positive. T (tumor size); T1 = ≤ 2 cm, T1c = >1-2 cm, T2 

= >2-5 cm, T3 = >5 cm, T4 = Chest wall/skin, T4b = Skin. N (nodal involvement); N0 = No axillary lymph node-

metastasis, N1 = mobile axillary lymph nodes, N2 = Clinical, N2a = Immobile axillary lymph nodes, N3 = Tumor spread 

to more distant or numerous regional lymph nodes. M (metastases); M0 = No distant metastasis, M1 = Metastasis to 

distant organs. 
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10 Appendix B 

Required reagents and equipment 
 

 

Table B.1: Required reagents, supplier and catalogue number 

Reagent Supplier Catalogue number 

GIBCO Distilled water DNase/RNase-free Life TechnologiesTM 10977-049 

>70% EtOH Sentrallager RH20173 

RNase Away VWR 732-2352 

   

DNA and RNA isolation   

AllPrep DNA/RNA/miRNA Universal Kit 

(50) 

Qiagen 80224 

Filter-tips, 1000 µl (1024)  Qiagen 990352 

QIAshredder (50) homogenizer Qiagen 79654 

Rotor Adapters (10 x 24) Qiagen 990394 

   

2100 Bioanalyzer   

RNaseZap (6 x 250 ml) Ambion AM9782 

Agilent RNA 6000 Nano Kit Matriks 5067-1511 

   

Gene expression analysis   

Gene Expression Hybridization Kit Matriks 5188-5242 

Gene Expression Wash Buffer Kit Matriks 5188-5327 

Low Input QuickAmp Labeling Kit, One-

Color 

Matriks 5190-2305 

RNA Spike-in Kit, One Color Matriks 5188-5282 

RNeasy Mini Kit (50) Dustin 74104 

Sureprint G3 Human CGH Microarray Kit 

(8x60K) 

Matriks G4858A 

 

 

Table B.2: Required equipment 

Equipment Supplier Catalogue number 

Agilent Microarray Scanner Agilent G2565BA 

2100 Bioanalyzer Instrument Agilent G2939BA 

Hybridization chamber gasket slide (5) Agilent G2534-60014 

Hybridization Chamber Kit  Agilent G2534A 

Hybridization oven Agilent G2545A 

Hybridization oven rotator Agilent G2530-60029 
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STILLE, Dressing Forceps, 15 cm Agnthos 08-068-150 

Nuclease-free 1.5 ml microfuge tubes Ambion 12400 

Magnetic stir bar Corning 401435 

Magnetic stir plate Corning 6795-410 

RNA Nano chip Matriks 5067-1511 

QIAcube Qiagen 9001292 

Stainless steel beads, 5 mm (200) Qiagen 69989 

TissueLyzer LT Qiagen 85600 

Microtubes 2 ml, chronic bottom (100)  Sentrallager 72.693.005 

Scalpels nr. 20 (10) Sentrallager 1000309 

NanoDropTM ND-1000 UV-VIS 

Spectrophotometer 

Thermo Fisher 

Scientific 

ND-1000 

Slide-staining dish, with slide rack (x3) Thermo Shandon 121 

1.5 ml Eppendorf Safe-Lock 

microcentrifuge tubes 

VWR 213100-328 

2 ml Eppendorf Safe-Lock 

microcentrifuge tubes  

VWR 211-2120 

Clean cloth - - 

Heat blocks - - 

Microcentrifuge - - 

Nitrogen purge box for slide storage - - 

Pipetman micropipettes (P-10, P-20, P-

100, P-200, P-1000) 

- - 

Sterile, nuclease-free aerosol barrier 

pipette tips 

- - 

Timer - - 

Vortex mixer - - 
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11 Appendix C  

Patient and tumor characteristics in the OSLVAL cohort   
 

 

Table C.1: Molecular and clinicopathological data 

Characteristics  Description Number of 

patients 

% (Excluding 

missing) 

All  22 100 

Age ≤35 years 22 100 

Number of children 

(before diagnosis) 

0 

1 

2 

3 

4 

Missing 

4 

4 

6 

5 

2 

1 

19.0 

19.0 

28.6 

23.8 

9.5 

 

BMI Underweight (BMI<18.5) 

Normal weight (BMI=18.5-24.9) 

Overweight (BMI=25-29.9) 

Obesity (BMI≥30) 

Missing 

0 

13 

2 

1 

6 

0 

81.6 

12.5 

6.6 

 

Gene profile Luminal A 

Luminal B 

HER2-enriched 

Basal-like 

Normal-like 

7 

6 

1 

5 

3 

31.8 

27.3 

4.5 

22.7 

13.6 

ER –status Positive 

Negative 

Missing 

7 

8 

7 

46.7 

53.3 

PR – status Positive 

Negative 

Missing 

5 

9 

8 

35.7 

64.3 

Tumor status pT1 (≤2 cm) 

pT2 (>2-5 cm) 

pT3 (> 5 cm) 

pT4 

9 

7 

4 

2 

40.9 

31.8 

18.2 

9.1 

Nodal status Negative (N=0) 

Positive (N≥1) 

6 

16 

27.3 

72.7 

Death ≤5 years 

>5-10 years 

≥10-20 years 

Missing 

11 

4 

4 

3 

57.9 

21.1 

21.1 

 

RIN value 

(descriptive) 

Intact 

Adequate 

Degraded 

12 

8 

2 

54.5 

36.4 

9.1 
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12 Appendix D 

Experimental data of the OSLVAL cohort 
 

 

Table D.1: Tumor sample characteristics 

Sample ID Best tumor 

cell count (%) 

Histology 

comments 

Intrinsic 

subtype 

RNA integrity 

number (RIN) 

VYWBC-02 >75 small tumor Luminal B NA 

VYWBC-04 >75  - Luminal B NA 

VYWBC-15 >75  - Luminal B 7.7 

VYWBC-17 >75 DCIS? Basal-like 7.1 

VYWBC-21 >75  - Luminal A NA 

VYWBC-22 >75  - Luminal A 8.1 

VYWBC-08 75  - HER2-enriched NA 

VYWBC-03 70 DCIS Luminal A NA 

VYWBC-05 70 

some normal gland 

tissue Luminal B NA 

VYWBC-11 70  - Basal-like NA 

VYWBC-12 70 Recurrent Luminal B NA 

VYWBC-13 70  - Luminal B NA 

VYWBC-01 60  - Basal-like 2.5 

VYWBC-06 

60 some normal gland 

tissue Luminal A NA 

VYWBC-07 

60 some normal gland 

tissue Basal-like NA 

VYWBC-16 60 Some DCIS Luminal A 8.2 

VYWBC-18 60  - Normal-like NA 

VYWBC-19 60 DCIS?  Basal-like NA 

VYWBC-09 50 Mucinous  - 2.4 

VYWBC-23 50 DCIS Luminal A 2.5 

VYWBC-14 40  - Normal-like NA 

VYWBC-20 30 DCIS Luminal A 8.2 

VYWBC-10 30? 

Fibrosis, small 

tumor Normal-like NA 

 

 

 

 

  

 


