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ABSTRACT 

 

Advances in our understanding of the molecular mechanisms underlying breast cancer are 

leading to improvements in its management.  Many of the recent gene-based signatures 

developed for breast cancer have highlighted the importance of proliferative markers, 

leading to renewed interest in their role as prognostic and predictive agents.  Similarly, the 

small non-coding RNAs, microRNAs (miRNAs), have demonstrated potential as novel breast 

cancer biomarkers.   

 

The aims of this work were to identify prognostic targets in breast cancer and to evaluate 

expression of the miRNA let-7a in tumour tissue with the aim of exploring its role as a 

potential diagnostic target.  Immunohistochemical and in situ hybridisation (ISH) techniques 

were used to accomplish these aims. 

 

Firstly, a consecutive series of 666 invasive breast cancers was characterised on tissue 

microarray using an immunohistochemical panel.  Clinicopathological data and outcome 

status were collated for each case.  On multivariate analysis, nodal status, ER and Ki67 were 

independent predictors of disease-free survival (DFS) (p value <0.0001, 0.05 and 0.17 

respectively) and nodal status and ER were independent predictors of overall survival (OS) (p 

value <0.0001 for both).  Tumours were categorised into molecular subtypes.  It was found 

that DFS for molecular subtypes was best predicted by a classification system using ER and 

HER2 and OS by a classification system using ER, PR and HER2.  The HER2-overexpressing 

subtype had the poorest outcome for both survival measures. 

 

Secondly, immunohistochemistry for 10 of the genes analysed in the Oncotype DX Breast 

Cancer Assay was carried out on a series of 52 patients who had previously had Oncotype DX 

testing done as part of the TAILORx (Trial Assigning IndividuaLised Options for Treatment 

(Rx) trial.  These variables, when analysed together with routinely-assessed pathological 

variables, could predict Oncotype DX and TAILORx low, intermediate and high risk categories 

in up to 85% and 76% of cases respectively.  The most useful parameters were nuclear 

pleomorphism, PR, BAG1 and the proliferative markers Ki67 and survivin. 
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Finally, ISH was optimised for miRNA evaluation on formalin-fixed paraffin-embedded (FFPE) 

tissue.  A pilot study evaluating let-7a by ISH was carried out on the tumour tissue of 15 

patients who had previously had let-7a measured in circulating blood.  Expression was 

shown to be generally downregulated in breast tumour cells compared to benign cells.  No 

correlations were seen between expression in tumour tissue and blood levels.   

 

This work supports the recent publications highlighting the prognostic importance of 

proliferative activity in breast cancer.  In a small pilot project, the risk categories identified 

by the Oncotype DX assay could be predicted using a combination of traditional pathological 

variables and immunohistochemical assessment of the relevant proteins in the majority of 

cases.  Finally, ISH was optimised and shown to be a feasible method for miRNA evaluation 

in FFPE tissue.   
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 1.  INTRODUCTION 

 

1.1 Classification of breast cancer 

 

Breast cancer is the commonest malignancy in women and current estimates are that 1 in 8 

women will develop breast cancer during her lifetime.  In Ireland, approximately 3,000 

women are diagnosed with breast cancer every year and approximately 900 women will die 

of the disease annually1.  The incidence of breast cancer in Ireland, similar to most 

developed countries, is increasing.  It is likely that some of this rise in incidence is due to the 

availability of breast cancer screening, which detects cancers that may otherwise not have 

been diagnosed. 

 

Improved understanding of the aetiology and pathogenesis of breast cancer will lead to 

better treatment strategies and a decrease in disease mortality.  It is increasingly recognised 

that breast cancer cannot be recognised as a single entity; breast tumours represent a 

diverse and heterogeneous group of diseases.  Evaluation of traditional parameters such as 

tumour size, histological grade and lymph node status, together with assessment of 

hormone and HER2 receptor status, has been the main method by which individual patient 

treatment has been guided to date, along with clinicoradiological correlation.  However, it 

has become increasingly apparent that an individualised approach to treatment based on 

the different characteristics of the disease will improve the outcome for women with breast 

cancer.  To date, targeted therapies such as tamoxifen, aromatase inhibitors and 

trastuzumab are part of routine management.  In the future, it is anticipated that an 

increasing number of targeted treatment strategies will be available for breast cancer 

patients, based on knowledge of the molecular characteristics of their particular tumour.  

Newer targeted therapies are currently being evaluated in clinical trials, e.g. poly-(ADP-

ribose) polymerase (PARP) inhibitors2 and inhibitors of the HER1-RAS pathway3.  Gene-based 

assays have been developed which create a “gene signature” for each tumour.  It is hoped 

that incorporation of these assays into clinical therapeutic guidelines will mean that breast 

cancer treatment in the future will be reserved for patients at greatest risk of recurrence.  



Chapter 1: Introduction 

 

2 

 

Ideally, chosen therapies will benefit those most likely to respond and will not be used for 

those unlikely to benefit. 

 

1.1.1 Traditional histological classification 

 

Classification of breast tumours by morphological appearance has been the traditional 

method of pathological assessment of breast cancer.  One method by which tumours can be 

classified morphologically is by histological type and tumours can be classified into 

biologically and clinically significant subgroups on the basis of this.  Up to 20 different 

histological types of breast cancer have been defined (table 1.1).  Of these, invasive ductal 

carcinoma of no special type (IDC-NST) constitutes 40-75% of tumours in most published 

series 4.  IDC-NST represents a diagnosis of exclusion, a tumour which does not fit the criteria 

to be classified as another special type5.  The next most common type is invasive lobular 

carcinoma (ILC), which represents approximately 12% of tumours.  The remainder of breast 

tumours consist of several special types that occur in much smaller numbers. 

 

Although histological type has been shown to convey important clinical information6, its 

usefulness for targeting therapy for individual patients has been somewhat limited.  This is 

mostly because there is a lack of standardised criteria for the diagnosis of special types.  

Also, there is high inter-observer variability.  The low prevalence of certain subtypes has 

meant that they have not been systematically investigated as prognostic tools, e.g. the first 

breast cancer gene expression profiling (GEP) experiments carried out by Perou et al. in 

20007 examined only IDC-NSTs and two ILCs.   

 

The two major histological types of breast cancer - IDC and ILC – have similar prognoses and 

are treated similarly8, even though they may display different clinical, histological and 

biological features.  Tubular carcinoma, however, is a special type of breast tumour of 

particular interest because it is associated with an especially good prognosis.  Tubular 

carcinomas represent 2-4% of all breast tumours5 and are reported to have survival rates 

close to normal life expectancy9.  Similarly, the rare adenoid cystic tumours of the breast are 

associated with an excellent prognosis.  At the opposite end of the spectrum, metaplastic 

carcinomas and micropapillary carcinomas are associated with poor outcome5,10-12. 
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Table 1.1 Histological classification of epithelial tumours of the breast and the incidence of 

each class 

Tumour type Percentage incidence 

Invasive ductal carcinoma, no special type 40-75 

Invasive lobular carcinoma 5-15 

Tubular carcinoma <2 

Invasive cribriform carcinoma 0.8-3.5 

Medullary carcinoma 1-7 

Neuroendocrine tumours 2-5 

Mucinous carcinoma 2 

Invasive papillary carcinoma 1-2 

Invasive micropapillary carcinoma <2 

Apocrine carcinoma 0.3-4 

Metaplastic carcinomas <1 

Lipid-rich carcinoma <1-6 

Secretory carcinoma <0.15 

Oncocytic carcinoma Occasional cases only 

Adenoid cystic carcinoma 0.1 

Acinic cell carcinoma 7 reported cases 

Glycogen-rich clear cell carcinoma 1-3 

Sebaceous carcinoma 4 reported cases 

Inflammatory carcinoma 1-10 

Adapted from Pathology and Genetics of Tumours of the Breast and Female Genital Organs (World Health 

Organization Classification of Tumours).  FA Tavassoli, P Devilee.  IARC Press.  Lyon, 2003. 

 

Tumour grade is another means of histological classification of breast cancers.  Grading is 

based on assessments of tubule/gland formation, nuclear pleomorphism and mitotic 

counts13.  This system was initially developed by breast pathologists in Nottingham and is 

now known as the Nottingham Grading System (NGS).   The prognostic significance of the 

NGS was initially shown in 199113 and has since been validated in several independent 

studies (reviewed in Rakha et al.14).  The NGS has also been incorporated into validated 

prognostic algorithms such as the Nottingham Prognostic Index15.  The downfall of tumour 

grading, however, is that its assessment is subject to inter-observer variability, in particular 
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with regard to assessment of nuclear pleomorphism13.  Many attempts have been made to 

improve the prognostic power of tumour grading, including a recently published modified 

grading system utilising mitotic count and Bcl2 score16.   

 

1.1.2 Breast cancer management based on traditional classification   

 

To date, evaluation of the histologic parameters grade and histological type as described 

above, together with assessment of tumour size, lymph node status, hormone and HER2 

receptor status, has been the main method by which individual patient treatment has been 

guided.   

 

Axillary lymph node status is the single most important predictor of disease-free survival DFS 

and OS in breast cancer patients17-20.  Just 20-30% of NN patients will develop a recurrence 

within 10 years, compared to approximately 70% of patients with node-positive disease21.  

The absolute number of axillary nodes involved is also prognostic; patients with ≥4 positive 

nodes have a worse prognosis than those with <4 positive nodes21.   

 

Tumour size is also one of the most powerful predictors of tumour behaviour in breast 

cancer17,18,22-25.  Tumours <1cm in size are associated with nodal metastases in 10-20% of 

cases22,26 and node-negative (NN) patients with tumours of this size have a 10-year disease-

free survival (DFS) rate of approximately 90%26-28.  The importance of tumour size in 

management of breast cancer was highlighted at the 11th St. Gallen (Switzerland) meeting in 

2009, which attempted to establish consensus guidelines on the primary treatment of early 

breast cancer.  According to St. Gallen guidelines29, for hormone-positive, HER2-negative 

patients, tumour size >5cm is a relative indication for chemoendocrine therapy, whereas 

tumour size ≤2cm is a relative indication for endocrine therapy alone.  Intermediate tumour 

size of 2.1-5cm is not useful for decision-making.   

 

Grading of breast tumours is an important prognosticator that allows risk stratification 

within a given tumour stage30-33.  Tumour grade has been shown to be an independent 

prognostic factor in specific breast cancer subgroups, including ER-positive patients who 

have not 34 or who have35 received neoadjuvant hormonal therapy and patients with NN36-39 

or node-positive37,40 breast tumours, regardless of ER expression.  Some authors believe that 
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the tumour grade would be a valuable addition to the TNM staging system and would aid 

treatment decisions which are based on that system14.  St. Gallen guidelines indicate that 

high tumour grade is a sufficient indication for chemotherapy in ER-positive, HER2-negative 

patients29.  Similar to tumour size categorisation, the intermediate grade category is not 

useful for decision-making.  The genomic grade index (detailed below in section 1.1.3.2), a 

gene-based assay, may provide a useful adjunct – where available - to histologic grade in 

difficult cases29. 

 

Hormone and HER2 receptor status are routinely used predictive markers to guide 

treatment.  Hormone receptor status acts primarily as a predictive factor for tumour 

response to therapeutic and adjuvant hormonal treatment41-50.  The presence of any 

detectable ER is an indication for adjuvant endocrine therapy29 and either tamoxifen or 

tamoxifen with ovarian function suppression, for 5 years, is an accepted standard for 

treatment of pre-menopausal women with hormone-positive breast cancer51.  Aromatase 

inhibitor therapy is being used increasingly in post-menopausal women52. 

 

The targeted anti-HER2 monoclonal antibody trastuzumab is indicated in patients with 

HER2-positive disease.  Trastuzumab was first introduced for metastatic breast cancers with 

overexpression of HER2 in 200153.  Subsequently, in 2005, it was licensed for use in early 

breast cancer, after the results of the HERA (Herceptin Adjuvant) trial54 showed that 1 year 

of trastuzumab therapy post-adjuvant chemotherapy treatment significantly improved the 

disease-free survival (DFS) of patients with HER2-positive disease.  HER2 positivity is defined 

as either uniform, intense membranous staining in >30% of tumours on 

immunohistochemical analysis or gene amplification by fluorescence in situ hybridisation 

(FISH) or chromogenic in situ hybridisation (CISH).  The role of trastuzumab in NN tumours 

<1cm in size is less clear, as the adverse prognostic significance of HER2-positivity is not as 

well established in these small tumours55-57.   

 

In summary, current management of breast cancer involves a combination of assessment of 

clinicopathological features and hormone and HER2 receptor status.  ER and PR status 

should be measured on every primary invasive breast cancer (IBC) and hormonal therapy 

initiated if appropriate58.  HER2 status should also be assessed on every tumour.  Whilst its 

overexpression is generally associated with a poor prognosis, use of HER2 clinically for 
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determining prognosis is not recommended and it is primarily indicated as a predictive 

marker of benefit from anti-HER2 therapies58.  Newer markers which are currently being 

assessed include proliferative indicators such as Ki67, the cyclin family and topoisomerase 

IIα.  Whilst these markers are promising, they are not currently recommended for clinical 

practice58.  Other new prognostic tools which have recently been incorporated into 

American Society of Clinical Oncology (ASCO) guidelines are multi-parameter gene 

expressions assays such as Oncotype DX, which is currently recommended for use in patients 

with ER-positive, NN breast cancer (section 1.2)58.  

 

1.1.3 Molecular classification of breast cancer: results from gene 

expression profiling experiments  

 

Whilst histological examination is still very much at the core of breast cancer assessment, 

over the past decade the introduction of molecular techniques, in particular array-based 

expression profiling experiments, has provided new insight into the molecular heterogeneity 

of breast cancer.  Preliminary studies suggest that molecular analysis has the potential to 

provide information for prognostication and prediction of therapeutic response above that 

provided by traditional methods.  

 

1.1.3.1 Development of the intrinsic classification system  

 

Initial gene expression profiling (GEP) experiments on breast tumours were carried out by 

Perou et al. in 20007.  Complementary DNA (cDNA) microarrays were used, representing 

>8,000 genes, to characterise expression patterns in 65 breast tumour specimens from 42 

individuals.  It was found that the patterns identified provided a distinctive molecular 

portrait of each tumour and it was thereby postulated that tumours could be classified into 

molecular subtypes distinguished by differences in their gene expression patterns.  The 

subgroups proposed were: luminal, characterised by expression of genes found in normal 

breast luminal epithelial cells; HER2-overexpressing, characterised by expression of HER2-

related genes and lack of expression of luminal-related genes; basal-type, characterised by 

expression of genes typical of breast basal epithelial cells and normal type, characterised by 

expression of genes found in benign breast tissue, e.g. basal epithelial cells and adipose cells.  
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(The “normal” subgroup has since, however, been somewhat disregarded, as it is thought 

that is may have arisen due to contamination from normal breast stromal tissue in the 

samples, see section 1.1.4 below).   

 

This initial work was followed up in 2001 by a second paper from the same group which 

expanded on their previous experiments by analysing a larger number of cases and by 

correlating the subgroups with clinical outcome59.  cDNA microarray experiments were 

carried out on 78 tumours, 3 fibroadenomas and 4 normal breast specimens and analysed by 

hierarchical clustering.  It was found that the molecular subgroups described above could be 

identified but that also, the luminal subgroup could be further divided into luminal A and 

luminal B.  Luminal A tumours differed from luminal B tumours by lower expression of 

proliferative genes and by better outcome.   

 

Thus, the concept of “intrinsic classification” of breast cancer based on gene expression 

became known and has been validated in several independent datasets60-65.  Breast tumours 

could be divided into 5 intrinsic subtypes: luminal A, luminal B, HER2-overexpressing, basal 

type and normal type, which showed different clinical behaviour and outcome. 

 

The luminal group comprised two subgroups: luminal A and luminal B.  Luminal tumours are 

so-called because their gene expression pattern resembles that of the luminal epithelial 

component of the breast.  These tumours show expression of ER-related genes and low 

expression of proliferative genes.  Luminal B tumours also show expression of ER-related 

genes.  However, they frequently show higher expression of proliferative genes, are often of 

higher grade and occasionally show TP53 mutations.  Approximately 30% of luminal B 

tumours show over-expression of HER2 on immunohistochemistry66. 

 

Together, luminal tumours constitute the most common molecular subtype of breast 

tumour and represent approximately 50% of all tumours in most series (luminal A 40%, 

luminal B 10%)63,67,68.  Tumours of this subgroup are associated with a good prognosis and 

can be treated with targeted therapies, e.g. selective oestrogen receptor modulators 

(SERMS), such as tamoxifen or, in post-menopausal women, aromatase inhibitors such as 

anastrozole.  It has been postulated that the poor prognosis associated with breast cancer in 
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certain ethnic groups, such as African-Americans, is because these groups develop fewer 

luminal A tumours63,67,69. 

 

The HER2 gene is on chromosome 17q12 and it encodes a transmembrane tyrosine kinase 

receptor of the epidermal growth factor (EGFR) family.  The HER2-overexpressing subtype of 

breast cancer is characterised by lack of expression of luminal/ER-related genes and 

overexpression of HER2-related genes.  This subtype comprises approximately 10% of all 

breast tumours63.  It shows expression of proliferative genes.  Consequently, tumours are 

frequently high-grade and 50% of them exhibit TP53 mutations63.  Before the introduction of 

trastuzumab into breast cancer treatment in 2001 for metastatic disease53 and in 2005 for 

early breast cancer54, tumours of HER2-overexpressing type were associated with a poor 

prognosis59,60,64,65.  It is expected, however, that trastuzumab therapy will convey an 

improvement in survival to those patients with HER2-overexpressing tumours, as it has been 

shown to be of large benefit in such cases54,70.  It is too early, however, for this improvement 

in survival to be demonstrated.   

 

The HER2-overexpressing subtype may also show overexpression of genes that lie near HER2 

on chromosome 17, such as the growth factor receptor-bound protein 7 (GRB7) gene.  

Interestingly, not every tumour of the HER2-overexpressing subtype by GEP will actually 

show HER2 amplification and/or overexpression.  Therefore, some observers prefer to use 

the term “HER2-enriched” to describe the group71.   

 

It is important to remember that a proportion of HER2-amplified breast tumours will be 

categorised in the luminal B subtype, if they express oestrogen-related genes.  Indeed, 

approximately 50% of HER2-positive tumours will be ER-positive on immunohistochemical 

staining, and therefore classified as luminal B72.  Some researchers therefore have suggested 

that HER2-amplified tumours may represent a unique molecular subtype of their own, 

regardless of ER status73. 

 

The existence of basal-like tumours has been known about since the 1960s, when Murad et 

al. characterised medullary and “scirrhous” tumours of the breast based on their histologic 

appearance74, but renewed interest developed in them after they became “re-discovered” 
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and classified systematically by array-based GEP.  Many consider the identification of the 

basal subtype as the most significant result of the intrinsic subtype classification system71.   

 

Basal tumours represent approximately 15% of breast cancers.  They do not express 

oestrogen- or HER2-related genes and are generally of high grade.  They occur in younger 

women than other subgroups63,75-77 and are more common in African-American women63.  

They have been shown to have worse overall and relapse-free survival rates than luminal 

and HER2-overexpressing subtypes59  and they are more likely than other subtypes to 

metastasise to lung and brain, sites that are known to be associated with poor survival78-82.  

Basal tumours are highly proliferative tumours, which is thought to be largely due to their 

deficiencies in both p53 and retinoblastoma 1 (RB1) protein function3.   

 

Basal tumours can be difficult to define as a subgroup.  A mixed luminal/basal group has 

been described in one study, for tumours which were immunohistochemically positive for 

one or more luminal markers together with positivity for one or more basal markers62.  

However, the “combined luminal and basal” subgroup in this study contained mostly ER-

negative tumours.  Other authors suggest that up to 20% of basal-like cancers express ER or 

overexpress HER283.  Furthermore, the close overlap with IHC-defined triple negative 

tumours and the multiplicity of terms used to describe basal tumours (“basal-type”, “basal-

epithelial phenotype”, “basal breast cancer”, “basaloid breast cancer” adds to the 

uncertainly regarding the true nature of this subgroup83.     

 

To date, there is no targeted therapy available for treatment of the basal group of breast 

cancers.  There is no preferred standard form of treatment for this group and treatment 

should be selected as it is for other subtypes83.  Anthracycline-containing adjuvant regimens 

have been shown on meta-analysis to be more effective in the treatment of triple-negative 

breast cancer than cyclophosphamide, methotrexate and fluoruracil84.  Paradoxically, 

however, a retrospective analysis of one trial has suggested the opposite for basal-like 

tumours85.  The use of platinum agents is currently being assessed in clinical trials and initial 

findings suggest that neoadjuvant use of cisplatin results in high rates of complete 

pathological response in breast cancer patients with BRCA1 mutations86.  Basal tumours 

have been shown to have a higher initial response rate to chemotherapy than luminal 
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tumours, but shorter disease-free and overall survival rates87,88.  This makes their treatment 

clinically challenging.   

 

Basal-like tumours are of particular significance for patients with breast cancer 1 (BRCA1) 

gene mutation, for >80% of the tumours these patients will develop will be of basal type.  

There is also a growing body of evidence that suggests that the BRCA1 pathway is 

dysfunctional in sporadic basal-like tumours89,90.  This pathway also has implications for 

potential treatment options for basal tumours.  PARP inhibitors target an alternative DNA 

repair pathway in BRCA-deficient cells, thereby producing a synthetic lethal effect.  A recent 

phase 2 trial which added the PARP inhibitor iniparib to chemotherapy has shown a survival 

benefit  in patients with IHC-defined triple-negative breast cancer2.  Some preliminary data is 

also available that suggests the HER1-RAS-mitogen-activated protein kinase/extracellular 

signal-related kinase pathway is important in the basal group3.  

 

In summary, the intrinsic classification system provided the first molecular classification of 

breast cancer based on array-based expression profiling.  It provided explanations for why 

two tumours with identical clinicopathological features could behave so differently.  The 

subtypes described were biologically plausible and here gained acceptance at a clinical level.  

For example, it had long been known that high-grade tumours frequently expressed basal 

immunohistochemical markers.  Intrinsic subtypes could be used to predict response to 

targeted treatment with anti-oestrogens and the anti-HER2 agent trastuzumab.  Moreover, 

the subtypes became recognised as predictors of patient relapse and overall survival.  

 

 

1.1.3.2 Other gene expression-based signatures  

 

The intrinsic classification model is not the sole method of classifying breast tumours by 

expression profiling.  Several alternative gene signatures have been proposed to stratify 

breast tumours, by attempting to predict clinical behaviour and patient outcome by 

assessing varying different genes in the tumour.  Many of these have been developed into 

commercial gene-based assays. 
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The 70-gene prognostic signature has been proposed by a Dutch group as a superior method 

of predicting metastasis in young breast cancer patients.  The signature was shown to 

outperform other clinical variables in predicting a short interval to distant metastases in 

patients less than 55 years of age with NN tumours <5cm in size91.  The 70-gene signature 

consisted of genes regulating cell cycle, invasion, metastasis and angiogenesis and was used 

to classify a series of 295 young breast cancer patients into “good or bad” prognostic 

groups92.  The signature has subsequently become incorporated into the commercial 

genomic assay MammaPrint, detailed below in section 1.2.4.   

 

Changes in gene expression can differentiate between ductal and lobular carcinomas.  

Prediction analysis for microarrays showed that histological type could be predicted with an 

accuracy of 93.7%93.    Similarly, GEP has been used to try and improve on the histologic 

grading of breast tumours 94.  Expression profiles have been compared for grade 1 and grade 

3 tumours and the genes expressed were used to define a “genomic grade index”.  The 

association of this index with relapse-free survival was subsequently evaluated in a series of 

597 tumours and the index was shown to strongly associate with histologic grade 1 and 3.  

Among grade 2 tumours, it was shown to stratify cases into high-risk groups with a high 

grade index vs. low-risk groups with a low grade index. 

 

A two-gene signature based on the ratio of the levels of expression of homeobox 13 

(HOXB13) and interleukin 17B receptor (IL17BR) was shown to be predictive of clinical 

outcome in tamoxifen-treated breast cancer patients95.  Homeobox genes encode 

transcriptional regulators involved in the development of normal organs and in this study, 

HOXB13 was shown to stimulate cell motility and invasion in breast cell lines.  It was shown 

to have an opposite expression pattern to IL17BR and the HOXB13:IL17BR ratio predicted 

tumour recurrence in 60 early-stage ER-positive breast cancer patients treated with adjuvant 

tamoxifen. 

  

A “molecular apocrine” subtype of breast cancer has been identified by microarray analysis 

which is characterised by ER-negativity, increased androgen signalling and some apocrine 

features96.  Some have suggested that the “molecular apocrine” group bears resemblance to 

the HER2-overexpressing subtype described in other GEP studies.  An expression signature 

for an ER-negative subgroup with androgen-responsiveness has been characterised and it is 
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postulated that androgen signalling may be a future option for targeted therapeutic 

strategies97. 

 

The p53 pathway, which is associated with aggressive breast tumours with poor response to 

treatment, has also been investigated by expression profiling.  A 32-gene signature has been 

identified that distinguished between p53-mutant and wild-type tumours98.  The signature 

was predictive of response in a series of 251 primary breast cancers. 

 

A 64-gene signature was found to distinguish between good and bad prognosis tumours in a 

series of 159 Swedish breast cancer patients99.  The 159 cases were divided into 3 

subgroups: patients who did well with treatment, patients who did well without treatment 

and patients who did not benefit from a given treatment.  The signature was subsequently 

validated in a series of 211 Swedish and 78 Dutch patients, who consisted of a mixture of 

treated and untreated patients.  It was suggested that use of the signature could identify 

patients who could potentially be spared adjuvant therapy.     

 

A signature based on assessment of 76 genes was shown to identify NN patients at high risk 

of recurrence100.  This signature was tested in a set of 115 tumours and subsequently 

validated in an independent set of 171 patients.  The profile obtained was shown to identify 

patients who identified distant metastases within 5 years, even when corrected for 

traditional prognostic factors in multivariate analysis (MVA).   A subsequent multi-centre 

study further validated the signature in an additional series of 180 patients101. 

 

Chang et al. developed a “wound response model” and found that, in a series of 295 

patients, overall survival and distant metastasis-free survival were diminished in patients 

whose tumour expressed the wound response signature102,103.  The model was based on the 

hypothesis that cancer invasion and metastasis could be likened to “wound healing gone 

awry”.   

 

Interferon expression has been implicated in breast tumours and a possible new subgroup of 

breast cancers characterised by expression of interferon-regulated genes has been 

identified64.  Gene categories relating to immune and defence response were over-

represented in the interferon-regulated gene cluster and many of the genes represented 
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had been linked in previous studies to lymph node metastasis and poor outcome104,105.  The 

interferon group had survival rates similar to that of the luminal B subgroup64. 

 

A “claudin-low” subtype - characterised by low expression of genes involved in tight 

junctions and cell-cell adhesion, including several claudins, Occludin and E-cadherin – has 

also been proposed106.  This subgroup has been examined in relation to metaplastic breast 

carcinomas and it was found that both tumour types were enriched in epithelial-

mesenchymal transition and stem cell characteristics107.  Clinically, for the most part, the 

claudin-low subtype consists of ER-negative, PR-negative, HER2-negative ductal carcinomas.  

They show a high frequency of medullary and metaplastic differentiation and preliminary 

data indicates that their response rate to standard neoadjuvant chemotherapy lies 

somewhere between that of luminal and basal-like tumours108.  Hierarchical clustering of 

320 breast tumours and 17 normal breast tissue samples using a 1,900 gene intrinsic list 

showed that the claudin-low and basal-type subgroups shared some gene expression 

features65. 

 

An interesting study was carried out by Fan et al.109 which compared the predictions derived 

from 5 gene sets: the intrinsic classification model7,59,60, the 70-gene model91,92, the wound 

response model 102,103, the recurrence score model (outlined below in section 1.2)110 and the 

two-gene model95.  Each model was applied to a single data set of 295 patients and it was 

found that most models had high rates of concordance in their predictions for individual 

samples.  The 70-gene and recurrence-score models, both of which have been developed as 

commercial assays, see section 1.2 below, showed 77-81% agreement in outcome 

classification.  Results of this study imply that, even though each classification system used a 

different gene set, the signatures were all tracking a common set of biological phenotypes. 

 

1.1.4 Limitations of the intrinsic classification system and of GEP  

 

While promising, in that they reveal molecular heterogeneity which may underlie clinical 

heterogeneity, the GEP signatures have limitations.  For example, knowing the genetic 

features of a tumour that may already have metastasised is somewhat irrelevant unless the 

genetic data provides clinically useful information about genes that would serve as 

therapeutic targets. 
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Initial experiments in the development of the intrinsic classification system described a 

“normal-like” molecular subgroup, which was said to have a gene expression pattern closely 

resembling that of normal breast tissue.  It is now generally accepted, however, that the 

normal-like category arose due to contamination of the samples with normal breast tissue 

present in the frozen samples used for the study111.  Also, regarding the basal-like category, 

not all tumours in the spectrum of “basal” tumours are associated with the poor prognosis 

described for this category112.  For example, medullary tumours are classified as basal-type 

but, paradoxically, are associated with a good prognosis.  From a mathematical viewpoint, 

the intrinsic classification system has also been faulted, the point being made that analysing 

thousands of genes in only hundreds of cases makes it unlikely that the set of genes deemed 

to be predictive are valid, and that thousands of cases would be needed to generate a robust 

gene signature for predicting cancer outcome111.   

 

The significance of some of the subtypes of tumours is also uncertain.  Often, basal-type 

tumours are equated with triple-negative tumours, that is, tumours that are negative for ER, 

progesterone receptor (PR) and HER2 on immunohistochemistry (IHC).  However, although 

the majority of basal tumours will be triple-negative by IHC, the two categories are not one 

and the same entity.  Bertucci et al. showed that 71% of IHC-determined triple-negative 

tumours were classified as basal-like on expression profiling whereas 29% were non-basal-

like113.  IHC-defined triple-negative tumours were a more heterogeneous group than GEP-

defined basal tumours. 

 

Similarly, limitations of the 70-gene signature have been highlighted.  It has been pointed 

out that training and validation sets had overlapping patients and that external validation 

using independent datasets was not carried out114.  The patient cohort consisted of women 

less than 55 years of age and therefore post-menopausal patients were under-represented, 

even though post-menopausal females constitute the majority of breast cancer cases.  

Others have suggested that conventional prognostic tools, e.g. the Nottingham Prognostic 

Index (NPI)15 can predict outcome as well as the 70-gene signature115. 

 

Identification of a GEP-based signature that is prognostic across multiple datasets will 

inherently involve large numbers of measurements and consequent potential correlations.  

By its nature, this leads to over-fitting of data, which then compromises the validity of the 
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results.  Most investigators try to overcome this problem by using separate training and 

validation subsets for analysis.  However, this has the effect of decreasing the sample size 

and also has the potential to introduce further sources of bias116.  Furthermore, there is no 

definitive method of categorising patient cohorts into “good” or “bad” prognostic groups.  

Categorisation can be somewhat arbitrary, introducing study-specific bias.  One proposed 

solution to this is to treat outcome as a continuous variable when ranking genes.  

Unsupervised clustering could then be used over these genes to assign patients to different 

outcome groups.  This method would avoid bias117.  The external validity of derived 

signatures is also compromised by inter-platform and inter-cohort variability. 

 

Molecular testing has not yet been subjected to the degree of scrutiny of inter-observer 

reproducibility that has been applied to many of the more established histological variables 

14.  Molecular tests may employ different statistical approaches for analysis, the molecular 

subgroups identified may not always be stable and reproducibility of assay results is 

dependent on non-contamination of tumour tissue with normal breast epithelial or stromal 

cells14,118.  All of these factors can lead to variability of results.  A detailed reproducibility 

study of the performance of GEP studies has, as yet, not been conducted. 

 

It is likely that many more molecular subtypes will be discovered in coming years and it may 

be prudent to regard current classification systems as working models in development and 

not as entirely definitive.  The clinical and biological significance of some of the more newly-

defined subtypes is, as yet, undetermined.  Currently, the clinical value of characterising 

breast tumours beyond routine tumour grade, histologic type, hormone and HER2 status is 

not fully established.  The role of molecular methods in improving the prognostication of 

breast cancer above and beyond these traditional variables in a cost-effective and practical 

manner warrants critical evaluation118,119.  Access to expensive, technically-difficult 

technologies that, to a large extent, rely on ready availability of fresh frozen tissue is not 

feasible for all diagnostic laboratories.  Thus, although it may be the current gold standard 

for breast tumour taxonomy, molecular subtyping by GEP is unlikely to be used as a routine 

diagnostic tool in histopathology laboratories in the near future.  This means that there 

remains widespread interest in using more established, less expensive immunohistochemical 

techniques as a surrogate for array-based expression profiling.   
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1.1.5 Immunohistochemical markers as surrogates for molecular 

subtyping  

 

Immunohistochemistry (IHC) is a well-established, robust diagnostic tool which is suitable for 

use in archival FFPE tissues.  Compared to GEP, IHC is much more feasible logistically for 

routine diagnostic histology laboratories, and it has been validated in multiple studies.  

Much of the immunohistochemical classification of breast tumours has been carried out on 

tissue microarrays (TMAs) and several studies have shown that clinically and biologically 

relevant subgroups, similar to the GEP-defined intrinsic subtypes, can be reliably identified 

using a limited panel of immunohistochemical markers on TMA cores120,121.   

 

 TMAs are ordered collections of small tissue cores arranged on a paraffin block, from which 

multiple sections can be cut and evaluated122.  Most are made from FFPE “donor” biopsies, 

which are accessed from pathology laboratory archival material.  (For construction of a 

tissue array, see methods section 2.1.2).  TMAs were first brought to widespread attention 

by Kononen et al. in 1998, who showed that they could be used effectively for high-

throughput molecular profiling of tumour specimens 123.  Since then, their uses have become 

widespread, including laboratory quality assurance programmes, antibody optimisation and 

generation of probes for gene copy number.   

 

The potential to analyse expression of multiple biomarkers on hundreds to thousands of 

tumours by TMA makes it a powerful tool for molecular classification of breast tumours.  

Although small cores are used in TMAs, the clinicopathological correlations established from 

the results of studies carried out on arrays have been shown to compare favourably with 

those established using whole tissue sections (WTSs)124-127.  Callagy et al. showed that TMAs 

could be used to sub-classify breast cancers into molecular groups using a TMA of 107 breast 

tumours stained with 13 immunohistochemical markers120.  Their classification system was 

similar to one derived from gene expression microarrays and also correlated with tumour 

grade and nodal status.  Zhang et al., carried out a similar study on 97 tumour specimens 

immunohistochemically stained with 7 different biomarkers; they also verified that 

molecular classification of breast cancer can be accomplished with tissue arrays128.   
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The basal subgroup of breast tumours, in particular, has been the subject of many studies 

attempting to characterise it by IHC.  Nielsen et al. used the markers ER, HER2, the basal 

cytokeratin 5/6 (CK5/6) and epidermal growth factor receptor (EGFR, also known as HER1) to 

detect basal tumours121.  EGFR is not a basal tumour-specific marker but it was found to be 

expressed in enough basal tumours that, when combined with other markers, it aided in 

immunohistochemical diagnosis.  Basal tumours were defined immunohistochemically as ER-

negative, HER2-negative, and CK5/6 and/or EGFR-positive.  This classification system was 

able to detect basal-like tumours with a sensitivity of 76% and specificity of 100% and was 

associated with significant survival differences on TMA.  Furthermore, the classification 

system was shown to be of prognostic significance in subsequent studies using different 

patient cohorts129,130.  Basal tumours were further defined in 2008 by showing that 

expression of the basal makers CK5/6 and/or EGFR in triple-negative tumours identified a 

subgroup - called “core-basal” - with significantly worse outcome than triple-negative 

tumours that did not show expression of basal markers129. 

 

Immunohistochemical markers were used to predict tumour response to neoadjuvant 

chemotherapy in a study which classified a series of 359 breast tumours treated with 

neoadjuvant chemotherapy into 6 groups using IHC for ER, PR and HER2131.  Luminal A 

tumours were defined as strong ER-positive, HER2-negative; luminal B as weak to moderate 

ER-positive, HER2-negative; triple-negative as ER-, PR- and HER2-negative; HER2 group as 

ER- and PR-negative and HER2-positive; luminal A-HER2 hybrid as strong ER- and HER2-

positive and luminal B-HER2 hybrid as weak to moderate ER-positive and HER2-positive.  

Using these subgroups, it was confirmed that HER2 and triple-negative groups had the 

highest rates of pathologic complete response (pCR) - 33% and 30% respectively - to 

neoadjuvant chemotherapy and, paradoxically, the worst overall survival.  Both subgroups 

showed higher relapse among patients with residual disease.  These findings are comparable 

to those of Rouzier et al., who investigated the relationship between subgroups and 

neoadjuvant response using GEP and found that 45% of HER2-overexpressing and basal-like 

tumours showed pCR compared to 6% response in luminal groups87.   

 

A large collaborative analysis published in 2010 of immunohistochemical data from >10,000 

tumours investigated a relationship between subtype and survival132.  Data was combined on 

5 immunohistochemical markers – ER, PR, HER2, CK5/6 and/or EGFR – from 12 studies that 
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also had survival time data.  Tumours were classified into 6 subgroups.  Luminal 1 basal 

marker-negative tumours were ER- or PR-positive and HER2-, CK5/6- and EGFR-negative; 

luminal 1 basal marker-positive were ER- or PR-positive, HER2-negative and CK5/6- or EGFR-

positive; luminal 2 were ER- or PR-positive and HER2-positive; nonluminal HER2-positive 

were ER- and PR-negative and HER2-positive; core-basal subgroup (CBP) were ER-, PR- and 

HER2-negative and either CK5/6- or EGFR-positive; five-negative phenotype (5NP) were ER-, 

PR-, HER2-, CK5/6- and EGFR-negative.  By defining these 6 subtypes by 5 

immunohistochemical markers, it was possible to demonstrate distinct behaviours between 

groups with differences in both short term and long term prognosis.  It was also 

demonstrated that the mortality in the CBP was higher than in the 5NP, confirming the 

finding of Cheang et al.129, as described above, that the basal-type subgroup is better 

defined by the expression of 5, rather than 3, immunohistochemical markers. 

 

1.1.6 Limitations of IHC as a surrogate for molecular subtyping 

 

IHC has several limitations, one of which is the issue of technical reproducibility133,134.  

Technical issues can arise regarding tissue preparation, including fixation and antigen 

retrieval and the variety of antibodies and detection reagents available.  In particular, 

prolonged fixation in formalin is known to decrease the immunoreactivity of antibodies in 

paraffin sections135.  Also, tumours may show heterogeneity in immunohistochemical 

expression.  For example, ER positivity has been shown to decrease from the periphery of 

tumours towards the centre136.  These differences may be due to increased metabolic and 

mitotic activity at the periphery of a tumour or possibly due to quicker fixation of the area of 

tumour at the periphery.   

 

The potential for subjective interpretation of immunohistochemical results is a further issue.  

Inter-method variability for IHC assessment of hormone receptors has been examined in a 

study which compared two manual and three automated methods of staining137.  Hormone 

receptors were scored according to the Allred method46 and kappa values between manual 

and automated staining were fair to moderate, kappa for ER score 0.34 and for PR score 

0.45.  This implies that for large collaborative studies that combine data from different 

research centres, it must be borne in mind that IHC carried out in different centres will use 
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different methods for both scoring and staining.  This may lead to misclassification of 

tumour types in studies of this nature.   

 

The optimum number of markers needed to generate a robust classification of breast 

tumours is still not determined120.  It is possible that certain markers may dominate over 

others in revealing subsets of tumours with prognostic relevance.  For example, ER status 

has previously been shown to be the key factor in tumour classification on TMA, creating ER-

positive and ER-negative groups128. 

 

However, despite its limitations, IHC is firmly established as a relatively inexpensive, robust 

technique appropriate for use in standard clinical pathology laboratories.  Coupled with the 

use of TMAs, IHC provides a rapid, high throughput means of assessing hundreds of samples 

simultaneously.  Its ability to be applied to FFPE specimens makes it invaluable, as specimens 

of this nature are the mainstay of most histology centres worldwide.  Until the cost and 

complexity issues surrounding GEP are resolved, IHC will remain a feasible, widely-accessible 

surrogate for molecular classification of breast tumours in routine diagnostic laboratories.   

 

1.2 Commercial gene expression assays in breast 

cancer 

 

GEP experiments, as outlined in section 1.1.3 above, have been used to develop genomic 

tests that may provide better predictions of outcome than traditional clinicopathological 

methods91,94,95,98,100-102,110,114,138-140.  Many of these are now provided as commercial genomic 

assays. 

 

1.2.1 Oncotype DX 

 

In 2004, the multigene assay Oncotype DX was formulated which was postulated to be 

capable of predicting recurrence in patients with tamoxifen-treated, node-negative (NN) 

breast cancer by using reverse-transcriptase polymerase chain reaction (RT-PCR) to define 

the expression of 16 genes in parallel110.  Oncotype DX uses FFPE tissue blocks and 
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subsequently takes cores (similar to TMA cores) from these blocks on which the assay is then 

carried out.  The Oncotype DX assay is an example of the “candidate-gene” approach 

towards development of a gene-expression prognostic signature, whereby genes of interest 

are selected on the basis of pre-existing biologic knowledge and compiled into a multivariate 

predictive model.  This assay has subsequently been incorporated into both the ASCO and 

the National Comprehensive Cancer Network (NCCN) guidelines for clinical practice58.  It is 

currently being evaluated by the National Cancer Control Programme (NCCP) in Ireland for 

incorporation into cancer treatment guidelines here. 

 

The benefit of the anti-oestrogen tamoxifen and chemotherapy in patients with NN, ER-

positive breast cancer had previously been established in the National Surgical Adjuvant 

Breast and Bowel Project (NSABP) B-14 and B-20 trials141-143.  However, many patients with 

NN, ER-positive tumours are, in fact, over-treated by this regimen, as patients treated with 

tamoxifen alone have a 15% risk of 10-year distant recurrence.  Therefore, 85% of patients 

with this tumour phenotype would not need chemotherapy if it were offered to everyone.  

Paik et al. developed a reverse-transcriptase-polymerase-chain-reaction (RT-PCR) assay of 

tumour-related genes which could be used with FFPE histological tissue.  Potential candidate 

genes – 250 in total – were selected from an extensive literature review, from genomic 

databases and from DNA array experiments on frozen tissue7,59,91,144.  The prognostic 

significance of this panel was evaluated in a test series of 447 patients – including the 

tamoxifen-only group of the NSABP trial B-20 described above – to test the relationship 

between these 250 genes and breast cancer recurrence145-147 and validated in a study 

performed in patients with ER-positive, NN breast cancer who had received a 5-year course 

of tamoxifen in the NSABP trial B-14.  A panel of 16 cancer-related genes and 5 reference 

genes was selected (table 1.2) and an algorithm was designed, based on expression levels of 

these genes, to generate a “recurrence score” (RS) for each sample.  It was proposed that 

their study would validate the 21-gene assay, with RS algorithm, to quantify the likelihood of 

distant disease recurrence in patients with NN, ER-positive breast tumours who had been 

treated with tamoxifen in the NSABP trial B-14.  It was shown that there was a statistically 

significant difference in risk of distant recurrence between low RS-patients and high-RS 

patients.  Risk of distant recurrence in the low-risk group was 6.8% and in the high-risk group 

30.5%.   
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1.2.1.1 Genes in the Oncotype DX assay 

 

The 16 cancer-related genes in the Oncotype DX assay included oestrogen-related genes, 

HER2-related genes, proliferative genes, genes associated with invasion and other genes 

which did not fit into any of those groups but which had been shown to be implicated in 

breast cancer (table 1.2).   

 

The oestrogen-related genes included ER and PR as well as the anti-apoptotic regulator Bcl2 

and SCUBE2, a gene which has been shown to be associated with improved prognosis in 

breast tumours148.  The HER2 group consisted of HER2 and GRB7 gene, which lies near HER2 

on the long arm of chromosome 17.  GRB7 encodes a multi-domain signal transduction 

molecule and its overexpression in breast tumours has been shown to correlate with 

hormone-receptor negativity, increased tumour grade and size, increased lymph node 

involvement, higher clinical stage and reduced cancer-free survival149. 

 

The proliferative group consists of 5 genes.  Aurora A kinase is also known as 

serine/threonine kinase-15 (STK15).  It is a mitotic kinase necessary to form the bipolar 

spindle and ensure accurate chromosome segregation before cellular division.  Aurora A 

kinase overexpression has been shown to enhance mammary cell migration and breast 

cancer metastasis150.  Survivin is a member of the inhibitor of apoptosis (IAP) family and acts 

as a negative regulator of apoptosis.  Cyclin B1 (also known as CCNB1) is a regulatory protein 

which promotes several of the events of early mitosis.  Its overexpression has been shown to 

be associated with poor prognosis in NN breast cancer patients151.  MYBL2 is a transcription 

factor required for cell proliferation, cell cycle progression, chromosomal stability and 

differentiation.  

 

MMP11, also known as stromelysin 3, is involved in the breakdown of extracellular matrix in 

metastasis development.  CTSL2 is a lysosomal cysteine proteinase.  These two genes form 

the invasion cluster.  Overexpression of MMP11 has been shown to be associated with 

poorly-differentiated breast tumours and with nodal metastases152.  CTSL2 has been shown 

to be expressed in breast and colorectal cancer cell lines153.   
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Table 1.2.  Panel of genes in Oncotype DX assay.  Genes were put into groups on the basis 

of function, correlated expression or both. 

Oestrogen  HER2 Proliferation Invasion Others  Reference 

ER GRB7 Ki67 MMP11 GSTM1 ACTB 

PR HER2 Aurora A kinase CTSL2 CD68 GAPDH 

Bcl2  Survivin  BAG1 RPLPO 

SCUBE2  Cyclin B1   GUS 

  MYBL2   TFRC 

Abbreviations: SCUBE2: signal peptide-CUB-epidermal growth factor–like domain-containing protein 2; GRB7: 

growth factor receptor-bound protein 7; MYBL2: v-myb myeloblastosis viral oncogene homolog (avian)-like 2; 

MMP11: matrix metalloproteinase 11; CTSL2: cathepsin L2; GSTM1: glutathione S-transferase Mu 1; CD68: 

cluster of differentiation 68; BAG1: BCL2-associated athanogene; ACTB: β-actin; GAPDH: glyceraldehyde 3-

phosphate dehydrogenase; RPLPO: large ribosomal protein; GUS: β-glucuronidase; TFRC: transferrin receptor 

protein 1. 

 

GSTM1 functions in the detoxification of carcinogens and mutations of this gene have been 

linked with a number of cancers154-156.  CD68 is a glycoprotein which binds to low density 

lipoprotein.  It is generally expressed by tissue macrophages.  Expression in breast tumours 

is often associated with sarcomatous differentiation of the tumour157-159.  BAG1 enhances 

the anti-apoptotic effects of BCL2.   

 

1.2.1.2 Calculation of the RS 

 

The RS was derived from the reference-normalised expression measurements of the 16 

cancer-related genes and ranged from 0-100, where 1—represented the highest likelihood 

of distant disease recurrence.  There were several steps in the generation of the recurrence 

score, which involved a number of calculations combining results from the difference gene 

categories of the Oncotype DX assay (Appendix 1)110.  Patients were placed into 3 categories 

based on their recurrence score, which corresponded to different risks of 10-year recurrence 

of breast cancer (table 1.3).  The cut-off points were chosen based on the results of NSABP 

trial B-20.  
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Table 1.3.  Categories of 10-year breast cancer recurrence risk based on Oncotype DX RS 

Risk category Recurrence score 

Low <18 

Intermediate 18-30 

High >30 

 

The relationship between the 21-gene RS and chemotherapy benefit was validated in cases 

from the NSABP trial B-20 which tested the value of adding cyclophosphamide, 

methotrexate and fluoruracil or methotrexate and fluoruracil chemotherapy to 5 years of 

tamoxifen in NN, ER-positive patients and sought to determine whether the Oncotype DX 

assay could predict the benefit of chemotherapy in these patients160.  It was found that 

patients who had a high RS derived a large benefit from chemotherapy (relative risk 0.26; 

absolute decrease in distant recurrence rate at 10 years: mean 27.6%) whereas patients with 

a low RS derived minimal benefit (relative risk 1.31, absolute decrease in distant recurrence 

rate at 10 years: mean -1.1%).  The extent of the benefit in patients with an intermediate RS 

was unclear.  The degree of interaction of chemotherapy treatment and gene expression 

was stronger than that for the clinical variables, suggesting that the RS was the strongest 

predictor of chemotherapy benefit.   

 

1.2.2 Studies evaluating Oncotype DX 

 

Other publications have examined Oncotype DX in FFPE tissue, although in each study the 

assay has been carried out in the Genomic Health test centre.  Esteva et al. in 2005 sent 

samples from 149 breast cancer patients to Genomic Health  and found that the RS was not 

predictive of distant recurrence-free survival in 149 NN – ER-positive or –negative - patients 

who did not receive either adjuvant tamoxifen or adjuvant chemotherapy161.  It was noted in 

this study, however, that high-grade tumours in their cohort had an unexpectedly good 

outcome.  Therefore, the authors conceded that this might have reduced the performance 

of the RS in their cohort, because proliferation genes are important in the generation of the 

RS and these genes generally correlate with nuclear grade. 

 

Mina et al. examined pre-treatment core biopsies from 45 breast cancer patients to see if 

GEP could predict response to chemotherapy162.  The correlation of individual genes with 
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pCR was examined and also the correlation of the Oncotype DX RS with pCR.  It was found 

that genes correlating with pCR clustered into 3 groups: angiogenesis-related, proliferation-

related and invasion-related genes.  Surprisingly, ER-related genes and the RS did not 

correlate with pCR.   

 

The association between RS and the risk of locoregional recurrence (LRR) in NN, ER-positive 

patients from NSABP trials B-14 and B-20 was examined in a 2010 study and it was found 

that on multivariate analysis (MVA), RS was an independent predictor of LRR along with age 

and the type of initial treatment received163.  The feasibility of carrying out the Oncotype DX 

assay on TMA cores as an alternative to WTSs has also been tested in a proof-of-concept 

study164.   RNA was extracted from 4 TMA cores of invasive breast tumour and 2 WTS of 

tumours for the Oncotype DX assay, carried out in Genomic Health.  The RNA yield from 

TMA cores was lower than from WTSs, but sufficient to carry out the assay, and it was 

suggested that TMAs would be suitable for analysis in large cohort studies. 

 

Since publication of the work by Paik et al., several studies have evaluated whether various 

combinations of histopathological variables can predict the RS as accurately as Oncotype DX.  

Assessment of the routine histopathologic variables grade, mitotic count, ER score, PR score 

and HER2 score have been shown to predict the RS165.  This model had an R2 value of 0.66, 

indicating that the model accounts for 66% of the data variability.  The relationship between 

RS and Ki67 has been examined in a series of 32 breast tumours166 and it was found that 

some tumours with a low RS had a high Ki67 index.  It was proposed that these tumours may 

correspond to the approximately 7% of low-RS patients that recur.  The authors proposed 

combined evaluation of RS and Ki67 to identify low-RS tumours with a potential for high 

recurrence.  It has also been suggested that a mitotic count score >1 (as defined by the NGS) 

combined with a negative PR IHC result could serve as a marker for intermediate or high RSs 

167.   

 

A “Breast Cancer Prognostic Score” has been compiled from the histological features ER, PR 

and HER2 status, tubule formation, nuclear pleomorphism and mitotic count168.  This index 

was evaluated on a series of 177 breast tumours and it was shown to have a categorical 

concordance of 56% with Oncotype DX RS cut-offs. 
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A number of publications have examined the economic feasibility of carrying out the 

Oncotype DX assay.  Quality-adjusted life years (QALY) were shown to be increased by 0.170 

years by reduced chemotherapy disutility by an Israeli group169.   The Oncotype DX assay 

cost $10,770 per QALY gained and the group concluded that the assay was effective and 

affordable for the Israeli health service.  The cost-effectiveness of the assay in both ER-

positive NN breast cancer and ER-positive, node-negative or –positive breast cancer was 

examined in a Japanese study170.  The cost per QALY for the NN scenario was $3,848 and for 

the node-negative or –positive scenario was $5,685.  Again, the authors recommended that 

the assay be included in Japan’s health insurance packages for both NN and node-positive 

disease. 

 

The psychology associated with genomic testing in breast cancer patients has been studied 

in the University of California171,172.  It was shown that one third of patients who had 

Oncotype DX testing between 2004 and 2009 did not fully understand the discussions 

around their test results.  Also, knowledge about genomic testing was shown to be higher in 

patients who received printed information about Oncotype DX testing in addition to verbal 

communication.  This suggests that effective communication regarding risks and treatment 

planning is needed among medics advocating Oncotype DX testing for patients.   

 

The concept of multi-gene assessment of tumours in FFPE tissue has been applied to other 

malignancies in addition to breast cancer.  Since Paik’s original publications on the Oncotype 

DX Breast Cancer Assay, a variant has been developed for colon cancer173,174.  Similar to the 

breast assay, it is carried out in a single centre, Genomic Health in California.  The Oncotype 

DX Colon Cancer assay is an RT-PCR assay that measures the expression of 7 specific colon 

cancer-related genes and 5 reference genes.  Of the 7 cancer-related genes, 3 are associated 

with activated stroma (biglycan (BGN), inhibin, beta A (INHBA), fibroblast activation protein 

(FAP)); 3 represent a cell cycle pathway (MKI67, MYBL2, v-myc myelocytomatosis viral 

oncogene homolog (MYC)) and 1 (growth arrest and DNA-damage-inducible, beta 

(GADD45B)) can be characterised as part of an early response or genotoxic stress pathway.  

Proponents of the Oncotype DX Colon Cancer assay propose that it will be used in the 

assessment of stage II colon cancer patients, to predict those at higher risk of recurrence 

based on the molecular profile of their tumour.  The clinical utility of the assay is currently 

being evaluated in the Quick and Simple and Reliable (QUASAR) study. 
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1.2.3 TAILORx 

 

As the extent of the benefit of chemotherapy for patients with intermediate RS was unclear 

in previous studies160, the TAILORx trial was established in 2006 to evaluate the ability of the 

RS to guide therapeutic decisions in patients with an intermediate score.  TAILORx is a 

randomised trial of chemotherapy followed by hormonal therapy vs. hormonal therapy 

alone in women with NN, ER-positive disease with a RS of 11-25175.  The study was launched 

in May 2006 and approximately 7,000 patients have been randomised to treatment on the 

trial.  The trial had 3 primary objectives: 

1.  To compare the disease-free survival (DFS) of patients with surgically-resected NN 

breast cancer with a RS of 11-25 treated with adjuvant combination chemotherapy 

and hormonal therapy vs. adjuvant hormonal therapy alone.a  

 

2. To compare the distant recurrence-free interval, recurrence-free interval and overall 

survival (OS) of patients with a RS of 11-25 treated with these regimens. 

 

3. To create a tissue and specimen bank that includes FFPE tumour specimens, TMAs, 

plasma and DNA obtained from peripheral blood of patients enrolled in this trial. 

 

Secondary objectives included: 

 

1.  To determine if adjuvant hormonal therapy alone is sufficient treatment (i.e. 10-

year distant disease-free survival of ≥ 95%) for patients with a RS of ≤ 10. 

 

2. To determine the DFS, distant recurrence-free interval, recurrence-free interval, and 

OS of patients with a RS of ≤ 10. 

 

                                                           
a
 The intermediate category, as defined in the TAILORx trial protocol, differs from the category of 18-

30 defined in the initial trials of the assay.  The TAILORx trial used different cut-offs to minimise the 

potential for under-treatment in the high-risk group and in the randomised (intermediate-risk) group.  
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3. To compare the outcomes projected at 10 years using pathological information, e.g. 

tumour size, hormone receptor status and grade, with those made by the Oncotype 

DX assay in patients treated with these regimens. 

 

4. To estimate the failure rates as a function of RS separately in patients treated with 

combination chemotherapy and in patients treated with no chemotherapy. 

 

5. To determine the prognostic significance of the RS and of the individual RS gene 

groups (proliferation, HER2, ER, invasion, others) in patients treated with these 

regimens. 

 

Eligibility criteria for TAILORx included: 

•ER- and/or PR-positive disease 

•HER2-negative disease 

•Surgery to remove primary tumour with appropriate axillary lymph node procedure (i.e. 

sentinel lymph node biopsy (SLNB) and/or axillary dissection) within the previous 84 days 

•≥ 1mm tumour-free margins for both invasive carcinoma and DCIS 

•Negative axillary lymph nodes 

•Invasive tumour size 1.1-5.0cm. 

 

Patients from Galway University Hospitals (GUH) were enrolled onto TAILORx from 

December 2007 until the trial finished recruiting participants in mid-2010.   

 

1.2.4 Other commercial genomic assays 

 

Several other genomic assays, in addition to Oncotype DX, are available commercially.  

These assays are applicable to different patient cohorts and have different tissue 

requirements.  MammaPrint is a commercial assay based on the 70-gene signature outlined 

above in section 1.1.3.291,92,176.  MammaPrint exemplifies the “top-down” approach to 

development of a prognostic signature, in that it compares gene expression data from 

cohorts of patients with known clinical outcomes to identify genes that are associated with 

prognosis, without any prior biologic assumptions.  The assay requires a fresh tissue sample 

to be sent to the Agendia laboratory in Amsterdam in an RNA-stabilising solution for 
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analysis.  RNA is extracted to obtain the 70-gene expression profile.  MammaPrint is 

currently only recommended for patients with stage 1 or 2 invasive breast cancer, <61 years 

old, with a NN tumour measuring <5mm3.  Unlike the Oncotype DX assay, the MammaPrint 

assay requires a relatively large amount of fresh tissue (≥3mm diameter), which raises the 

logistical problem of ensuring sufficient tissue remains after the test for histopathological 

examination.  Mammaprint is currently being evaluated in the Microarray In Node negative 

Disease may Avoid ChemoTherapy trial (MINDACT)177, which started accruing patients in 

February 2007 and, as of August 2010, had accrued over 4,000 of its planned 6,000 

enrolment.  Definitive recommendation by ASCO of the use of MammaPrint in clinical 

practice is pending on the information obtained from MINDACT58. 

Theros H/I is another diagnostic tool that is based on the two-gene signature of Ma95, which 

measures the ratio of HOXB13 to IL17BR.  Theros H/ISM exemplifies the “bottom-up” gene-

expression signature approach.   Gene expression patterns that are associated with a specific 

biologic phenotype or a deregulated molecular pathway are first identified and then 

correlated with clinical outcome.  Theros MGI is an additional test that uses a five-gene 

expression index to stratify ER-positive patients into high or low recurrence risk by re-

classifying grade 2 tumours into grade 1-like or grade 3-like outcomes178.  These tests have 

been combined into the Theros Breast Cancer Index (TBCI).  The two tests use FFPE material.  

ASCO is currently investigating their clinical utility and recommends additional retrospective 

studies examining the ability of the two-gene ratio to predict chemotherapy benefit58.   

 

The MapQuant Dx commercial assay seeks to define molecular features of tumour 

differentiation and tumour grade94.  It is another example of the “bottom-up” discovery 

strategy and it uses a 97-gene signature to differentiate between low- and high-grade 

tumours.  The signature separates the clinically problematic grade 2 tumours into subgroups 

of low and high “genomic grade”, thereby creating a genomic grade index (GGI).  The test is 

provided by Ipsogen, across Europe only.   

 

A further commercial tool, whilst not strictly an assay, is the Adjuvant! Online computer 

program179.  This is a program currently utilised by oncologists to assign risk to patients 

based on conventional risk factors such as tumour size, nodal status, grade and ER status.  It 

proposes to allow health professionals and patients make informed decisions regarding 

adjuvant therapy.  St. Gallen guidelines (see section 1.1.2 above), also based on assessment 
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of traditional clinicopathological factors, are another guide to patient management for 

clinicians29. 

 

1.2.5 Limitations of commercial genomic assays 

 

The direction of breast cancer therapy, ultimately, is to provide treatment regimens that 

maximise clinical benefit with the least amount of side effects180.  The commercial assays 

outlined above provide prognostic information about breast cancer.  However, many tests 

are limited to a very specific subset of breast cancer patients, e.g. Oncotype DX is only 

utilised in ER-negative patients.  Furthermore, genomic assay testing is expensive, e.g. 

Oncotype DX costs in the order of $3,800 per assay181.   

 

RT-PCR-based assays do not take into account variations in tissue present on a particular 

section, e.g. what effect associated inflammatory cells may have on an assay result and the 

amount of tumour relative to normal breast tissue present on the section tested.  Genomic 

Health have shown that biopsy site changes can alter the mean Oncotype DX RS and that 

microdissected biopsy cavities had an average 13.4±2.1 higher RS compared with 

microdissected invasive tumours182.  Some authors advocate caution when interpreting RSs 

in cases where there is prominent associated inflammation on the tissue block183.  One small 

study however, published in abstract form and involving just two cases, carried out 

Oncotype DX on five levels in each of three tissue blocks taken from different sections of 

tumours.  Strong correlation in the expression of the 16 genes both between blocks and 

between tumour samples from the same block was found184. 

 

Many of the aforementioned studies (section 1.2.2) evaluating Oncotype DX carried out the 

assay in Genomic Health and, as such, the assay has never been validated in another centre.  

Many of the genes analysed in the Oncotype DX assay correspond to proteins readily 

available for immunohistochemical analysis and much of the information assessed in is 

already assessed by IHC in standard breast tumour pathological work-up, e.g. ER, PR, HER2 

status.   

 

In summary, molecular diagnostic tests can provide patients with personalised diagnostic 

information and also allow tailored treatment plans, thereby limiting resistance, non-
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response and toxicity.  However, they are limited by their cost, the fact that some are only 

performed in one centre worldwide and strict requirements re tissue amount, collection and 

handling.  In addition, opinions differ on whether the information genomic assays provide is 

superior to that which can be obtained from traditional pathological assessment118,119.   

 

1.3 Proliferative markers in breast cancer 

 

Proliferative genes are highlighted in many of the gene-based signatures generated for 

breast tumours and this prominence has led to renewed interest in markers of proliferation 

as prognostic tools in breast cancer.  It is well established that breast cancers with high 

levels of proliferation are associated with worse prognoses185-187 and assessments of breast 

tumour proliferation have been made in the past using a variety of methods, including 

tritiated thymidine uptake188,189, flow cytometry190, mitotic counts191 and assessment of 

proliferation-associated antigens192-197.  Meta-analyses of array-based GEP studies have 

shown that the prognostic impact of the signatures generated stems predominantly from 

the proliferative genes34,198.  Also, the prognostic power of some of the gene-based 

signatures has actually been shown to improve by the removal of non-proliferative genes34.  

GEP studies have therefore enforced the prime role of proliferation in breast cancer 

prognosis and prediction of response to therapy199,200.   

 

Wirapati et al., in their large meta-analysis of available gene expression and clinical data 

which comprised >2,800 breast tumours34, examined the roles of the constituent genes of 9 

prognostic signatures and it was found that each of the signatures exhibited a similar 

prognostic performance in the entire dataset, but that the prognostic signatures were due 

mostly to the detection of proliferative activity.  For example, although basal-like and HER2-

overexpressing signatures were associated with poor outcomes, this was mostly due to 

increased expression of proliferative genes.  Furthermore, the expression of genes involved 

in proliferation, including MKI67 which encodes Ki67, is the most heavily weighted 

component in calculating the recurrence score (RS) derived from the Oncotype DX assay, as 

outlined above in section 1.2.1.   
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One surrogate measure of proliferation which is of particular interest is the nuclear antigen 

Ki67.  Although the function of Ki67 is largely unknown, it is present in G1, S1, G2 and M 

phases of the cell cycle but not present in cells in the resting - G0 - phase (Figure 1.1)201.  

MIB-1 is an antibody which has been generated against recombinant parts of the Ki-67 

antigen202 and has been proven to be very robust in staining FFPE tissue sections.  Ki67/MIB1 

is generally scored as a percentage of tumour cell nuclei showing positive staining over total 

tumour cell nuclei present in the tissue sample.  Ki67 assessment in breast cancer has been 

the subject of some debate, as studies have used varying cut points for positivity, from 

10%203-205 to 14%66 to 20%206,207.  Still others have split cases around the mean208 or 

median209,210 Ki67 value.  Also, most studies on Ki67 have been retrospective rather than 

prospective.   

 

High Ki67 positivity has been shown to correlate with poor prognosis in a large meta-analysis 

of over 12,000 early breast cancer patients187.  However, this analysis assessed only the 

univariate prognostic value of Ki67.  A cut-point of 10% Ki67 labelling index (LI) been shown 

to divide grade 2 tumours into high-and low-risk subgroups, both in univariate and 

multivariate survival analysis205.   

 

More recently, the Ki67 index has been investigated as a method of separating luminal B 

from luminal A tumours and also as a method of separating breast tumours according to 

recurrence-free and disease-specific survival66.  It was noted that, although some luminal 

tumours are identified by HER2 expression, luminal A and luminal B tumours are also 

distinguished by their proliferation signature, luminal B tumours having higher expression of 

proliferative genes than luminal A tumours.  The study determined hormone receptor status, 

HER2 status, and the Ki67 index (percentage of Ki67-positive tumour nuclei) 

immunohistochemically.  From the study results, luminal A tumours were defined as ER- 

and/or PR-positive, HER2-negative and Ki67<14% and luminal B tumours were defined as ER- 

and/or PR-positive, HER2-negative and Ki67 >14%.  The sensitivity of the 

Ki67 index with this cut-off value was 72% (95% CI = 59% to 82%), and the specificity was 

77% (95% CI = 67% to 85%).  Luminal B tumours had a significantly worse recurrence-free 

and disease-specific survival. 
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Figure 1.1.  The cell cycle 

 

The role of Ki67 as a predictor of outcome after neoadjuvant hormonal therapy has been 

examined.  Higher Ki67 expression after 2 weeks of endocrine therapy was shown to be 

significantly associated with lower recurrence-free survival whereas higher Ki67 expression 

at baseline was not211.  Ellis et al. demonstrated that tumours that showed an increase in 

Ki67 with neoadjuvant hormonal treatment could be identified as a subgroup of tumours 

with defective “cell cycle response” to endocrine treatment212.  This subgroup was identified 

more frequently in patients treated with the anti-oestrogen tamoxifen than the aromatase 

inhibitor letrozole.   

 

Another surrogate measure of breast cancer proliferation is mitotic count.  Along with 

tubule formation and nuclear pleomorphism, mitotic count is one of the 3 components of 

the original 1957 Bloom-Richardson histologic grading system for breast cancer31.  Recently, 

there has been renewed interest in mitotic count as a discriminator of the clinically 

ambiguous grade 2 breast cancer category.  It is estimated that 30-60% of breast tumours 

will be classified as grade 2, which has limited clinical relevance as tumours of this grade 
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have intermediate risk of recurrence213,214.  Also, grade 2 tumours are frequently combined 

with either grade 1 or grade 3 tumours for statistical analysis, making interpretation of 

results from these tumours challenging213.  Abdel-Fatah et al. in 2010 proposed a modified 

grading system using mitotic count as a surrogate for proliferation and B cell lymphoma 2 

(Bcl2) expression as a cell cycle/apoptosis regulator.  It was found that this grading system 

was able to re-classify grade 2, small, ER-negative tumours into low-and high-risk groups 

which correlated with mortality and cancer recurrence.  The authors suggested that this 

system could lead to improved therapeutic planning for patients with tumours of this type. 

 

Thus, the significance of breast cancer proliferation has very much been re-visited in recent 

years.  Robust monoclonal antibodies for analysis of the proliferative surrogate Ki67 are 

available 215 and the Ki67 LI may be a relevant biomarker for the luminal B subtype of breast 

tumours66.  However, there is variability in how Ki67 is assessed immunohistochemically and 

technical considerations need to be addressed in this regard before its assessment can be 

translated into routine clinical practice.  Varying cut-points for positivity have been used in 

clinical practice and these cut-points will need validation in separate studies containing 

different patient cohorts with different therapy regimens and risk distributions before Ki67 

assessment can be incorporated into treatment guidelines.  It is possible that a single cut-off 

may not be appropriate for all clinical endpoints, e.g. DFS and OS.  Although the Ki67 LI is 

widely used in the routine assessment of prognostic markers, it is not considered a standard 

one due to lack of international standardisation regarding staining procedures and scoring 

methods216. 

 

1.3.1 Cdc7 and Mcm2 

 

There is ongoing interest in identifying alternative, novel, proliferative markers that can 

improve prognostication of breast cancer and prediction of response to treatment.  One 

potential candidate is cell division cycle 7 (Cdc7).   

 

Cdc7 is a molecule that was first identified in budding yeast in 1973217.  Its human 

homologue was subsequently identified in the late 1990s218.  Cdc7 is a conserved serine-

threonine kinase and has been shown to be required both for the initiation of DNA 

replication219-221 and for stable maintenance of replication forks222-226.  Cdc7, when combined 
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with an activating subunit Dbf4, acts to phosphorylate DNA-binding proteins called 

minichromosome maintenance (Mcm) proteins.  Mcms 2-7 are required for origin activation 

and form part of the DNA replication licensing pathway 227.   

 

1.3.1.1 DNA replication and the roles of Cdc7 and Mcms 

 

DNA replication begins from origin firing points.  These consist of pre-replicative complexes 

(pre-RCs) which are formed during the previous G1 phase of the cell cycle228-230.  The origin 

recognition complex (ORC) initiates sequential loading of the components of the pre-RC, 

including Cdc6228, Cdt1 and Mcms2-7 in late mitosis and early G1231.  The Mcms within these 

pre-RCs become phosphorylated, by Cdc7.  Once activated by phosphorylation, Mcms 

unwind DNA at the origin of replication.  Local DNA unwinding is followed by loading of DNA 

polymerases and other accessory factors, which participate in semi-conservative synthesis of 

new DNA strands during chain elongation232.  Together with cyclin-dependent kinase (Cdk) 2, 

Cc7 is essential for transition from G1 to S phase of the cell cycle, by phosphorylation and 

activation of the Mcm2 helicase by allowing interactions between Cdc45 and Mcms2-7233,234. 

 

 In vertebrates, Cdc7 is regulated by the protein Dumbbell-forming 4 (Dbf4).  Cdc7 forms a 

complex with Dbf4236-238 and is generally only active when combined with this subunit239-242.  

Whereas Cdc7 expression is constant throughout the cell cycle, expression of Dbf4 peaks 

during S-phase243,244.  Levels of Dbf4 begin to increase during the G1 phase of the cell cycle, 

explaining, in part, why Cdc7 kinase activity peaks at the G1/S transition245.  Expression of 

Mcms is seen during all cell cycle phases, but expression is lost after exit from cell cycle.  

There is rapid loss of Mcm expression after differentiation and slower loss in cells in G0 

phase246-248.  It has been suggested that assessment of Mcm levels in tumours provides more 

information than assessment of proliferative markers currently in use, such as Ki67.    Mcm 

expression identifies not only cells actively cycling, but also non-cycling cells with 

proliferative potential247.   
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Figure 1.2.  DNA replication in eukaryotic DNA: the roles of Cdc7 and Mcms 

DNA replication is first initiated by the binding of the ORC to replication origins.  With the aid of Cdc6 and Cdt1, 

Mcm complex is delivered to the origins of replication and a pre-RC is formed.  Both Cdc7 and Cdk2 

phosphorylate elements of the Mcm complex, which leads to loading of other accessory factors, e.g. Cdc45.  

Active replication forks are then generated by association of 3 DNA polymerases and this ultimately leads to 

semi-conservative replication of DNA
235

.   

 

1.3.1.2 Cdc7 and Mcm2 in malignancy 

 

Cdc7 and Dbf4 are overexpressed in human cancer cell lines and in many primary tumours 

compared to matched normal tissues249.  Cdc7 has been shown to be a predictor of survival 

in epithelial ovarian cancer250.  On multivariate analysis of 143 ovarian cancer cases, Cdc7 

predicted disease-free survival independent of age, tumours grade and tumour stage.  

Increased Cdc7 expression has also been identified in malignant melanoma251 and increased 

activity is associated with poor outcome in diffuse large B cell lymphoma patients252.   
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Small interfering RNA (siRNA)-mediated Cdc7 depletion has been shown by several 

researchers to cause tumour cells to enter apoptosis in a p53-independent manner, while 

simply arresting cell cycle progression in normal cells253-255.  This differential killing of tumour 

as opposed to normal cells seems to be a distinctive feature of the inhibition of origin 

activation, as it was also seen by blocking the action of Cdc6 and Cdt1, molecules that are 

also involved in the loading of Mcms at replication origins.  The exact mechanisms 

underlying this tumour cell-specific death are not fully clear.   

 

Mcms have also been implicated in a number of malignancies.  Most studies looking at 

expression of Mcms in cancer have used Mcm2 and Mcm5 antibodies as prototype Mcms, 

although any of the other Mcms would show similar cell cycle distributions256,257.  

Phosphorylation of Mcm2 at Ser40 and Ser53 has been shown to depend completely on the 

activity of Cdc7258.  Mcm2 was shown to be expressed at high levels in the high and low 

growth fractions of B cell lymphomas259.  In contrast, Ki67 was expressed in the high but not 

the low growth fraction.  This indicates that DNA replication licensing occurs in pre-

malignant cells before active proliferation259.  Increased Mcm2 expression in prostate260 and 

in lung cancer cells261,262 has been linked with worse survival rates.  The miRNA miR-1296 has 

been shown to have an anti-Mcm effect and miR-1296 has been shown to be downregulated 

in prostate cancer samples263. 

 

1.3.1.3 Cdc7 and Mcm2 in breast cancer 

 

A small number of papers have been published examining the role of Cdc7 in breast 

tumours.  Overexpression of Cdc7 has been shown to be frequently associated with TP53 

gene mutations and Cdc7 and Dbf4 expression levels were shown to correlate with TP53 

status in primary breast tumours249.  Rodriguez-Acebes et al. investigated the role of Cdc7 in 

p53-mutant HER2-overexpressing (n = 8) and triple-negative (n = 28) breast tumours and 

found that there was higher Cdc7 expression in these breast cancer subgroups compared to 

luminal subgroups264.   

 

Several studies have examined Mcm2 expression in breast cancer.  Gonzalez et al. examined 

the frequency and pattern of Mcm2 expression in two series of normal and malignant breast 

tissue samples.  The distribution of Mcm2 by IHC was examined on a pilot study of 67 WTSs 
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and subsequently validated on a TMA set of 347 breast cores.   It was found that Mcm2 

expression was superior to grade, lymph node status and Ki67 expression as a prognostic 

factor in breast cancer265.  The Mcm2 LI significantly predicted survival, along with tumour 

grade, lymph node stage, Ki67 LI and the NPI.  When these factors were combined together, 

the NPI was the strongest predictor of survival, followed by the Mcm2 LI.  It was shown that 

Mcm2 expression in both normal and malignant breast tissue sections was higher than 

expression of Ki67, suggesting that previous studies using Ki67 as a proliferative marker may 

have been underestimating the percentage of cells actively cycling.   

 

Shetty et al. investigated Mcm2 expression in normal pre-menopausal breast, as well as in 

breast cancer by examining the expression - at protein level - of Ki67, Mcm2, the S-G2-M 

marker geminin, HER2, ER and PR in a series of 18 reduction mammoplasty specimens and a 

series of 120 breast tumour specimens266.  Protein expression profiles for each of the 

markers were compared to clinicopathological variables and it was determined that a large 

number of breast epithelial cells were in a “replication licensed”, but not proliferating, state.  

This state was defined by expression of Mcm2 without expression of Ki67 or geminin.  Higher 

grades of breast tumours were associated with increased expression of Ki67, Mcm2 and 

geminin and Mcm2 expression was found to be the most important predictor of NPI score.  

However, just 12% of the variation in NPI was explained by Mcm2, as the LI for Mcm2 

approached 100% in many of the higher grade tumours.   

 

Reena et al. in 2008 examined expression of Mcm2 in a series of 30 benign breast tissue 

specimens and 70 malignant breast specimens267 and found that the Mcm2 labelling index 

(LI) increased with increasing tumour grade.  No proliferating compartments could be 

identified in the benign breast tissue series.   

 

1.3.1.4 Cdc7 inhibitors 

 

Small molecule inhibitors of Cdc7 kinase have recently been developed and their potential 

has been explored in preclinical models as a new class of anti-cancer drug268,269.  High-

throughput screening of compounds by Nerviano Medical Sciences led to development of a 

group of Cdc7 inhibitors, the 2-heteroaryl-pyrrolopyridones.  The lead compound in this 

group, PHA-767491, has emerged as the first nanomolar, ATP-competitive Cdc7 molecule 
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described269.  In pre-clinical models, this compound was shown to impair Mcm2 

phosphorylation at Cdc7-dependent phosphorylation sites.  Its activity has been shown in 

several cell lines269 and its anti-tumour activity has been confirmed in acute myeloid 

leukaemia (AML), breast and colon xenograft models269.  Activity has also been shown in 

rodents with induced mammary tumours270,271.  A second Nerviano compound, NMS-354, 

has demonstrated p53-independent anti-proliferative activity and induction of apoptosis in a 

broad range of cancer cell lines.  Pathway inhibition in tissue culture cells and in tumour 

models was confirmed with reduced Mcm2 phosphorylation272.  Several other anti-Cdc7 

compounds are in development by Roche, Novartis, Pfizer and Sanofi-Aventis273-276.  A phase 

1-2 trial for BMS-863233 (CA198-001), an orally available Cdc7 inhibitor, has been carried 

out on 90 patients with refractory haematological malignancies including AML, refractory 

acute lymphoblastic leukaemia (ALL), accelerated/blast phase chronic myeloid leukaemia 

(CML) and refractory myelodysplastic syndrome (MDS) but has, as yet, not reported results. 

Thus, Cdc7 and Mcm2 and the cell cycle machinery are promising new cancer targets.  It 

remains to be seen what the trials of Cdc7 inhibitors in haematological malignancy will show.  

Pending these results, the potential for trials in breast cancer exists, in particular those 

tumours exhibiting aberrant p53 pathways.  For this reason, Cdc7 and Mcm2 were evaluated 

in a large breast cancer series for this work, and within subsets of breast cancers. 

 

1.4 miRNAs and breast cancer  

 

The small, non-coding RNAs, miRNAs, are a further promising new cancer target and have 

demonstrated potential as novel biomarkers of breast cancer disease progression.  miRNAs 

are short (approximately 22bp), single-stranded, non-coding RNAs which are recognised as a 

highly abundant class of regulatory molecules.  In contrast to GEP-based analysis, miRNAs 

can be extracted and analysed from FFPE tissue and straightforward assays have been 

developed for their assessment277, making them very attractive candidates for newer 

diagnostic tests.  If the potential of miRNAs is realised, they may become a component of a 

new generation of molecular diagnostic breast cancer assays, similar to the GEP-based 

assays currently available.  Indeed, it is plausible that, within the next 5-10 years, 

commercial assays based on miRNA analysis may be available for breast cancer patients.  For 

these reasons, the prognostic role of miRNAs in a series of IBCs was evaluated in this work. 
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1.4.1 Biology of miRNAs 

 

The first miRNA was discovered in C. elegans in 1993278.  Currently, over 10,000 miRNAs from 

115 species are registered in the miRNA registry (miRBase version 14)279.  More than 700 

miRNAs have been described in humans and it is estimated that the expression of 

approximately 50% of all genes is targeted by miRNAs280.   

 

miRNAs are transcribed as a primary transcript, known as a pri-miR (Figure 1.3).  Certain pri-

miRs may be located within the introns of host genes.  Pri-miRs of this sort may be 

transcriptionally regulated through their host-gene promoters281.   

 

Pri-miRs are cleaved by the ribonuclease Drosha within the nucleus, producing a 65nt 

precursor (pre-miR), which is transported into the cytoplasm via the shuttle protein 

exportin-5.  Within the cytoplasm, the enzyme Dicer cleaves the pre-miR to yield the 

approximately 22nt mature miRNA and a corresponding partially complementary RNA, 

known as the passenger strand.  The mature miRNA gets selected by the argonaute protein 

AGO2.  AGO2, the mature miRNA and other proteins together form the RNA-induced 

silencing complex (RISC).  AGO2 protein is thought to be the catalytic endonuclease of the 

RISC and the RISC is now capable of targeting mRNA.   
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Figure 1.3.  miRNA biogenesis.  (From Le Quesne and Caldas.  Mol Oncol. 2010 Jun;4(3):230-41. Epub 

2010 Apr 28).   

 

miRNAs recognise target sequences within mRNAs, which are generally situated within 3’ 

untranslated regions (3’ UTRs).  Perfect miRNA-mRNA complementarity leads to cleavage of 

the mRNA by AGO2.  This is known as the small interfering RNA (siRNA) pathway and it is not 

thought to occur with endogenous mammalian miRNAs.  Instead, in humans, imperfect 

binding with mRNA leads to a down-regulation of translation without degradation, the 

mechanism of which is unclear.  There is evidence that the miRNA let-7 inhibits translation at 

the initiation step282.  Others have suggested that inhibition is due to ribosome drop-off 

during the elongation phase of translation283.  Intriguingly, other authors suggest that both 

of these mechanisms may occur at different times and that the promoter used to transcribe 
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the mRNA of the target gene influences the type of miRNA-mediated translational 

repression284.    

 

Ultimately, affected mRNAs accumulate in cytoplasmic “P-bodies”, along with RISC 

proteins282.  There is evidence to show that reduction in mRNA translation leads to a 

decrease in target mRNA abundance, by an average of 35%285.  This means that the impact 

of miRNA activity can be assessed to a certain extent by measures of mRNA abundance such 

as expression profiling. 

 

 

1.4.2 miRNA involvement in normal physiological processes 

 

miRNAs predominantly act post-transcriptionally and their influence introduces a large 

element of complexity into gene expression control.  miRNAs have important roles in 

determination of tissue type as well as in the timing of a number of developmental 

processes.  Several other roles have also been described, including metabolic control, brain 

development, differentiation of haematopoietic stem cells and viral defence286.   

 

miRNA expression has been examined within mouse mammary gland in both juvenile and 

adult mice and throughout pregnancy, lactation and involution, showing that families of 

miRNAs can be connected to distinct phases of the breast cycle287.  Puberty and gestation 

showed high levels of expression of miRNA (miR)-25 and the miR-17-92 cluster and a rise in 

expression of let-7.  miR-29 was shown to peak during post-lactational involution.   

 

1.4.3 miRNA dysregulation in cancer 

 

miRNAs were first linked to cancer in a study examining chronic lymphocytic leukaemia (CLL) 

patients, in most of whom downregulation or deletion of the miRNAs miR-15-a and miR-16-1 

was shown288.  miRNA genes have also been shown to be sited at fragile sites and genomic 

regions associated with cancer, providing further evidence that they are implicated in cancer 

causation289.   
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miRNAs function as regulatory molecules in cancer and have been demonstrated to act both 

as oncogenes and as tumour suppressors290.  In colon cancer, members of the miR-17-92 

family of miRNAs have been shown to be upregulated in microsatellite stability (MSS) vs. 

microsatellite instability (MSI-H), suggesting that the oncogenic role of miRNAs may be 

present in the more aggressive behaviour of MSS compared to MSI-H colon cancers291.  The 

oncogenic miRNA miR-21 has also been shown to induce invasion and metastasis in colon 

cancer cells and negatively regulates the tumour suppressor protein programmed cell death 

4 (Pdcd4)292.  miR-21 has also been shown to have an oncogenic role in pancreatic cancer, 

being more highly expressed in pancreatic cancer (79%) than in benign tumours (12%)293.   

 

miRNAs are thought to act more commonly as tumour suppressors. miR-34a has been 

shown to be frequently absent in pancreatic cancer cells and it can be induced by p53 

suppressor protein294.  miR-34a expression has been shown to be silenced in several cancer 

types due to aberrant CpG methylation of its promoter295.  Let-7 is another miRNA with 

tumour suppressive effect; indeed, it is often cited as the archetypal tumour-suppressing 

miRNA286.  Its expression has been shown to be reduced by 30% in human colon cancers and 

cancer cell lines296.    Members of the let-7 family of miRNAs have been shown to be 

downregulated in lung cancer also and reduced regulation is associated with decreased 

survival297.  The tumour suppressive functions of let-7 miRNA have been attributed partly 

due to its ability to inhibit the RAS oncogene298.   

 

Both chromosomal aberrations and epigenetic mechanisms have been implicated in 

aberrant miRNA expression in cancer288,289.  In breast tumours, it has been shown that 73% 

of miRNA genes are in regions with DNA copy number abnormalities299.  Hypermethylation 

of miR-9-1 has been found in breast tumours300 and alteration of miRNA levels via histone 

deacetylase inhibition has also been demonstrated in breast carcinoma cells301.   Therefore, 

it would appear that genomic instability and epigenetic changes cooperate to cause aberrant 

miRNA expression in breast cancer. 

 

1.4.4 miRNA dysregulation in breast cancer 

 

Similar to the mRNA profiling studies carried out by Perou et al.7 and other groups as 

detailed in section 1.1.3 above, miRNA signatures have been generated which can 
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discriminate between normal and tumour breast tissue.  miRNA dysregulation in breast 

tumours was first shown in a study of miRNA expression in 86 samples of normal and 

tumour breast tissue in 2005302.  The first breast cancer-specific miRNA signature identified a 

list of 29 miRNAs which were differentially expressed in normal and tumour breast tissues.  

The signature was able to classify normal and tumour tissue with an accuracy of 100%302.  

miR-10b, miR-125b and miR-145 were downregulated in tumour tissue, suggesting that they 

could possibly exert a tumour-suppressive role.  miR-21 and miR-155 were upregulated, 

suggested that they may exert a role as oncogenes.  Similarly, miRNA expression profiles 

were shown to associate with pathological features such as ER and PR status, proliferation 

index, LVI and tumour stage302.  Since these initial studies, miRNA signatures have been 

derived for luminal A and basal-type tumours303 and others have generated miRNA 

signatures which relate to hormone receptor status304,305.   

 

Blenkiron et al. used bead-based flow cytometry expression profiling to analysis miRNA 

expression in a series of 93 human breast tumours303.  Of the 309 miRNAs assayed, it was 

found that 133 of them were expressed in human breast and breast tumours.  Of the 93 

tumour samples, 51 could be classified into basal-like, luminal A, luminal B, HER2-

overexpressing and normal-like tumours.  A number of the miRNAs analysed were also 

shown to associate with tumour grade and ER status. 

 

Expression profiling of 453 miRNAs in 29 breast tumour samples identified predictive miRNA 

signatures associated with oestrogen (miR-342, miR-299, miR-217, ,miR-190, miR-135b and 

miR-218), progesterone (miR-520g, miR-377, miR-527-518a and miR-520f-520c) and HER2 

(miR-520d, miR-181c, miR-392c, miR-376b and miR-30e) receptor status305.  The miRNA 

signatures were generated using artificial neural networks (ANN) and expression of specific 

miRNAs was validated using PCR.  miR-342 and miR-520g expression was further analysed in 

95 breast tumours and it was shown that miR-342 expression was highest in ER-positive and 

HER2-positive luminal B tumours and lowest in triple-negative tumours.  miR-520g 

expression was increased in hormone receptor-negative tumours. 

 

Loss of the tumour-suppressing miRNA let-7 is generally seen at an early stage in breast 

cancer progression306.  Continued let-7 expression is associated with luminal A, ER-positive, 

low-grade cancers303.  miR-34 levels have been shown to be low in cell lines derived from 
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triple-negative tumours and it is thought that this reflects the higher incidence of p53 

mutations in this subtype307.   

 

miR-125 is thought to have tumour-suppressing actions in breast cancer.  miR-125 targets 

the mRNA encoding the RNA-stabilising protein HuR308, thus suppressing cell growth and 

favouring apoptosis in cell lines.  It also suppresses the growth of HER2-dependent SKBR3 

cells when artificially overexpressed, via targeting of HER2 and HER3309.  However, in other 

mammalian cells, miR-125 has been shown to form part of the p53 pathway310,311, meaning 

that it may have conflicting, tissue-specific actions in different cancers. 

 

miR-205 is a marker of basal epithelium306.  Expression of miR-205 is lost early in breast 

cancer, but persistent, lower, expression is associated with triple-negative (“basal”) tumours.  

miR-205 has been shown to target HER3, which forms part of the HER2 pathway312.   

 

There have been conflicting reports on the actions of miR-10b in breast cancer.  Initially, it 

was shown to be downregulated in breast cancer cells compared with primary human 

mammary epithelial cells (HMECs)302.  However, it was subsequently shown to be 

overexpressed in metastatic cancer cells313.  Functional studies show that its overexpression 

promotes cell migration and invasion in vitro and initiates tumour invasion and metastasis in 

vivo
313.  It is possible that differences in expression between the studies may be accounted 

for the different techniques used for the miRNA isolation314.   

 

miR-21, which generally has oncogenic activity, has been shown to correlate with advanced 

stage, metastasis and poor survival in breast cancer when it is overexpressed315,316.  Multiple 

studies show it to have consistent and increased expression in breast cancer cell lines and 

human tissue compared to normal cells and tissues302,306,316-321.  ISH analysis of miRNAs in 

breast tissues showed that many tumours overexpress miR-21 within intratumoural 

fibroblasts; the significance of this is unclear306.  There is also a correlation between miR-21 

and loss of the tumour suppressor phosphatase and tensin homologue (PTEN) in breast 

cancer315. 

 

Circulating miRNAs in the blood of breast cancer patients have also been the subject of 

investigation.  From a series of 163 cancer patients, which included 83 breast cancer 



Chapter 1: Introduction 

 

45 

 

patients, whole blood samples were collected and expression of the miRNAs miR-10b, miR-

21, miR-145, miR-155, miR-195, let-7a and miR-16 analysed by RT-PCR322.  From this panel, 

miR-195 was shown to be exclusively overexpressed in a specific cancer population, being 

overexpressed in the blood from breast cancer patients.  Two weeks following resection of 

the breast tumour, systemic miR-195 levels were seen to return to a basal level comparable 

with control cases.  The same group showed let-7a to be elevated in the blood of all of their 

cancer patients (excluding melanoma patients), including breast, colon, prostate and renal 

cancer patients.  These findings conflict those from tumour tissue samples however, in 

which let-7a is normally underexpressed compared to normal tissue and is generally thought 

to have a tumour-suppressing effect.   

 

1.4.5 Methods of quantifying miRNAs 

 

miRNAs are very attractive candidates for cancer research, as they can be relatively easily 

extracted and analysed from FFPE tissue, which is the main form of archival tissue in most 

histology laboratories.  They are small in size and have a sheltered microenvironment, being 

somewhat protected by the RISC complex, giving them a great practical advantage over 

mRNA as a research tool277.  There are many methodologies available for quantifying 

miRNAs in cell lines and tissues.   

 

 

1.4.5.1 Northern blot analysis 

 

Northern blot analysis has been used to quantify the expression of miRNAs in tumour cell 

lines323.  It is not very sensitive; however, it can detect both pre-miR and mature miRNA 

forms simultaneously 324.  Unequal hybridisation efficiency of individual probes can occur325.  

Moreover, it can be difficult to detect multiple miRNAs concurrently with Northern blot 

analysis, making it unsuitable for high-throughput analysis.   
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1.4.5.2 Microarray analysis 

 

Microarray analysis of miRNAs can detect expression of multiple miRNAs simultaneously 

which is important when looking at expression patterns between malignant and normal 

cells.  A dual-channel microarray has been designed which allows comprehensive analysis of 

expression levels of approximately 120 mammalian miRNAs325.  This microarray platform 

was described on a series of adult mouse tissues and embryonic stem cells325.  Microarrays 

are more sensitive than Northern blot analysis.  However, cross-hybridisation of miRNAs 

with very similar sequences can occur325.  

 

1.4.5.3 Bead-based flow cytometry expression profiling 

 

Bead-based flow cytometry miRNA expression profiling allows systematic analysis of >200 

mammalian miRNAs326.  This technique has been used in cell lines and in human tissues326, 

including snap-frozen samples of human breast tumours303.  It reportedly has enhanced 

accuracy and specificity, is fast, easy to implement and inexpensive and has been used to 

classify breast cancers into prognostic molecular subgroups303.  Hasemeier et al. used 

fluorescence-labelled bead technology to profile miRNA expression in FFPE breast cancer 

specimens and paired fresh frozen tissue samples and found that there was a significant 

correlation between expression patterns in the two types of samples277. 

 

1.4.5.4 qRT-PCR 

 

qRT-PCR is a technique sensitive to detect at the level of single molecules.  Chen et al. 

developed a looped real-time PCR-based technique to accurately detect the expression of 

mature miRNAs, in cell lines and in mouse tissues, covering >7 log of expression range that is 

specific for mature miRNAs327.  A modified multiplex format can profile miRNA expression in 

individual cells328 is described.  More recently, a megaplex reverse transcriptase format of 

the stem-loop primer-based qRT-PCR329 was developed that allowed simultaneous reverse 

transcription of 450 mature miRNAs from cell lines and also reduced the amount of RNA 

needed down to single-cell level, by introduction of a complementary DNA (cDNA) pre-
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amplification step.  qRT-PCR has also been used to extract miRNAs from FFPE tissue 

blocks330-332. 

 

1.4.5.5 ISH  

 

ISH analysis of miRNAs has a major advantage over other methodologies in that it is the only 

miRNA analytic method which gives information on cell-specific and subcellular patterns of 

miRNA expression.  All of the other methods described provide profiles on homogenised 

tissue; they do not discriminate between tumour, normal, stromal tissue etc.  ISH provides 

insight into the mechanisms of action of miRNAs and the tissue subtype they are present in.  

ISH can be carried out on frozen and fixed tissue.  It addresses the cellular origin of miRNA 

expression rather than providing a quantitative measure of expression.  The small size of 

miRNAs and their general fragility make ISH a challenging technique however. 

 

A small number of studies on the detection of miRNA with in situ-based systems have been 

carried out306,333-335.  ISH analysis of miRNAs is technically challenging due to the relatively 

low copy number of many miRNAs, in particular the precursor molecule.  The small size of 

the mature miRNA translates to a melting temperature (Tm) of the miRNA/cDNA probe 

hybridisation complex which may be too low to allow for it detection during the various ISH 

steps336.   

 

The use of locked nucleic acid (LNA) methodology has been beneficial to ISH analysis of 

miRNAs in FFPE tissue.  LNAs are modified RNA nucleotides in which the furanose ring in the 

sugar-phosphate backbone is chemically locked and the molecule mimics the conformation 

of RNA (Figure 1.4).  The locked conformation increases the hybridisation affinity towards 

complementary single-stranded RNA molecules and LNA nucleotides increase both the 

sensitivity and specificity of molecular techniques based on oligonucleotides.  LNAs address 

the issue of low Tm, as described above, as they markedly increase the Tm of the 

probe/target complexes337. 
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Figure 1.4. Structure of an LNA monomer 

 

LNA ISH was used to examine the spatial distribution of miRNA expression in >100 FFPE 

breast specimens306.  Particular miRNAs were expressed in distinct subpopulations of 

epithelial cells and distinct intracellular locations, suggesting that each miRNa was affecting 

the breast tumourigenic process through different mechanisms.  One limitation of the 

technique was that specimens fixed in formalin for >12-18 hours had a showed a decreased 

intensity of miRNA in situ signal. 

 

Jorgensen et al. developed a one-day method for analysis of miRNAs in FFPE tissues by LNA 

ISH335.  Their protocol employed a double digoxigenin (DIG)-labelled LNA oligonucleotide 

which produced higher signals than a single DIG-labelled probe.  Their protocol enabled 

detection of miR-1, miR-21, miR-124, miR-126, miR-145 and miR-205 in human and murine 

paraffin-embedded material.  The protocol is outlined in further detail in Materials and 

Methods, section 2.4.3.   

 

Quantification of miRNA expression as detected by ISH provides further challenges.  ISH is 

excellent for cellular localisation of miRNAs but measurement of their prevalence is 

somewhat more difficult with this technique.  Fluorescently-labelled LNA probes have been 

used and the fluorescence signal assessed using a quick score which combined intensity of 

nuclei staining and percentage of nuclei staining306.  Others have used image analysis 

software to analyse light microscopy results of miR-21 in the stoma of colon cancer 

LNA monomer 

Β-D configuration 
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tissues338.  This involved a reasonably complex procedure whereby tumour was circled on 

images and then 8-17 random image fields were collected using systematic random area 

sampling.  Stained structures were differentiated using a colour system whereby blue 

corresponded to the hybridisation signal, red corresponded to the red nuclear stain and 

purple corresponded to a blue hybridisation signal overlaying a red nuclear signal.  Each 

sample image was then analysed according to a system which calculated ratios of different 

combinations of colours to each other to obtain 3 parameters: the stained area, the staining 

intensity and the number of positive cells.  The miR-21 signal was determined as the total 

blue area or the area fraction relative to the nuclear density obtained from the red nuclear 

stain.   

  

1.4.6 Limitations of miRNA analysis 

 

miRNA analysis is not without limitations.  Many of the analytic methods available, apart 

from ISH, provide no information on cellular localisation of the miRNAs.  While ISH allows 

the cellular origin of miRNA expression to be identified, quantification of the miRNA signal 

obtained is difficult.   Furthermore, it is unclear if a miRNA “housekeeping molecule” exists.  

This raises the issue of how to “normalise” for miRNA analysis in the laboratory.  This 

question was addressed by Davoren et al.339, who suggested that let-7a and miR-16 could be 

used reliably for normalisation in breast tissue.  However, further validation is required 

before there is general acceptance.  In the meantime, the lack of a consistent, universal 

control is a significant drawback to miRNA analysis. 

 

Results from studies of miRNAs have been inconsistent and, on occasions, contradictory.  

miRNAs reported to be oncogenic in one study may show tumour-suppressive properties in 

another.  This may relate to the source of RNA used, e.g. cell lines vs. tissue samples, in 

different studies.  Moreover, as miRNAs are regulatory molecules, it is possible and plausible 

that their expression may be altered in immortalised cells when compared with real human 

tissue samples.  Finally, tumour samples may exhibit heterogeneity of miRNA expression. 
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1.5 Roadmap of this thesis 

 

1.5.1 Aims of this work 

 

1.  Identification and validation of biomarkers for diagnosis and prediction of outcome 

in breast cancer and in subtypes of breast cancers. 

1.1  Validation of an optimal panel of biomarkers that can be used to define the 

molecular subtypes of breast cancer by IHC. 

1.2  Investigation of the prognostic role of proliferative markers in a consecutive 

series of breast cancers and in subtypes within the series. 

2.  Investigation if the RS predicted by the Oncotype DX Breast Cancer Assay can be 

predicted by evaluating the protein products of the assay by IHC. 

3. Evaluation of miRNAs in IBC.   

 

1.5.2 Secondary aims of the work   

 

1.  To develop a West of Ireland (WoI) breast cancer database, comprising a 

consecutive series of breast cancers managed at GUH between 1999 and 2005, with 

comprehensive pathological and biomarker characterisation. 

2. To optimise the ISH method of miRNA analysis on FFPE breast tissue. 

 

1.5.3 Overview of approach 

 

1.5.3.1 Identification and validation of biomarkers for diagnosis 

and prediction of outcome in breast cancer and in subsets of 

breast cancers 

 

•Creation of the West of Ireland (WoI) invasive breast cancer (IBC) series, 1999-2005. 

•Case selection and completion of a database with clinical details and outcome status. 

•Construction of a TMA. 
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•Characterisation of the WoI IBC series including identification of molecular subtypes. 

•Assessment of the prognostic role of proliferative markers within the series and within 

subtypes of the series. 

 

1.5.3.2 Immunohistochemical evaluation of Oncotype DX proteins 

as surrogates for prediction of recurrence in NN breast cancer 

 

•Creation of a “TAILORx” series of IBCs from patients managed at GUH and who had 

Oncotype DX testing carried out. 

•Optimisation of novel antibodies to proteins corresponding to the genes in Oncotype DX. 

•Collation of the relevant clinicopathological data and Oncotype DX data on the series. 

•Identification of association between genes and combinations of genes and 

clinicopathological factors which can predict the RS. 

 

1.5.3.3 Evaluation of miRNAs in IBC  

 

•Case selection of patients who had circulating miRNA analysis carried out in GUH. 

•Selection of miRNAs for analysis in FFPE tissue. 

•Optimisation of the ISH technique for miRNA analysis in FFPE tissue. 

 



Chapter 2: Materials and methods 

 

52 

 

2. MATERIALS AND METHODS 

 

Two series of invasive breast cancers were studied in this work.  The first, and largest, was 

the WoI IBC series, comprising 666 cases of IBC.  The second was a series of 52 IBCs enrolled 

in the TAILORx trial.  Another small group of IBCs were used for the miRNA study, comprising 

15 cases of IBC.   

 

2.1 Characterisation of the WoI IBC series 

 2.1.1  Case selection and database creation  

 

A total of 1,530 invasive breast cancer cases were seen at GUH from 1999-2005.  The 

histology slides from these cases were retrieved from the archives of the Department of 

Histopathology, GUH.  All slides were reviewed.   The tumour was identified and the 

appropriate tissue block retrieved.  Slides and blocks were reviewed for adequacy of 

material for use in research and for tissue microarray (TMA) creation.  A total of 666 invasive 

breast tumours had sufficient tissue available such that tumour was present in cores that 

were arrayed onto a TMA (section 2.1.2) and were therefore eligible for inclusion in the WoI 

IBC series.   

 

A database containing clinicopathological information relating to the WoI series was initially 

obtained from the Dept. of Surgery, National University of Ireland, Galway (NUIG).  Relevant 

information was extracted from the data and collated, including: 

 

•Hospital number 

•Dates and specimen ID numbers for all excisions related to the case, including subsequent 

diagnoses of recurrence/metastasis  

•Tumour size for invasive disease 

•Presence of in situ disease 

•Type of in situ disease  

•Lymph node - including sentinel lymph node – status 

•Number of lymph nodes involved 
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•Survival: both DFS and OS 

•Sites of any metastasis/recurrence  

•Details of neoadjuvant and adjuvant chemotherapy/radiotherapy/hormonal therapy and 

duration of same 

•UICC Tumour, Node, Metastasis (TNM) status  

 

Pathological variables for each tumour, including grading and histological typing, were 

tabulated.  As sub-specialisation of pathology reporting was not introduced into GUH until 

2004, many of the cases in the series had not been graded and typing by a specialist breast 

pathologist.  In these cases, tumours were re-graded and re-typed on a representative whole 

tissue section (WTS) of the case.  For cases reported by a specialist breast pathologist, the 

tumour grade and histological type from the original report was used for analysis.   

 

Current outcome status for each case, to include most recent clinical review date, 

development of any recurrence/metastasis and updated DFS and OS, was collated from 

patient medical records in GUH.  Ethical approval for the project was obtained from the 

Ethics Committee at GUH, ethical approval reference 04/07. 

 

2.1.2 TMA construction 

 

A WTS of tumour from each case was selected for use in the TMA.  The TMA was 

constructed in the Discipline of Pathology, NUIG by Dr. L. Murillo (Figure 2.1).  For each case, 

tumour was marked and cored in quadruplicate onto the TMA.  Any associated DCIS and 

lymph node metastases were arrayed also.  The presence of tumour was confirmed by 

review of the H & E-stained tissue section. 
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Figure 2.1.  TMA construction.   

The area to be cored is marked on a donor tissue block.  Cores (0.6mm diameter, 3 mm height) of tissue are 

removed from the donor blocks using a stainless steel tube attached to a tissue microarrayer.  The cores of tissue 

are then extruded from the tube by a stylet and transferred into a recipient paraffin block at defined coordinates.  

Composite blocks are made that contain small cores taken from individual cases.  As many as 1,000 cases can be 

arrayed onto one block.  Sections of the TMA are then cut at 3-4μm and the cores are checked on a H&E-stained 

section.  Up to 200 sections can be obtained from a single block, depending on donor core thickness.  (Image 

courtesy of Mr. Mark Webber, Dept. of Pathology, National University of Ireland, Galway). 

 

2.1.3 IHC 

 

2.1.3.1 Routine antibodies 

 

TMA sections from the WoI series were stained with antibodies that were commercially 

available and are used routinely in a research laboratory setting (Table 2.1).  These 

antibodies required minimal optimisation.  Sections were cut at 4μm and transferred onto 

SuperFrost® Plus (Thermo Scientific) slides for immunohistochemical staining.  Standard 

indirect immunoperoxidase procedures were used.  IHC was carried out in the Departments 

of Histopathology, GUH and the Royal College of Surgeons of Ireland (RCSI).   
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Table 2.1.  Routine antibodies used on the WoI series, with sources 

a
Universal buffer pH8.4, contains EDTA; 

b
EDTA-based buffer pH9. 

Abbreviations: CC: cell conditioning; ER: epitope retrieval; MW: microwave 

 

Evaluation of staining for routine markers on the WoI series was carried out by at least 2 

observers: Dr. Helen Ingoldsby, Prof. Grace Callagy, Drs. Celine Inderhaug and Laura Murillo 

and Mr. Mark Webber.  The cut-off values that were applied to each of ER, PR and HER2 to 

indicate positivity and used for statistical analysis were based on those values used in 

routine practice for ER (10%), PR (10%)340 and HER2 (3+ on IHC or 2+ on IHC with a positive 

fluorescent in situ hybridisation (FISH) result) (Dako Herceptest method).  In addition, for ER 

and PR the semi-quantitative score (0-8) was also used341.  Nuclear staining was evaluated 

for ER and PR and membranous staining for HER2.   

 

Antibody Source Clone Dilution Antigen retrieval 

ER Neomarkers SP1 1:100 Automated; as per 

Benchmark® XT CC1a 

protocol for 30 mins. 

PR Leica 16 1:200 As above.  

HER2 Dako  Neat (pre-filled)  Automated; as per 

HercepTest™ program 

Bcl2 Novocastra bcl-2/100/D5 1:200 Automated; as per Leica 

BOND-MAX™ ER2b 

protocol for 20 mins. 

CK14 Novocastra LL002 1:20 Automated; as per Leica 

BOND-MAX™ ER2b 

protocol for 20 mins. 

CK5/6 Dako D5/16 B4 1:100 Automated; as per 

Benchmark® XT CC1a 

protocol for 30 mins. 

EGFR Dako pharmDx kit Pre-diluted Automated; as per 

Benchmark® XT CC1a 

protocol for 30 mins. 

Ki67 Dako MIB-1 1:200 As above 

p53 Dako DO-7 1:100 As above 
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For markers that are not used in routine practice – Bcl2, Ki67, CK5/6, CK14, EGFR, p53 – the 

cut-off values applied were based on those reported in the literature and/or on statistical 

determination of the most appropriate cut-off value.  Cytoplasmic staining was assessed for 

Bcl2.  Varying cut-off values have been used in the literature.  A cut-off of 10% was applied 

to the WoI series, similar to that used in other studies342-345.   

 

Reports for Ki-67 (MIB-1) in breast cancer have used cut-off values between 5% and 25%346-

350.  A cut-off for positivity of >10% nuclear staining was used for this study.  For the basal 

markers EGFR, CK5/6 and CK14, any positive (cytoplasmic and membranous for EGFR, 

cytoplasmic for CK5/6 and CK14) staining was taken as a positive result, similar to the cut-off 

applied in other breast cancer studies using immunohistochemical methods121,129,351,352.  p53 

positivity was set at nuclear staining >10%, a cut-off which has been used in other studies 

examining p53 expression in breast tumours353-355 and also in gastric tumours356.   

 

2.1.3.2 Novel proliferative markers 

 

The antibodies to Cdc7, tMcm2 and pMcm2 (Table 2.2) were optimised for breast tissue by 

Mr. M. Webber.  Sections of the TMA blocks of the breast series were cut at 4μm and 

transferred onto SuperFrost® Plus (Thermo Scientific) slides for immunohistochemical 

staining.  Standard indirect immunoperoxidase procedures were used for the detection of 

the antibodies.  Antibodies were optimised for breast tissue under the conditions listed in 

Table 2.2.  Antibody incubation was for 1 hour at room temperature (RT).  Diaminobenzidine 

was used as a chromogen and sections were counterstained with haematoxylin.   Scoring of 

antibodies was carried out by two observers, Dr. H. Ingoldsby and Mr. M. Webber. 

 

Table 2.2.  Antibodies for novel proliferative markers, with sources 

Antibody Source Clone Dilution Antigen retrieval 

tMcm2 BD Transduction 

Laboratories  

46 1:1,200 MW for 15 mins., pH6 

pMcm2 abcam Polyclonal 1:500 MW for 20 mins., pH6 

Cdc7 abcam SPM171 1:300 MW for 20 mins., pH9 
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Nuclear staining was evaluated for each of the novel proliferative markers.  Cdc7 (Figure 2.2) 

and pMcm2 (Figure 2.3) staining was scored as an absolute percentage from 0-100%.  

tMcm2 was scored as a categorical variable, using the categories <1%, 1-10%, 11-33%, 34-

66% and >66% (Figure 2.4). 

 

             

Figure 2.2.  Cdc7 immunostaining 

Nuclear staining is seen in a breast tumour (left; 40x) and in tonsil (right; 40x).  

 

             

Figure 2.3.  pMcm2 immunostaining 

Nuclear staining is seen in a breast tumour (left; 40x) and in colonic crypts (right; 40x). 
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Figure 2.4.  tMcm2 immunostaining 

Nuclear staining is seen in a breast tumour (left; 40x) and in colonic crypts (right; 40x). 

 

2.2  An immunohistochemical evaluation of Oncotype DX 

proteins as predictors of the RS 

 

2.2.1 Case selection and creation of TAILORx database 

 

The TAILORx trial was launched on 23 May 2006 to examine whether genes that are 

frequently associated with risk of recurrence for women with early-stage breast cancer can 

be used to assign patients to the most appropriate and effective treatment.  The TAILORx 

trial uses the Oncotype DX assay and all patients enrolled onto the trial have Oncotype DX 

testing carried out on their tumour.  

 

The first patient from GUH was enrolled onto the TAILORx trial on 13 December 2007 and, at 

the time of commencement of this project in October 2009, 72 patients had been enrolled 

onto the trial.  Each of these patients had an Oncotype DX RS generated and this score was 

returned to GUH on a summary report of the assay result from Genomic Health.  A 

“TAILORx” database was created for these patients, containing clinicopathological 

information including date of birth, specimen number, block number sent to Genomic 

Health, histological type, grade (including individual columns for tubule formation, nuclear 

pleomorphism, mitotic count), tumour size, presence or absence of LVI, Oncotype DX RS, 

Oncotype DX ER, PR and HER2 scores where available.   
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Of the 72 cases, 52 had both histological material and RS available for use in this work.  

Reasons why material was not available for the remainder of cases included: relevant 

tumour block not on file/not yet returned from Genomic Health n = 12; histological slides 

not on file for review n = 2; DCIS only present on slides on review n = 2; case not on system n 

= 1; patient withdrew consent for Oncotype DX testing/pre-registered only n = 3.    

 

2.2.2 IHC 

 

The block sent for Oncotype DX analysis was used for this work, where available (n = 34).  In 

18 cases the block had not yet been returned from Genomic Health and, in such cases, 

another representative block of tumour was chosen.  WTSs from this block were then cut at 

3μm and placed on glass microscopic slides (Thermo Scientific) for H & E staining and on 

SuperFrost® Plus slides (Thermo Scientific) for immunohistochemical staining for the 

proteins corresponding to the genes analysed in Oncotype DX (Table 2.3). 

 

Table 2.3.  Genes analysed by Oncotype DX assay   

Oestrogen group HER2 group Proliferation group Invasion group Others 

ER GRB7 Ki67 MMP11 GSTM1 

PR HER2 Aurora A kinase 

(STK15) 

CTSL2 CD68 

BCL2  Survivin  BAG1 

SCUBE2  Cyclin B1 (CCNB1)   

  MYBL2   

 

 

2.2.2.1 Routine antibodies for TAILORx study 

 

Immunostaining for the routine diagnostic antibodies ER, PR, HER2, Ki67, CD68 and Bcl2 was 

performed in the Department of Histopathology, GUH using the Ventana Benchmark® XT 

and Leica BOND-MAX™ automated slide staining systems according to the manufacturer’s 

protocol.  For the antibodies ER, PR, HER2, Bcl2 and Ki67, clones were purchased and the 

antibodies were optimised as per Table 2.1.  CD68 antibody was purchased from Dako, clone 
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EBM11.  It was diluted at 1:500 and was run on the automated Leica BOND-MAX™ ER1 

protocol for 10 minutes.  A standard diaminobenzidine method was used to detect the 

reaction.  Tumours and tissues with known staining patterns were used as immunostaining 

controls. 

 

Staining of ER, PR and HER2 was evaluated as described in section 2.1.3.1 above.  Bcl2 

cytoplasmic staining was scored semi-quantitatively by scoring the percentage of positive 

cells and intensity of staining in positive cells.  Intensity was scored on scale from 0-3, where 

0 = no staining, 1 = weak staining, 2 = moderate staining and 3 = strong staining.  The 

absolute percentage of nuclear staining was evaluated for Ki67. 

 

 A literature search for CD68 in breast cancer reveals mostly studies relating to breast 

sarcomas, granular cell tumours of the breast, xanthogranulomatous mastitis or breast 

carcinomas with stromal osteoclastic giant cells.  A small number of publications have 

evaluated macrophages in breast carcinomas.  Tumour-associated macrophages (TAMs) 

have been double-stained with CD68 and proliferating cell nuclear antigen (PCNA) and the 

results dichotomised into low (<5 per hpf) or high (≥5 per hpf) TAM counts in a study which 

linked high TAM counts with poor outcome in hormone receptor-negative breast cancer357.  

This study made no assessment of any CD68 staining in breast tumour cells however.   A 

further study counted TAMs in 3 high-power fields of maximum inflammation surrounding 

tumours and then averaged the TAM count of the 3 fields358.  CD68-stained TAMs have also 

been counted using a point-counting method, which expressed the volume of tissue 

occupied by TAMs as a percentage of the total volume of the tissue359. 

 

As there was no established method for evaluation of Cd68 staining, we scored CD68 

staining in tumour cells and separately in TAMs (Figure 2.5).  For tumour cells, the 

percentage of cells with cytoplasmic staining was scored.  For TAMs, the average percentage 

of TAMs visualised in 3 high-power fields was recorded. 
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Figure 2.5.  CD68 immunostaining    

Strong cytoplasmic staining is seen in tumour-infiltrating macrophages (red arrows) and moderate cytoplasmic 

staining in tumour cells (blue arrows) (40x) 

 

2.2.2.2 Novel antibodies 

 

Commercially available antibodies were sourced for AAK, survivin, cyclin B1, MMP11 and 

BAG1 (Table 2.4).  No antibodies were commercially available for SCUBE2, GRB7, MYBL2, 

CTSL2 and GSTM1.   

 

Immunostaining for these 5 novel antibodies was performed manually.  Standard indirect 

immunoperoxidase procedures were used.  Diaminobenzidine was used as a chromogen  

and sections were counterstained with haematoxylin.  The antibodies were optimised as 

described in Table 2.4. 
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Table 2.4.  Novel antibodies: sources and optimisation protocols 

Antibody Source Clone Dilution Antigen retrieval Incubation 

BAG 1 Santa Cruz 3.10G3E2 1:500 MW for 10 mins., HIER 

buffer pH9  

1hr.; RT 

Survivin abcam Polyclonal 1:1,000 MW for 15 mins., HIER 

buffer pH6  

Overnight; RT 

Cyclin B1 abcam Polyclonal  1:500 MW for 15 mins., HIER 

buffer pH9  

Overnight; RT 

AAK Novocastra JLM28  1:100 MW for 20 mins., HIER 

buffer pH9 

1 hr.; RT 

MMP11 abcam EP1259Y See 

text. 

See text. See text. 

a
Universal buffer pH8.4, contains EDTA; 

b
Citrate-based buffer pH6; 

c
EDTA-based buffer pH9. 

Abbreviations: CC: cell conditioning; ER: epitope retrieval; HIER: heat-induced epitope retrieval; MW: microwave; 

RT: room temperature 

 

BAG1 immunohistochemical staining has been evaluated in a number of ways in the 

literature.  It has been scored by assessment of intensity of staining in cellular 

compartments360,361 and also by creation of a H-score which calculated a product of intensity 

of staining x distribution of staining362.  For the purposes of this work, the pattern of BAG1 

staining – nuclear, cytoplasmic and both – was recorded for each case (Figure 2.6).  Intensity 

of staining from 0 to 3 was recorded, where 0 = no staining, 1 = mild, 2 = moderate and 3 = 

strong staining.  The percentage of nuclear positivity was recorded in a minimum of 200 cells 

in 3 high-power fields.  This scoring method was used for evaluating breast tumour tissue 

and also for evaluation of staining in adjacent normal breast tissue.   
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Figure 2.6.  BAG1 immunostaining 

Nuclear and cytoplasmic staining is seen in a breast tumour (left; 40x) and in a kidney tubule (right; 40x).   

 

Survivin immunohistochemical staining in breast tumours has also been evaluated in a 

number of ways.  It has been scored as a weighted score, obtained by multiplying 

percentage and intensity of cytoplasmic staining together363.  It has been scored by 

evaluation of the percentage of nuclear or cytoplasmic staining364.  The ratio of cytoplasmic-

to-nuclear staining has also been used as a scoring method365. 

 

Thus, as there is no consensus on survivin immunohistochemical scoring, we scored staining 

with this antibody in the same manner as described above for BAG1, as this method 

encompassed assessment of both nuclear and cytoplasmic staining and also evaluation of 

percentage and intensity of staining (Figure 2.7). 

 

             

Figure 2.7.  Survivin immunostaining 

Nuclear and cytoplasmic staining is seen in a breast tumour (left; 40x) and in a colon tumour (right; 40x).   

 

Cyclin B1 staining has been evaluated by scoring percentage of nuclear and cytoplasmic 

staining366-369 and by assessing intensity and percentage of staining370.  Cyclin B1 staining in 
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the TAILORx series was predominantly cytoplasmic and the percentage of tumour cells with 

cytoplasmic staining was recorded for each case.  A minimum of 200 cells were counted in 3 

high-power fields.  A very small number of cases showed associated nuclear staining and this 

was noted where present.  Staining was not seen in normal breast tissue (Figure 2.8). 

 

          

 Figure 2.8.  Cyclin B1 immunostaining 

Cytoplasmic staining is seen in a breast tumour (left; 40x) and in tonsil (right; 40x).  

 

AAK staining has been evaluated using a cut-off for positivity of >10% cytoplasmic staining371.  

It has also been assessed by scoring intensity and percentage of cytoplasmic staining372 and 

by scoring of intensity of cytoplasmic staining only373.  Tumours in the TAILORx series 

showed both nuclear and cytoplasmic staining and, for each case, both types of staining 

were recorded.  Staining intensity was generally homogeneous.  The percentage of tumour 

cells showing positive staining was recorded.  A minimum of 200 cells in 3 high-power fields 

were counted (Figure 2.9).  

 

                 

Figure 2.9.  AAK immunostaining 

Nuclear and cytoplasmic staining is seen in a breast tumour (left; 40x) and predominantly nuclear staining in the 

seminiferous tubule of the testis (right; 40x). 
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Optimisation of MMP11 rabbit monoclonal antibody EP1259Y using a multi-tumour TMA 

was unsuccessful and was not evaluated further.  Multiple conditions were attempted, e.g. 

pH 6.0 to 9.0, dilutions from 1:50 to 1:500 and varying times of antigen retrieval.  Only weak, 

indiscriminate staining of epithelial cells was seen.   

 

2.3  Statistics and data analysis 

 

The majority of statistical analyses were done by Dr. J. Newell and Mr. Alberto Alvarez 

Iglesias, HRB Clinical Research Facility, School of Medicine, NUIG.  All statistical analyses 

were carried out using SPSS (18) and the language for statistical computing and graphics R 

(2.12.0). 

 

To test for association between predictors, the independent sample t tests, chi squared test 

for independence and tests based on the Kendall's correlation coefficients were used.  All 

estimates of the survival functions were calculated using the Kaplan-Meier estimator.  

  

The Cox proportional hazard model and log-rank test were used to compare the survival 

distributions for all univariate between-group analyses.  For the multivariate analysis (MVA), 

proportional hazard models were fitted with stepwise variable selection.   

 

Classification and Regression Trees (CART)374 were used extensively in this work, most 

particularly in the evaluation of Oncotype DX proteins as predictors of the RS (Chapter 4).  

CART analysis is a simple non-parametric approach that is popular in prediction problems 

due to its ability to uncover useful structure in the covariate space (i.e. identify potentially 

useful interactions), its ease of interpretation and its ability to handle missing data through 

surrogate splits.  Such techniques involve identifying a series of sub-divisions of the data to 

find simple binary splits which best separate out the levels of the categorical response 

variable based on either a measure of between-node dissimilarity or using a hypothesis test.  

Ensemble methods are often employed to improve prediction by using bootstrap re-

sampling to create a forest of trees from which the most frequently predicted class for each 

observation is identified375.  In this work, survival trees based on conditional inference376 
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were fitted using the log-rank test as the splitting criterion.  Random survival forests376 were 

also used.  These incorporate bootstrapping to generate a forest of survival trees that can be 

used to improve the prediction power when new observations are considered. Furthermore, 

a measure of variable importance can be considered for variable selection. 

  

Trees were created using the tree package in the statistical software R, which uses the 

predictive variables to classify subjects into groups based on binary recursive partitioning374.   

All analyses were conducted using R (2.12.0) and the rpart
377, ctree

376 and randomforest
375 

packages.  Tree analyses divide up samples according to a “splitting rule” and “goodness of 

split” criteria.  A goodness of split criteria compares different splits of data and determines 

which of these splits will produce the most homogeneous sub-samples.  Tree-building starts 

by dividing a sample or a “root node” into binary nodes.  Initially, all observations are placed 

at the root node.  The aim of the tree is to split up observations and create groups or binary 

nodes that are internally more homogeneous than the root node.  Starting with the first 

variable, the tree splits a variable at all of its possible split points.  At each possible split 

point of the variable, the sample splits into two binary of “child” nodes.  Cases with a “yes” 

response to the question posed are sent to the left node and the “no” responses are sent to 

the right node.  The tree then applies its goodness of split criteria to each split point and 

evaluates the heterogeneity to each split.  The objective is to minimise heterogeneity at 

each step.  Splitting continues until a large tree is built.  The largest tree can be achieved if 

splitting continues until every observation constitutes a terminal node.  Obviously, a tree like 

this will have a very large number of terminal nodes that are either pure or very small in 

content.  Tree analysis then “prunes” the results using cross-validation and creates a 

sequence of nested trees.  This also produces a cross-validation error rate and, from this, the 

optimal tree is selected. 

 

2.4  miRNAs in breast cancer   

  

2.4.1 Case selection 

 

Previous work reported by the Dept. of Surgery at NUI Galway evaluated a panel of cancer-

associated miRNAs in the circulation of patients with various malignancies - including breast, 
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prostate, colon and renal cancer and melanoma - to determine whether the miRNAs were 

tumour-specific and to establish if analysis of circulating miRNAs had utility in cancer 

diagnosis322.  The panel of miRNAs included miR-10b, miR-21, miR-145, miR-155, miR-195 

and let-7a.  Eighty-three breast cancer patients were studied in this work, all of whom had 

tumours diagnosed at GUH between 2008 and 2009.  It was found that circulating let-7a 

levels were elevated in patients with breast, prostate, colon and renal cancer relative to 

controls.  Elevated circulating miR-195 levels were found to be specific to breast cancer. 

 

For this work, the expression of let-7a was evaluated in the FFPE tumour tissue from those 

patients with breast cancer involved in the above study, to establish whether elevated 

circulating blood levels of the miRNAs were associated with elevated tissue levels of the 

same miRNAs and to investigate which, if any, component of the tissue was responsible for 

the elevated level of miRNA in the blood.  The patient details were obtained from the Dept. 

of Surgery, together with the levels of each of the miRNAs in each case.  Expression of both 

of the miRNAs was evaluated in 5 cases each of cases with low, medium and high circulating 

levels of the miRNA. 

 

The relevant tumour specimen numbers were identified in the Dept. of Histopathology, 

GUH.  Histology slides were retrieved from the archives and reviewed for adequacy of 

tumour tissue for use in this work.  A representative tumour block was chosen.  Of the 83 

cases used in the Dept. of Surgery study, 48 had sufficient tissue available for use in this 

work.  There were a variety of reasons why tissue was not available for the remainder of 

cases, including no residual tumour post-neoadjuvant therapy, surgery done elsewhere and 

insufficient tumour left in block.   

 

ISH analysis was optimised for use in FFPE breast tissue as part of this work.  From the 48 

blocks with sufficient tumour tissue available for use in this work, 15 blocks – 5 each of 

tumours with low, intermediate and high levels of circulating let-7a and expression - were 

chosen on which to optimise the ISH technique. 

 

In the original Dept. of Surgery publication, miR-16 was used as an endogenous control to 

standardise miRNA expression and let-7a levels of expression were recorded relative to miR-

16 and to the average expression of the respective miRNA in the patient cohort.  This data 
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was obtained from the Dept. of Surgery and from the data, 5 cases each of low, intermediate 

and high expression of each miRNA were chosen for analysis.   

 

2.4.2 Materials 

 

The miRCURY LNATM microRNA ISH Optimisation Kit (FFPE) was purchased from Exiqon 

(Table 2.5).  The kit contained reagents and recommendations for miRNA ISH on FFPE tissue 

samples.  The kit included a 5’-digoxigenin (DIG)- labelled probe for the ubiquitous small 

nuclear (sn)RNA U6, a double-(5’ and 3’)-DIG-labelled probe against miR-205 to act as a 

control and a double-(5’ and 3’)-DIG-labelled scrambled probe to act as a negative control.  

The double-(5’ and 3’)-DIG labelled probe against let-7a was purchased separately from 

Exiqon (Table 2.6).   

 

Besides the reagents supplied in the miRCURY LNATM microRNA ISH Optimisation Kit, a series 

of equipment as well as reagents for washing and detection by IHC were used (Table 2.7).   

 

Table 2.5.  Contents of the miRCURY LNA
TM

 microRNA ISH Optimisation Kit (FFPE) 

Reagent Volume Concn. (μM) RNA Tm (
0
C) 

LNATM miR-205 probe, double-DIG labelled 

(5’-DIG/cagactccggtggaatgaagga/DIG-3’) 

40μL 25 87 

LNATM scrambled miRNA probe, double-DIG 

labelled (5’-

DIG/gtgtaaacacgtctatacgccca/DIG-3’) 

40μL 25 87 

LNATM U6 snRNA probe, DIG-labelled (5’-

DIG/cacgaatttgcgtcatcctt-3’) 

40μL 0.5 84 

miRNA ISH buffer (2x) 25ml   

Proteinase-K, lyophiliseda 12mg   

a
Before first use, the proteinase-K stock was reconstituted to 20mg/mL by adding 600μL 10mM Tris-HCl, pH7.5 

(RNase-free).  Proteinase-K aliquots were then stored at -20
0
C.  The DIG-labelled LNA

TM
 probes were prepared in 

10μL aliquots in non-stick RNase-free tubes and stored at -20
0
C. 
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Table 2.6.  let-7a probe details  

Reagent Amount (nmol) RNA Tm (
0
C) 

LNATM let-7a probe, double-DIG labelled 

(5’DIG/aactatacaacctactacctca/DIG-3’) 

21.34 84 

 

Table 2.7.  Buffers and reagents not supplied in the miRCURY LNA
TM

 microRNA ISH 

Optimisation Kit (FFPE) 

Roche DIG Wash and Block Buffer Set (Roche) 

Sheep anti-DIG-AP (Roche) 

Sheep serum (Jackson Immunoresearch) 

NBT/BCIP ready-to-use tablets (Roche) 

Levamisole (Fluka) 

SuperFrost® Plus slides (Thermo Scientific) 

PBS, sterile 

SSC buffer, ultrapure 

1M Tris-HCL, pH7.4 

0.5M EDTA 

5M NaCl 

Tween-20 

For KTBT buffer: Tris-HCl, NaCl and KCl 

Abbreviations: NBT/BCIP: 4-nitro-blue tetrazolium/5-bromo-4-chloro-3’-indolylphosphate; PBS: phosphate 

buffered saline; SSC: sodium chloride-sodium citrate; EDTA: ethylenediaminetetraacetic acid 

 

The ISH protocol was optimised to fit into a one-day experimental set-up.  During the 

protocol the miRNAs are de-masked using Proteinase-K, which allows the access of double-

DIG-labelled LNA™ probes to hybridise to the miRNA sequence.  The digoxigenins can then 

be recognised by a specific anti-DIG antibody that is directly conjugated with the enzyme 

alkaline phosphatase (AP).  AP then converts the soluble substrates 4-nitro-blue tetrazolium 

(NBT) and 5-bromo-4-chloro-3’-indolylphosphate (BCIP) into a water and alcohol insoluble 

dark blue NBT-BCIP precipitate.  Finally, the nuclear counterstain Nuclear Fast RedTM (Vector 

Laboratories) is applied to the sections to allow better histological resolution.   
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2.4.3 ISH experimental protocol
b
 

 

FFPE tissue sections were cut at 3-4μm thickness.  Reagents and buffers were made up prior 

to experiment.  Hybridisation ovens and water baths were set to heat to required 

temperatures.  Surfaces were cleaned with RNaseZap® (Ambion) and all glassware was 

autoclaved prior commencing the protocol.  Gloves were worn throughout. 

 

1.  Slides were deparaffinised at room temperature (RT) by placing with sections in a 

slide rack and moving from trough to trough as follows: Xylene 2 x 10 mins., 99.9% 

ethanol 2 x 5 mins., 96% ethanol 2 x 5 mins., 70% ethanol 5 mins., phosphate-

buffered saline (PBS) 2-5 mins. 

 

2.  1.5μl of Proteinase-K was added to 2mls of Proteinase-K buffer.  Slides were placed 

flat and approximately 300μl/slide of the mixture was applied, to fully cover the 

section.  Slides were incubated for 10 mins. at 370C in a hybridisation oven.   

 

3.  Slides were placed in Coplin jars with PBS in a slide rack and washed twice in PBS. 

 

4. Slides were dehydrated in ethanol solutions as follows: 70% ethanol, immerse 10 

times; 70% ethanol x 1 min.; 96% ethanol, immerse 10 times; 96% ethanol x 1 min.; 

99.9% ethanol, immerse 10 times; 99.9% ethanol x 1 min. 

 

5.  The slides were placed on a flat surface and 25μl of hybridisation mix was applied.  

The hybridisation mix was prepared by firstly making up a 1x of the miRNA ISH 

buffer, by diluting the buffer 1:1 with RNase-free water.  The LNA™ probes (4μl of 

each) were denatured at 900C for 4 mins., spun down and hybridisation buffer added 

to the probe.  For U6 snRNA probe 1nM concentration was used, by creating a 1:500 

dilution of the stock probe.  For miR-205 probe, a 50nM concentration was used, by 

creating a 1:500 dilution of the 25μM stock probe.   

 

A sterile coverslip was applied to the sections, avoiding air bubbles, and the edges 

wear sealed with Fixogum rubber cement (MP Biomedicals).  The slides were placed 

                                                           
b
 Adapted from Exiqon miRCURY LNA™ microRNA ISH Optimization Kit (FFPE) Instruction manual v1.3. 
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into the hybridiser hybridising for 1 hr. at 50-600C.  (Hybridisation was performed at 

300C below the given RNA Tm for each probe, Tables 2.5 and 2.6).    

 

6. Fixogum is removed using tweezers, avoiding sliding the coverslip.  The coverslip is 

carefully detached and the slides are placed into a slide rack placed within a Coplin 

jar containing 5 x SSC at RT. 

 

7. The slides are washed in Coplin jars as follows: 5xSSC x 5 mins. at hybridisation 

temperature; 1xSSC x 5 mins. at hyb. temp.; 1xSSC x 5 mins. at hyb. temp.; 0.2xSSC x 

5 mins. at hyb. temp.; 0.2xSSC x 5 mins. at hyb. temp; 0.2xSSC x 5 mins. at RT. 

 

8. Slides are transferred to Coplin jars with PBS.  A hydrophobic barrier is applied 

around tissue sections using a Dako-Pen, ensuring sections do not dry out. 

 

9. The slides are placed in a humidifying chamber and incubated with blocking soln. for 

15 mins. at RT.  Blocking soln. is made up by adding 1ml of blocking soln. to 9mls of 

malleic acid. 

 

10.  Blocking soln. is removed and anti-DIG reagent (sheep anti-DIG-AP) and incubated 

for 60 mins. at RT.  The anti-DIG reagent is made by adding 20μl of sheep serum to 

980μl of the blocking soln. made in step 9 and adding 1.25μl of sheep anti-DIG-AP to 

this mixture. 

 

11. The slides are washed 3 x 3 mins. in PBS-T. 

 

12. Freshly-prepared AP substrate is applied to the sections and the slides are incubated 

for 2 hours at 300C, protected from light.  AP substrate is made by adding 1 

NBT/BCIP tablet to 10mls of dH20 and 20μl levamisole stock. 

 

13. Slides are incubated in KTBT buffer 2 x 5 minutes to stop the reaction. 

 

14. The slides are washed with distilled water, 2 x 1 mins. 
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15. 200μl of Nuclear Fast Red™ (Vector Laboratories) is applied for 1 minute for nuclear 

counterstaining. 

 

16. The slides are removed from the humidifying chamber to a slide rack placed within a 

Coplin jar containing tap water and rinsed in the water for approximately 10 mins. 

 

17. The slides were dehydrated in ethanol solns. as follows: 70% ethanol x 3 mins.; 70% 

ethanol x 3 mins.; 96% ethanol x 3 mins.; 96% ethanol x 3 mins.; 99.9% ethanol x 3 

mins.; 99.9% ethanol x 3 mins. 

 

18. The slides are mounted directly with 1-2 drops of Eukitt mounting medium (VWR), 

avoiding air-drying. 

 

19. The precipitate is allowed to settle overnight and the results are analysed by light 

microscopy the following day. 
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3.  CHARACTERISATION OF A CONSECUTIVE SERIES OF IBCs 

AND EVALUATION OF THE PROGNOSTIC ROLE OF NOVEL 

PROLIFERATIVE MARKERS IN THE SERIES 

 

3.1 Introduction 

 

TMAs are a powerful tool for molecular classification of breast tumours as they facilitate 

large-scale analysis of biomarker expression on hundreds to thousands of cases, permitting 

large-scale testing and validation of potential prognostic and predictive markers.  Previous 

studies have shown that molecular subgroups, similar to the intrinsic subtypes defined by 

expression profiling, can be reliably identified using immunohistochemical markers on TMA 

cores62,87,120,121,128-132,378-382.   One of the aims of this work was to characterise a WoI IBC series 

with long-term follow-up into molecular subgroups using a panel of immunohistochemical 

markers.  The markers chosen were ones known to have a prognostic role in breast 

cancer21,383 and others whose gene transcripts have emerged from expression profiling 

studies as candidates that can distinguish subsets of breast tumours7,91,94,99,100,384.  The 

immunohistochemical used for classification of the WoI series included the steroid 

hormones ER and PR, the tyrosine kinase receptor HER2, the anti-apoptotic protein Bcl2, the 

proliferative marker Ki67, the basal markers EGFR, CK5/6 and CK14 and the tumour 

suppressor p53.   

 

A second aim of this work was to evaluate the role of novel proliferative markers in IBC.  

Expression of the cell cycle proteins Cdc7, Mcm2 and pMcm2 was evaluated in the WoI 

series.  Expression of these markers was also evaluated in molecular subgroups within the 

series, to see if associations not revealed in the overall series were present within subsets of 

tumours.  The association of these markers with the pathological parameters grade, lymph 

node status and tumour size was also tested.  There have been only a small number of 

papers examining the role of these markers in breast cancer249,264-267 and their potential 

prognostic role in breast cancer has not been established. 
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3.2 Characteristics of the WoI IBC series  

 

3.2.1 Clinicopathological characteristics 

 

There were 666 patients with a diagnosis of IBC and sufficient tumour material available for 

inclusion in a TMA and inclusion in the WoI IBC series.  Clinical details, including outcome 

status, were gathered for all the patients in the series.   

 

The WoI IBC series contained patients diagnosed in GUH between 1999 and 2005.  Sub-

specialisation of breast cancer reporting was introduced into the pathology department of 

GUH in 2004; thus, most of the cases in the series were reported pre-specialisation.  The 

pathological data specified by the Royal College of Pathologists Breast Cancer 

Histopathology Minimum Dataset385 was incomplete for many cases and, where possible, 

this was completed.  Tumours that were not reported by a specialist breast pathologist were 

reviewed by Dr. C. Inderhaug, who graded these cases based on a representative WTS of the 

tumour, using the NGS13 (see Materials and Methods, section 2.1.1).  Statistical analysis of 

the re-graded tumour and the original grade tested their association with outcome and the 

original grade assigned to the tumours had a stronger association with outcome and 

therefore this grade was used for all further analyses.   

 

In the WoI series, 14% of tumours were NGS grade 1, 51% grade 2 and 35% grade 3 (Table 

3.1).  This is within the ranges reported in other series (reviewed in Rakha et al.14).   The 

majority (82%) of cases showed <10% tubule formation; 99% of cases showed either 

moderate or marked nuclear pleomorphism and 63% of cases received a score of 1 for 

mitotic count (Table 3.1).  

 

As expected, the commonest histological type within the series was IDC-NST (77%), followed 

by ILC (15%), with smaller numbers of other types (Table 3.1).  Tumours were also assigned 

to grouped histological types.  Grouped types were defined according to those reported 

previously in the Nottingham prognostic classification6,386.  According to this classification 

system, tubular, cribriform and mucinous tumours were associated with an excellent 
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prognosis (>80% 10-year survival); mixed ductal with special type tumours were associated 

with a good prognosis (60-80% 10-year survival); lobular, medullary and invasive papillary 

tumours were associated with a moderate prognosis (50-60% 10-year survival) and ductal, 

mixed ductal/lobular and apocrine tumours were associated with a poor prognosis (<50% 

10-year survival).  The majority (78%) of tumours in our series were in the poor prognostic 

group, reflecting the high numbers of ductal and lobular cancers in the series (Table 3.1). 

 

Size was recorded for tumours, both as a linear measurement in millimetres and in 

categorical groups using the TNM Classification of Malignant Tumours387 size cut-offs of 

≤20mm, 21-50mm and >50mm.  Thirty-eight per cent of tumours in the series were ≤20mm, 

T1; 50% were T2 (21-50mm) and 12% were T3 (>50mm) (Table 3.1).  None of the cases in our 

series are screening cases.  As expected for a series that pre-dated the introduction of a 

screening programme, the size of tumours in the WoI series is higher than the minimum size 

target set out by the Irish National Breast Screening Programme, which is that ≥40% of 

invasive tumours should be detected at <15mm388.   

 

Lymph node status – positive or negative - as well as the total number of positive lymph 

nodes, was recorded for each case (Table 3.1).  Axillary nodal positivity was 51% in the series 

and the mean number of lymph nodes positive per patient was 3.  Fifty-three per cent of 

tumours in the series had definite LVI documented, with a further 2% noted to have 

probable LVI.  The high rates of nodal positivity and LVI, similar to the larger tumour sizes, 

may be attributed to the fact that the WoI series is from a time before the Symptomatic 

Breast Service and the breast screening programme were introduced to GUH.   

 

At the time of gathering clinical information, 83% of patients in the series were alive and 

45% were alive and well with no evidence of disease (Table 3.1).  The mean length of follow-

was 51 months, range <1 month – 155 months.  This compares with survival data from other 

series.  In a similar, although larger, series of 2,219 consecutive breast cancers seen at 

Nottingham City Hospital between 1990 and 1999, 65.8% of patients were alive after a 

median follow-up of 111 months and 33.6% of patients had developed either recurrence or 

metastasis37. 
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Table 3.1.  Clinicopathological characteristics of the IBC series 

Parameter (n
a
 =)   n = (%) 

Tumour grade (601)
 

 

1 

2  

3 

82 (14) 

307 (51) 

212 (35) 

Tubule formation (583) (%) 

 

>75 

10-75 

<10 

31 (5) 

74 (13) 

478 (82) 

Nuclear pleomorphism (583) 

 

Mild 

Moderate 

Marked 

7 (1) 

287 (49) 

289 (50) 

Mitotic count (583)  

(points assigned) 

 

1  

2  

3 

367 (63) 

103 (18) 

113 (19) 

Histological type (661) Ductal 

Lobular 

Mucinous 

Mixed ductal and lobular 

Tubular 

Medullary 

Microinvasive ductal 

Apocrine 

Ductal and papillary or cribriform 

Invasive papillary 

Otherb 

509 (77) 

102 (15) 

14 (2) 

10 (2) 

5 (1) 

5 (1) 

5 (1) 

3 (0.5) 

3 (0.5) 

2 (0.3) 

3 (0.5) 

Grouped histological type (659) 

 

 

Excellent 

Good 

Moderate  

Poor 

20 (3) 

2 (0.3) 

122 (19) 

515 (78) 

Cont’d. overleaf 
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Table 3.1. (cont’d.) 

Parameter (n
a
 =)   n = (%) 

Tumour size (625) (mm)  ≤20 

21-50 

>50 

239 (38) 

314 (50) 

72 (12) 

Nodal status (596) Positive 

Negative 

302 (51) 

294 (49) 

No. of LNs positive (596) 0 

1-3 

4-9 

≥10 

294 (49) 

165 (28) 

88 (15) 

49 (8) 

LVI (386) Present 

Absent 

Probable 

203 (53) 

174 (45) 

9 (2) 

No. of events (663) Alive, no disease 

Alive, LR disease 

Alive, distant metastases 

Dead with disease progression 

Dead with no disease progression 

301 (45) 

191 (29) 

58 (9) 

87 (13) 

26 (4) 

a
n = no. of cases with data available;

 b
Lymphoma n = 1; cribriform carcinoma n = 1; metaplastic carcinoma n = 1.   

Abbreviations: LR: locoregional. 

 

3.2.2 Profile of biomarkers  

 

Expression of 12 different biomarkers was evaluated.  ER, PR and HER2 were scored as 

described previously (Materials and Methods, section 2.1.3.1).  The cut-off values that were 

applied to each of these markers to indicate positivity and used for statistical analysis were 

based on those values used in routine practice for ER (10%), PR (10%)340 and HER2 (3+ on IHC 

or 2+ on IHC with a positive fluorescent in situ hybridisation (FISH) result) (Dako Herceptest 

method).  In addition, for ER and PR the semi-quantitative score (0-8) was also used341.  The 

majority of the cases (66%) in the series were ER-positive (Table 3.2). 
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For markers that are not used in routine practice – Bcl2, Ki67, CK5/6, CK14, EGFR, p53 – the 

cut-off values applied were based on those reported in the literature and/or on statistical 

determination of the most appropriate cut-off value.  Varying cut-off values have been used 

in the literature for Bcl2.  A cut-off of 10% was applied to the WoI series, similar to that used 

in other studies342-345.  Just over half the tumours in the WoI series were Bcl2 positive (Table 

3.2).  Reports for Ki-67 (MIB-1) in breast cancer have used cut-off values between 5% and 

25%346-350.  A cut-off for positivity of >10% nuclear staining was used for this study and, using 

this cut-off, 30% of tumours in the series were positive for Ki67 (Table 3.2).  For the basal 

markers EGFR, CK5/6 and CK14, any positive (cytoplasmic and membranous for EGFR, 

cytoplasmic for CK5/6 and CK14) staining was taken as a positive result, similar to the cut-off 

applied in other breast cancer studies using immunohistochemical methods121,129,351,352.  

Small numbers of cases in the series expressed basal markers, the most frequently-

expressed marker being CK14, for which 21% of cases were positive (Table 3.2).  p53 

positivity was set at nuclear staining >10%, a cut-off which has been used in other studies 

examining p53 expression in breast tumours353-355 and also in gastric tumours356.  p53 was 

overexpressed by 20% of tumours in the WoI series (Table 3.2). 

 

The proliferative markers pMcm2 and Cdc7 were evaluated.  tMcm2 was scored as a 

categorical variable (Table 3.2).  pMcm2 and Cdc7 were scored as continuous variables and, 

for both markers, the mean percentage of positive tumour cells was low (6% and 2.5% 

respectively).  tMcm2 expression in the series varied widely, with the largest group of cases 

(35%) showing 11-33% tMcm2 positivity.  Mean positivity for pMcm2 and Cdc7 was 6.3% 

and 2.5% respectively. 
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Table 3.2.  Biomarkers in the WoI series  

Biomarker (n
a
 = )  n = (%) 

ER (522) 

 

P  

N 

344 (66) 

178 (34) 

PR (534) 

 

P  

N 

297 (56) 

237 (44) 

HER2 (602) P 

N 

85 (14) 

517 (86) 

Bcl2 (534) P  

N 

290 (54) 

244 (46) 

Ki67 (540) P  

N 

163 (30) 

377 (70) 

EGFR (527) P  

N 

77 (14) 

450 (85) 

CK5/6 (463) P  42 (9) 

 N 421 (91) 

CK14 (444) P  

N 

94 (21) 

350 (79) 

P53 (523) P  

N 

105 (20) 

418 (80) 

tMcm2 (385) (%) <1 

1-10 

11-33 

34-66 

>66 

9 (2) 

89 (23) 

136 (35) 

75 (19) 

76 (20) 

pMcm2
b
  (461) (%)  6.364c (0-90)  

Cdc7
b
 (401) (%)  2.57c (0.34-2)  

a
n = no. of cases with data available;

 b
scored as continuous variables; 

c
mean value; range in parenthesis. 

Abbreviations: P: positive; N: negative.   
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3.3 Association between clinicopathological variables 

and biomarkers and survival: UVA  

 

The pathological variables and biomarkers were tested against two measures of outcome: 

DFS and OS.  DFS was defined as survival until any recurrence of breast cancer or diagnosis 

of metastatic disease.  OS was survival until death or until the date of data submission for 

statistical analysis. 

 

3.3.1 Association between clinicopathological variables and DFS 

on UVA 

 

The Cox proportional hazards test was used to examine the relationship between the 

pathological variables and DFS.  The baseline that was used for each analysis was the lower 

value for the parameter being tested, i.e. grade 1 for tumour grade; ≤20mm for tumour size; 

negative nodal status for LN involvement etc.   

 

As expected, lymph node positivity was a poor prognostic factor, being significantly 

associated with a marked reduction in DFS (Table 3.3 and Figure 3.1(a)) and showing the 

highest HR for DFS of all the pathological variables.  Each additional lymph node positive was 

associated with marginally increased HRs for DFS (Table 3.3).  Grades 2 and 3 tumours were 

associated with marked increases in HRs for DFS compared to grade 1 tumours (Table 3.3 

and Figure 3.1(b)), with grade 3 increasing the hazard of an adverse DFS by 2.4 (p <0.0001).  

Tubule formation and mitotic count were significantly associated with changes in DFS at 

higher values only, i.e. at <10% tubule formation and a score of 3 for mitotic count (Table 

3.3).  Nuclear pleomorphism was not significantly associated with any change in the HR for 

DFS (Table 3.3), perhaps reflecting the fact that this variable is widely recognised as being 

subject to marked inter-observer variability.  Tumour size was evaluated both as a 

categorical and a continuous variable and was prognostic for DFS when evaluated in both 

these manners (Table 3.3 and Figure 3.1(c)).  Compared to T1 tumours (≤20mm), T2 tumours 

(21-50mm) had an increased HR of over 1.8 and T3 tumours (>50mm) trebled the HR for 

DFS.  The presence of LVI doubled the HR for DFS (HR = 2; p<0.0001) (Table 3.3 and Figure 
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3.1(d)).  The prognostic significance of LVI in NN patients was also examined (Table 3.3 and 

Figure 3.1(e)) and the presence of LVI in this patient cohort was seen to almost treble the HR 

for DFS (HR 2.9; p = 0.01).  Grouping histological types of tumour into prognostic groups 

provided information that did not fit with any clinical pattern; namely, when compared to 

the “excellent” prognostic group, patients in the “very good” prognostic group had markedly 

increased HRs for DFS compared to patients in the “good” and “poor” prognostic categories 

(Table 3.3).  However, the “very good” prognosis group contained only 2 cases (Table 3.1), 

suggesting that the numbers were two small for the information derived from this analysis 

to be meaningful.   

 

Table 3.3.  Association between DFS and pathological variables 

Parameter (n
a
 = )  Hazard ratio p value 

Histological grade (643) Grade 2 

Grade 3 

1.70 (1.11-2.61) 

2.41 (1.56-3.72) 

0.01 

<0.0001 

Tubule formation (643) (%) 10-75 

<10 

1.52 (0.69-3.33) 

2.06 (1.02-4.18) 

0.28 

0.04 

Nuclear pleomorphism (541) 

 

Moderate 

Marked 

1.20 (0.38-3.78) 

1.55 (0.49-4.86) 

0.75 

0.45 

Mitotic count (541) 

 

2 

3 

1.25 (0.90-1.72) 

1.63 (1.22-2.17) 

0.16 

0.0008 

Tumour size
b
  (619) (mm)

  

 

21-50 

>50 

1.82 (1.40-2.37) 

3.30 (2.34-4.65) 

<0.0001 

<0.0001 

Size
c
  (576) (mm)  1.02 (1.01-1.02) <0.0001 

Nodal status (302) Positive 8.88 (6.2-12.72) <0.0001 

No. of LNs positive (555)  1.02 (1.02-1.03) <0.0001 

LVI
d 

(373) Positive 2.07 (1.51-2.83) <0.0001 

LVI
e 

(154)  2.99 (1.23-7.29) 0.01 

Grouped histological type (358) 

 

V. good 

Good  

Poor 

17.32 (2.43-123.40) 

4.91 (1.19-20.16) 

6.87 (1.70-27.64) 

0.004 

0.02 

0.006 

a
n = no. of cases with data available; 

b
measured as a categorical variable; 

c
measured as a continuous variable;

 

d
within the whole series; 

e
within the node-negative cohort only. 
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Figure 3.1.  Kaplan-Meier survival curves of the categorical variables which were 

significantly associated with DFS  
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 3.3.2 Association between clinicopathological variables and OS 

 on UVA 

 

The association between the pathological variables and OS, examined by the Cox 

proportional hazards test, is shown in Table 3.4 and Figure 3.2.  Similar to the analysis for 

DFS, the baseline that was used for each analysis was the lower value for the parameter 

being tested.  Nodal status, size and grade had the strongest associations with OS.  Lymph 

node positivity, as expected, was associated with a markedly increased HR for OS (Table 3.4 

and Figure 3.2(a)).  The number of lymph nodes positive, however, was associated with only 

minor changes in the HR for OS (Table 3.4).  Grade 2 tumours were not significantly 

associated with any change in HR compared to grade 1 tumours.  However, grade 3 tumours, 

when compared to grade 1 cases, had a HR for OS of >5 (Table 3.4 and Figure 3.2(b)).   

Tubule formation and nuclear pleomorphism were not associated with changes in OS.  A 

score of 3 points for mitotic count was significantly associated with an increased HR for OS 

compared to a score of 1 point.  Increasing tumour size, as expected, was associated with an 

increase in the risk of an adverse OS, with the greatest risk associated with T3 tumours (HR 

4.0) (Table 3.4 and Figure 3.2(c)).  However, size measured as a continuous variable showed 

only marginal increases in HR for each additional millimetre in size (Table 3.4).  LVI was 

significantly associated with a reduced OS (Table 3.4 and Figure 3.2(d)) in the whole series 

but, when examined in the NN patients only, it was not of prognostic significance (Table 3.4), 

in contrast to the results for DFS.  Again, as for the DFS data, grouping the histological 

categories into prognostic types did not provide any clinically meaningful information. 
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Table 3.4.  Association between OS and pathological variables  

Parameter (n
a
 = )  Hazard ratio p value 

Histological grade (596) Grade 2 

Grade 3 

2.76 (0.84-9.04) 

5.66 (1.75-18.29) 

0.09 

0.003 

Tubule formation (%) 

 

10-75 

<10 

1.37 (0.15-12.35) 

3.76 (0.52-27.17) 

0.77 

0.18 

Nuclear pleomorphism 

 

Moderate 

Marked 

0.61 (0.08-4.56) 

1.14 (0.15-8.32) 

0.63 

0.89 

Mitotic count 

 

2 

3 

1.84 (0.96-3.52) 

2.94 (1.75-4.95) 

0.063 

<0.0001 

Tumour size
b
 (621) (mm)  

 

21-50 

>50 

2.19 (1.23-3.90) 

4.01 (1.95-8.24) 

0.007 

0.0001 

Tumour size
c
 (660) (mm) 

 

 

 

1.01 (1.006-1.02) 0.001 

Nodal status (594) Positive 4.62 (2.52-8.47) <0.0001 

No. of LNs positive (594)  1.02 (1.006-1.04) 0.009 

LVI
d
 (383) Positive 3.69 (1.73-7.87) 0.0007 

LVI
e
 (154) Positive 1.88 (0.28-12.68) 0.51 

a
n = no. of cases with data available;

 b
measured as a categorical variable; 

c
measured as a continuous variable; 

d
within whole series; 

e
within the node negative cohort only. 
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Figure 3.2.  Kaplan-Meier survival curves of the categorical variables which were 

significantly associated with OS  
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 3.3.3 Association between biomarkers and DFS on UVA 

 

The association between DFS and each of the biomarkers is shown in Table 3.5 and in Figure 

3.3.  ER, PR and Bcl2 positivity were significantly associated with improvements in DFS, with 

HRs of 0.71, 0.63 and 0.71 respectively (Table 3.5 and Figure 3.3(a), (b) and (d)).  However, 

the effect of ER-positivity waned with time and, after approximately 100 months, ER-

negative patients tended to do better than ER-positive cases (Figure 3.3(a)).  HER2 and Ki67 

positivity were significantly associated with reduced DFS, with HRs of 1.81 and 1.44 

respectively (Table 3.5 and Figure 3.3(c) and (e)).  p53 positivity was also significantly 

associated with reduced DFS (Table 3.5 and Figure 3.3(f)).  The basal markers CK5/6, EGFR 

and CK14 and the novel proliferative markers tMcm2, pMcm2 and Cdc7 showed no 

significant association with DFS (Table 3.5). 

Table 3.5.  Association between DFS and biomarkers  

Parameter
a 

(n
b
 = )  Hazard ratio p value 

ER (484)  0.71 (0.55-0.91) 0.008 

PR (528)  0.63 (0.50-0.80) 0.0001 

HER2 (556)  1.81 (1.35-2.43) <0.0001 

Bcl2 (496)  0.712 (0.55-0.90) 0.006 

Ki67 (501)  1.44 (1.12-1.86) 0.004 

p53 (486)  1.54 (1.15-2.07) 0.003 

CK5/6 (457)  1.28 (0.84-1.95) 0.24 

EGFR (491)  1.28 (0.91-1.80) 0.15 

CK14 (416  0.76 (0.54-1.06) 0.11 

tMcm2 (450) (%) <1 

1-10 

11-33 

34-66 

>66 

0.29 (0.07-1.21) 

0.89 (0.59-1.35) 

0.94 (0.65-1.37) 

0.95 (0.63-1.43) 

0.21 (0.80-1.82) 

0.09 

0.60 

0.77 

0.82 

0.34 

pMcm2
c 
(456)  1.002 (0.98-1.01) 0.71 

Cdc7
c 
(395)  1.00 (0.98-1.03) 0.56 

a
Baseline for variables ER, PR, HER2, Bcl2, Ki67, p53, CK5/6, EGFR,CK14 and tMcm2 was negativity for the 

biomarker; 
b
n = no. of cases with data available; 

c
measured as continuous variables.    

 



Chapter 3: Characterisation of a consecutive series of IBCs and evaluation of the prognostic role of 

novel proliferative markers in the series 

 

87 

 

(a) ER     (b)PR 

0 20 40 60 80 100

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

negative
positive(>10%)

  0 20 40 60 80 100

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

negative
positive(>10%)

 

Time (mths.)      Time (mths.) 

 

(c) HER2     (d) Bcl2  

0 20 40 60 80 100

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

negative

positive

  0 20 40 60 80 100

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

negative
positive(>10%)

 

Time (mths.)      Time (mths.) 

 

(e) Ki67     (f) p53  

0 20 40 60 80 100

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

negative
positive(>10%)

  0 20 40 60 80 100

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

negative
positive(>10%)

 

Time (mths.)      Time (mths.) 

Figure 3.3.  Kaplan-Meier survival curves for the biomarkers (scored as categorical 

variables) which were associated with DFS 
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3.3.4 Association between biomarkers and OS on UVA 

 

The association between OS and each of the biomarkers is shown in Table 3.6 and in Figure 

3.4.  Positivity for steroid hormone receptors was significantly associated with an increase in 

OS, with HRs for ER and PR of 0.21 (p<0.0001) and 0.30 (p<0.0001) respectively (Table 3.6 

and Figure 3.4(a) and (b)), an effect that did not wane with time.  HER2 positivity more than 

doubled the HR for OS (Table 3.6 and Figure 3.4(c)).  Bcl2 positivity was, as expected, 

associated with an improved OS (Table 3.6 and Figure 3.4(d)).  Ki67 and p53 positivity were 

both associated with reduced OS, with HRs of 2.41 (p = 0.0003) and 2.09 (p = 0.0058) 

respectively (Table 3.6 and Figure 3.4(e) and (f)).  The basal markers CK5/6 and EGFR were 

associated with reduced OS (Table 3.6 and Figures 3.4 (g) and (h)), whereas CK14 was not 

(Table 3.6).  tMcm2 and pMcm2 did not show any association with OS (Table 3.6).  Cdc7 

positivity was associated with a very minor increase in the HR for OS (HR = 1.043; p = 0.0431) 

(Table 3.6). 
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Table 3.6.  Association between biomarkers and OS  

Parameter
a 
(n

b
 = )  Hazard ratio p value 

ER (517)  0.21 (0.12-0.37) <0.0001 

PR (529)  0.30 (0.18-0.50) <0.0001 

HER2 (597)  2.40 (1.44-3.98) 0.0006 

Bcl2 (529)  0.39 (0.23-0.66) 0.0004 

Ki67 (535)  2.41 (1.49-3.92) 0.0003 

p53 (518)  2.09 (1.23-3.54) 0.005 

CK5/6 (458)  2.40 (1.24-4.63) 0.008 

EGFR (522)  1.89 (1.06-3.38) 0.03 

CK14 (439)  0.82 (0.42-1.61) 0.57 

tMcm2 (481) (%) 1-10 

11-33 

34-66 

>66 

0.62 (0.13-2.92) 

0.45 (0.09-2.09) 

0.90 (0.20-4.02) 

0.06 (0.23-4.72) 

0.55 

0.31 

0.89 

0.93 

pMcm2
c 
(456)  1.01 (0.99-1.03) 0.19 

Cdc7
c 
(396)  1.04 (1.001-1.08) 0.04 

a
Baseline for variables ER, PR, HER2, Bcl2, Ki67, p53, CK5/6, EGFR,CK14 and tMcm2 was negativity for the 

biomarker; 
b
n = no. of cases with data available; 

c
measured as continuous variables.    
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Figure 3.4.  Kaplan-Meier survival curves for the biomarkers (scored as categorical 

variables) which were associated with OS 

 

3.4 Association between clinicopathological variables 

and biomarkers with DFS and OS: MVA 

 

For the MVA of pathological variables against outcome, we entered only those variables 

which were significant on UVA into the initial proportional hazards model.  For DFS, those 

variables were grade, tumour size, nodal status, the number of lymph nodes positive and 

LVI.  In all analyses, the parameters were selected by backward stepwise regression in which 

each parameter was removed from the analysis, one by one, to yield a final model in which 

only those parameters with independent significance remained.  A final model was yielded in 

which only lymph node status remained (Table 3.7).   

 

The same variables significant on UVA for DFS (grade, tumour size, nodal status, the number 

of lymph nodes positive, LVI) were also significant on UVA for OS and were therefore 

entered into the initial proportional hazards model.  A final model was yielded in which only 

nodal status and LVI remained (Table 3.7). 
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Table 3.7.  Multivariate proportional hazards analysis for pathological variables: DFS and 

OS  

Outcome Final model HR (95% CI) p value 

DFS Nodal status 7.52 (5.42-10.43) <0.0001 

OS Nodal status 4.86 (1.82-12.94) 0.001 

 LVI 1.91 (0.81-4.50) 0.13 

 

For combined MVA of pathological variables and biomarkers vs. DFS, we entered only the 

pathological variables and biomarkers significant on UVA into the initial model.  Namely, 

these were the pathological variables listed above in section 3.3.1 and the biomarkers ER, 

PR, HER2, Bcl2, Ki67 and p53.  A final model was yielded in which only lymph node status, ER 

status and Ki67 positivity remained; however, nodal status was the only significant variable 

in the final model (Table 3.8).   

 

For combined MVA of pathological variables and biomarkers vs. OS, only the pathological 

variables and biomarkers significant on UVA vs. OS were included in the initial model.  

Namely, these were the pathological variables listed above in section 3.3.3 and the 

biomarkers ER, PR, HER2, Bcl2, Ki67, p53, CK5/6, EGFR and Cdc7.  A final model was yielded 

in which only nodal status and ER status remained (Table 3.8).   

 

Table 3.8.  Multivariate proportional hazards analysis for pathological variables and 

biomarkers: DFS and OS  

Outcome Final model HR (95% CI) p value 

DFS Nodal status 6.71 (4.66-9.66) <0.0001 

 ER 0.77 (0.59-1.00) 0.05 

 Ki67 1.20 (0.91-1.58) 0.17 

OS Nodal status 4.09 (2.10-7.96) <0.0001 

 ER 0.23 (0.13-0.42) <0.0001 
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3.5 Molecular subtyping of WoI IBC series by IHC and 

association with outcome  

 

Many investigators have carried out molecular subtyping of breast tumours by 

immunohistochemistry62,87,120,121,128-131,378-382 132.  However, the methods and markers used to 

classify the molecular subtypes, in particular the “basal” subtype, vary between studies.  The 

basal subtype has been defined using three markers CK5/6, CK14 and smooth muscle actin 

(SMA)62, four markers ER, EGFR, HER2 and CK5/6121,382, five basal markers ER, PR, HER2, 

EGFR, CK5/6129,132 and six markers HER2, ER, EGFR, CK5/6, CK14 and p63381.  Other studies 

used only two markers ER and HER2378 or three markers ER, PR, HER2131 to define molecular 

subtypes.  Thus, there is no established method for defining molecular subtype by IHC.  In 

order to see if we could identify the optimal panel of markers to identify molecular subtypes, 

we used four combinations of markers to define subtypes - ER, PR, HER2 (classification A, 

Table 3.9); ER and HER2 (classification B, Table 3.10); ER, PR, HER2, CK5/6 or CK14 or EGFR 

(classification C, Table 3.11); ER, HER2, CK5/6 or CK14 or EGFR (classification D, Table 3.12) – 

and evaluated their association with outcome, both DFS (Figures 3.5 and 3.6) and OS 

(Figures 3.7 and 3.8).   

 

Table 3.9.  Classification A: four subtypes defined by three biomarkers 

Molecular subtype ER PR HER2 

Luminal A + +/- - 

Luminal B + +/- + 

Her2-overexpressing - - + 

Triple-negative - - - 

 

Table 3.10.  Classification B: four subtypes defined by two biomarkers 

Molecular subtype ER HER2 

Luminal A + - 

Luminal B + + 

Her2-overexpressing - + 

Triple-negative - - 
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Table 3.11.  Classification C: five subtypes defined by four biomarkers 

Molecular subtype ER PR HER2 CK5/6 or CK14 or EGFR 

Luminal A + +/- - - 

Luminal B + +/- + - 

Her2-overexpressing - - + - 

Basal-like - - - + (Any 1 of above markers positive) 

6TN - - - - (All 3 of above markers negative) 

Abbreviations: 6TN: “6-triple-negative”. 

 

Table 3.12.  Classification D: Five subtypes defined by three biomarkers 

Molecular subtype ER HER2 CK5/6 or CK14 or EGFR 

Luminal A + - - 

Luminal B + + - 

Her2-overexpressing - + - 

Basal-like - - + (Any 1 of above markers positive) 

6TN - - - (All 3 of above markers negative) 

Abbreviations: 6TN: “6-triple-negative”. 
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Figure 3.5.  Analysis of four different molecular subtype classification systems with DFS as 

the endpoint 

 

Tree-based analysis was used to determine which classification system yielded the most 

parsimonious fit for DFS.  This showed that classification B split the cases most accurately 

into molecular subtypes with DFS as the endpoint (Figure 3.6) and the best split of subtypes 

was between the HER2-overexpressing group and luminal A, luminal B and triple-negative 

subgroups combined (p = 0.0004).  The HER2-overexpressing group was associated with the 

worst DFS of the molecular subtypes using classification B (Figures 3.5(b) and 3.6).  Whilst 

luminal B cases appear to have a very poor outcome after approximately 80 months (Figure 

3.5(b)), there were only 27 luminal B cases in the series and just 5 events after 80 months.  

Such numbers are too small to provide meaningful outcome information at this time-point.    
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Cox proportional hazards analysis confirmed that each of the subgroups luminal A, luminal B 

and basal type had a decreased HR for DFS when compared to the HER2-overexpressing 

subgroup (Table 3.13).  The lowest HR, as expected, was for the luminal A subgroup.  The 

basal subgroup was associated with a marginally lower HR than the luminal B subgroup.   
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Figure 3.6.  Tree-based analysis using the subgroups defined by classification B to predict 

DFS  

Using tree-based analysis, which chooses the variables most predictive of a specified outcome, classification B 

split the cases most accurately into molecular subtypes with DFS as the endpoint.  Using classification B, the best 

split of subtypes was between the HER2-overexpressing group and luminal A, luminal B and triple-negative 

subgroups combined (p = 0.0004).   

 

Table 3.13.  Classification B: DFS (n = 510) 

Subtype
a
 Hazard ratio p value 

Luminal A 0.46 (0.32-0.65) <0.0001 

Luminal B 0.54 (0.29-0.98) 0.04 

Basal type 0.50 (0.34-0.74) 0.0006 

a
Baseline = HER2-overexpressing group. 
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In a similar analysis for OS, classification A was shown to be the most parsimonious fit.  

Classification A split the cases most accurately into molecular subtypes (Figure 3.7) and the 

best split of subtypes was between the HER2-overexpressing group and luminal A, luminal B 

and triple-negative subgroups combined (p<0.0001).  Again, the HER2-overexpressing group 

was associated with the worst OS of the molecular subtypes using classification system A 

(Figures 3.7(a) and 3.8).   

 

Cox proportional hazards analysis confirmed that each of the subgroups luminal A, luminal B 

and basal type had a decreased HR for OS when compared to the HER2-overexpressing 

subgroup (Table 3.14).  The lowest HR, as expected, was for the luminal A subgroup, 

followed by the luminal B subgroup and then the triple-negative subgroup.   
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Figure 3.7.  Analysis of four different molecular subtype classification systems with OS as 

the endpoint 
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Figure 3.8.  Tree-based analysis using the subgroups defined by classification A to predict 

OS  

Classification A split cases most accurately into molecular subtypes with OS as the endpoint.  Using classification 

A, the best split of subtypes was between the HER2-overexpressing group and luminal A, luminal B and triple-

negative subgroups combined (p <0.001).  

 

Table 3.14.  Classification A: OS (n = 454) 

Subtype
a
 Hazard ratio p value 

Luminal A 0.14 (0.07-0.28) <0.0001 

Luminal B 0.18 (0.04-0.81) 0.02 

Triple-negative 0.67 (0.35-1.28) 0.23 

a
Baseline = HER2-overexpressing group. 

  

Thus, in summary, in the WoI series, the molecular subgroups appear to be best defined 

using fewer, rather than more, markers.  Evaluation of just two biomarkers – ER and HER2 – 

best defines molecular subgroups when DFS is to be predicted and evaluation of 3 

biomarkers – ER, PR and HER2 – best defines molecular subgroups when OS is to be 

predicted. 
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3.6 Proliferative markers as prognostic tools in IBC   

 

The prognostic roles of Cdc7, tMcm2 and pMcm2 in the WoI IBC series and in molecular 

subtypes within the series were investigated.  Correlations between the different 

proliferative markers and between the proliferative markers and traditional pathological 

variables were examined.  We also tested if any cut-off could be applied to the variable Cdc7 

which could divide patients into prognostic categories.   

 

Cdc7 and pMcm2 were shown to correlate with each other and with increased tumour 

grade.  Both markers correlated with Ki67 status.  A cut-off of 23.1% positivity divided 

patients into prognostic groups for OS.  The proliferative markers did not add prognostic 

information to molecular subtypes of breast cancer. 

 

 tMcm2 showed no association with DFS or OS on UVA and this variable was therefore not 

further evaluated.  The proliferative markers Cdc7 and pMcm2 positively correlated with 

each other (Figure 3.9(a)).  However, there was a large amount of variability in the data 

(adjusted R2 = 0.11; Table 3.15) and only 11% of the rise in pMcm2 can be explained by 

increasing Cdc7.  Nevertheless, the correlation was significant (Table 3.15).  Cdc7 and Ki67 

also positively correlate with each other (p<0.0001) (Figure 3.9(b) and Table 3.15).  Again 

however, there was a large amount of variability in the data.  Cdc7 levels were significantly 

higher in grade 3 compared to grade 1 tumours (p = 0.0001) (Figure 3.9(c) and Table 3.15)).  

However, just 7% of the increased Cdc7 values could be explained by being a grade 3 tumour 

(Table 3.15).  There was no significant difference in Cdc7 expression between grade 2 and 

grade 1 tumours (Figure 3.9(c) and Table 3.15)).  Tumour size and lymph node status did not 

show any association with Cdc7 levels (Table 3.15).   

 

It was tested to see if Cdc7 had any correlation with p53 immunohistochemical status, as 

others have suggested that Cdc7 may be a potential therapeutic target in p53-mutant breast 

cancers264.  Tumours with overexpression of p53 by IHC were shown to be associated with a 

wider range of Cdc7 values than those which were p53-negative (p = 0.0009) (Figure 3.9(d)).   
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Figure 3.9.  Association of Cdc7 levels with (a) pMcm2 levels (b) Ki67 (c) tumour grade (d) 

p53 status 
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Table 3.15.  Correlations between proliferative markers and pathological variables 

Pathological variable/biomarker   Cdc7 pMcm2 

pMcm2  na =  

p value 

Adjusted R2 

309 

<0.0001 

0.1168 

 

Ki67  n = 

p value 

Adjusted R2 

348 

<0.0001 

0.1073 

428 

<0.0001 

0.0342 

Grade 2 n = 

p value 

Adjusted R2 

357 

0.5022 

0.0725 

418 

0.0388 

0.0130 

3 n = 

p value 

Adjusted R2 

357 

0.0001 

0.0725 

418 

0.0063 

0.0130 

Tumour size (mm)
b
  n = 

p value 

Adjusted R2 

386 

0.2815 

0.0004 

447 

0.0080 

0.0134 

Nodal status  n = 

p value 

Adjusted R2 

359 

0.1454 

0.0031 

415 

0.0709 

0.0054 

a
n = no. of cases with data available;

 b
measured as a continuous variable. 

 

pMcm2 was associated with increasing Ki67 levels (Figure 3.10(a) and Table 3.15), but only 

3% of the increase in pMcm2 could be explained by increasing Ki67.  Compared to grade 1 

tumours, grade 2 and grade 3 tumours were associated with higher pMcm2 levels (Figure 

3.10(b) and Table 3.15).  However, just 1% of the increasing pMcm2 levels could be 

accounted for by increasing tumour grade (Table 3.15).  Paradoxically, increased tumour size 

negatively correlated with pMcm2 levels (Figure 3.10(c) and Table 3.15).  Again, just 1% of 

the decreasing pMcm2 levels could be accounted for by increased tumour size.  Axillary 

lymph node status was not significantly associated changes in pMcm2 levels (Table 3.15). 
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Ki67 positivity increased with increasing grade (p<0.0001), with just 13% (n = 8) of grade 1 

tumours Ki67 positive vs. 49% (n = 85) of grade 3 tumours.  Ki67 positivity did not correlate 

with tumour size (p = 0.1360) or lymph node status (p = 0.5541).   

 

(a)         (b) 

  

negative positive(>10%)

0
1

2
3

4

Ki67_TMA_0_1

L
o
g
(p

M
c
m

2
_
T

M
A

_
P

_
re

c
)

                    

grade_1 grade_2 grade_3

0
1

2
3

4

Grade_OR
lo

g
(p

M
c
m

2
_
T

M
A

_
P

_
re

c
)

 

 

(c)           

   
0 20 40 60 80 100 120 140

0
1

2
3

4

Size

lo
g
(p

M
c
m

2
_
T

M
A

_
P

_
re

c
)

                   

Figure 3.10.  Association of pMcm2 levels with (a) Ki67 (b) tumour grade (c) tumour size 

 

To test whether the proliferative markers added prognostic information within molecular 

subtypes, tree-based analyses were carried out using the molecular subtypes and the 

proliferative markers as the predictive variables.  None of the proliferative markers emerged 

as predictive variables in the tree diagrams created, implying that they did not add 

prognostic information to the subtypes.   

 

A final analysis carried out was to establish whether a cut-off for Cdc7 positivity could divide 

patients into prognostic groups with DFS and OS as endpoints.  A cut-off of 12.5% positivity 
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has previously been shown to be an independent predictor of DFS in epithelial ovarian 

cancers250.  A cut-off of 23.1% for Cdc7 positivity divided patients in the WoI series into 

prognostic groups for both DFS and OS, although the findings were significant only for OS (p 

= 0.03) (Figure 3.11).    

 

 

Figure 3.11.  A cut-off of 23.1% CDc7 positivity divides WoI IBC patients into prognostic 

groups for OS 

 

 3.7 Discussion 

 

3.7.1 The prognostic role of traditional pathological variables in 

the WoI IBC series 

 

The WoI series is a consecutive series from 1999-2005 and preceded the introduction of the 

Symptomatic Breast Service and the National Breast Screening Programme to GUH.  This is 

reflected in the clinical outcomes of the patients, with 17% of the cohort dead at the time of 

gathering this data, with a mean length of follow-up of 51 months.  The series also had high 

rates of other adverse prognostic factors, such as nodal positivity (51%) and LVI (53%).  

Tumours in the series were mostly larger (62% of cases were T2 or T3) than the 15mm cut-
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off which the Irish National Breast Screening Programme aims to achieve in ≥40% of its 

tumours.  

 

The traditional prognostic factors – nodal status, tumour grade, size and LVI - remained 

prognostic in the WoI series on UVA.  Of these, nodal status was associated with the highest 

HRs for DFS and OS (8.8 and 4.6 respectively) but nodal status was the only pathological 

variable that was an independent predictor of DFS on MVA, consistent with the fact that 

axillary lymph node positivity is widely recognised as the single strongest predictor of 

survival in breast cancer.  Nodal status and LVI were independent predictors of OS on MVA, 

although LVI was not significant.    

 

3.7.2 Steroid hormone receptor status and proliferative activity 

as prognostic indicators in the WoI IBC series 

 

Validation of an independent prognostic role for biomarkers  for use in clinical practice has 

proved difficult in the past and, despite hundreds of reports on tumour markers in oncology, 

only a small number have emerged from studies as clinically useful389-391.  It is difficult to 

gather large breast cancer cohorts with long-term follow-up data.  Biomarkers which appear 

promising initially may not be validated by subsequent studies or, indeed, subsequent 

studies may even provide conflicting results.  Reasons for discrepancies may include 

differences in methodologies, differences in study design, poorly reproducible assays, 

inappropriate statistical analyses and small sample sizes.  These difficulties are considered in 

detail in REMARK (REporting recommendations for tumor MARKer prognostic studies) 

guidelines392, which seek to accelerate the process by which biomarkers that provide useful 

information for cancer management are incorporated into clinical practice. 

 

In the WoI series, the steroid hormone ER and Ki67 were the only markers that added to the 

prognostic power of nodal status on MVA.  As in other consecutive series, steroid hormone 

receptor status remained as an independent predictor of DFS and OS on MVA in the WoI 

series, although the level of significance was low for DFS.  ER and PR act as predictive factors 

for response to hormonal treatment.  It is thought that PR adds predictive value to ER and 

that tumours expressing both receptors derive the greatest benefit from hormonal 
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therapy393-395.  However, they are also established as (modest) prognostic factors in breast 

cancer21,383.  Interestingly, ER has been shown in the literature to have a non-proportional 

effect with time, i.e. its prognostic effect varies over time.  This effect was also seen in the 

WoI series for DFS (Figure 3.3(a)), where the outcome for ER negative tumours was better 

than that of ER-positive tumours after approximately 100 months.  This is consistent with 

the observation that the protective effect of oestrogen disappears and after 7-8 years ER-

negative tumours do better394,396,397.  Our data supports this hypothesis.  Indeed, some 

clinicians suspect that two major types of breast cancer exist, their prognosis being 

determined by the age at onset.  The first type is early-onset, predominantly ER-negative 

and aggressive, whereas the second type is late-onset, predominantly ER-positive and 

relatively indolent398,399.   

 

Of the other biomarkers, only Ki67 remained as an independent predictor of DFS by MVA 

(although non-significant).  Breast cancers with high levels of proliferation are well 

established as having worse prognosis185,186 including in a large meta-analysis of over 12,000 

early breast cancer patients (on UVA only however)187.  The exact function of Ki67 is 

unknown but it is a reliable surrogate measure of proliferation.  The result of Ki67 in this 

series lends further support to the importance proliferation as a prognostic marker in breast 

cancer.  Proliferative genes are currently being highlighted as especially important for 

generation of gene-based prognostic signatures in breast cancer34,198-200 and the proliferative 

gene group is the most highly weighted group in the generation of the RS by the commercial 

gene-based assay Oncotype DX (Chapter 1, section 1.2.1, Chapter 4 and Appendix I)110.  

However, before proliferative activity can be translated into routine clinical use, technical 

considerations need to be addressed. For example, more data is required to provide 

guidance on how to count positivity, i.e. whether hot spots, the periphery or random high 

power fields should be counted.  The appropriate cut-point value for positivity needs to be 

established.  Values from 10-25% are used in other studies66,203-207 and it is unclear if a single 

cut off is appropriate for all clinical endpoints e.g. OS, DFS and for all patients e.g. luminal A 

and B.   

 

In this work, we investigated if other assessments of proliferative activity could provide 

additional prognostic information in the WoI series.  Cdc7, tMcm2 and pMcm2 did not 



Chapter 3: Characterisation of a consecutive series of IBCs and evaluation of the prognostic role of 

novel proliferative markers in the series 

 

106 

 

provide additional prognostic information either in the entire series or in subsets.  Cdc7 was 

predictive of poor OS on UVA, but did not remain as an independent predictor on MVA.  

Mcm2, either in its total or its phosphorylated form, did not show any associations with 

survival.  Cdc7 and pMcm2 were shown to correlate with each other, but there was a large 

amount of variability in this data.  Of note, a wider range of Cdc7 levels were seen in p53-

overexpressing tumours compared to p53-negative tumours, consistent with previous data 

which has shown that Cdc7 is a potential therapeutic target in p53-mutant breast cancers264.  

It is possible that the commercially available small molecule inhibitors of Cdc7 could have a 

role in the treatment of tumours with this phenotype. 

 

3.7.3 Other biomarkers as prognostic indicators 

 

HER2 was predictive of poor DFS and OS on UVA, but did not remain in the MVA models as 

an independent predictor of outcome previously reported400-404.    Bcl2 has been shown to be 

an independent predictor of a good prognosis in breast cancer405-407 including in multi-

institutional studies involving over 11,000 patients408.  In the WoI series, Bcl2 was predictive 

of DFS and OS on UVA, but did not remain as an independent predictor on MVA.  Bcl2 has 

paradoxical effects in different malignancies.  It is associated with a poor prognosis in 

haematological malignancies and some solid tumours such as prostate409.   

 

p53 was overexpressed in 20% of the WoI cases and while  showing a significant association 

with adverse DFS and OS on UVA, its independent significance was not maintained on MVA.  

Many studies have shown a significant association between immunohistochemical 

expression of p53 with long-term outcome on MVA, but others have not, and current data is 

insufficient to recommend use of p53 measurements for management of patients with 

breast cancer58.  Over-expression of p53 by IHC correlates with mutation of the TP53 gene in 

<75% of cases410,411 and some TP53 mutations result in the expression of a truncated protein 

that is undetectable by IHC.  Thus, in contrast to IHC, mutations in TP53 are more 

consistently associated with a poor outcome, and while the risk of adverse outcome is 

variable, mutation status may be a more reliable assessment of p53 status in breast cancer. 
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In this series, the basal markers CK5/6 and EGFR were predictive of OS on UVA, but did not 

remain as independent predictors on MVA.  CK14 was not associated with either survival 

measure.  This suggests that, while basal markers are useful in defining subsets of tumours 

when used as part of a panel of markers, their role as independent prognosticators is 

limited.   

 

3.7.4 Defining molecular subtypes 

  

Molecular subtypes were identified in the IBC series using IHC using TMAs.  Tumours were 

classified in four different ways using different combinations of markers in this work, to 

determine the optimal panel of markers to define the subtypes.  DFS was best predicted by a 

classification system using just ER and HER2 and OS was best predicted by a classification 

system using ER, PR and HER2.  The addition of basal markers to the panel did identify the 

subsets but not add prognostic information over the use of just two or three markers.  These 

findings are similar to those of other studies which have shown that molecular subtypes can 

be defined by either two378 or three markers131.  Other studies use basal markers in addition 

to ER, PR and HER2 to define subtypes121,129,130,132.  The HER2-overexpressing subgroup had 

the poorest outcome of all the subtypes for both DFS and OS in this series.  Some data has 

shown that the basal subtype (defined by GEP) has the worst prognosis of the molecular 

subtypes59.  However, most cases in the WoI series preceded the introduction of 

trastuzumab for treatment of metastatic and early breast cancer. This may explain the 

observed poorer outcome for patients with HER2-overexpressing tumours diagnosed before 

the introduction of an effective treatment for these cases.  

 

The effect of series size on the results of this study is difficult to ascertain.  Increasing the 

number of cases in the series may reveal that larger panels of markers may be more 

powerful as discriminators of molecular subtypes as in the large multi-institutional study of 

Blows et al.132. The length of follow-up may also be important.  The WoI series had a mean 

length of follow-up of 51 months.  It would be interesting to examine this cohort again at 10 

years, to see if more survival differences could be identified at this time-point and if the 

same panel of markers was the optimal panel for defining subtypes.   

 



Chapter 3: Characterisation of a consecutive series of IBCs and evaluation of the prognostic role of 

novel proliferative markers in the series 

 

108 

 

3.7.5 Statistical methods 

 

Two different methods of statistical analysis were used on the WoI series, namely Cox 

proportional hazards regression model and tree-based analysis or recursive partitioning.  

The Cox model412 is used widely used in medical research because it is flexible and can be 

applied to many medical datasets.  The model assesses the simultaneous effects of several 

explanatory variables on survival time.  It overcomes the effects of censored observations 

(observations in which only a portion of the survival time is observed for some participants) 

by assuming that explanatory variables are related to survival time by a multiplicative effect 

on the hazard function.  Cox’s model can include several treatment groups412.  Some issues 

to consider when using Cox’s model are to check the underlying assumptions being made 

about data and the consequences on making any inferences if the underlying assumptions 

are incorrect413.  The power to detect an effect can be reduced using a Cox model if the 

hazard functions for comparison groups are not proportional413.  Also, the Cox model 

assumes that the relationship between HRs does not vary with time.  This is not always the 

case however, as can be seen with the variable ER, where the protective effect of ER-

positivity wanes with time.  The Cox model will delete cases with one or more missing 

values, which will obviously sacrifice considerable efficiency in the analysis413 and, indeed, 

dealing with missing data is one of the most challenging aspects of analysis of any dataset. 

 

Tree-based analysis is a non-parametric technique that selects from among a large number 

of variables those and their interactions which are most important in determining the 

outcome variable to be explained414.  It has several strengths.  It makes no distributional 

assumptions, either on independent or dependent variables; no variable in a tree-based 

analysis is assumed to follow any kind of statistical distribution.  Categorical variables in a 

tree-based analysis can be categorical, interval, continuous or a mixture of these.  One 

advantage of tree-based analysis over Cox’s proportional hazard model is that tree analysis 

has a built-in algorithm to deal with missing data and does not delete cases which are 

missing values for one or more variables.  Tree-based analyses are not affected by outliers, 

collinearities or distributional error structures which can affect parametric procedures.  

Tree-based analysis can detect and reveal interactions in a dataset.  Moreover, from a large 
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number of variables submitted for analysis, it is capable of producing useful results using 

only a few important variables.  The results are presented in a visually appealing format. 

 

A limitation of tree-based analysis is that it is not based on a probabilistic model, i.e. there is 

no probability level or confidence interval associated with predictions derived from using a 

classification tree to classify a new set of data.  The confidence that one can have in the 

accuracy of results produced by a given tree is based purely on its historical accuracy, i.e. 

how well it has predicted the desired response in other, similar, circumstances.   

 

For this work, tree analysis was most useful for deciding how best to define molecular 

subtypes, i.e. which combination of biomarkers best classified the subtypes.  It showed us 

that a classification system based on ER and HER2 (for DFS) or ER, PR and HER2 (for OS) split 

cases most accurately into subtypes.  

 

3.7.6 Summary 

 

In summary, a WoI consecutive series of breast cancers, diagnosed and managed in a single 

institution between 1999 and 2005 was created, which comprised 666 cases of IBC with 

detailed outcome, pathological and biomarker data.  Analysis of the WoI IBC series has 

confirmed that the traditional pathologic variable LN status is the strongest predictor of 

outcome and that steroid hormone receptor status and proliferative activity in the form of 

Ki67 level add to its prognostic power.   The analysis of additional biomarkers showed again 

the difficulty in confirming the independent prognostic power of markers that have 

significance on UVA.  Only a very limited number of markers were required to reveal the four 

molecular subsets of breast cancer, reflecting the robustness of the intrinsic classification 

and confirming that they can be reliably identified using immunohistochemical assessment.     

 

In the future, increasing the size of the WoI series through the accrual of more recent cases 

together with an increase in follow-up time  would allow the patient cohort to be analysed 

again at a different time-point to evaluate any outcome difference, e.g. at 10 years. This 

would facilitate a comparison of the prognostic features in two series from the same region 

that were created before and after the introduction of specialised breast services and a 
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breast cancer screening programme.  It is possible that, with increased case numbers in the 

series, the roles of proliferative markers within molecular subtypes might be delineated, as 

current numbers were too small for an effect to be demonstrated.  Furthermore, it would be 

worthwhile investigating if the prognosis of the HER2-overexpressing group was improved 

post-introduction of the targeted therapy trastuzumab for metastatic and early breast 

cancer.
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4.  IMMUNOHISTOCHEMICAL EVALUATION OF ONCOTYPE DX 

PROTEINS AS SURROGATES FOR PREDICTION OF RECURRENCE 

IN NN BREAST CANCER 

 

4.1 Introduction 

 

The Oncotype DX Breast Cancer Assay was initially developed in 2004 in Genomic Health, 

Redwood, California.  The assay is RT-PCR-based  and it analyses the expression of 16 breast 

cancer-related genes to predict the likelihood of a 10-year recurrence in patients with ER-

positive, NN breast cancer147,160.  It has become part of ASCO and NCCN guidelines for breast 

cancer management58.   

 

Oncotype DX stratifies patients into low, intermediate and high risk categories for 10-year 

breast cancer recurrence by generating a recurrence score (RS), a number from 0-100 which 

corresponds to the risk of recurrence (Table 4.1).  The TAILORx trial randomises 

intermediate-risk patients to either hormonal treatment alone or hormonal treatment and 

chemotherapy175.  A RS of 11 is associated with a risk of local and distant relapse of 

approximately 10% and this threshold has typically been used for recommending adjuvant 

chemotherapy415.  For this reason, the TAILORx trial defines its risk categories slightly 

differently from the original Oncotype DX criteria (Table 4.1), and patients with RSs of 11-25 

will be randomised to treatment on the trial.   

 

Table 4.1.  Oncotype DX and TAILORx risk categories 

Risk category Oncotype DX criteria TAILORx criteria 

Low <18 <11 

Intermediate 18-30 11-25 

High >30 >25 
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Oncotype DX costs in the order of $3,800 per assay181 and, therefore, its routine use would 

have major cost implications for most health service providers.  Thus, there has been 

widespread interest in investigating if assessment of routine pathological parameters can 

predict the Oncotype RS.  The aim of this pilot project was to investigate if 

clinicopathological parameters, together with immunohistochemical evaluation of 

expression of the proteins encoded by genes in the Oncotype DX assay, could predict the 

Oncotype DX RS.  To this end, clinicopathological parameters of patients enrolled onto the 

TAILORx trial from GUH were recorded, along with immunohistochemical assessment of 

proteins corresponding to several of the Oncotype DX genes.  The series of patients used for 

this work was entitled the TAILORx series. 

 

4.2 Characteristics of the TAILORx series 

 

Fifty-two cases of invasive breast cancer (IBC) had both results of the Oncotype DX assay and 

histology of the invasive tumour available for review for this work.  All cases were retrieved 

from the files of the Dept. of Histopathology, GUH.  In all cases the tumour was size T1 or T2 

according to the TNM Classification of Malignant Tumours, 7th Edition387, hormone-receptor 

positive, lymph node-negative and had ≥1mm tumour-free margins for both invasive and in 

situ carcinoma.  The block sent for Oncotype DX analysis was used for this work, where 

available (n = 34).  In 18 cases the block had not yet been returned from Genomic Health 

and, in such cases, another representative block of tumour was chosen.   

 

Tumour grade, along with assessments of tubule formation, nuclear pleomorphism and 

mitotic count score were determined according to the NGS13 and these parameters were 

obtained from the original GUH histology report.  Other information obtained from the 

patient’s original report included tumour size (mm), tumour laterality, presence or absence 

of LVI and patient age.   
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4.2.1 Clinicopathological characteristics 

 

Oncotype DX RSs in the TAILORx series (n = 52) ranged from 0-61, with a mean value of 22 

(Table 4.2).  The case with a RS of 0 was a grade 2 IDC, 30mm in size, strongly positive for ER 

and PR and without LVI.  Similar to the findings in the original publication utilising the 

Oncotype DX assay110, the majority (44%) of our cases belonged to the low risk category 

using Oncotype DX assay criteria.  (Paik et al. categorised 51% of cases as low-risk).  

However, Paik et al. had a lower percentage of cases in the intermediate risk category than 

our series (22% vs. 38% respectively) and a much higher percentage of cases in the high-risk 

category than our series (27% vs. 17% respectively).   

 

If the narrower TAILORx trial criteria (Table 4.1)175 for the low risk category were applied to 

our series, as expected, a lower percentage of cases (13%) belonged to this category (Table 

4.2).  Using TAILORx trial cut-off levels results in a higher percentage (52%) of patients being 

allocated to the intermediate category, for randomisation with either hormonal therapy 

alone or hormonal therapy and chemotherapy.   

 

Table 4.2.  Distribution of recurrence scores in the TAILORx series 

  n = (%) 

Range of recurrence scores (mean) 0-61 (22) 52  

Oncotype DX risk category Low (<18) 

Intermediate (18-30) 

High (>30) 

23 (44) 

20 (38) 

9 (17) 

TAILORx risk category  Low (<11) 

Intermediate (11-25) 

High (>25) 

7 (13) 

27 (52) 

18 (35) 

 

Patients in the TAILORx series ranged from 32 to 73 years of age, mean 58 years.  Thirty-nine 

patients had presented to the Symptomatic Breast Service at GUH; 13 patients were from 

the National Breast Screening Programme at GUH (BreastCheck West).   
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The majority of tumours in the series (63%) were grade 2, 13% were grade 1 and 23% were 

grade 3 (Table 4.3), findings broadly consistent with typical distribution of tumour grade in a 

breast series (reviewed in Rakha et al.)14.  Mean RSs increased with increasing tumour grade, 

from a mean RS of 13 in grade 1 tumours to a mean RS of 30 in grade 3 tumours.  Grade 1 

tumours all had RSs in either the low or intermediate categories; there were no grade 1 

tumours in the high risk category.   Grade 3 tumours were spread throughout the risk 

categories (5 low-risk, 3 intermediate-risk and 4 high-risk) (Figure 4.1(a)).  Increased nuclear 

pleomorphism and decreased tubule formation were associated with increased RS and all 

cases with >75% tubule formation were in the low risk category (Figure 4.1(c)).  All cases 

with a high RS had marked nuclear pleomorphism (Figure 4.1(d)).  Regarding mitotic figure 

count, however, a score of 2 points was associated with the highest mean RS.  There were, 

however, just 5 cases in the series which had 3 points assigned for mitotic score.  Of these 5 

cases, 3 had RSs in the low risk category and 2 had RSs in the high risk category.   

 

As expected, the majority of cases in our series were IDC (79%) followed by invasive lobular 

carcinoma (ILC) (19%) (table 4.3).  IDCs had RSs in all risk categories, whereas the RSs for ILCs 

were all in either the intermediate or the low risk category (Figure 4.1(b)).  There was only 

one case of an invasive tubular carcinoma.  The mean RS for IDCs was higher than that for 

ILCs (23 vs. 17).  The single tubular carcinoma in the series had a RS in the low risk category 

(RS = 4).   

 

Increasing tumour size and the presence of LVI were not associated with increased RS 

category (table 4.3).   Tumours in the series ranged from 10-49mm, mean 22mm.  The mean 

RSs for T1 and T2 tumours showed little difference, 21 and 22 respectively.  LVI was noted in 

11 cases in the series (21%).   
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Table 4.3.  Pathological characteristics of the TAILORx series and association with RS 

Parameter  n = (%) RS range (mean) 

Histological type All 

IDC  

ILC 

Tubular CA 

52  

41 (79) 

10 (19) 

1 (2) 

 

0-61 (23) 

7-30 (17) 

4 

Grade All 

1 

2 

3 

52 

7 (13) 

33 (63) 

12 (23) 

 

4-22 (13) 

0-42 (21) 

9-61 (30) 

Tubule formation 

(%) 

All 

>75 

10-75 

<10 

52 

2 (4) 

17 (33) 

33 (63) 

 

4-12 (8) 

4-34 (20) 

0-61 (24) 

Nuclear 

pleomorphism 

All 

Mild 

Moderate 

Marked 

52 

0 

18 (35) 

34 (65) 

 

 

4-22 (14) 

0-61 (26) 

Mitotic count 

(points assigned) 

All 

1 

2 

3 

52 

35 (67) 

12 (23) 

5 (10) 

 

0-42 (18) 

15-61 (30) 

9-56 (28) 

Tumour size (mm) All 

≤20 

21-50 

52 

25 (48) 

27 (52) 

 

4-47 (21) 

0-61 (22) 

LVI All 

Present 

Absent 

52 

11 (21) 

41 (79) 

 

14-34 (23) 

0-61 (22) 
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(a)  

 

(b)  

 

(c)  
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(d)  

 

(e)  

 

(f)  
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(g)  

 

Figure 4.1.  Percentage of cases in each Oncotype DX risk category – high (green), 

intermediate (red) and low (blue) - for each category of (a) grade (b) histological type (c) 

tubule formation (d) nuclear pleomorphism (e) mitotic count (f) size  and (g)LVI 

 

4.2.2 Profile of biomarkers 

 

The number of cases on which biomarker evaluation was possible is indicated in table 4.4.  

For this work, hormone receptors were re-scored on the representative tissue section 

chosen.  Original ER results from the GUH histology report reported all tumours in the series 

as ER-positive (this was one of the eligibility criteria for the TAILORx trial).  On re-scoring, 

two cases were found to be ER-negative (Allred scores of 0 and 2), despite repeat 

immunohistochemical analysis.  The two cases which we found to be ER-negative had RSs in 

the high risk category (42 and 56) (Figure 4.3(a)).  The majority of cases in the series (n = 31; 

60%) were strongly positive (Allred scores of 7 and 8) for ER.  Strong ER positivity was not 

associated with any particular RS category and RSs in these cases ranged across categories 

(0-42), mean 18.   

 

Twenty cases in the series were PR-negative (39%) and 31 were PR-positive (61%) (table  

4.4).  PR negativity was associated with a higher mean RS than PR positivity (RSs 24 and 19 

respectively).  Eight cases were strongly positive for both ER and PR.  The range of RSs in 

these cases was 0-33, mean 13.   
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The more recent reports returned from Genomic Health provided the results of ER, PR and 

HER2 RT-PCR analysis in their report.  (Older reports received did not provide this 

information).  Forty-three of the cases for which we had ER IHC results also had an RT-PCR 

result available (table 4.5).  All cases which were ER-positive by IHC were ER-positive by RT-

PCR.  Of the 2 cases negative for ER on IHC, just 1 had an RT-PCR result available, and it was 

positive.  Fifty-three per cent of cases negative for PR on IHC were negative by RT-PCR.  

Correlation was better for PR positivity, with 93% of IHC-positive cases also showing 

positivity by RT-PCR.  Twenty-three out of 24 cases for which HER2 status by RT-PCR was 

provided were HER2-negative by PCR and 1 was reported as HER2-equivocal.  All cases were 

HER2-negative by IHC. 

 

The Ki67 index in the series ranged from 0-70, mean 9.4 (table 4.4).  Mean Ki67 positivity 

increased with increasing RS category.  The Ki67 index was low in low and intermediate risk 

categories (5.1% and 5.4% respectively) and showed a marked increase up to 27.6% in the 

high risk category.  Bcl2 was evaluated in the series by assessment of both intensity and 

percentage of tumour staining.  The mean percentage of Bcl2 staining was high in the 

majority of cases (93.6%, range 1-99).  Mean Bcl2 positivity inversely correlated with RS 

category.  All cases in the low risk category showed staining of almost all tumour cells with 

Bcl2 (99%).  Cases in the intermediate risk category showed a minimal reduction in staining, 

but the mean value was reduced in the high risk category (68.4%). 

 

The histiocytic marker CD68 is not routinely evaluated in breast tumours.  For this work, 

CD68 staining in tumour cells was evaluated, as well as CD68 staining of tumour-associated 

macrophages (TAMs).  The percentage of CD68 staining in tumour cells was highly variable 

(range 0-100%, mean 27.4) and did not show any pattern with regard to risk category.  The 

percentage of TAMs positive for CD68 ranged from 0.3-65%, mean 18.5.  CD68 staining in 

both tumour cells and TAMs was highest in the high risk Oncotype RS category. 

 

To the best of our knowledge, this work is the first to evaluate protein expression of the 

Oncotype genes cyclin B1, aurora A kinase (AAK), survivin and BAG1.  Cyclin B1, AAL and 

survivin are members of the proliferative gene group and BAG1 is one of the “Other” 

Oncotype DX genes.  Cyclin B1 expression was low in the series, range 0-4%, mean 0.9.  
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However, expression was seen to increase with increasing RS category.   The percentage of 

tumour cells staining for AAK ranged from 0-15 in the series, mean 2.5.  AAK staining was 

similar in the low and intermediate risk categories but increased in the high risk category.  

Neither cyclin B1 nor AAK was expressed in benign breast tissue.   

 

The proliferative marker survivin was expressed in both tumour and benign tissue and 

staining was therefore evaluated in both tissue components.  The percentage of cells 

staining for survivin was higher in tumour than benign breast tissue (table 4.4) but showed 

no particular pattern with regard to risk category.  In general, tumour cells showed stronger 

intensity of nuclear staining for survivin whereas benign tissue showed predominantly 

cytoplasmic staining (Figure 4.2).  

 

 

Figure 4.2.  Section of breast tissue showing tumour cells (bottom left) with strong nuclear 

staining for survivin and benign breast tissue (top right) with mostly cytoplasmic staining 

only (4x) 

 

BAG1 was evaluated in a similar manner to survivin as it was expressed in tumour and 

benign tissue.  The percentage of tumour cells staining for BAG1 ranged widely, but was on 

average lower in tumour cells relative to normal tissue (mean 9.0% vs. 19.7% respectively).  

Staining showed no particular pattern with regard to Oncotype risk category (table 4.4).  

Intensity of BAG1 staining was similar in tumour and benign tissue.   
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Table 4.4.  Biomarkers in the TAILORx series and association with RS 

Parameter
a
 n =  Parameter range (mean) Oncotype risk category 

Ki67  48 

22 

17 

9 

0-70 (9.4)  

0-20 (5.1) 

0.1-40 (5.4) 

3-70 (27.6) 

All 

Low 

Intermediate 

High 

Bcl2  49 

23 

18 

8 

1-99 (93.6)  

99-99 

80-99 (97.9) 

1-99 (68.4) 

All 

Low 

Intermediate 

High 

CD68 (tumour cells) 51 

23 

19 

9 

0-100 (27.4)  

0-99 (30.9) 

0-100 (21.5) 

0-95 (38.9) 

All 

Low 

Intermediate 

High 

CD68 (TAMs) 51 

23 

19 

9 

0.3-65 (18.5)  

1-46.7 (17.0) 

0.3-63.3 (15.6) 

11.7-65 (28.5) 

All 

Low 

Intermediate 

High 

Cyclin B1  43 

20 

15 

8 

0-4 (0.9)  

0-3 (0.6) 

0-4 (1.0) 

0.5-3 (1.3) 

All 

Low 

Intermediate 

High 

AAK  39 

18 

12 

9 

0-15 (2.5)  

0-10 (1.7) 

0-10 (1.7) 

0-15 (5.3) 

All 

Low 

Intermediate 

High 

Survivin (tumour cells) 41 

19 

15 

7 

0-91 (10.5) 

0.5-11 (4.0) 

0-91 (18.0) 

0.5-20 (12.4) 

All 

Low 

Intermediate 

High 

(Cont’d. overleaf) 
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Table 4.4 (cont’d.) 

Parameter
a
 n =  Parameter range (mean) Oncotype risk category 

Survivin (benign)
 c
 27 

11 

10 

6 

0-10 (0.7) 

0-3 (0.3) 

0-10 (1.3) 

0-2 (0.3) 

All 

Low 

Intermediate 

High 

BAG1 (tumour cells) 47 

21 

19 

7 

0-100 (9.0) 

0-26 (7.2) 

0-100 (12.3) 

0-22 (5.7) 

All 

Low 

Intermediate 

High 

BAG1 (benign)
b
 37 

17 

15 

5 

0-89 (19.7) 

0-60 (16.4) 

0-89 (29.3) 

0-6 (2.3) 

All 

Low 

Intermediate 

High 

Parameter
c
  n = (%) RS range (mean) 

ER All 

Negative 

Positive 

50 

2 (4) 

48 (96) 

 

42-56 (49) 

0-61(20) 

PR All 

Negative 

Positive 

51 

20 (39) 

31 (61) 

 

9-61 (27) 

0-42 (18) 

a
Continuous variables; 

b
in many cases benign tissue was not present on the block for evaluation; 

c
continuous 

variables. 
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 (a)  

 

(b)  

Figure 4.3.  Percentage of cases in each Oncotype DX risk category for cases positive and 

negative for (a) ER (b) PR 
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Table 4.5.  Concordance between immunohistochemical ER, PR and HER2 status and 

Oncotype DX RT-PCR results 

 

 

IHC result 

n
a
 = 

Oncotype DX assay result 

n = (%) 

Negative Positive Equivocal
b
 

ER  

 

Total 

Negative 

Positive 

43 

1 

42  

0 

0 

0 

43 (100) 

1 (100) 

42 (100) 

N/A 

 

PR 

 

 

Total 

Negative 

Positive 

44 

17 

27  

10 (23) 

8 (47) 

2 (7) 

34 (77) 

9 (53) 

25 (93) 

N/A 

HER2 

 

Total 

Negative 

Positive 

24 

24 

0 

23 (96) 

23 (96) 

0 

0 

0 

0 

1 (4) 

1 (4) 

0 

a
n = no. of cases for which data on ER, PR and HER2 was provided on the Oncotype DX assay report from 

Genomic Health; 
b
an equivocal result was used for HER2 reporting only. 

Abbreviation: N/A = not applicable. 

 

4.3 Clinicopathological parameters and protein 

biomarker expression as predictors of Recurrence Score 

 

Classification tree analysis was used to examine if combinations of the clinicopathological 

variables and protein biomarkers listed in tables 4.3 and 4.4 could predict the Oncotype DX 

and TAILORx RS categories, whilst also accounting for missing values in the predictors.   

 

Given the relatively small number of cases to the number of explanatory variables, modelling 

approaches (e.g. logistic regression) are unlikely to yield reliable parameter estimates for 

higher order interactions due to sparseness in the data.   In addition, due to the presence of 

missing data in several of the predictors (Figure 4.3), model-based procedures which exclude 

cases with missing data would result in an effective sample size of less than subject 

numbers.  Missing data was most commonly seen for BAG1 and survivin in benign tissue, in 

general due to the absence of benign tissue in the section. 
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Figure 4.4.  Proportion of missing values for each variable 

Abbreviations: Onco_HER2: HER2 score provided on Oncotype DX assay report; survivin_B_N: percentage of 

nuclear survivin staining in benign breast tissue; survivin_B_N_I and survivin_B_C_I: intensity of survivin staining 

in benign breast tissue, nuclear and cytoplasmic respectively; BAG.1_B_N: percentage of nuclear BAG1 staining in 

benign breast tissue; BAG.1_B_N_I and BAG.1_B_C_I: intensity of BAG1 staining in benign breast tissue, nuclear 

and cytoplasmic respectively; survivin_T_N: percentage of nuclear survivin staining in tumour cells; 

survivin_T_N_I and survivin_T_C_I: intensity of survivin staining in tumour cells, nuclear and cytoplasmic 

respectively; Onco_PR and Onco_ER: PR and ER scores provided on Oncotype DX assay report; BAG1_T_N: 

percentage of nuclear BAG1 staining in tumours cells; BAG1_T_N_I and BAG.1_T_C_I: intensity of BAG1 staining 

in tumour cells, nuclear and cytoplasmic respectively; TAILORx_RS_cat: TAILORx RS category; Onco_DX_RS_cat: 

Oncotype DX RS category; Onco_RS_0_100: Oncotype DX RS; Bcl2: percentage of Bcl2 staining in tumour cells; 

Bcl2_I: intensity of Bcl2 staining in tumour cells; ER_0_1: ER score, positive or negative; ER_0_8: ER score as per 

Allred scoring system; CD68_TIMs: percentage of CD68 staining in tumour-associated macrophages; CD68_T: 

percentage of CD68 staining in tumour cells; PR_0_1: PR score, positive or negative; PR_0_8: PR score as per 

Allred scoring system; LVI_0_1: LVI, present or absent; M: mitotic count; N: nuclear pleomorphism; T: tubule 

formation. 

 

Separate analyses were carried out for each categorical response (Oncotype DX and 

TAILORx).  Two different classification tree-growing approaches were used for each analysis, 

namely recursive partitioning374,377 and conditional inference trees376, to identify the set of 

key explanatory variables that best predict risk categories.  In order to avoid over-fitting - 
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fitting a tree that has more nodes than can be justified by the data - pruning methods374,376 

were used to ensure that the final tree had splits that can be well substantiated with 

sufficient data.    Pruning for recursive partitioning may be achieved by constraining the 

misclassification rate at subsequent nodes.  Conditional inference trees incorporate pruning 

automatically by adjusting the univariate p values for multiple testing, so that a split is 

reported only when the adjusted p value is significant, at a pre-determined significance level.  

Conditional inference trees are more robust than those using recursive partitioning and the 

misclassification rate of a conditional inference tree is more likely to represent the 

misclassification rate applicable to the population. 

 

Random forest methodology416 was also used in this analysis to generate multiple trees from 

the candidate variables.  Random forests were created for both Oncotype DX and TAILORx 

categories, using 1,000 bootstrap re-samples (random samples of 6 of the 31 candidate 

variables) of the original data.  In this manner, variables which appeared repeatedly as 

predictors in the trees could be identified.  The trees were un-pruned and grown until each 

node contained a solitary category.  Random forests represent the most robust application 

of tree-based analysis and random forests will generate higher misclassification rates than 

recursive partitioning or conditional inference trees.  The misclassification percentage 

generated by random forest methodology is the one most representative of the likely 

misclassification rate in the general population.      

 

The misclassification rate was recorded for each approach in order to compare performance 

of the methods.  A more accurate estimate of the likely predictive performance in the target 

population of interest could be attained using cross-validation.  However, given the small 

sample size in question, such an estimate is likely to be quite unreliable.  In addition, 

reporting the “best” tree could be considered a naïve approach, given that it is likely that 

several trees will give comparable predictive performance in such a small sample size.  One 

option in such a scenario is to report the other predictor variables that were close 

competitors (i.e. surrogate predictors) at each terminal node, in order to gain an 

understanding of the inter-relationships between the predictors.  An alternative option is to 

report those variables deemed important when generating the forest of trees375.     
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All variables were included in the tree-based analyses except for HER2, as all cases in the 

series were HER2-negative so this would not have added any predictive information.  The 

pruned trees for each response and tree-growing method are given in Figures 4.5 to 4.8 and 

the misclassification rate for each listed.  Those variables that were identified as competing 

predictor variables (i.e. surrogate splits) at the primary split are listed as are the top five 

predictors, in order of variable importance, from the random forest procedure. 

 

4.3.1 Predicting Oncotype DX risk categories 

 

The key predictor variables for predicting Oncotype DX risk categories, arising from the 

pruned trees and forest-based ensemble methods, are PR, survivin and Ki67 (Figures 4.5 and 

4.6).  The pruned trees based on recursive partitioning, conditional inference and the 

random forest ensemble method had misclassification rates of 15%, 40% and 54% 

respectively.   

 

Using recursive partitioning, cases could be assigned to Oncotype DX risk categories based 

on PR Allred score (Figure 4.5).  (The percentage of survivin staining in tumour cells and the 

Ki67 LI were surrogate predictors in this analysis).  Cases with a PR score of >1 and a score of 

3 for nuclear pleomorphism (n = 7) were all in the high risk category.  Cases with a PR score 

of ≤1 were distributed among the risk categories and were sub-divided, firstly by the 

percentage of survivin staining in tumour cells.  Those with survivin staining of >15.5% (n = 4) 

were all in the intermediate risk category.  Those with survivin staining ≤15.5% and a score 

of 2 for nuclear pleomorphism (n = 14) were predominantly low-risk.  Cases with a score of 3 

for nuclear pleomorphism were further sub-divided by tumour size.  Those with a size of 

≤27.5mm (n = 8) were predominantly low-risk.  Cases with a tumour size of >27.5mm could 

be sub-divided, again by tumour size, using a cut-off this time of 20.5mm.  Those with 

tumours >20.5mm (n = 7) were all intermediate-risk.  Those with tumours ≤20.5 were sub-

divided by the intensity of BAG1 staining in tumour cell nuclei.  This method correctly 

classified 85% of cases. 

 

Using conditional inference methodology, Ki67 was the variable most predictive of Oncotype 

DX risk category (Figure 4.6).  Cases with a Ki67 LI of >7.5% (n = 15) were distributed among 
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the risk categories.  Cases with a Ki67 LI of ≤7.5% and a cyclin B1 score of <1 were only seen 

in low and intermediate risk categories (n = 26).  These cases were sub-divided by PR Allred 

score.  Those with a PR score of ≤5 (n = 21) were more likely to be intermediate-risk.  Those 

with a PR score of >5 (n = 11) and no staining with cyclin B1 were all assigned to the low risk 

category.  Any cyclin B1 positivity meant that patients could be low- or intermediate-risk.  

This tree analysis correctly classified 60% of cases.     

 

Figure 4.5.  Classification tree for Oncotype DX risk category prediction 

The tree shows those variables most predictive of Oncotype DX risk category and the corresponding 

misclassification rate.  Primary surrogate predictors are highlighted and the top five important predictors are 

indentified in the random forest ensemble.   
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Figure 4.6.  Conditional inference tree for Oncotype DX risk category prediction and 

corresponding misclassification rate   

The tree shows those variables most predictive of Oncotype DX risk category and the corresponding 

misclassification rate.  Splits in the data are reported only when the associated p value is significant (p<0.05). 

 

4.3.2 Predicting TAILORx risk categories 

 

When considering TAILORx risk categories, the key predictor variables from the three 

approaches are survivin, BAG1 in tumour cells and Ki67.  The pruned trees based on 

recursive partitioning, conditional inference and the random forest ensemble method had 

misclassification rates of 23%, 29% and 36% respectively.   

 

Using recursive partitioning, survivin was the variable most predictive of TAILORx risk 

category (Figure 4.7).  Cases with survivin staining of >12% (n = 8) were predominantly high-

risk and none were low-risk.  Cases with survivin staining of ≤12% were sub-divided by BAG1 

staining in tumour cell nuclei.  Those with BAG1 staining of ≤3.5% (n = 24) were distributed 
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among the risk categories, but were predominantly of intermediate-risk.  Cases with BAG1 

staining of >3.5% and a score of 2 for nuclear pleomorphism (n = 6) were all in the low or 

intermediate risk categories and not high-risk.  Cases with a score of 3 for nuclear 

pleomorphism (n = 13) were all in the intermediate and high risk categories.  Those with a 

score of 3 for nuclear pleomorphism and >0.75% cyclin B1 staining (n = 4) were all high-risk.  

This tree analysis accurately classified 77% of cases. 

 

 

Figure 4.7.  Classification tree for TAILORx risk category prediction 

The tree shows those variables most predictive of Oncotype DX risk category and the corresponding 

misclassification rate.  Primary surrogate predictors are highlighted and the top five important predictors are 

indentified in the random forest ensemble.  Total number of patients for TAILORx risk categorisation was 51, as 

one was given an incorrect RS. 

 

Using conditional inference methodology, nuclear pleomorphism was the variable most 

predictive of TAILORx risk category (Figure 4.8).  Cases with a score of 3 for nuclear 

pleomorphism and which had a PR score of 0 (n = 7) were all high-risk.  Cases with a score of 
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2 for nuclear pleomorphism (n = 18) were all low- or intermediate-risk and none were high-

risk.  Ki67 could further sub-divide these cases with moderate nuclear pleomorphism, but 

only between low and intermediate risk categories.  This tree analysis accurately classified 

71% of cases. 

 

 

Figure 4.8.  Conditional inference tree for TAILORx prediction and corresponding 

misclassification rate 

The tree shows those variables most predictive of TAILORx risk category and the corresponding misclassification 

rate.  Splits in the data are reported only when the associated p value is significant (p<0.05). 

 

Tree analyses using recursive partitioning were also carried out using only traditional 

pathological variables - histological type, tumour grade, tubule formation, nuclear 

pleomorphism, mitotic count, tumour size and LVI – without biomarkers, to predict risk 

category.  Unsurprisingly, they were associated with lower accuracy of classification than 

classification trees including all the variables, 67% and 77% for Oncotype DX and TAILORx 

risk categories respectively. 

 

4.3.3 Predicting the absolute value for the RS 

 

Using the variables to predict the absolute value for RS was more difficult than predicting 

the category of RS based on misclassification rates (Figure 4.9).  Ki67 was the most important 

variable in this regard, using a cut-off for positivity of 15%.  Cases with >15% Ki67 positivity 
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has a mean RS of 36, but this ranged from 10-56.  Cases with <15% Ki67 positivity were sub-

divided by nuclear pleomorphism, followed by cyclin B1 staining and tumour size.   

 

 

Figure 4.9.  Regression tree to predict the absolute value for RS 

 

4.4 Discussion 

 

In this pilot work of 52 cases, the pathological variables tumour grade, tubule formation and 

nuclear pleomorphism showed an association with RS.  Individually, hormone receptors and 

the proliferative markers Ki67, cyclin B1 and AAK also increased with increasing RS and Bcl2 

showed an inverse association with RS.  Multiple tree-based analyses were used to identify 

parameters that could predict the RS, in an attempt to see if clinicopathological parameters 

and/or evaluation of proteins corresponding to the Oncotype DX genes could be used as a 

clinical alternative to the Oncotype DX assay.  Although the number of cases in this pilot 

project is too small to show statistical significance, this work none the less shows that a 

small number of pathological variables and biomarkers can accurately assign the 52 cases to 

the appropriate Oncotype DX or TAILORx risk category in up to 85% and 76% of cases 

respectively.  The most useful parameters in this regard included nuclear pleomorphism (a 

component of tumour grade), PR, the proliferative markers (Ki67, survivin in tumour cells) 
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and BAG1 staining in tumour cells.  This work, together with results from other publications 

165,183 gives support to the hypothesis  that combinations of traditional clinicopathological 

parameters and biomarkers could potentially be used as an alternative to the gene-based 

RT-PCR assay in an algorithmic fashion.  It also suggests that distinguishing low from high risk 

categories may be easier than distinguishing low from intermediate and intermediate from 

high risk category.  It is possible that the variables included in this study could help refine the 

selection of cases for Oncotype DX testing, which would have major cost-saving implications 

for health services and would mean that appropriate treatment for those who do not 

require Oncotype DX testing could be instituted more promptly. 

 

4.4.1 Associations of individual pathological variables and 

biomarkers with RS 

  

Similar to the findings in the original publication utilising the Oncotype DX assay 110, the 

majority (44%) of cases in the TAILORx series belonged to the low-risk category using 

Oncotype DX assay criteria.  However, our series had a higher percentage of cases with 

intermediate RS than the original Paik et al. study, 38% vs. 22% and a lower percentage of 

cases in the high-risk category, 9% vs. 27%.  This may reflect the fact that our patient cohort, 

by virtue of inclusion in the TAILORx trial, was all HER2-negative. The original study by Paik et 

al. included HER2-positive cases and a cohort of this sort may be more representative of 

patients likely to be evaluated by the Oncotype DX assay in clinical practice.  As tumours 

overexpressing HER2 are typically associated with an adverse prognosis, it is likely that they 

may have higher RSs, thus accounting for larger numbers belonging to the high risk category 

in the Paik study than in our series.  Also, the HER2 gene category is assigned a high weight 

in the algorithm used to generate the RS, second only to the weight assigned the 

proliferative genes (Appendix I)110 and it is likely, therefore, that tumours showing 

immunohistochemical expression or FISH amplification of HER2 will have higher RSs.   

 

As expected for a tumour-type which is typically associated with an excellent prognosis, the 

only tubular carcinoma in our series belonged to the low risk category (RS = 4).  Ductal 

carcinomas in the series were associated with a wide range of RSs (0-61).  This finding is 

consistent with data from a similar study to this work, which showed ranges of RS for IDCs of 
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0-60168.  The mean RS for IDCs in our series was higher than that for ILCs (23 vs. 17).  The 

highest RS for a lobular tumour in our series was 30.  This result is also consistent with 

findings from other series, which showed that lobular tumours rarely have high-risk RS 

166,168,183,417,418.  It is interesting also as, although the prognosis for ILCs is overall quite similar 

to that of IDCs, they show different biologic features.  Namely, they tend to have higher 

expression of hormone receptors and lower expression of HER2 and proliferative markers419.  

As the calculation of the RS is highly weighted towards the proliferative and HER2 genes, ILCs 

will have lower RSs than IDCs regardless of their prognosis or response to chemotherapy.  

Some authors, in fact, suggest that a different algorithm should be applied to the 

categorisation of lobular carcinomas418.  

 

Increasing tumour grade was seen with increasing mean RS, similar to other published 

studies165-168,183,418.  As grade has been shown in so many studies to associate strongly with 

RS, some authors have questioned if the Oncotype DX assay provides any additional 

information in people with grade 1 and grade 3 tumours and, furthermore, if the 

information provided justifies the expense of the assay in these patients165.  Flanagan et al. 

commented that in their series there were no two-step discrepancies with regard to grade, 

i.e. they had no grade 1 cases which had a high RS and no grade 3 cases which had a low RS.  

It is worth noting, however, that in our series, although our grade 1 tumours all had RSs in 

either the low or intermediate categories, our grade 3 tumours were spread throughout the 

risk categories. 

 

In the TAILORx series, there was little difference in mean RS in T2 tumours compared to T1 

tumours (mean RS 22 vs. 21 respectively).  Tumour size has been shown not to correlate 

with RS in other studies also165,166,183 or to have a weak-moderate correlation167,418.  Similarly, 

the presence of LVI in our series was associated with only a minor increase in the mean RS 

(mean RS 22 for LVI-positive cases vs. 21 for LVI-negative cases).   

 

PR negativity was associated with higher mean RSs than PR positivity (27 vs. 19 respectively).  

Of note, strong double-hormone positivity brought the mean RS into the low risk category 

(mean 13) compared to cases positive for ER alone, which had a mean RS (18) in the 

intermediate risk category.  The importance of PR is further highlighted in our tree 
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algorithms, where it consistently emerged as a variable predictive of risk categories.  PR has 

been shown to be an important predictor in other studies also165-168,183,420.  Indeed, some 

data has suggested that high PR expression is better at predicting response to tamoxifen 

therapy than levels of ER expression (in ER-positive cases) and that some PR-negative cases 

can exhibit tamoxifen resistance419,421.  Also, it is thought that PR levels are more prognostic 

than ER levels within hormone receptor-positive cases and PR levels may correlate with 

improved breast cancer specific survival422.   

 

The TAILORx series contained no HER2-positive tumours (as all patients in the series had 

Oncotype DX testing carried out as part of the TAILORx trial process and HER2-negativity was 

one of the eligibility criteria for this trial).  It would be interesting to evaluate the association 

of HER2 expression with RS, as some studies have reported that HER2 positivity is 

significantly associated with a high RS165,418. 

 

Correlation between IHC and RT-PCR was good for hormone receptor positivity, with 100% 

and 93%, respectively, of cases immunohistochemically positive for ER and PR showing 

positivity on RT-PCR.  There were just 2 ER-negative cases by IHC, included in this study due 

to a re-classification of original status on repeat IHC.  Unsurprisingly, the two ER-negative 

cases in the series were associated with RSs in the high-risk category (42 and 56).  The one 

case of these which had an RT-PCR result available was exactly at the cut-off (6.5) for ER 

positivity by RT-PCR423.  Just 53% of cases PR-negative by IHC were PR-negative by RT-PCR.  

This finding is similar to another study which found that discordance between IHC and RT-

PCR was higher for PR than ER168.  Regarding HER2, one case from the series was reported as 

HER2-equivocal by RT-PCR rather than HER2-negative. 

 

Mean Ki67 positivity increased markedly between the intermediate and high risk categories 

and the proliferative markers cyclin B1 and AAK also increased with increasing risk category.  

This is to be expected, as the proliferative group score is assigned the highest weight in the 

derivation of the Oncotype DX RS (Appendix I)110.  Some authors have suggested that the 

Ki67 index adds complementary value to the Oncotype DX RS166.  The proliferative marker 

survivin and BAG1, which enhances the anti-apoptotic effects of Bcl2 and is one of the genes 

in the “other” group of the Oncotype DX assay, did not show any association with RS, but 
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both emerged as potentially useful when a algorithmic tree-based approach was used.   In 

this series, BAG1 was downregulated in tumour cells compared to benign breast tissue.   

 

Bcl2 is included in the Oncotype DX assay and has emerged as an important independent 

prognostic indicator in breast cancer406,407.  Bcl2 positivity was inversely proportional to 

Oncotype DX risk category.  This is unsurprising, as oestrogen is known to act as an upstream 

regulator of Bcl-2 mRNA and protein expression424,425.  Therefore, cases positive for ER will 

tend to be positive for Bcl2 and are more likely to be in the low-risk category.  Our results 

suggest, however, that BCL2 is not of value in predicting RS categories in the TAILORx series, 

because almost all of the tumours in the series were Bcl2-positive.  This is similar to the 

findings of Allison et al., who found that Bcl2 was not useful as a predictor of RS as its 

expression was only lost in 2 tumours of their series183.   

 

To our knowledge, this is the first work to evaluate CD68 IHC as part of efforts to predict 

Oncotype RS.  CD68 staining was highest in both tumour cells and TAMs in cases which 

belonged to the high risk category.  However, CD68 did not emerge as being an important 

marker to predict RS in tree-based analysis.  Others have shown (unrelated to Oncotype DX) 

that high TAM counts are linked to poor outcome in hormone receptor-negative breast 

cancer357 and are inversely associated with PR358.   

 

4.4.2 Tree-based algorithms as predictors of the RS 

 

PR, proliferation markers - Ki67, cyclin B1, survivin – BAG1 and nuclear pleomorphism 

emerged from the multi-parametric tree-based analyses as being potentially clinically useful 

for predicting RS category.  This supports the importance of proliferation in the derivation of 

the RS.  Furthermore, it emphasises the importance of variations in PR status in a 

predominantly ER-positive cohort.  PR, interestingly, appeared in tree analyses using various 

cut-offs for positivity, e.g. Allred score >1, Allred score >5 and Allred score >0.  Although 

different tree analyses pick slightly different variables as “most predictive”, the above 

markers emerged in each analysis performed.  One other group has used tree analyses to 

predict RS183.  Similar to the findings of this work, they found that PR and Ki67 were the most 

useful variables, along with tumour grade.   
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It is noteworthy that, in this work, traditional parameters for the most part did not emerge 

as predictive variables in tree-based analysis, except for nuclear pleomorphism which was 

represented in many of the trees.  It may be that, in our cohort, nuclear pleomorphism is 

acting as a surrogate marker for tumour grade.  Grade has previously been shown to be one 

of the more useful predictors of the RS in tree-based analysis183.   

 

To the best of our knowledge, no previous studies have evaluated immunohistochemical 

analysis of the Oncotype genes cyclin B1, AAK, survivin and BAG1 as predictors of RS.  It is 

noteworthy that some of these more novel markers emerged as stronger predictors of RS 

than well-established prognostic indicators such as tumour grade.  This corroborates, to a 

certain extent, proponents of Oncotype DX who claim that it is a superior prognostic 

indicator than traditional clinicopathological parameters.  Interestingly, classification trees 

using only the traditional pathological variables to predict risk categories had higher 

misclassification rates than analyses using pathological variables and biomarker data (33% 

vs. 15% respectively for Oncotype DX risk categories and 30% vs. 23% respectively for 

TAILORx risk categories), suggesting that addition of the novel markers led to improved 

accuracy of classification. 

 

A predictive algorithm based on the parameters grade, PR and Ki67 has been used in other 

work183 and the authors suggested that evaluation of these parameters could reduce the 

requirement for the Oncotype DX assay in 32% of breast cancers.  Others showed that a 

composite index composed of ER, PR and HER2 status, combined with the three components 

of tumour grade, had concordance levels of 56% and 66% with Oncotype DX and TAILORx 

risk categories respectively168.  Separately, the same parameters accounted for 66% of the 

variability in Oncotype DX test results165.   

 

In the work represented here, efforts were made to predict both Oncotype DX and TAILORx 

risk categories.  Variables that emerged in the tree analyses predicting Oncotype DX risk 

categories were survivin, Ki67, PR, cyclin B1, nuclear pleomorphism, tumour size and BAG1.  

The same variables, excepting tumour size, emerged as predictive of TAILORx risk category.  

Interestingly, prediction of TAILORx risk category was associated with lower misclassification 
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rates.  Does this suggest that TAILORx risk categories are more representative of “real” risk 

than Oncotype DX categories?  Furthermore, prediction of absolute RS was more difficult 

than prediction of either of the categorical measures.   

 

4.4.3 Limitations of this study and future work 

 

The number of cases used in this pilot study is small which, as discussed previously, limits 

the conclusions that can be drawn from the data in terms of the exact proliferation markers 

that are prognostic, the cut-off values that discriminate between categories and the 

components of grade that may be prognostic.  It does, however, support the validity of the 

approach of combining IHC with the evaluation of traditional parameters to predict 

recurrence in ER-positive, NN breast cancer, in agreement with other recently published 

pilot studies165,167,168,183. 

 

The number of markers that were included in our study was limited by the availability of 

robust antibodies. It is likely that the individual markers that emerged as having a potential 

role would be different if others were included. However, our study, as well as other reports, 

consistently reveals that measures of proliferation status are informative.   

 

Proliferative markers have emerged from many studies as having prognostic significance.  

However, there is no consensus on how best to score these markers and what cut-offs to 

apply.  Should markers such as Ki67 be scored in a defined number of random hpfs in a 

tumour or should they be scored in a “hot spot” of tumour?  This area has been subject to 

much debate, as multiple cut-offs for Ki67 have been used in different studies, e.g. 10%203-

205, 14%66 and 20%206,207.  Other studies have split cases around the mean or median Ki67 

value208,209.  This work further highlights the fact that different cut-offs can be prognostic in 

different scenarios as, in the TAILORx series, Ki67 was predictive of Oncotype DX risk 

category and Oncotype DX RS as a continuous variable with different cut-offs of 7.5% and 

15% respectively.  

 

A further limitation of the work is the lack of outcome data.  As the ER-positive, HER2-

negative, NN cohort of breast cancer patients would be expected to have an excellent 
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prognosis, it is unlikely that any of the patients in the TAILORx series will develop a 

recurrence for several years to come.  Until recurrence events have occurred, it is impossible 

to say with certainty whether clinicopathological parameters are predicting 10-year 

recurrence more accurately than Oncotype DX assay results.  One group has published 

outcomes-based results in abstract form426.  An “IHC4” score, based on 

immunohistochemical evaluation of ER, PR, HER2 and Ki67, was generated which was shown 

to have a pairwise correlation with Oncotype DX RS of 0.7 and to perform slightly better 

than Oncotype DX at predicting distant recurrence.  The outcome-based data used was that 

from the TransATAC (Arimidex, Tamoxifen, Alone or in Combination) trial427.  However, to 

date, these results have not yet been peer-reviewed or published in non-abstract form. 

 

Visually scored in situ IHC approaches, such as we have used in this work, have some 

advantages over RT-PCR and other gene-based techniques.  The latter techniques do not 

discriminate between sections that may contain tumour and benign tissue as well as possible 

associated inflammatory cells.  Indeed, some authors have advocated caution that RSs may 

not be representative of true cancer biology in cases where there is prominent associated 

inflammation on the tissue block183.  Genomic Health have shown that biopsy site changes 

can alter mean RS and that microdissected biopsy cavities had an average 13.4±2.1 higher RS 

compared with microdissected invasive tumours182.  These factors are not routinely 

controlled for when RS is calculated.  However, conflicting data was shown by Geradts et al., 

who showed that were no significant distributions in RSs in samples with biopsy site changes 

compared to samples without such changes168.  With IHC approaches, biomarker expression 

can be assessed in individual components of the tissue section and one can determine if 

there is confounding expression in surrounding non-tumour tissue on the section, which may 

provide misleading results. 

 

The current analysis suggests that using any of the trees presented here as a prediction tool 

on an individual level may not be appropriate, but there is now consistency between the 

different studies in this area in terms of identifying the key variables that a useful prediction 

rule may be built on, given a sufficiently large sample.  This work can be further expanded to 

increase patient numbers by including more patients enrolled on the TAILORx trial from 

other Irish hospitals.  Furthermore, an interesting study would be to examine the patient 
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cohort again at 10 years to establish what recurrence events have taken place and to 

determine whether the Oncotype DX assay or the clinicopathological variables which 

emerged in the tree analyses were more accurate predictors of these events.  
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 5.  EVALUATION OF miRNA EXPRESSION IN BREAST 

 CANCER TUMOUR TISSUE 

 

5.1 Introduction 

 

The goal of breast cancer management is to provide individualised, tumour-specific 

treatment with minimal side effects.  To this end, there is ongoing need to discover new 

sensitive and specific breast cancer biomarkers.  miRNAs represent a relatively new avenue 

for breast cancer research and studies to date have indicated that they show promise as new 

biomarkers.  As outlined in section 1.4, they can be extracted and analysed from FFPE tissue 

and robust assays have been developed for their assessment277.  Moreover, miRNA 

expression signatures have been generated which can distinguish between tumour and 

normal breast tissue and between subtypes of breast cancer302-305. 

 

ISH analysis of miRNAs is the only miRNA analytic method which gives information on cell-

specific and subcellular patterns of miRNA expression.  It provides insight into the 

mechanisms of action of miRNAs and the tissue subtype they are present in and it can be 

carried out on frozen and fixed tissue, making it advantageous compared to other 

methodologies.  ISH predominantly addresses the cellular origin of miRNA expression and it 

is more challenging to derive a quantitative measure of expression from this method.   

 

let-7 is one of the first known miRNAs, together with lin-4, and was originally discovered in 

the nematode C. elegans
428,429, where it was shown to control the timing of stem cell division 

and differentiation.  let-7 subsequently became the first known human miRNA.  It consists of 

a family of 12 different miRNAs.  To distinguish between multiple isoforms, a letter is placed 

after the miRNA to indicate a let-7 with a slightly different sequence, hence the terminology 

let-7a430.  The let-7 family is often cited as the archetypal tumour-suppressing miRNA.  In the 

adult human, its expression is highest in terminally differentiated epithelial tissues.  

Expression of let-7 has been shown to be lost at an early stage in breast cancer 

progression306 and continued expression has been shown to be associated with low-grade, 

ER-positive, luminal A tumours303.  Functional targets include the RAt Sarcoma (RAS) proto-
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oncogene298 and the oncofoetal proteins high-mobility group AT-hook 2 (HMGA2)431 and 

IGF2 mRNA-binding protein 1 (IMP-1)432.   

 

Although the let-7 family is typically regarded as tumour-suppressive in nature, recent work 

from the Dept. of Surgery, NUIG, showed its expression to be elevated in the circulating 

blood of a series of breast, prostate, colon and renal cancer patients compared to 

controls322.  The aim of the work presented here was to evaluate let-7a expression in the 

associated tumour tissue of several of the breast cancer patients with elevated circulating 

levels of the miRNA, to determine if there was a relationship between circulating let-7a 

levels and expression in tumour tissue. 

 

5.2 Selection of breast cancer cases with high, medium 

and low circulating levels of let-7a 

 

The Dept. of Surgery, NUIG work evaluated expression of let-7a in the blood by RT-PCR in a 

cohort of 83 consecutive breast cancer patients who presented to GUH for management of 

their disease in 2008.  let-7a expression was normalised relative to miR-16, a control 

miRNA322.  miR-16 expression had been found to be stable and reproducible in the 

circulation of all study participants322.   

 

RT-PCR results were obtained from Dr. Helen Heneghan in the Dept. of Surgery.   Results 

showed let-7a expression levels ranging from -0.83 to 2.13, relative to miR-16 levels.  Mean 

let-7a expression was 0.47.  From these results, 5 cases each of patients with high, medium 

and low circulating levels of let-7a were selected (Table 5.1)., where cases with medium  

levels were those 5 cases with levels closest to the mean expression level (0.47) relative to 

miR-16; cases with high levels were those 5 cases with levels closest to the highest 

expression level (2.13) relative to miR-16 and cases with low levels were those 5 cases with 

levels closest to the lowest expression level (-0.83) relative to miR-16.  
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Table 5.1.  Cases used for ISH analysis of let-7a expression in tumour tissue, and associated 

circulating let-7a expression level 

Case number Circulating let-7a RT-PCR expression level
a
   

1 -0.8 (L) 

2 -0.62 (L) 

3 -0.57 (L) 

4 -0.41 (L) 

5 -0.39 (L) 

6 0.4 (M) 

7 0.44 (M) 

8 0.46 (M) 

9 0.54 (M) 

10 0.55 (M) 

11 1.08 (H) 

12 1.25 (H) 

13 1.47 (H) 

14 1.53 (H) 

15 1.55 (H) 

Abbreviations: L: low; M: medium; H: high.  
a
The percentage PCR amplification efficiencies (E) for each assay 

were calculated using the slope of the semilog regression plot of cycle threshold vs. log input of cDNA with the 

following equation and a threshold of 10% above or below 100% efficiency was applied: E = (10
-1/slope

-1)x100.  The 

relative quantity of miRNA expression was calculated using the comparative cycle threshold method
339

, 

normalised to miR-16 levels, and the lowest expressed sample was used as a calibrator
322

. 

 

The 15 cases chosen for analysis consisted of 11 IDCs (73%), 2 ILCs (one of which was 

multifocal) (13%), 1 invasive tubular carcinoma (ITC) (7%) and 1 invasive micropapillary 

carcinoma (IMC) (7%) (Table 5.2).  Four tumours were grade 1 (27%), 7 grade 2 (47%) and 4 

grade 3 (27%).  Eight cases had positive axillary lymph nodes at the time of diagnosis (53%); 

LVI was also detected in 8 cases.  Regarding hormone receptor status, 1 case had been 

biopsied in another institution and the hormone receptor results were not available on the 

GUH laboratory information system.  Of the remaining 14 cases, 12 were ER-positive (86%) 

and 11 were PR-positive (73%).  HER2 was positive in 2 of the 15 cases (13%).  Cases were 

classified into subtypes on the basis of ER, PR and HER2 results131.  Using this method, 10 out 
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of 14 cases (71%) were classified as luminal A and 2 each (14%) were luminal B and triple-

negative subtypes.  There were no cases of HER2-overexpressing subtype. 

 

Table 5.2.  Clinicopathological characteristics of the series used for let-7a ISH analysis 

Case 

no. 

Histological 

type 

Grade Size  

(mm) 

Nodal  

status 

LVI ER PR HER2 Subtype 

1 IDC 2 40 - + + + - Lum. A 

2 ITC 1 10 - - + + - Lum. A 

3 IDC 2 25 + + NK NK - NK 

4 IMC 3 26 + + - - - TN 

5 IDC 3 25 + + + + - Lum. A 

6 IDC 2 30 + + - - - TN 

7 IDC 3 54 - + + + + Lum. B 

8 IDC 3 26 + + + + - Lum.  A 

9 IDC 2 28 + + + - + Lum. B 

10 mILC 2 48 - - + + - Lum. A 

11 IDC 1 7 - - + + - Lum.  A 

12 IDC 1 25 - - + + - Lum.  A 

13 ILC 2 23 - - + + - Lum. A 

14 IDC 1 60 + - + + - Lum.  A 

15 IDC 2 1 + - + + - Lum. A 

Abbreviations: mILC: multifocal invasive lobular carcinoma; NK: not known; TN: triple-negative. 

 

Statistical analysis was carried out using a Student’s paired t test with Microsoft Excel 2007 

software to investigate if the differences in expression between the cellular compartments 

were significant.   
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5.3 ISH analysis on FFPE tumour tissue 

 

U6, the ubiquitous snRNA, was used as a control miRNA to ensure that the ISH technique 

was working correctly (Figure 5.1).   

 

                     

Figure 5.1.  U6 ISH 

A strong nuclear signal is seen in normal breast epithelial cells (left; 20x) and in colonic crypt epithelial cells (right; 

10x). 

 

A scrambled probe (a generic sequence with no significant similarity to any known miRNA 

sequence) was also applied as a negative control, together with a tissue section processed as 

a no-probe control.  (Figure 5.2). 

 

                

Figure 5.2.  Negative controls 

Sections using both the scrambled probe (left; 20x) and without application of any probe (right; 20x) show only a 

red signal from Nuclear Fast Red counterstain. 
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Expression of let-7a was evaluated in each of 4 cellular compartments in the tissue: benign 

epithelial cells, myoepithelial cells, tumour cells and stromal cells.  Let-7a was 

homogeneously expressed within cellular compartments.    Therefore, scoring was weighted 

on staining intensity. 

 

To minimise the effects of hetereogeneous staining intensity within cellular compartments, 

intensity was recorded in 10 hpfs for each compartment, using a scale from 0 – 3, where 0 = 

no staining, 1 = mild staining, 2 = moderate staining and 3 = strong staining.  The mean 

staining intensity over 10 hpfs was then calculated (Table 5.3).    Scoring was validated by a 

second pathologist, Dr. R. Flavin. 

 

Table 5.3.  Example of the let-7a intensity scoring method in one case
a
 

hpf Benign 

epithelial cells 

Myoepithelial 

cells 

Tumour cells Stroma 

1 2 0 2 0 

2 1 1 2 0 

3 1 1 0 0 

4 0 2 0 0 

5 2 1 0 1 

6 2 1 2 0 

7 1 0 0 0 

8 1 0 0 0 

9 2 0 0 0 

10 1 1 0 0 

Average 

intensity 

1.3 0.7 0.6 0.1 

a
Case 5  
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 5.4 Results 

 

Mean let-7a expression in the 15 cases was found to be highest in benign epithelial cells, 

followed by myoepithelial cells (Table 5.4 and Figure 5.3(a) and (b)).  Overall, mean 

expression was lower in tumour cells than in either of these cellular compartments.  

However, 4 cases (cases 1, 3, 11 and 13) showed higher expression of the miRNA in tumour 

cells relative to benign tissue (Table 5.4 and Figure 5.3(c)).   

 

There was no association with circulating let-7a levels and expression in tumour tissue; 2 of 

the cases with high let-7a expression in tumour cells had low circulating levels of the miRNA 

and 2 had high circulating levels.  Three of these cases were IDC and 1 was ILC; 3 were grade 

2 tumours and 1 case was a grade 1 tumour.  Each case was HER2-negative.  Hormone 

receptor status was known for 3 of the cases; each of which was ER- and PR-positive.   

 

Lowest mean levels of expression of the miRNA were seen in the stromal compartment.  

However, in 2 cases (cases 6 and 13) stromal cells showed the highest levels of expression of 

all cellular compartments (table 5.4 and Figure 5.3(d)).  Case 6 was a triple-negative grade 2 

IDC with medium circulating let-7a expression and case 13 was a grade 2 ILC, ER- and PR-

positive and HER2-negative with high circulating let-7a expression.   

 

Regarding breast cancer subtypes, neither of the triple-negative cases (4 and 6) or luminal B 

cases (7 and 9) cases had high circulating levels of let-7a (Tables 5.2 and 5.4).  Three of these 

cases had zero expression of the miRNA in tumour tissue (Table 5.4) and one case (case 7) 

had a mean staining intensity of 0.7 in tumour tissue. 
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Table 5.4.  Expression of let-7a in tissue compartments 

Case number Benign 

epithelial cells 

Myoepithelial 

cells 

Tumour 

cells 

Stroma Circulating 

blood level 

1 0.9 0.7 3 0.9 L 

2 0.7 0.6 0 0 L 

3 1.1 0.9 2.1 1.6 L 

4 2 1 0 0.1 L 

5 1.3 0.7 0.6 0.1 L 

6 0.9 1.2 0 1.6 M 

7 1.4 1.1 0.7 0.4 M 

8 NP NP 0 0 M 

9 1.7 1.9 0 1.5 M 

10 1.6 1.4 0.7 0.8 M 

11 1.2 0.8 1.9 1.4 H 

12 0.6 0.2 0 0 H 

13 1.4 1.2 1.5 1.6 H 

14 1.7 1.5 1.7 1.3 H 

15 NP NP 1.5 0.9 H 

All cases 

mean (range) 

1.27 (0.6-1.7) 1.02 (0.2-1.9) 0.91 (0-3) 0.81 (0-

1.6) 

 

Abbreviations: NP: none present (no benign breast tissue present on tissue section for evaluation); L: low; M: 

medium; H: high.  
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(a)  (b)  

       (c)    (d)  

Figure 5.3.  let-7a expression 

In the majority of cases, expression of let-7a was highest in benign epithelial and myoepithelial cells (a) (10x) and 

(b) (40x).  Some cases exhibited predominantly apical staining of benign epithelial cells (b).  Occasional cases 

showed stronger expression in tumour cells (c) (10x) and stromal expression was strong in several cases (d) (20x).   

 

On statistical analysis, none of the variations in expression between cellular compartments 

differed enough to reach the level of statistical significance (Table 5.5).  However, there was 

a trend towards significance when expression in stroma was compared to expression in 

benign epithelial cells. 

 

Table 5.5.  Statistical analysis comparing let-7a expression in cellular compartments 

Cellular compartments compared p value 

Tumour cells vs. stroma 0.66 

Tumour cells vs. benign epithelial cells 0.28 

Tumour cells vs. myoepithelial cells 0.80 

Stroma vs. benign epithelial cells 0.07 
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Mean staining intensity for let-7a in tumour cells was 0.91 (Table 5.4).  If cases were divided 

into “low” expressors, i.e. those with expression lower than 0.91 and “high” expressors, i.e. 

those with expression greater than 0.91 (Tables 5.6 and 5.7) it can be seen that all cases with 

high expression were luminal A subtype, none were grade 3 and just 33% (2 out of 6 cases) 

had LVI , compared to 67% (6 out of 9 cases) with LVI in the low expressors. 

 

Table 5.6.  Clinicopathological characteristics of cases with low let-7a expression in tumour 

cells 

Case 

no. 

Histological 

type 

Grade Size  

(mm) 

Nodal  

status 

LVI ER PR HER2 Subtype 

2 ITC 1 10 - - + + - Lum. A 

4 IMC 3 26 + + - - - TN 

5 IDC 3 25 + + + + - Lum. A 

6 IDC 2 30 + + - - - TN 

7 IDC 3 54 - + + + + Lum. B 

8 IDC 3 26 + + + + - Lum.  A 

9 IDC 2 28 + + + - + Lum. B 

10 mILC 2 48 - - + + - Lum. A 

12 IDC 1 25 - - + + - Lum.  A 

 

Table 5.7.  Clinicopathological characteristics of cases with high let-7a expression in 

tumour cells 

Case 

no. 

Histological 

type 

Grade Size  

(mm) 

Nodal  

status 

LVI ER PR HER2 Subtype 

1 IDC 2 40 - + + + - Lum. A 

3 IDC 2 25 + + NK NK - NK 

11 IDC 1 7 - - + + - Lum.  A 

13 ILC 2 23 - - + + - Lum. A 

14 IDC 1 60 + - + + - Lum.  A 

15 IDC 2 1 + - + + - Lum. A 
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5.5 Discussion 

 

In this work, the ISH technique for miRNA analysis on FFPE tissue was optimised, and 

evaluation of the miRNA let-7a was carried out on a series of 15 breast tumours.  ISH has 

been validated as a method of localising cellular expression of let-7a.  This work is a small 

pilot study and, whilst results were not of statistical significance, nonetheless, variations in 

miRNA expression between cellular compartments were observed. 

 

Mean let-7a expression was generally downregulated in tumour tissue compared to benign 

epithelial and myoepithelial cells.  This reaffirms the role of let-7a as primarily tumour-

suppressive in cancer286,296,297,306.  Cases which showed increased expression of let-7a in 

tumour tissue were all HER2-negative and those which had available hormone receptor 

status were all hormone receptor-positive.  Both triple-negative tumours in the series had 

zero expression of let-7a in tumour tissue and one of the two luminal B tumours also had 

zero expression in tumour tissue.  Furthermore, dividing cases into “low” expressors and 

“high” expressors based on expression of let-7a in tumour cells, makes it apparent that 

continued expression of the miRNA in tumour cells is associated with favourable 

characteristics, i.e. luminal A subtype, lower histological grade and lower prevalence of LVI 

within tumours.  These findings are consistent with previous data which has shown that 

continued let-7a expression in breast cancer is associated with low-grade, ER-positive, 

luminal A tumours303.   

 

Strongest staining intensities for let-7a were observed in benign luminal epithelial cells in 

this work, supporting the findings of Sempere et al. who used fluorescent labelling and 

found an intense cytoplasmic signal in the epithelial cells of ducts and lobules and a less 

intense signal in myoepithelial cells306.  Similar to our work, Sempere et al. also detected let-

7a expression in stromal fibroblasts and noted that expression in tumour cells was 

frequently lower than in matched normal tissue.   

 

Our findings in tumour tissue did not correlate with circulating let-7a levels in whole blood, 

which raises the issue of where the circulating miRNA is coming from.  This remains 

somewhat unclear, but two sources have been postulated; namely, that tumour miRNAs 

may be present in the circulation as a result of tumour cell death and lysis or that tumour 
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cells may be releasing miRNAs into the tumour microenvironment where they enter newly-

formed blood vessels and make their way into the systemic circulation433.   

 

In this work, let-7a expression was scored by evaluation of intensity of staining by light 

microscopy.  Varying methods of ISH analysis have been used in the literature.  Fluorescent 

labelling has been used and staining scored from 0-5, where the score was a combination of 

intensity of signal and percentage of positive cells306.  A study evaluating miR-21 expression 

in colon cancer created a score from 1-5 based on the percentage of tumour cells which 

showed stronger staining than normal epithelial cells434.  Image analysis software has also 

been utilised, in a method whereby an average of thirteen 20x fields were chosen using 

systematic uniform random area sampling, with subsequent evaluation of stained area, 

staining intensity and number of positive cells using specialised software338. 

 

In summary, this work is a pilot study with small numbers (15 cases).  The ISH technique for 

miRNA analysis has been optimised for FFPE tissue and an insight has been provided into the 

cellular localisation of let-7a within tumour tissue samples.  More meaningful results could 

be established with evaluation of greater numbers of breast cancer cases.  Furthermore, 

more work is needed to investigate where circulating miRNAs originate from and the 

relationship between whole blood and tumour tissue expression.
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 6.  SUMMARY AND PERSPECTIVE 

 

Identifying prognostic targets in breast cancer is challenging.  Hundreds of markers have 

been proposed as prognostic agents in research publications, but the numbers actually used 

in clinical practice are relatively few.  Breast cancer is genetically complex and the 

heterogeneity of the disease adds to the challenge of finding clinically relevant markers.   

 

The work presented here used immunohistochemical methodology to identify and validate 

potential prognostic agents and ISH methodology to evaluate the novel biomarkers miRNAs 

in breast tumour tissue.  It showed that: 

(i) On MVA, nodal status, the steroid hormone receptor ER and the proliferative marker 

Ki67 were independent predictors of DFS in a large consecutive series of breast tumours.  

Nodal status and ER were independent predictors of OS.   

(ii) Breast tumours could be assigned to molecular subtypes using IHC and survival for 

molecular subtypes could be predicted by using a panel of just two or three 

immunohistochemical markers.  The HER2-overexpressing subtype had the poorest 

survival in the breast cancer series. 

(iii) The risk categories predicted by the genetic breast cancer assay Oncotype DX could 

be predicted by evaluation of traditional pathological parameters and 

immunohistochemical markers in the majority of cases.  Proliferative markers again 

proved important in this analysis. 

(iv) ISH is a feasible method for analysis of miRNAs on FFPE tissue.  Variations in 

expression of miRNAs between cellular compartments can be identified using this 

technique. 

 

The findings of this work reaffirm that axillary lymph node status is the most important 

prognostic indicator in breast cancer.  ER was also seen to be a significant prognostic 

indicator, supporting publications that propose that it is not merely a predictive agent21,383.  

This work supports recent publications highlighting the importance of proliferative activity in 

breast cancer34,185-187,198-200.  ER and Ki67 were the only markers that added to the prognostic 

power of nodal status on MVA in the WoI series.  
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A limited number of markers were needed to identify the four molecular subsets of breast 

cancer, reflecting the robustness of the intrinsic classification and confirming that molecular 

subtypes can be reliably identified using immunohistochemical assessment.  HER2-

overexpressing subtype had the worst prognosis in the WoI series.  The majority of cases in 

the WOI series were diagnosed and managed prior to the use of trastuzumab outside the 

metastatic setting and it is likely  that a similar series analysed after the introduction of 

trastuzumab –for HER2-positive disease might show an improved prognosis for these 

patients relative to the triple-negative subtype. 

 

This work supports the hypothesis that traditional clinical and pathological variables, 

together with protein biomarker analysis by IHC, could potentially be used as an alternative 

to the genetic assay Oncotype DX, in an algorithmic manner.  It also shows that 

distinguishing extremes of risk categories, i.e. low and high, is more easily achieved than 

distinguishing the intermediate risk category from either the low or high risk category. 

 

PR, proliferation markers - Ki67, cyclin B1, survivin – BAG1 and nuclear pleomorphism 

emerged from CART analyses as being potentially clinically useful variables for predicting 

recurrence risk category.  This further highlights the importance of proliferation in breast 

cancer prognosis.  In addition, it supports the hypothesis that variations in PR status are 

clinically relevant when evaluating an ER-positive patient cohort. 

 

This is the first study to evaluate the protein products of the Oncotype genes cyclin B1, AAK, 

survivin and BAG1.  It is interesting that some of these newer markers were stronger 

predictors of RS than traditional prognostic indicators such as tumour grade.  Furthermore, 

classification trees which incorporated these newer biomarkers into the analysis had lower 

misclassification rates than tree analyses based on pathological variables alone. 

 

In this work, CART analyses were used to predict both Oncotype DX and TAILORx risk 

categories.  Prediction of TAILORx risk categories was associated with lower misclassification 

rates.  TAILORx defined its risk categories slightly differently from original publications 

utilising Oncotype DX.  Namely, it defined its intermediate risk category as a RS of 11-25, 

rather than an RS of 18-30.  This was because it had previously been shown that a trend 

favouring the addition of chemotherapy became evident at a RS of approximately 11110,160,415 
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and the designers of the trial wanted to minimise the potential for under-treatment in the 

randomised (intermediate-risk) and high-risk groups.  Could it be possible that TAILORx 

categories are more representative of the real risk of tumour recurrence than Oncotype DX 

categories?   

 

The ISH technique for miRNA analysis was optimised for FFPE tissue in this work.  A relatively 

small number of previous studies using ISH for miRNA analysis have been carried out306,333-

335.  It is a technically challenging methodology.  However, it is advantageous compared to 

other miRNA analytic techniques, as it is the only methodology which provides information 

on cellular and subcellular localisation of miRNA expression.  The ability to use this 

methodology on FFPE tissue is useful, as it allows access to a wealth of resources in the form 

of large tumour archives in histopathology laboratories, linked to clinical outcome data.   

 

 6.1. Future directions 

 

With regard to Oncotype DX testing, the variables included in this work could help refine the 

selection of cases for Oncotype DX genetic analysis.  This would have a major cost-saving 

benefit for the Irish health service.  In addition, it might allow treatment for those patients 

who do not require testing to be initiated more promptly.  The work presented here 

suggests that using any of the proposed tree algorithms as a prediction tool on an individual 

level may not be appropriate, but there is now consistency between the different studies in 

this area in terms of identifying the key variables that a useful prediction rule may be built 

on, given sufficiently large patient numbers. 

 

This work was limited by the fact that robust antibodies for use FFPE material are not 

available for all Oncotype Dx proteins.  In addition, our patient numbers were small and 

outcome data for the cases was limited.  The issue of recurrence risk will only be definitively 

answered after these patients are studied at a 10-year time-point, to determine what events 

have occurred and whether Oncotype DX testing or the tree-based algorithms were accurate 

prognosticators for these patients. 

 

The work presented here on miRNA analysis was a small pilot study involving 15 cases.  

Clearly, a study of this size cannot provide statistically meaningful information.  Nonetheless, 
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differences in subcellular expression of let-7a were observed between cases.  Further work is 

needed to investigate the relationship between circulating miRNAs and miRNAs in tumour 

tissue.  Where do circulating miRNAs originate from?  These questions can only be answered 

with much larger patient samples.   

 

In conclusion, the findings presented in this work need validation in large patient cohorts.  

Ideally, resources would include large tumour banks of frozen material, FFPE material and 

clinical outcome data.  In this manner, research findings could be translated into clinical 

practice.  



Chapter 7: References 

 

157 

 

8. REFERENCES 

 

1. Donnelly DW, Gavin AT, Comber H. Cancer in Ireland: A summary report.: Northern 

Ireland Cancer Registry/National Cancer Registry, Ireland.; 2009. 

2. O'Shaughnessy J, Osborne C, Pippen JE, et al. Iniparib plus chemotherapy in 

metastatic triple-negative breast cancer. N Engl J Med 2011;364:205-14. Epub 2011 Jan 5. 

3. Perou CM. Molecular stratification of triple-negative breast cancers. Oncologist 

2010;15:39-48. 

4. Elston C.W. EIO. Classification of malignant breast disease. In: Elston C.W. EIO, ed. 

The Breast  Systemic Pathology. Edinburgh: Churchill Livingstone; 1998:239-47. 

5. Ellis P SS, Sastre-Garau X, Bussolati G, Tavassoli FA, Eusebi V, et al. Invasive breast 

carcinoma. In: Tavassoli FA DP, ed. WHO Classification of Tumours, Pathology and Genetics 

of Tumours of the Breast and Female Genital Organs. Lyon: Lyon Press; 2001. 

6. Ellis IO, Galea M, Broughton N, Locker A, Blamey RW, Elston CW. Pathological 

prognostic factors in breast cancer. II. Histological type. Relationship with survival in a large 

study with long-term follow-up. Histopathology 1992;20:479-89. 

7. Perou CM, Sorlie T, Eisen MB, et al. Molecular portraits of human breast tumours. 

Nature 2000;406:747-52. 

8. Toikkanen S, Pylkkanen L, Joensuu H. Invasive lobular carcinoma of the breast has 

better short- and long-term survival than invasive ductal carcinoma. Br J Cancer 

1997;76:1234-40. 

9. Rakha EA, Lee AH, Evans AJ, et al. Tubular carcinoma of the breast: further evidence 

to support its excellent prognosis. J Clin Oncol 2010;28:99-104. Epub 2009 Nov 16. 

10. Page DL. Special types of invasive breast cancer, with clinical implications. Am J Surg 

Pathol 2003;27:832-5. 

11. Hennessy BT, Giordano S, Broglio K, et al. Biphasic metaplastic sarcomatoid 

carcinoma of the breast. Ann Oncol 2006;17:605-13. Epub 2006 Feb 9. 

12. Nassar H. Carcinomas with micropapillary morphology: clinical significance and 

current concepts. Adv Anat Pathol 2004;11:297-303. 

13. Elston CW, Ellis IO. Pathological prognostic factors in breast cancer. I. The value of 

histological grade in breast cancer: experience from a large study with long-term follow-up. 

C. W. Elston & I. O. Ellis. Histopathology 1991; 19; 403-410. Histopathology 2002;2002 

Sep;41:151-2. 

14. Rakha EA, Reis-Filho JS, Baehner F, et al. Breast cancer prognostic classification in 

the molecular era: the role of histological grade. Breast Cancer Res 2010;12:207. Epub 2010 

Jul 30. 

15. Galea MH, Blamey RW, Elston CE, Ellis IO. The Nottingham Prognostic Index in 

primary breast cancer. Breast Cancer Res Treat 1992;22:207-19. 

16. Abdel-Fatah TM, Powe DG, Ball G, et al. Proposal for a modified grading system 

based on mitotic index and Bcl2 provides objective determination of clinical outcome for 

patients with breast cancer. J Pathol 2010;222:388-99. 

17. Fisher ER, Sass R, Fisher B. Pathologic findings from the National Surgical Adjuvant 

Project for Breast Cancers (protocol no. 4). X. Discriminants for tenth year treatment failure. 

Cancer 1984;53:712-23. 

18. Veronesi U, Cascinelli N, Greco M, et al. Prognosis of breast cancer patients after 

mastectomy and dissection of internal mammary nodes. Ann Surg 1985;202:702-7. 

19. Russo J, Frederick J, Ownby HE, et al. Predictors of recurrence and survival of 

patients with breast cancer. Am J Clin Pathol 1987;88:123-31. 



Chapter 7: References 

 

158 

 

20. Smith JA, 3rd, Gamez-Araujo JJ, Gallager HS, White EC, McBride CM. Carcinoma of 

the breast: analysis of total lymph node involvement versus level of metastasis. Cancer 

1977;39:527-32. 

21. Fitzgibbons PL, Page DL, Weaver D, et al. Prognostic factors in breast cancer. College 

of American Pathologists Consensus Statement 1999. Arch Pathol Lab Med 2000;124:966-78. 

22. Carter CL, Allen C, Henson DE. Relation of tumor size, lymph node status, and 

survival in 24,740 breast cancer cases. Cancer 1989;63:181-7. 

23. Tinnemans JG, Wobbes T, Holland R, Hendriks JH, Van der Sluis RF, De Boer HH. 

Treatment and survival of female patients with nonpalpable breast carcinoma. Ann Surg 

1989;209:249-53. 

24. Leitner SP, Swern AS, Weinberger D, Duncan LJ, Hutter RV. Predictors of recurrence 

for patients with small (one centimeter or less) localized breast cancer (T1a,b N0 M0). 

Cancer 1995;76:2266-74. 

25. McKinney CD, Frierson HF, Jr., Fechner RE, Wilhelm MC, Edge SB. Pathologic findings 

in nonpalpable invasive breast cancer. Am J Surg Pathol 1992;16:33-6. 

26. Rosen PP, Groshen S, Kinne DW, Norton L. Factors influencing prognosis in node-

negative breast carcinoma: analysis of 767 T1N0M0/T2N0M0 patients with long-term follow-

up. J Clin Oncol 1993;11:2090-100. 

27. Seidman JD, Schnaper LA, Aisner SC. Relationship of the size of the invasive 

component of the primary breast carcinoma to axillary lymph node metastasis. Cancer 

1995;75:65-71. 

28. Kollias J, Elston CW, Ellis IO, Robertson JF, Blamey RW. Early-onset breast cancer--

histopathological and prognostic considerations. Br J Cancer 1997;75:1318-23. 

29. Goldhirsch A, Ingle JN, Gelber RD, Coates AS, Thurlimann B, Senn HJ. Thresholds for 

therapies: highlights of the St Gallen International Expert Consensus on the primary therapy 

of early breast cancer 2009. Ann Oncol 2009;20:1319-29. Epub 2009 Jun 17. 

30. Henson DE, Ries L, Freedman LS, Carriaga M. Relationship among outcome, stage of 

disease, and histologic grade for 22,616 cases of breast cancer. The basis for a prognostic 

index. Cancer 1991;68:2142-9. 

31. Bloom HJG, Richardson WW. Histological Grading and Prognosis in Breast Cancer. 

32. Le Doussal V, Tubiana-Hulin M, Friedman S, Hacene K, Spyratos F, Brunet M. 

Prognostic value of histologic grade nuclear components of Scarff-Bloom-Richardson (SBR). 

An improved score modification based on a multivariate analysis of 1262 invasive ductal 

breast carcinomas. Cancer 1989;64:1914-21. 

33. Neville AM, Bettelheim R, Gelber RD, et al. Factors predicting treatment 

responsiveness and prognosis in node-negative breast cancer. The International (Ludwig) 

Breast Cancer Study Group. J Clin Oncol 1992;10:696-705. 

34. Wirapati P, Sotiriou C, Kunkel S, et al. Meta-analysis of gene expression profiles in 

breast cancer: toward a unified understanding of breast cancer subtyping and prognosis 

signatures. Breast Cancer Res 2008;10:R65. Epub 2008 Jul 28. 

35. Ellis MJ, Tao Y, Luo J, et al. Outcome prediction for estrogen receptor-positive breast 

cancer based on postneoadjuvant endocrine therapy tumor characteristics. J Natl Cancer Inst 

2008;100:1380-8. Epub 2008 Sep 23. 

36. Saimura M, Fukutomi T, Tsuda H, et al. Prognosis of a series of 763 consecutive 

node-negative invasive breast cancer patients without adjuvant therapy: analysis of 

clinicopathological prognostic factor. J Surg Oncol 1999;71:101-5. 

37. Rakha EA, El-Sayed ME, Lee AH, et al. Prognostic significance of Nottingham 

histologic grade in invasive breast carcinoma. J Clin Oncol 2008;26:3153-8. Epub 2008 May 

19. 



Chapter 7: References 

 

159 

 

38. Mirza AN, Mirza NQ, Vlastos G, Singletary SE. Prognostic factors in node-negative 

breast cancer: a review of studies with sample size more than 200 and follow-up more than 

5 years. Ann Surg 2002;235:10-26. 

39. Reed W, Hannisdal E, Boehler PJ, Gundersen S, Host H, Marthin J. The prognostic 

value of p53 and c-erb B-2 immunostaining is overrated for patients with lymph node 

negative breast carcinoma: a multivariate analysis of prognostic factors in 613 patients with 

a follow-up of 14-30 years. Cancer 2000;88:804-13. 

40. Simpson JF, Gray R, Dressler LG, et al. Prognostic value of histologic grade and 

proliferative activity in axillary node-positive breast cancer: results from the Eastern 

Cooperative Oncology Group Companion Study, EST 4189. J Clin Oncol 2000;18:2059-69. 

41. Harvey JM, Clark GM, Osborne CK, Allred DC. Estrogen receptor status by 

immunohistochemistry is superior to the ligand-binding assay for predicting response to 

adjuvant endocrine therapy in breast cancer. J Clin Oncol 1999;17:1474-81. 

42. Allred DC, Harvey JM, Berardo M, Clark GM. Prognostic and predictive factors in 

breast cancer by immunohistochemical analysis. Mod Pathol 1998;11:155-68. 

43. Osborne CK, Clark GM, Ravdin PM. Adjuvant systemic therapy of breast cancer. In: 

Harris JR, Lippman ME, Morrow M, Hellman S, eds. Disease of the Breast. Philadelphia: 

Lippincott-Raven; 1996:548-78. 

44. Barnes DM, Harris WH, Smith P, Millis RR, Rubens RD. Immunohistochemical 

determination of oestrogen receptor: comparison of different methods of assessment of 

staining and correlation with clinical outcome of breast cancer patients. Br J Cancer 

1996;74:1445-51. 

45. Pertschuk LP, Kim DS, Nayer K, et al. Immunocytochemical estrogen and progestin 

receptor assays in breast cancer with monoclonal antibodies. Histopathologic, demographic, 

and biochemical correlations and relationship to endocrine response and survival. Cancer 

1990;66:1663-70. 

46. Allred DC, Bustamante MA, Daniel CO, Gaskill HV, Cruz AB, Jr. Immunocytochemical 

analysis of estrogen receptors in human breast carcinomas. Evaluation of 130 cases and 

review of the literature regarding concordance with biochemical assay and clinical relevance. 

Arch Surg 1990;125:107-13. 

47. Molino A, Micciolo R, Turazza M, et al. Prognostic significance of estrogen receptors 

in 405 primary breast cancers: a comparison of immunohistochemical and biochemical 

methods. Breast Cancer Res Treat 1997;45:241-9. 

48. Andersen J, Poulsen HS. Immunohistochemical estrogen receptor determination in 

paraffin-embedded tissue. Prediction of response to hormonal treatment in advanced breast 

cancer. Cancer 1989;64:1901-8. 

49. Barnes DM, Millis RR, Beex LV, Thorpe SM, Leake RE. Increased use of 

immunohistochemistry for oestrogen receptor measurement in mammary carcinoma: the 

need for quality assurance. Eur J Cancer 1998;34:1677-82. 

50. Clark GM. Prognostic and predictive factors. In: Harris JR, Lippman ME, Morrow M, 

Hellman S, eds. Diseases of the Breast. Philadelphia: Lippincott-Raven; 1996:461-85. 

51. Higgins MJ, Davidson NE. What is the current status of ovarian suppression/ablation 

in women with premenopausal early-stage breast cancer? Curr Oncol Rep 2009;11:45-50. 

52. Osborne CK, Schiff R. Aromatase inhibitors: future directions. J Steroid Biochem Mol 

Biol 2005;95:183-7. 

53. Slamon DJ, Leyland-Jones B, Shak S, et al. Use of chemotherapy plus a monoclonal 

antibody against HER2 for metastatic breast cancer that overexpresses HER2. N Engl J Med 

2001;344:783-92. 



Chapter 7: References 

 

160 

 

54. Piccart-Gebhart MJ, Procter M, Leyland-Jones B, et al. Trastuzumab after adjuvant 

chemotherapy in HER2-positive breast cancer. N Engl J Med 2005;353:1659-72. 

55. Chia S, Norris B, Speers C, et al. Human epidermal growth factor receptor 2 

overexpression as a prognostic factor in a large tissue microarray series of node-negative 

breast cancers. J Clin Oncol 2008;26:5697-704. Epub 2008 Nov 10. 

56. Curigliano G, Viale G, Bagnardi V, et al. Clinical relevance of HER2 

overexpression/amplification in patients with small tumor size and node-negative breast 

cancer. J Clin Oncol 2009;27:5693-9. Epub 2009 Nov 2. 

57. Smith IE. Targeting HER2 in the adjuvant setting: dealing with new standards and 

with open questions. Breast 2009;18:S146-9. 

58. Harris L, Fritsche H, Mennel R, et al. American Society of Clinical Oncology 2007 

update of recommendations for the use of tumor markers in breast cancer. J Clin Oncol 

2007;25:5287-312. Epub 2007 Oct 22. 

59. Sorlie T, Perou CM, Tibshirani R, et al. Gene expression patterns of breast 

carcinomas distinguish tumor subclasses with clinical implications. Proc Natl Acad Sci U S A 

2001;98:10869-74. 

60. Sorlie T, Tibshirani R, Parker J, et al. Repeated observation of breast tumor subtypes 

in independent gene expression data sets. Proc Natl Acad Sci U S A 2003;100:8418-23. Epub 

2003 Jun 26. 

61. Sotiriou C, Neo SY, McShane LM, et al. Breast cancer classification and prognosis 

based on gene expression profiles from a population-based study. Proc Natl Acad Sci U S A 

2003;100:10393-8. Epub 2003 Aug 13. 

62. Abd El-Rehim DM, Pinder SE, Paish CE, et al. Expression of luminal and basal 

cytokeratins in human breast carcinoma. J Pathol 2004;203:661-71. 

63. Carey LA, Perou CM, Livasy CA, et al. Race, breast cancer subtypes, and survival in 

the Carolina Breast Cancer Study. JAMA 2006;295:2492-502. 

64. Hu Z, Fan C, Oh DS, et al. The molecular portraits of breast tumors are conserved 

across microarray platforms. BMC Genomics 2006;7:96. 

65. Parker JS, Mullins M, Cheang MC, et al. Supervised risk predictor of breast cancer 

based on intrinsic subtypes. J Clin Oncol 2009;27:1160-7. Epub 2009 Feb 9. 

66. Cheang MC, Chia SK, Voduc D, et al. Ki67 index, HER2 status, and prognosis of 

patients with luminal B breast cancer. J Natl Cancer Inst 2009;101:736-50. Epub 2009 May 

12. 

67. Millikan RC, Newman B, Tse CK, et al. Epidemiology of basal-like breast cancer. 

Breast Cancer Res Treat 2008;109:123-39. Epub 2007 Jun 20. 

68. Morris GJ, Naidu S, Topham AK, et al. Differences in breast carcinoma characteristics 

in newly diagnosed African-American and Caucasian patients: a single-institution 

compilation compared with the National Cancer Institute's Surveillance, Epidemiology, and 

End Results database. Cancer 2007;110:876-84. 

69. Yang XR, Sherman ME, Rimm DL, et al. Differences in risk factors for breast cancer 

molecular subtypes in a population-based study. Cancer Epidemiol Biomarkers Prev 

2007;16:439-43. 

70. Mass RD. The HER receptor family: a rich target for therapeutic development. Int J 

Radiat Oncol Biol Phys 2004;58:932-40. 

71. Perou CM, Borresen-Dale AL. Systems Biology and Genomics of Breast Cancer. Cold 

Spring Harb Perspect Biol 2010;3:3. 

72. Lal P, Tan LK, Chen B. Correlation of HER-2 status with estrogen and progesterone 

receptors and histologic features in 3,655 invasive breast carcinomas. Am J Clin Pathol 

2005;123:541-6. 



Chapter 7: References 

 

161 

 

73. Marchio C, Natrajan R, Shiu KK, et al. The genomic profile of HER2-amplified breast 

cancers: the influence of ER status. J Pathol 2008;216:399-407. 

74. Murad TM, Scharpelli DG. The ultrastructure of medullary and scirrhous mammary 

duct carcinoma. Am J Pathol 1967;50:335-60. 

75. Foulkes WD, Brunet JS, Stefansson IM, et al. The prognostic implication of the basal-

like (cyclin E high/p27 low/p53+/glomeruloid-microvascular-proliferation+) phenotype of 

BRCA1-related breast cancer. Cancer Res 2004;64:830-5. 

76. Calza S, Hall P, Auer G, et al. Intrinsic molecular signature of breast cancer in a 

population-based cohort of 412 patients. Breast Cancer Res 2006;8:R34. 

77. Rakha EA, Putti TC, Abd El-Rehim DM, et al. Morphological and immunophenotypic 

analysis of breast carcinomas with basal and myoepithelial differentiation. J Pathol 

2006;208:495-506. 

78. Tsuda H, Takarabe T, Hasegawa F, Fukutomi T, Hirohashi S. Large, central acellular 

zones indicating myoepithelial tumor differentiation in high-grade invasive ductal 

carcinomas as markers of predisposition to lung and brain metastases. Am J Surg Pathol 

2000;24:197-202. 

79. Banerjee S, Reis-Filho JS, Ashley S, et al. Basal-like breast carcinomas: clinical 

outcome and response to chemotherapy. J Clin Pathol 2006;59:729-35. Epub 2006 Mar 23. 

80. Rodriguez-Pinilla SM, Sarrio D, Honrado E, et al. Prognostic significance of basal-like 

phenotype and fascin expression in node-negative invasive breast carcinomas. Clin Cancer 

Res 2006;12:1533-9. 

81. Hicks DG, Short SM, Prescott NL, et al. Breast cancers with brain metastases are 

more likely to be estrogen receptor negative, express the basal cytokeratin CK5/6, and 

overexpress HER2 or EGFR. Am J Surg Pathol 2006;30:1097-104. 

82. Fulford LG, Reis-Filho JS, Ryder K, et al. Basal-like grade III invasive ductal carcinoma 

of the breast: patterns of metastasis and long-term survival. Breast Cancer Res 2007;9:R4. 

83. Foulkes WD, Smith IE, Reis-Filho JS. Triple-negative breast cancer. N Engl J Med 

2010;363:1938-48. 

84. Di Leo A, Isola J, Piette F, al. E. A meta-analysis of phase III trials evaluating the 

predictive value of HER2 and topoisomerase alpha in early breast cancer patients treated 

with CMF or anthracyclin-based adjuvant therapy. Breast Cancer Res Treat 2008;107. 

85. Cheang M, Chia SK, Tu D, al. E. Anthracycline in basal breast cancer : the NCIC-CTG 

trial MA5 comparing adjuvant CMF to CEF. J Clin Oncol 2009;27. 

86. Byrski T, Huzarski T, Dent R, et al. Response to neoadjuvant therapy with cisplatin in 

BRCA1-positive breast cancer patients. Breast Cancer Res Treat 2009;115:359-63. Epub 2008 

Jul 23. 

87. Rouzier R, Perou CM, Symmans WF, et al. Breast cancer molecular subtypes respond 

differently to preoperative chemotherapy. Clin Cancer Res 2005;11:5678-85. 

88. Carey LA, Dees EC, Sawyer L, et al. The triple negative paradox: primary tumor 

chemosensitivity of breast cancer subtypes. Clin Cancer Res 2007;13:2329-34. 

89. Turner NC, Reis-Filho JS, Russell AM, et al. BRCA1 dysfunction in sporadic basal-like 

breast cancer. Oncogene 2007;26:2126-32. Epub 006 Oct 2. 

90. Silver DP, Richardson AL, Eklund AC, et al. Efficacy of neoadjuvant Cisplatin in triple-

negative breast cancer. J Clin Oncol 2010;28:1145-53. Epub 2010 Jan 25. 

91. van 't Veer LJ, Dai H, van de Vijver MJ, et al. Gene expression profiling predicts 

clinical outcome of breast cancer. Nature 2002;415:530-6. 

92. van de Vijver MJ, He YD, van't Veer LJ, et al. A gene-expression signature as a 

predictor of survival in breast cancer. N Engl J Med 2002;347:1999-2009. 



Chapter 7: References 

 

162 

 

93. Korkola JE, DeVries S, Fridlyand J, et al. Differentiation of lobular versus ductal breast 

carcinomas by expression microarray analysis. Cancer Res 2003;63:7167-75. 

94. Sotiriou C, Wirapati P, Loi S, et al. Gene expression profiling in breast cancer: 

understanding the molecular basis of histologic grade to improve prognosis. J Natl Cancer 

Inst 2006;98:262-72. 

95. Ma XJ, Wang Z, Ryan PD, et al. A two-gene expression ratio predicts clinical outcome 

in breast cancer patients treated with tamoxifen. Cancer Cell 2004;5:607-16. 

96. Farmer P, Bonnefoi H, Becette V, et al. Identification of molecular apocrine breast 

tumours by microarray analysis. Oncogene 2005;24:4660-71. 

97. Doane AS, Danso M, Lal P, et al. An estrogen receptor-negative breast cancer subset 

characterized by a hormonally regulated transcriptional program and response to androgen. 

Oncogene 2006;25:3994-4008. Epub 2006 Feb 20. 

98. Miller LD, Smeds J, George J, et al. An expression signature for p53 status in human 

breast cancer predicts mutation status, transcriptional effects, and patient survival. Proc Natl 

Acad Sci U S A 2005;102:13550-5. Epub 2005 Sep 2. 

99. Pawitan Y, Bjohle J, Amler L, et al. Gene expression profiling spares early breast 

cancer patients from adjuvant therapy: derived and validated in two population-based 

cohorts. Breast Cancer Res 2005;7:R953-64. Epub 2005 Oct 3. 

100. Wang Y, Klijn JG, Zhang Y, et al. Gene-expression profiles to predict distant 

metastasis of lymph-node-negative primary breast cancer. Lancet 2005;365:671-9. 

101. Foekens JA, Atkins D, Zhang Y, et al. Multicenter validation of a gene expression-

based prognostic signature in lymph node-negative primary breast cancer. J Clin Oncol 

2006;24:1665-71. Epub 2006 Feb 27. 

102. Chang HY, Nuyten DS, Sneddon JB, et al. Robustness, scalability, and integration of a 

wound-response gene expression signature in predicting breast cancer survival. Proc Natl 

Acad Sci U S A 2005;102:3738-43. Epub 2005 Feb 8. 

103. Chang HY, Sneddon JB, Alizadeh AA, et al. Gene expression signature of fibroblast 

serum response predicts human cancer progression: similarities between tumors and 

wounds. PLoS Biol 2004;2:E7. Epub 2004 Jan 13. 

104. Huang E, Cheng SH, Dressman H, et al. Gene expression predictors of breast cancer 

outcomes. Lancet 2003;361:1590-6. 

105. Chung CH, Parker JS, Karaca G, et al. Molecular classification of head and neck 

squamous cell carcinomas using patterns of gene expression. Cancer Cell 2004;5:489-500. 

106. Herschkowitz JI, Simin K, Weigman VJ, et al. Identification of conserved gene 

expression features between murine mammary carcinoma models and human breast 

tumors. Genome Biol 2007;8:R76. 

107. Hennessy BT, Gonzalez-Angulo AM, Stemke-Hale K, et al. Characterization of a 

naturally occurring breast cancer subset enriched in epithelial-to-mesenchymal transition 

and stem cell characteristics. Cancer Res 2009;69:4116-24. Epub 2009 May 12. 

108. Prat A, Parker JS, Karginova O, et al. Phenotypic and molecular characterization of 

the claudin-low intrinsic subtype of breast cancer. Breast Cancer Res 2010;12:R68. 

109. Fan C, Oh DS, Wessels L, et al. Concordance among gene-expression-based 

predictors for breast cancer. N Engl J Med 2006;355:560-9. 

110. Paik S, Shak S, Tang G, et al. A multigene assay to predict recurrence of tamoxifen-

treated, node-negative breast cancer. N Engl J Med 2004;351:2817-26. Epub 004 Dec 10. 

111. Tavassoli FA. Correlation between gene expression profiling-based molecular and 

morphologic classification of breast cancer. Int J Surg Pathol 2010;18:167S-9S. 

112. Weigelt B, Geyer FC, Reis-Filho JS. Histological types of breast cancer: how special 

are they? Mol Oncol 2010;4:192-208. Epub 2010 Apr 18. 



Chapter 7: References 

 

163 

 

113. Bertucci F, Finetti P, Cervera N, et al. How basal are triple-negative breast cancers? 

Int J Cancer 2008;123:236-40. 

114. Naderi A, Teschendorff AE, Barbosa-Morais NL, et al. A gene-expression signature to 

predict survival in breast cancer across independent data sets. Oncogene 2007;26:1507-16. 

Epub 2006 Aug 28. 

115. Eden P, Ritz C, Rose C, Ferno M, Peterson C. "Good Old" clinical markers have similar 

power in breast cancer prognosis as microarray gene expression profilers. Eur J Cancer 

2004;40:1837-41. 

116. Ein-Dor L, Kela I, Getz G, Givol D, Domany E. Outcome signature genes in breast 

cancer: is there a unique set? Bioinformatics 2005;21:171-8. Epub 2004 Aug 12. 

117. Bair E, Tibshirani R. Semi-supervised methods to predict patient survival from gene 

expression data. PLoS Biol 2004;2:E108. Epub 2004 Apr 13. 

118. Weigelt B, Baehner FL, Reis-Filho JS. The contribution of gene expression profiling to 

breast cancer classification, prognostication and prediction: a retrospective of the last 

decade. J Pathol 2010;220:263-80. 

119. Correa Geyer F, Reis-Filho JS. Microarray-based gene expression profiling as a clinical 

tool for breast cancer management: are we there yet? Int J Surg Pathol 2009;17:285-302. 

Epub 2008 Dec 22. 

120. Callagy G, Cattaneo E, Daigo Y, et al. Molecular classification of breast carcinomas 

using tissue microarrays. Diagn Mol Pathol 2003;12:27-34. 

121. Nielsen TO, Hsu FD, Jensen K, et al. Immunohistochemical and clinical 

characterization of the basal-like subtype of invasive breast carcinoma. Clin Cancer Res 

2004;10:5367-74. 

122. Kumar B, De Silva M, Venter DJ, Armes JE. Tissue microarrays: a practical guide. 

Pathology 2004;36:295-300. 

123. Kononen J, Bubendorf L, Kallioniemi A, et al. Tissue microarrays for high-throughput 

molecular profiling of tumor specimens. Nat Med 1998;4:844-7. 

124. Nocito A, Bubendorf L, Tinner EM, et al. Microarrays of bladder cancer tissue are 

highly representative of proliferation index and histological grade. J Pathol 2001;194:349-57. 

125. Camp RL, Charette LA, Rimm DL. Validation of tissue microarray technology in breast 

carcinoma. Lab Invest 2000;80:1943-9. 

126. Hoos A, Urist MJ, Stojadinovic A, et al. Validation of tissue microarrays for 

immunohistochemical profiling of cancer specimens using the example of human fibroblastic 

tumors. Am J Pathol 2001;158:1245-51. 

127. Schraml P, Kononen J, Bubendorf L, et al. Tissue microarrays for gene amplification 

surveys in many different tumor types. Clin Cancer Res 1999;5:1966-75. 

128. Zhang DH, Salto-Tellez M, Chiu LL, Shen L, Koay ES. Tissue microarray study for 

classification of breast tumors. Life Sci 2003;73:3189-99. 

129. Cheang MC, Voduc D, Bajdik C, et al. Basal-like breast cancer defined by five 

biomarkers has superior prognostic value than triple-negative phenotype. Clin Cancer Res 

2008;14:1368-76. 

130. Tan DS, Marchio C, Jones RL, et al. Triple negative breast cancer: molecular profiling 

and prognostic impact in adjuvant anthracycline-treated patients. Breast Cancer Res Treat 

2008;111:27-44. Epub 2007 Oct 6. 

131. Bhargava R, Beriwal S, Dabbs DJ, et al. Immunohistochemical surrogate markers of 

breast cancer molecular classes predicts response to neoadjuvant chemotherapy: a single 

institutional experience with 359 cases. Cancer 2010;116:1431-9. 

132. Blows FM, Driver KE, Schmidt MK, et al. Subtyping of breast cancer by 

immunohistochemistry to investigate a relationship between subtype and short and long 



Chapter 7: References 

 

164 

 

term survival: a collaborative analysis of data for 10,159 cases from 12 studies. PLoS Med 

2010;7:e1000279. 

133. Oyama T, Ishikawa Y, Hayashi M, Arihiro K, Horiguchi J. The effects of fixation, 

processing and evaluation criteria on immunohistochemical detection of hormone receptors 

in breast cancer. Breast Cancer 2007;14:182-8. 

134. Leong TY, Leong AS. Controversies in the assessment of HER-2: more questions than 

answers. Adv Anat Pathol 2006;13:263-9. 

135. Goldstein NS, Ferkowicz M, Odish E, Mani A, Hastah F. Minimum formalin fixation 

time for consistent estrogen receptor immunohistochemical staining of invasive breast 

carcinoma. Am J Clin Pathol 2003;120:86-92. 

136. Douglas-Jones AG, Collett N, Morgan JM, Jasani B. Comparison of core oestrogen 

receptor (ER) assay with excised tumour: intratumoral distribution of ER in breast carcinoma. 

J Clin Pathol 2001;54:951-5. 

137. Arihiro K, Umemura S, Kurosumi M, et al. Comparison of evaluations for hormone 

receptors in breast carcinoma using two manual and three automated immunohistochemical 

assays. Am J Clin Pathol 2007;127:356-65. 

138. Teschendorff AE, Naderi A, Barbosa-Morais NL, et al. A consensus prognostic gene 

expression classifier for ER positive breast cancer. Genome Biol 2006;7:R101. Epub 2006 Oct 

31. 

139. Glinsky GV, Berezovska O, Glinskii AB. Microarray analysis identifies a death-from-

cancer signature predicting therapy failure in patients with multiple types of cancer. J Clin 

Invest 2005;115:1503-21. 

140. Liu R, Wang X, Chen GY, et al. The prognostic role of a gene signature from 

tumorigenic breast-cancer cells. N Engl J Med 2007;356:217-26. 

141. Fisher B, Costantino J, Redmond C, et al. A randomized clinical trial evaluating 

tamoxifen in the treatment of patients with node-negative breast cancer who have 

estrogen-receptor-positive tumors. N Engl J Med 1989;320:479-84. 

142. Fisher B, Jeong JH, Bryant J, et al. Treatment of lymph-node-negative, oestrogen-

receptor-positive breast cancer: long-term findings from National Surgical Adjuvant Breast 

and Bowel Project randomised clinical trials. Lancet 2004;364:858-68. 

143. Fisher B, Dignam J, Wolmark N, et al. Tamoxifen and chemotherapy for lymph node-

negative, estrogen receptor-positive breast cancer. J Natl Cancer Inst 1997;89:1673-82. 

144. Golub TR, Slonim DK, Tamayo P, et al. Molecular classification of cancer: class 

discovery and class prediction by gene expression monitoring. Science 1999;286:531-7. 

145. Esteban J. BJ, Cronin M., et al. Tumor gene expression and prognosis in breast 

cancer: multi-gene RT-PCR assay of paraffin-embedded tissue. Prog Proc Am Soc Clin Oncol 

2003;22:850. 

146. Cobleigh M.A. BP, Baker J., et al. Tumor gene expression predicts distant disease-

free survival (DFS) in breast cancer patients with 10 or more positive nodes: high-throughput 

RT-PCR assay of paraffin-embedded tumor tissues. Prog Proc Am Soc Clin Oncol 

2003;22:850. 

147. Paik S, Shak, S., Tang, G., et al. Multi-gene RT-PCR assay for predicting recurrence in 

node negative breast cancer patients - NSABP studies B-20 and B-14. Breast Cancer Res Treat 

2003;82:A16. 

148. Cheng CJ, Lin YC, Tsai MT, et al. SCUBE2 suppresses breast tumor cell proliferation 

and confers a favorable prognosis in invasive breast cancer. Cancer Res 2009;69:3634-41. 

149. Ramsey B, Bai T, Hanlon Newell A, et al. GRB7 protein over-expression and clinical 

outcome in breast cancer. Breast Cancer Res Treat 2010;16:16. 



Chapter 7: References 

 

165 

 

150. Wang LH, Xiang J, Yan M, et al. The mitotic kinase Aurora-A induces mammary cell 

migration and breast cancer metastasis by activating the Cofilin-F-actin pathway. Cancer Res 

2010;70:9118-28. Epub 2010 Nov 2. 

151. Nimeus-Malmstrom E, Koliadi A, Ahlin C, et al. Cyclin B1 is a prognostic proliferation 

marker with a high reproducibility in a population-based lymph node negative breast cancer 

cohort. Int J Cancer 2010;127:961-7. 

152. Cheng CW, Yu JC, Wang HW, et al. The clinical implications of MMP-11 and CK-20 

expression in human breast cancer. Clin Chim Acta 2010;411:234-41. Epub 2009 Nov 13. 

153. Santamaria I, Velasco G, Cazorla M, Fueyo A, Campo E, Lopez-Otin C. Cathepsin L2, a 

novel human cysteine proteinase produced by breast and colorectal carcinomas. Cancer Res 

1998;58:1624-30. 

154. Henriquez-Hernandez LA, Navarro P, Luzardo OP, et al. Polymorphisms of 

glutathione S-transferase mu and theta, MDR1 and VEGF genes as risk factors of bladder 

cancer: A case-control study. Urol Oncol 2011;1:1. 

155. Chen B, Zhou Y, Yang P, Wu XT. Glutathione S-transferase M1 gene polymorphism 

and gastric cancer risk: an updated analysis. Arch Med Res 2010;41:558-66. 

156. Qiu LX, Yuan H, Yu KD, et al. Glutathione S-transferase M1 polymorphism and breast 

cancer susceptibility: a meta-analysis involving 46,281 subjects. Breast Cancer Res Treat 

2010;121:703-8. Epub 2009 Nov 21. 

157. Kapucuoglu N, Percinel S, Ventura T, Lang R, Al-Daraji W, Eusebi V. Dendritic cell 

sarcomas/tumours of the breast: report of two cases. Virchows Arch 2009;454:333-9. Epub 

2009 Feb 3. 

158. Kurokawa K, Mouri Y, Asano A, et al. Pleomorphic carcinoma with osteoclastic giant 

cells of the breast: immunohistochemical differentiation between coexisting neoplastic and 

reactive giant cells. Pathol Int 2009;59:91-7. 

159. Masri S, Liu Z, Phung S, Wang E, Yuan YC, Chen S. The role of microRNA-128a in 

regulating TGFbeta signaling in letrozole-resistant breast cancer cells. Breast Cancer Res 

Treat 2010;124:89-99. Epub 2010 Jan 7. 

160. Paik S, Tang G, Shak S, et al. Gene expression and benefit of chemotherapy in 

women with node-negative, estrogen receptor-positive breast cancer. J Clin Oncol 

2006;24:3726-34. Epub 2006 May 23. 

161. Esteva FJ, Sahin AA, Cristofanilli M, et al. Prognostic role of a multigene reverse 

transcriptase-PCR assay in patients with node-negative breast cancer not receiving adjuvant 

systemic therapy. Clin Cancer Res 2005;11:3315-9. 

162. Mina L, Soule SE, Badve S, et al. Predicting response to primary chemotherapy: gene 

expression profiling of paraffin-embedded core biopsy tissue. Breast Cancer Res Treat 

2007;103:197-208. Epub 2006 Oct 13. 

163. Mamounas EP, Tang G, Fisher B, et al. Association between the 21-gene recurrence 

score assay and risk of locoregional recurrence in node-negative, estrogen receptor-positive 

breast cancer: results from NSABP B-14 and NSABP B-20. J Clin Oncol 2010;28:1677-83. Epub 

2010 Jan 11. 

164. Drury S, Salter J, Baehner FL, Shak S, Dowsett M. Feasibility of using tissue 

microarray cores of paraffin-embedded breast cancer tissue for measurement of gene 

expression: a proof-of-concept study. J Clin Pathol 2010;63:513-7. 

165. Flanagan MB, Dabbs DJ, Brufsky AM, Beriwal S, Bhargava R. Histopathologic 

variables predict Oncotype DX recurrence score. Mod Pathol 2008;21:1255-61. 

166. Gwin K, Pinto M, Tavassoli FA. Complementary value of the Ki-67 proliferation index 

to the oncotype DX recurrence score. Int J Surg Pathol 2009;17:303-10. Epub 2009 Jul 3. 



Chapter 7: References 

 

166 

 

167. Auerbach J, Kim M, Fineberg S. Can features evaluated in the routine pathologic 

assessment of lymph node-negative estrogen receptor-positive stage I or II invasive breast 

cancer be used to predict the Oncotype DX recurrence score? Arch Pathol Lab Med 

2010;134:1697-701. 

168. Geradts J, Bean SM, Bentley RC, Barry WT. The oncotype DX recurrence score is 

correlated with a composite index including routinely reported pathobiologic features. 

Cancer Invest 2010;28:969-77. 

169. Klang SH, Hammerman A, Liebermann N, Efrat N, Doberne J, Hornberger J. Economic 

implications of 21-gene breast cancer risk assay from the perspective of an Israeli-managed 

health-care organization. Value Health 2010;13:381-7. Epub 2010 Apr 15. 

170. Kondo M, Hoshi SL, Yamanaka T, Ishiguro H, Toi M. Economic evaluation of the 21-

gene signature (Oncotype DX((R))) in lymph node-negative/positive, hormone receptor-

positive early-stage breast cancer based on Japanese validation study (JBCRG-TR03). Breast 

Cancer Res Treat 2010;17:17. 

171. Tzeng JP, Mayer D, Richman AR, et al. Women's experiences with genomic testing 

for breast cancer recurrence risk. Cancer 2010;116:1992-2000. 

172. Richman AR, Tzeng JP, Carey LA, Retel VP, Brewer NT. Knowledge of genomic testing 

among early-stage breast cancer patients. Psychooncology 2010;3:3. 

173. Clark-Langone KM, Wu JY, Sangli C, et al. Biomarker discovery for colon cancer using 

a 761 gene RT-PCR assay. BMC Genomics 2007;8:279. 

174. Clark-Langone KM, Sangli C, Krishnakumar J, Watson D. Translating tumor biology 

into personalized treatment planning: analytical performance characteristics of the 

Oncotype DX Colon Cancer Assay. BMC Cancer 2010;10:691. 

175. Zujewski JA, Kamin L. Trial assessing individualized options for treatment for breast 

cancer: the TAILORx trial. Future Oncol 2008;4:603-10. 

176. Buyse M, Loi S, van't Veer L, et al. Validation and clinical utility of a 70-gene 

prognostic signature for women with node-negative breast cancer. J Natl Cancer Inst 

2006;98:1183-92. 

177. Cardoso F, Piccart-Gebhart M, Van't Veer L, Rutgers E. The MINDACT trial: the first 

prospective clinical validation of a genomic tool. Mol Oncol 2007;1:246-51. Epub 2007 Oct 

22. 

178. Ma XJ, Salunga R, Dahiya S, et al. A five-gene molecular grade index and 

HOXB13:IL17BR are complementary prognostic factors in early stage breast cancer. Clin 

Cancer Res 2008;14:2601-8. 

179. Ravdin PM, Siminoff LA, Davis GJ, et al. Computer program to assist in making 

decisions about adjuvant therapy for women with early breast cancer. J Clin Oncol 

2001;19:980-91. 

180. Gonzalez-Angulo AM, Morales-Vasquez F, Hortobagyi GN. Overview of resistance to 

systemic therapy in patients with breast cancer. Adv Exp Med Biol 2007;608:1-22. 

181. Paik S. Molecular profiling of breast cancer. Curr Opin Obstet Gynecol 2006;18:59-

63. 

182. Baehner FQC, Pomeroy C, Cherbavaz C, Shak S. Biopsy cavities in breast cancer 

specimens: their impact on quantitative RT-PCR gene expression profiles and recurrence risk 

assessment. In: USCAP: Mod Pathol; 2009:4A-11A. 

183. Allison KH, Kandalaft PL, Sitlani CM, Dintzis SM, Gown AM. Routine pathologic 

parameters can predict Oncotype DX(TM) recurrence scores in subsets of ER positive 

patients: who does not always need testing? Breast Cancer Res Treat 2011;3:3. 



Chapter 7: References 

 

167 

 

184. Cronin M, Watson D, Dutta D, al. E. Reproducibility of quantitative gene expression 

analysis by a new RT-PCR assay using fixed paraffin-embedded tissue: a molecular 

tomographic scanning study (abstract no. 1491). Mod Pathol 2004;17. 

185. Domagala W, Markiewski M, Harezga B, Dukowicz A, Osborn M. Prognostic 

significance of tumor cell proliferation rate as determined by the MIB-1 antibody in breast 

carcinoma: its relationship with vimentin and p53 protein. Clin Cancer Res 1996;2:147-54. 

186. Trihia H, Murray S, Price K, et al. Ki-67 expression in breast carcinoma: its association 

with grading systems, clinical parameters, and other prognostic factors--a surrogate marker? 

Cancer 2003;97:1321-31. 

187. de Azambuja E, Cardoso F, de Castro G, Jr., et al. Ki-67 as prognostic marker in early 

breast cancer: a meta-analysis of published studies involving 12,155 patients. Br J Cancer 

2007;96:1504-13. Epub 2007 Apr 24. 

188. Silvestrini R, Daidone MG, Gasparini G. Cell kinetics as a prognostic marker in node-

negative breast cancer. Cancer 1985;56:1982-7. 

189. Tubiana M, Pejovic MH, Chavaudra N, Contesso G, Malaise EP. The long-term 

prognostic significance of the thymidine labelling index in breast cancer. Int J Cancer 

1984;33:441-5. 

190. Kallioniemi OP, Hietanen T, Mattila J, Lehtinen M, Lauslahti K, Koivula T. Aneuploid 

DNA content and high S-phase fraction of tumour cells are related to poor prognosis in 

patients with primary breast cancer. Eur J Cancer Clin Oncol 1987;23:277-82. 

191. Laroye GJ, Minkin S. The impact of mitotic index on predicting outcome in breast 

carcinoma: a comparison of different counting methods in patients with different lymph 

node status. Mod Pathol 1991;4:456-60. 

192. Bouzubar N, Walker KJ, Griffiths K, et al. Ki67 immunostaining in primary breast 

cancer: pathological and clinical associations. Br J Cancer 1989;59:943-7. 

193. Gaglia P, Bernardi A, Venesio T, et al. Cell proliferation of breast cancer evaluated by 

anti-BrdU and anti-Ki-67 antibodies: its prognostic value on short-term recurrences. Eur J 

Cancer 1993;29A:1509-13. 

194. Gasparini G, Bevilacqua P, Pozza F, et al. Value of epidermal growth factor receptor 

status compared with growth fraction and other factors for prognosis in early breast cancer. 

Br J Cancer 1992;66:970-6. 

195. Railo M, Nordling S, von Boguslawsky K, Leivonen M, Kyllonen L, von Smitten K. 

Prognostic value of Ki-67 immunolabelling in primary operable breast cancer. Br J Cancer 

1993;68:579-83. 

196. Sahin AA, Ro J, Ro JY, et al. Ki-67 immunostaining in node-negative stage I/II breast 

carcinoma. Significant correlation with prognosis. Cancer 1991;68:549-57. 

197. Wintzer HO, Zipfel I, Schulte-Monting J, Hellerich U, von Kleist S. Ki-67 

immunostaining in human breast tumors and its relationship to prognosis. Cancer 

1991;67:421-8. 

198. Desmedt C, Haibe-Kains B, Wirapati P, et al. Biological processes associated with 

breast cancer clinical outcome depend on the molecular subtypes. Clin Cancer Res 

2008;14:5158-65. 

199. Dai H, van't Veer L, Lamb J, et al. A cell proliferation signature is a marker of 

extremely poor outcome in a subpopulation of breast cancer patients. Cancer Res 

2005;65:4059-66. 

200. Bonnefoi H, Underhill C, Iggo R, Cameron D. Predictive signatures for chemotherapy 

sensitivity in breast cancer: are they ready for use in the clinic? Eur J Cancer 2009;45:1733-

43. Epub 2009 May 26. 



Chapter 7: References 

 

168 

 

201. Gerdes J, Lemke H, Baisch H, Wacker HH, Schwab U, Stein H. Cell cycle analysis of a 

cell proliferation-associated human nuclear antigen defined by the monoclonal antibody Ki-

67. J Immunol 1984;133:1710-5. 

202. Cattoretti G, Becker MH, Key G, et al. Monoclonal antibodies against recombinant 

parts of the Ki-67 antigen (MIB 1 and MIB 3) detect proliferating cells in microwave-

processed formalin-fixed paraffin sections. J Pathol 1992;168:357-63. 

203. Keshgegian AA, Cnaan A. Proliferation markers in breast carcinoma. Mitotic figure 

count, S-phase fraction, proliferating cell nuclear antigen, Ki-67 and MIB-1. Am J Clin Pathol 

1995;104:42-9. 

204. Bevilacqua P, Verderio P, Barbareschi M, et al. Lack of prognostic significance of the 

monoclonal antibody Ki-S1, a novel marker of proliferative activity, in node-negative breast 

carcinoma. Breast Cancer Res Treat 1996;37:123-33. 

205. Aleskandarany MA, Rakha EA, Macmillan RD, Powe DG, Ellis IO, Green AR. MIB1/Ki-

67 labelling index can classify grade 2 breast cancer into two clinically distinct subgroups. 

Breast Cancer Res Treat 2010;11:11. 

206. Clahsen PC, van de Velde CJ, Duval C, et al. The utility of mitotic index, oestrogen 

receptor and Ki-67 measurements in the creation of novel prognostic indices for node-

negative breast cancer. Eur J Surg Oncol 1999;25:356-63. 

207. Joensuu H, Isola J, Lundin M, et al. Amplification of erbB2 and erbB2 expression are 

superior to estrogen receptor status as risk factors for distant recurrence in pT1N0M0 breast 

cancer: a nationwide population-based study. Clin Cancer Res 2003;9:923-30. 

208. Goodson WH, 3rd, Moore DH, 2nd, Ljung BM, et al. The prognostic value of 

proliferation indices: a study with in vivo bromodeoxyuridine and Ki-67. Breast Cancer Res 

Treat 2000;59:113-23. 

209. Viale G, Regan MM, Mastropasqua MG, et al. Predictive value of tumor Ki-67 

expression in two randomized trials of adjuvant chemoendocrine therapy for node-negative 

breast cancer. J Natl Cancer Inst 2008;100:207-12. Epub 2008 Jan 29. 

210. Liu S, Edgerton SM, Moore DH, 2nd, Thor AD. Measures of cell turnover 

(proliferation and apoptosis) and their association with survival in breast cancer. Clin Cancer 

Res 2001;7:1716-23. 

211. Dowsett M, Smith IE, Ebbs SR, et al. Prognostic value of Ki67 expression after short-

term presurgical endocrine therapy for primary breast cancer. J Natl Cancer Inst 

2007;99:167-70. 

212. Ellis MJ, Coop A, Singh B, et al. Letrozole inhibits tumor proliferation more effectively 

than tamoxifen independent of HER1/2 expression status. Cancer Res 2003;63:6523-31. 

213. Ignatiadis M, Sotiriou C. Understanding the molecular basis of histologic grade. 

Pathobiology 2008;75:104-11. Epub 2008 Jun 10. 

214. Singletary SE, Allred C, Ashley P, et al. Revision of the American Joint Committee on 

Cancer staging system for breast cancer. J Clin Oncol 2002;20:3628-36. 

215. Wong SC, Chan JK, Lo ES, et al. The contribution of bifunctional SkipDewax 

pretreatment solution, rabbit monoclonal antibodies, and polymer detection systems in 

immunohistochemistry. Arch Pathol Lab Med 2007;131:1047-55. 

216. Colozza M, Azambuja E, Cardoso F, Sotiriou C, Larsimont D, Piccart MJ. Proliferative 

markers as prognostic and predictive tools in early breast cancer: where are we now? Ann 

Oncol 2005;16:1723-39. Epub 2005 Jun 24. 

217. Hartwell LH. Three additional genes required for deoxyribonucleic acid synthesis in 

Saccharomyces cerevisiae. J Bacteriol 1973;115:966-74. 

218. Jiang W, Hunter T. Identification and characterization of a human protein kinase 

related to budding yeast Cdc7p. Proc Natl Acad Sci U S A 1997;94:14320-5. 



Chapter 7: References 

 

169 

 

219. Hartwell LH. Genetic control of the cell division cycle in yeast. II. Genes controlling 

DNA replication and its initiation. J Mol Biol 1971;59:183-94. 

220. Patterson M, Sclafani RA, Fangman WL, Rosamond J. Molecular characterization of 

cell cycle gene CDC7 from Saccharomyces cerevisiae. Mol Cell Biol 1986;6:1590-8. 

221. Sclafani RA. Cdc7p-Dbf4p becomes famous in the cell cycle. J Cell Sci 2000;113:2111-

7. 

222. Snaith HA, Brown GW, Forsburg SL. Schizosaccharomyces pombe Hsk1p is a 

potential cds1p target required for genome integrity. Mol Cell Biol 2000;20:7922-32. 

223. Takeda T, Ogino K, Tatebayashi K, Ikeda H, Arai K, Masai H. Regulation of initiation of 

S phase, replication checkpoint signaling, and maintenance of mitotic chromosome 

structures during S phase by Hsk1 kinase in the fission yeast. Mol Biol Cell 2001;12:1257-74. 

224. Fung AD, Ou J, Bueler S, Brown GW. A conserved domain of Schizosaccharomyces 

pombe dfp1(+) is uniquely required for chromosome stability following alkylation damage 

during S phase. Mol Cell Biol 2002;22:4477-90. 

225. Matsumoto S, Ogino K, Noguchi E, Russell P, Masai H. Hsk1-Dfp1/Him1, the Cdc7-

Dbf4 kinase in Schizosaccharomyces pombe, associates with Swi1, a component of the 

replication fork protection complex. J Biol Chem 2005;280:42536-42. Epub 2005 Oct 31. 

226. Sommariva E, Pellny TK, Karahan N, Kumar S, Huberman JA, Dalgaard JZ. 

Schizosaccharomyces pombe Swi1, Swi3, and Hsk1 are components of a novel S-phase 

response pathway to alkylation damage. Mol Cell Biol 2005;25:2770-84. 

227. Williams GH, Stoeber K. Cell cycle markers in clinical oncology. Curr Opin Cell Biol 

2007;19:672-9. Epub 2007 Nov 26. 

228. Coleman TR, Carpenter PB, Dunphy WG. The Xenopus Cdc6 protein is essential for 

the initiation of a single round of DNA replication in cell-free extracts. Cell 1996;87:53-63. 

229. Donovan S, Harwood J, Drury LS, Diffley JF. Cdc6p-dependent loading of Mcm 

proteins onto pre-replicative chromatin in budding yeast. Proc Natl Acad Sci U S A 

1997;94:5611-6. 

230. Tanaka T, Knapp D, Nasmyth K. Loading of an Mcm protein onto DNA replication 

origins is regulated by Cdc6p and CDKs. Cell 1997;90:649-60. 

231. Mendez J, Stillman B. Chromatin association of human origin recognition complex, 

cdc6, and minichromosome maintenance proteins during the cell cycle: assembly of 

prereplication complexes in late mitosis. Mol Cell Biol 2000;20:8602-12. 

232. Jiang W, McDonald D, Hope TJ, Hunter T. Mammalian Cdc7-Dbf4 protein kinase 

complex is essential for initiation of DNA replication. EMBO J 1999;18:5703-13. 

233. Im JS, Ki SH, Farina A, Jung DS, Hurwitz J, Lee JK. Assembly of the Cdc45-Mcm2-7-

GINS complex in human cells requires the Ctf4/And-1, RecQL4, and Mcm10 proteins. Proc 

Natl Acad Sci U S A 2009;106:15628-32. Epub 2009 Sep 8. 

234. Francis LI, Randell JC, Takara TJ, Uchima L, Bell SP. Incorporation into the 

prereplicative complex activates the Mcm2-7 helicase for Cdc7-Dbf4 phosphorylation. Genes 

Dev 2009;23:643-54. 

235. Sawa M, Masai H. Drug design with Cdc7 kinase: a potential novel cancer therapy 

target. Drug Des Devel Ther 2009;2:255-64. 

236. Johnston LH, Thomas AP. A further two mutants defective in initiation of the S phase 

in the yeast Saccharomyces cerevisiae. Mol Gen Genet 1982;186:445-8. 

237. Kitada K, Johnston LH, Sugino T, Sugino A. Temperature-sensitive cdc7 mutations of 

Saccharomyces cerevisiae are suppressed by the DBF4 gene, which is required for the G1/S 

cell cycle transition. Genetics 1992;131:21-9. 



Chapter 7: References 

 

170 

 

238. Jackson AL, Pahl PM, Harrison K, Rosamond J, Sclafani RA. Cell cycle regulation of the 

yeast Cdc7 protein kinase by association with the Dbf4 protein. Mol Cell Biol 1993;13:2899-

908. 

239. Johnston LH, Masai H, Sugino A. First the CDKs, now the DDKs. Trends Cell Biol 

1999;9:249-52. 

240. Masai H, Sato N, Takeda T, Arai K. CDC7 kinase complex as a molecular switch for 

DNA replication. Front Biosci 1999;4:D834-40. 

241. Masai H, Matsui E, You Z, Ishimi Y, Tamai K, Arai K. Human Cdc7-related kinase 

complex. In vitro phosphorylation of MCM by concerted actions of Cdks and Cdc7 and that 

of a criticial threonine residue of Cdc7 bY Cdks. J Biol Chem 2000;275:29042-52. 

242. Masai H, Arai K. Cdc7 kinase complex: a key regulator in the initiation of DNA 

replication. J Cell Physiol 2002;190:287-96. 

243. Montagnoli A, Bosotti R, Villa F, et al. Drf1, a novel regulatory subunit for human 

Cdc7 kinase. EMBO J 2002;21:3171-81. 

244. Kumagai H, Sato N, Yamada M, et al. A novel growth- and cell cycle-regulated 

protein, ASK, activates human Cdc7-related kinase and is essential for G1/S transition in 

mammalian cells. Mol Cell Biol 1999;19:5083-95. 

245. Chapman JW, Johnston LH. The yeast gene, DBF4, essential for entry into S phase is 

cell cycle regulated. Exp Cell Res 1989;180:419-28. 

246. Musahl C, Holthoff HP, Lesch R, Knippers R. Stability of the replicative Mcm3 protein 

in proliferating and differentiating human cells. Exp Cell Res 1998;241:260-4. 

247. Stoeber K, Tlsty TD, Happerfield L, et al. DNA replication licensing and human cell 

proliferation. J Cell Sci 2001;114:2027-41. 

248. Madine MA, Swietlik M, Pelizon C, Romanowski P, Mills AD, Laskey RA. The roles of 

the MCM, ORC, and Cdc6 proteins in determining the replication competence of chromatin 

in quiescent cells. J Struct Biol 2000;129:198-210. 

249. Bonte D, Lindvall C, Liu H, Dykema K, Furge K, Weinreich M. Cdc7-Dbf4 kinase 

overexpression in multiple cancers and tumor cell lines is correlated with p53 inactivation. 

Neoplasia 2008;10:920-31. 

250. Kulkarni AA, Kingsbury SR, Tudzarova S, et al. Cdc7 kinase is a predictor of survival 

and a novel therapeutic target in epithelial ovarian carcinoma. Clin Cancer Res 

2009;15:2417-25. Epub 009 Mar 24. 

251. Clarke LE, Fountaine TJ, Hennessy J, et al. Cdc7 expression in melanomas, Spitz 

tumors and melanocytic nevi. J Cutan Pathol 2009;36:433-8. 

252. Krawczyk J, Egan C, Mulvihill M, et al. Increased activity of the S phase kinase Cdc7 is 

associated with poor outcome in diffuse large B cell lymphoma (DLBCL). In: ASH; 2009. 

253. Montagnoli A, Tenca P, Sola F, et al. Cdc7 inhibition reveals a p53-dependent 

replication checkpoint that is defective in cancer cells. Cancer Res 2004;64:7110-6. 

254. Im JS, Lee JK. ATR-dependent activation of p38 MAP kinase is responsible for 

apoptotic cell death in cells depleted of Cdc7. J Biol Chem 2008;283:25171-7. Epub 2008 Jul 

14. 

255. Kim JM, Kakusho N, Yamada M, Kanoh Y, Takemoto N, Masai H. Cdc7 kinase 

mediates Claspin phosphorylation in DNA replication checkpoint. Oncogene 2008;27:3475-

82. Epub 2007 Dec 17. 

256. Freeman A, Morris LS, Mills AD, et al. Minichromosome maintenance proteins as 

biological markers of dysplasia and malignancy. Clin Cancer Res 1999;5:2121-32. 

257. Hiraiwa A, Fujita M, Nagasaka T, Adachi A, Ohashi M, Ishibashi M. 

Immunolocalization of hCDC47 protein in normal and neoplastic human tissues and its 

relation to growth. Int J Cancer 1997;74:180-4. 



Chapter 7: References 

 

171 

 

258. Montagnoli A, Valsasina B, Brotherton D, et al. Identification of Mcm2 

phosphorylation sites by S-phase-regulating kinases. J Biol Chem 2006;281:10281-90. Epub 

2006 Jan 30. 

259. Obermann EC, Eward KL, Dogan A, et al. DNA replication licensing in peripheral B-cell 

lymphoma. J Pathol 2005;205:318-28. 

260. Meng MV, Grossfeld GD, Williams GH, et al. Minichromosome maintenance protein 

2 expression in prostate: characterization and association with outcome after therapy for 

cancer. Clin Cancer Res 2001;7:2712-8. 

261. Ramnath N, Hernandez FJ, Tan DF, et al. MCM2 is an independent predictor of 

survival in patients with non-small-cell lung cancer. J Clin Oncol 2001;19:4259-66. 

262. Tan DF, Huberman JA, Hyland A, et al. MCM2--a promising marker for premalignant 

lesions of the lung: a cohort study. BMC Cancer 2001;1:6. Epub 2001 Jun 25. 

263. Majid S, Dar AA, Saini S, et al. Regulation of minichromosome maintenance gene 

family by microRNA-1296 and genistein in prostate cancer. Cancer Res 2010;70:2809-18. 

Epub 010 Mar 23. 

264. Rodriguez-Acebes S, Proctor I, Loddo M, et al. Targeting DNA replication before it 

starts: Cdc7 as a therapeutic target in p53-mutant breast cancers. Am J Pathol 

2010;177:2034-45. Epub 10 Aug 19. 

265. Gonzalez MA, Pinder SE, Callagy G, et al. Minichromosome maintenance protein 2 is 

a strong independent prognostic marker in breast cancer. J Clin Oncol 2003;21:4306-13. 

266. Shetty A, Loddo M, Fanshawe T, et al. DNA replication licensing and cell cycle 

kinetics of normal and neoplastic breast. Br J Cancer 2005;93:1295-300. 

267. Reena RM, Mastura M, Siti-Aishah MA, et al. Minichromosome maintenance protein 

2 is a reliable proliferative marker in breast carcinoma. Ann Diagn Pathol 2008;12:340-3. 

Epub 2008 Jul 7. 

268. Menichincheri M, Bargiotti A, Berthelsen J, et al. First Cdc7 kinase inhibitors: 

pyrrolopyridinones as potent and orally active antitumor agents. 2. Lead discovery. J Med 

Chem 2009;52:293-307. 

269. Montagnoli A, Valsasina B, Croci V, et al. A Cdc7 kinase inhibitor restricts initiation of 

DNA replication and has antitumor activity. Nat Chem Biol 2008;4:357-65. Epub 2008 May 

11. 

270. Benakanakere I, Besch-Williford C, Schnell J, et al. Natural and synthetic progestins 

accelerate 7,12-dimethylbenz[a]anthracene-initiated mammary tumors and increase 

angiogenesis in Sprague-Dawley rats. Clin Cancer Res 2006;12:4062-71. 

271. Suggitt M, Bibby MC. 50 years of preclinical anticancer drug screening: empirical to 

target-driven approaches. Clin Cancer Res 2005;11:971-81. 

272. Montagnoli A. A new and potent orally available class of Cdc7 inhibitors with anti-

tumor activity. In. Geneva; 2008. 

273. Tonani EA, inventor Heterobicyclic pyrazole derivatives as kinase inhibitors. 2004. 

274. Lin EA, inventor Substituted thiophene derivatives as anti-cancer agents. 2005. 

275. Leroy EA, inventor New imadazolone derivatives, preparaton therof as drugs, 

pharmaceutical compositions, and use therof as protein kinase inhibitors, in particular Cdc7. 

2008. 

276. Shafer CM, Lindvall M, Bellamacina C, et al. 4-(1H-indazol-5-yl)-6-phenylpyrimidin-

2(1H)-one analogs as potent CDC7 inhibitors. Bioorg Med Chem Lett 2008;18:4482-5. Epub 

2008 Jul 17. 

277. Hasemeier B, Christgen M, Kreipe H, Lehmann U. Reliable microRNA profiling in 

routinely processed formalin-fixed paraffin-embedded breast cancer specimens using 

fluorescence labelled bead technology. BMC Biotechnol 2008;8:90. 



Chapter 7: References 

 

172 

 

278. Lee RC, Feinbaum RL, Ambros V. The C. elegans heterochronic gene lin-4 encodes 

small RNAs with antisense complementarity to lin-14. Cell 1993;75:843-54. 

279. Griffiths-Jones S, Saini HK, van Dongen S, Enright AJ. miRBase: tools for microRNA 

genomics. Nucleic Acids Res 2008;36:D154-8. Epub 2007 Nov 8. 

280. Friedman RC, Farh KK, Burge CB, Bartel DP. Most mammalian mRNAs are conserved 

targets of microRNAs. Genome Res 2009;19:92-105. Epub 2008 Oct 27. 

281. He L, Hannon GJ. MicroRNAs: small RNAs with a big role in gene regulation. Nat Rev 

Genet 2004;5:522-31. 

282. Pillai RS, Bhattacharyya SN, Artus CG, et al. Inhibition of translational initiation by 

Let-7 MicroRNA in human cells. Science 2005;309:1573-6. Epub 2005 Aug 4. 

283. Petersen CP, Bordeleau ME, Pelletier J, Sharp PA. Short RNAs repress translation 

after initiation in mammalian cells. Mol Cell 2006;21:533-42. 

284. Kong YW, Cannell IG, de Moor CH, et al. The mechanism of micro-RNA-mediated 

translation repression is determined by the promoter of the target gene. Proc Natl Acad Sci 

U S A 2008;105:8866-71. Epub 2008 Jun 25. 

285. Hendrickson DG, Hogan DJ, McCullough HL, et al. Concordant regulation of 

translation and mRNA abundance for hundreds of targets of a human microRNA. PLoS Biol 

2009;7:e1000238. Epub 2009 Nov 10. 

286. Le Quesne J, Caldas C. Micro-RNAs and breast cancer. Mol Oncol 2010;4:230-41. 

Epub 2010 Apr 28. 

287. Avril-Sassen S, Goldstein LD, Stingl J, et al. Characterisation of microRNA expression 

in post-natal mouse mammary gland development. BMC Genomics 2009;10:548. 

288. Calin GA, Dumitru CD, Shimizu M, et al. Frequent deletions and down-regulation of 

micro- RNA genes miR15 and miR16 at 13q14 in chronic lymphocytic leukemia. Proc Natl 

Acad Sci U S A 2002;99:15524-9. Epub 2002 Nov 14. 

289. Calin GA, Sevignani C, Dumitru CD, et al. Human microRNA genes are frequently 

located at fragile sites and genomic regions involved in cancers. Proc Natl Acad Sci U S A 

2004;101:2999-3004. Epub 2004 Feb 18. 

290. Liang Z, Wu H, Reddy S, et al. Blockade of invasion and metastasis of breast cancer 

cells via targeting CXCR4 with an artificial microRNA. Biochem Biophys Res Commun 

2007;363:542-6. Epub 2007 Sep 14. 

291. Lanza G, Ferracin M, Gafa R, et al. mRNA/microRNA gene expression profile in 

microsatellite unstable colorectal cancer. Mol Cancer 2007;6:54. 

292. Asangani IA, Rasheed SA, Nikolova DA, et al. MicroRNA-21 (miR-21) post-

transcriptionally downregulates tumor suppressor Pdcd4 and stimulates invasion, 

intravasation and metastasis in colorectal cancer. Oncogene 2008;27:2128-36. Epub 007 Oct 

29. 

293. Dillhoff M, Liu J, Frankel W, Croce C, Bloomston M. MicroRNA-21 is overexpressed in 

pancreatic cancer and a potential predictor of survival. J Gastrointest Surg 2008;12:2171-6. 

Epub 008 Jul 19. 

294. Chang TC, Wentzel EA, Kent OA, et al. Transactivation of miR-34a by p53 broadly 

influences gene expression and promotes apoptosis. Mol Cell 2007;26:745-52. Epub 2007 

May 31. 

295. Lodygin D, Tarasov V, Epanchintsev A, et al. Inactivation of miR-34a by aberrant CpG 

methylation in multiple types of cancer. Cell Cycle 2008;7:2591-600. Epub 008 Aug 1. 

296. Akao Y, Nakagawa Y, Naoe T. let-7 microRNA functions as a potential growth 

suppressor in human colon cancer cells. Biol Pharm Bull 2006;29:903-6. 



Chapter 7: References 

 

173 

 

297. Takamizawa J, Konishi H, Yanagisawa K, et al. Reduced expression of the let-7 

microRNAs in human lung cancers in association with shortened postoperative survival. 

Cancer Res 2004;64:3753-6. 

298. Johnson SM, Grosshans H, Shingara J, et al. RAS is regulated by the let-7 microRNA 

family. Cell 2005;120:635-47. 

299. Zhang L, Huang J, Yang N, et al. microRNAs exhibit high frequency genomic 

alterations in human cancer. Proc Natl Acad Sci U S A 2006;103:9136-41. Epub 2006 Jun 5. 

300. Lehmann U, Hasemeier B, Christgen M, et al. Epigenetic inactivation of microRNA 

gene hsa-mir-9-1 in human breast cancer. J Pathol 2008;214:17-24. 

301. Scott GK, Mattie MD, Berger CE, Benz SC, Benz CC. Rapid alteration of microRNA 

levels by histone deacetylase inhibition. Cancer Res 2006;66:1277-81. 

302. Iorio MV, Ferracin M, Liu CG, et al. MicroRNA gene expression deregulation in 

human breast cancer. Cancer Res 2005;65:7065-70. 

303. Blenkiron C, Goldstein LD, Thorne NP, et al. MicroRNA expression profiling of human 

breast cancer identifies new markers of tumor subtype. Genome Biol 2007;8:R214. 

304. Mattie MD, Benz CC, Bowers J, et al. Optimized high-throughput microRNA 

expression profiling provides novel biomarker assessment of clinical prostate and breast 

cancer biopsies. Mol Cancer 2006;5:24. 

305. Lowery AJ, Miller N, Devaney A, et al. MicroRNA signatures predict oestrogen 

receptor, progesterone receptor and HER2/neu receptor status in breast cancer. Breast 

Cancer Res 2009;11:R27. Epub 2009 May 11. 

306. Sempere LF, Christensen M, Silahtaroglu A, et al. Altered MicroRNA expression 

confined to specific epithelial cell subpopulations in breast cancer. Cancer Res 

2007;67:11612-20. 

307. Kato M, Paranjape T, Muller RU, et al. The mir-34 microRNA is required for the DNA 

damage response in vivo in C. elegans and in vitro in human breast cancer cells. Oncogene 

2009;28:2419-24. Epub 009 May 4. 

308. Guo X, Wu Y, Hartley RS. MicroRNA-125a represses cell growth by targeting HuR in 

breast cancer. RNA Biol 2009;6:575-83. 

309. Scott GK, Goga A, Bhaumik D, Berger CE, Sullivan CS, Benz CC. Coordinate 

suppression of ERBB2 and ERBB3 by enforced expression of micro-RNA miR-125a or miR-

125b. J Biol Chem 2007;282:1479-86. Epub 2006 Nov 16. 

310. Zhang Y, Gao JS, Tang X, et al. MicroRNA 125a and its regulation of the p53 tumor 

suppressor gene. FEBS Lett 2009;583:3725-30. Epub 2009 Oct 8. 

311. Le MT, Teh C, Shyh-Chang N, et al. MicroRNA-125b is a novel negative regulator of 

p53. Genes Dev 2009;23:862-76. Epub 2009 Mar 17. 

312. Iorio MV, Casalini P, Piovan C, et al. microRNA-205 regulates HER3 in human breast 

cancer. Cancer Res 2009;69:2195-200. Epub 009 Mar 10. 

313. Ma L, Teruya-Feldstein J, Weinberg RA. Tumour invasion and metastasis initiated by 

microRNA-10b in breast cancer. Nature 2007;449:682-8. Epub 2007 Sep 26. 

314. Gee HE, Camps C, Buffa FM, et al. MicroRNA-10b and breast cancer metastasis. 

Nature 2008;455:E8-9; author reply E. 

315. Huang GL, Zhang XH, Guo GL, et al. Clinical significance of miR-21 expression in 

breast cancer: SYBR-Green I-based real-time RT-PCR study of invasive ductal carcinoma. 

Oncol Rep 2009;21:673-9. 

316. Yan LX, Huang XF, Shao Q, et al. MicroRNA miR-21 overexpression in human breast 

cancer is associated with advanced clinical stage, lymph node metastasis and patient poor 

prognosis. RNA 2008;14:2348-60. Epub 008 Sep 23. 



Chapter 7: References 

 

174 

 

317. Lu Z, Liu M, Stribinskis V, et al. MicroRNA-21 promotes cell transformation by 

targeting the programmed cell death 4 gene. Oncogene 2008;27:4373-9. Epub 2008 Mar 31. 

318. Zhu S, Wu H, Wu F, Nie D, Sheng S, Mo YY. MicroRNA-21 targets tumor suppressor 

genes in invasion and metastasis. Cell Res 2008;18:350-9. 

319. Zhu S, Si ML, Wu H, Mo YY. MicroRNA-21 targets the tumor suppressor gene 

tropomyosin 1 (TPM1). J Biol Chem 2007;282:14328-36. Epub 2007 Mar 15. 

320. Si ML, Zhu S, Wu H, Lu Z, Wu F, Mo YY. miR-21-mediated tumor growth. Oncogene 

2007;26:2799-803. Epub 006 Oct 30. 

321. Volinia S, Calin GA, Liu CG, et al. A microRNA expression signature of human solid 

tumors defines cancer gene targets. Proc Natl Acad Sci U S A 2006;103:2257-61. Epub 006 

Feb 3. 

322. Heneghan HM, Miller N, Kelly R, Newell J, Kerin MJ. Systemic miRNA-195 

differentiates breast cancer from other malignancies and is a potential biomarker for 

detecting noninvasive and early stage disease. Oncologist 2010;15:673-82. Epub 2010 Jun 

24. 

323. Hayashita Y, Osada H, Tatematsu Y, et al. A polycistronic microRNA cluster, miR-17-

92, is overexpressed in human lung cancers and enhances cell proliferation. Cancer Res 

2005;65:9628-32. 

324. Jiang J, Lee EJ, Gusev Y, Schmittgen TD. Real-time expression profiling of microRNA 

precursors in human cancer cell lines. Nucleic Acids Res 2005;33:5394-403. Print 2005. 

325. Thomson JM, Parker J, Perou CM, Hammond SM. A custom microarray platform for 

analysis of microRNA gene expression. Nat Methods 2004;1:47-53. Epub 2004 Sep 29. 

326. Lu J, Getz G, Miska EA, et al. MicroRNA expression profiles classify human cancers. 

Nature 2005;435:834-8. 

327. Chen C, Ridzon DA, Broomer AJ, et al. Real-time quantification of microRNAs by 

stem-loop RT-PCR. Nucleic Acids Res 2005;33:e179. 

328. Tang F, Hajkova P, Barton SC, Lao K, Surani MA. MicroRNA expression profiling of 

single whole embryonic stem cells. Nucleic Acids Res 2006;34:e9. 

329. Mestdagh P, Feys T, Bernard N, et al. High-throughput stem-loop RT-qPCR miRNA 

expression profiling using minute amounts of input RNA. Nucleic Acids Res 2008;36:e143. 

Epub 2008 Oct 21. 

330. Li J, Smyth P, Flavin R, et al. Comparison of miRNA expression patterns using total 

RNA extracted from matched samples of formalin-fixed paraffin-embedded (FFPE) cells and 

snap frozen cells. BMC Biotechnol 2007;7:36. 

331. Siebolts U, Varnholt H, Drebber U, Dienes HP, Wickenhauser C, Odenthal M. Tissues 

from routine pathology archives are suitable for microRNA analyses by quantitative PCR. J 

Clin Pathol 2009;62:84-8. Epub 2008 Aug 28. 

332. Hui AB, Shi W, Boutros PC, et al. Robust global micro-RNA profiling with formalin-

fixed paraffin-embedded breast cancer tissues. Lab Invest 2009;89:597-606. Epub 2009 Mar 

16. 

333. Politz JC, Zhang F, Pederson T. MicroRNA-206 colocalizes with ribosome-rich regions 

in both the nucleolus and cytoplasm of rat myogenic cells. Proc Natl Acad Sci U S A 

2006;103:18957-62. Epub 2006 Nov 29. 

334. Lee EJ, Gusev Y, Jiang J, et al. Expression profiling identifies microRNA signature in 

pancreatic cancer. Int J Cancer 2007;120:1046-54. 

335. Jorgensen S, Baker A, Moller S, Nielsen BS. Robust one-day in situ hybridization 

protocol for detection of microRNAs in paraffin samples using LNA probes. Methods 

2010;52:375-81. Epub 2010 Jul 16. 



Chapter 7: References 

 

175 

 

336. Nuovo GJ. PCR in situ hybridization: Protocols and Applications. Third ed. New York: 

Williams and Wilkins, Raven Press, Lippincott; 1996. 

337. Nuovo GJ. In situ detection of precursor and mature microRNAs in paraffin 

embedded, formalin fixed tissues and cell preparations. Methods 2008;44:39-46. 

338. Nielsen BS, Jorgensen S, Fog JU, et al. High levels of microRNA-21 in the stroma of 

colorectal cancers predict short disease-free survival in stage II colon cancer patients. Clin 

Exp Metastasis 2011;28:27-38. Epub 2010 Oct 31. 

339. Davoren PA, McNeill RE, Lowery AJ, Kerin MJ, Miller N. Identification of suitable 

endogenous control genes for microRNA gene expression analysis in human breast cancer. 

BMC Mol Biol 2008;9:76. 

340. Zhang D, Salto-Tellez M, Putti TC, Do E, Koay ES. Reliability of tissue microarrays in 

detecting protein expression and gene amplification in breast cancer. Mod Pathol 

2003;16:79-84. 

341. Leake R, Barnes D, Pinder S, et al. Immunohistochemical detection of steroid 

receptors in breast cancer: a working protocol. UK Receptor Group, UK NEQAS, The Scottish 

Breast Cancer Pathology Group, and The Receptor and Biomarker Study Group of the EORTC. 

J Clin Pathol 2000;53:634-5. 

342. Silvestrini R, Veneroni S, Daidone MG, et al. The Bcl-2 protein: a prognostic indicator 

strongly related to p53 protein in lymph node-negative breast cancer patients. J Natl Cancer 

Inst 1994;86:499-504. 

343. Elledge RM, Green S, Howes L, et al. bcl-2, p53, and response to tamoxifen in 

estrogen receptor-positive metastatic breast cancer: a Southwest Oncology Group study. J 

Clin Oncol 1997;15:1916-22. 

344. Veronese S, Mauri FA, Caffo O, et al. Bax immunohistochemical expression in breast 

carcinoma: a study with long term follow-up. Int J Cancer 1998;79:13-8. 

345. Menard S, Casalini P, Tomasic G, et al. Pathobiologic identification of two distinct 

breast carcinoma subsets with diverging clinical behaviors. Breast Cancer Res Treat 

1999;55:169-77. 

346. Pinder SE, Wencyk P, Sibbering DM, et al. Assessment of the new proliferation 

marker MIB1 in breast carcinoma using image analysis: associations with other prognostic 

factors and survival. Br J Cancer 1995;71:146-9. 

347. Brown RW, Allred CD, Clark GM, Osborne CK, Hilsenbeck SG. Prognostic value of Ki-

67 compared to S-phase fraction in axillary node-negative breast cancer. Clin Cancer Res 

1996;2:585-92. 

348. Tan P, Cady B, Wanner M, et al. The cell cycle inhibitor p27 is an independent 

prognostic marker in small (T1a,b) invasive breast carcinomas. Cancer Res 1997;57:1259-63. 

349. Harbeck N, Dettmar P, Thomssen C, et al. Risk-group discrimination in node-negative 

breast cancer using invasion and proliferation markers: 6-year median follow-up. Br J Cancer 

1999;80:419-26. 

350. Spyratos F, Ferrero-Pous M, Trassard M, et al. Correlation between MIB-1 and other 

proliferation markers: clinical implications of the MIB-1 cutoff value. Cancer 2002;94:2151-9. 

351. Tischkowitz M, Brunet JS, Begin LR, et al. Use of immunohistochemical markers can 

refine prognosis in triple negative breast cancer. BMC Cancer 2007;7:134. 

352. Giles GG, English DR. The Melbourne Collaborative Cohort Study. IARC Sci Publ 

2002;156:69-70. 

353. Moran MS, Yang Q, Haffty BG. The Yale University experience of early-stage invasive 

lobular carcinoma (ILC) and invasive ductal carcinoma (IDC) treated with breast conservation 

treatment (BCT): analysis of clinical-pathologic features, long-term outcomes, and molecular 

expression of COX-2, Bcl-2, and p53 as a function of histology. Breast J 2009;15:571-8. 



Chapter 7: References 

 

176 

 

354. Osanai T, Takagi Y, Toriya Y, et al. Inverse correlation between the expression of O6-

methylguanine-DNA methyl transferase (MGMT) and p53 in breast cancer. Jpn J Clin Oncol 

2005;35:121-5. 

355. Le MG, Mathieu MC, Douc-Rasy S, et al. c-myc, p53 and bcl-2, apoptosis-related 

genes in infiltrating breast carcinomas: evidence of a link between bcl-2 protein over-

expression and a lower risk of metastasis and death in operable patients. Int J Cancer 

1999;84:562-7. 

356. Rajnakova A, Moochhala S, Goh PM, Ngoi S. Expression of nitric oxide synthase, 

cyclooxygenase, and p53 in different stages of human gastric cancer. Cancer Lett 

2001;172:177-85. 

357. Campbell MJ, Tonlaar NY, Garwood ER, et al. Proliferating macrophages associated 

with high grade, hormone receptor negative breast cancer and poor clinical outcome. Breast 

Cancer Res Treat 2010;15:15. 

358. Kwon GY, Lee SD, Park ES. Mast cell and macrophage counts and microvessel density 

in invasive breast carcinoma-comparison analysis with clinicopathological parameters. 

Cancer Res Treat 2005;37:103-8. Epub 2005 Apr 30. 

359. Murri AM, Hilmy M, Bell J, et al. The relationship between the systemic 

inflammatory response, tumour proliferative activity, T-lymphocytic and macrophage 

infiltration, microvessel density and survival in patients with primary operable breast cancer. 

Br J Cancer 2008;99:1013-9. Epub 2008 Sep 16. 

360. Takayama S, Krajewski S, Krajewska M, et al. Expression and location of Hsp70/Hsc-

binding anti-apoptotic protein BAG-1 and its variants in normal tissues and tumor cell lines. 

Cancer Res 1998;58:3116-31. 

361. Tang SC, Shehata N, Chernenko G, Khalifa M, Wang X. Expression of BAG-1 in 

invasive breast carcinomas. J Clin Oncol 1999;17:1710-9. 

362. Turner BC, Krajewski S, Krajewska M, et al. BAG-1: a novel biomarker predicting 

long-term survival in early-stage breast cancer. J Clin Oncol 2001;19:992-1000. 

363. Tanaka K, Iwamoto S, Gon G, Nohara T, Iwamoto M, Tanigawa N. Expression of 

survivin and its relationship to loss of apoptosis in breast carcinomas. Clin Cancer Res 

2000;6:127-34. 

364. Kennedy SM, O'Driscoll L, Purcell R, et al. Prognostic importance of survivin in breast 

cancer. Br J Cancer 2003;88:1077-83. 

365. Brennan DJ, Rexhepaj E, O'Brien SL, et al. Altered cytoplasmic-to-nuclear ratio of 

survivin is a prognostic indicator in breast cancer. Clin Cancer Res 2008;14:2681-9. 

366. Aaltonen K, Amini RM, Heikkila P, et al. High cyclin B1 expression is associated with 

poor survival in breast cancer. Br J Cancer 2009;100:1055-60. Epub 2009 Mar 17. 

367. Kuhling H, Alm P, Olsson H, et al. Expression of cyclins E, A, and B, and prognosis in 

lymph node-negative breast cancer. J Pathol 2003;199:424-31. 

368. Suzuki T, Urano T, Miki Y, et al. Nuclear cyclin B1 in human breast carcinoma as a 

potent prognostic factor. Cancer Sci 2007;98:644-51. Epub 2007 Mar 14. 

369. Dutta A, Chandra R, Leiter LM, Lester S. Cyclins as markers of tumor proliferation: 

immunocytochemical studies in breast cancer. Proc Natl Acad Sci U S A 1995;92:5386-90. 

370. Winters ZE, Hunt NC, Bradburn MJ, et al. Subcellular localisation of cyclin B, Cdc2 

and p21(WAF1/CIP1) in breast cancer. association with prognosis. Eur J Cancer 

2001;37:2405-12. 

371. Hoque A, Carter J, Xia W, et al. Loss of aurora A/STK15/BTAK overexpression 

correlates with transition of in situ to invasive ductal carcinoma of the breast. Cancer 

Epidemiol Biomarkers Prev 2003;12:1518-22. 



Chapter 7: References 

 

177 

 

372. Royce ME, Xia W, Sahin AA, et al. STK15/Aurora-A expression in primary breast 

tumors is correlated with nuclear grade but not with prognosis. Cancer 2004;100:12-9. 

373. Tanaka T, Kimura M, Matsunaga K, Fukada D, Mori H, Okano Y. Centrosomal kinase 

AIK1 is overexpressed in invasive ductal carcinoma of the breast. Cancer Res 1999;59:2041-

4. 

374. Breiman L, Friedman J, Stone CJ, Olsen RA. Classification and Regression Trees. New 

edition ed: Chapman and Hall/CRC; 1984. 

375. Liaw A, Wiener M. Classification and Regression by randomForest. R News 2002:18-

22. 

376. Hothorn T, Hornik K, Zeileis A. Unbiased recursive partitioning: a conditional 

inference framework. Journal of Computational and Graphical Statistics 2006;15. 

377. Therneau TM, Atkinson B. rpart: Recursive Partitioning.  R package version 3.1-46. In: 

Ripley B, ed. R port; 2011. 

378. Matos I, Dufloth R, Alvarenga M, Zeferino LC, Schmitt F. p63, cytokeratin 5, and P-

cadherin: three molecular markers to distinguish basal phenotype in breast carcinomas. 

Virchows Arch 2005;447:688-94. Epub 2005 Oct 19. 

379. Brenton JD, Carey LA, Ahmed AA, Caldas C. Molecular classification and molecular 

forecasting of breast cancer: ready for clinical application? J Clin Oncol 2005;23:7350-60. 

Epub 2005 Sep 6. 

380. Abd El-Rehim DM, Ball G, Pinder SE, et al. High-throughput protein expression 

analysis using tissue microarray technology of a large well-characterised series identifies 

biologically distinct classes of breast cancer confirming recent cDNA expression analyses. Int 

J Cancer 2005;116:340-50. 

381. Reis-Filho JS, Milanezi F, Steele D, et al. Metaplastic breast carcinomas are basal-like 

tumours. Histopathology 2006;49:10-21. 

382. Conforti R, Boulet T, Tomasic G, et al. Breast cancer molecular subclassification and 

estrogen receptor expression to predict efficacy of adjuvant anthracyclines-based 

chemotherapy: a biomarker study from two randomized trials. Ann Oncol 2007;18:1477-83. 

Epub 2007 May 21. 

383. Schnitt SJ. Traditional and newer pathologic factors. J Natl Cancer Inst Monogr 

2001:22-6. 

384. Hedenfalk I, Duggan D, Chen Y, et al. Gene-expression profiles in hereditary breast 

cancer. N Engl J Med 2001;344:539-48. 

385. Breast Cancer Histopathology Minimum Dataset Report. 2005. (Accessed at 

http://www.rcpath.org/resources/pdf/NHSBreastCanHistoMinData.pdf.) 

386. Pereira H, Pinder SE, Sibbering DM, et al. Pathological prognostic factors in breast 

cancer. IV: Should you be a typer or a grader? A comparative study of two histological 

prognostic features in operable breast carcinoma. Histopathology 1995;27:219-26. 

387. Sobin LH, Gospodorowicz MK, Wittekind C. TNM Classification of Malignant Tumours 

(UICC International Union Against Cancer). 7th ed: Wiley-Blackwell; 2009. 

388. Board TNCSS. Guidelines for Quality Assurance in Mammography Screening. Dublin; 

2008 September 2008. 

389. Hayes DF, Bast RC, Desch CE, et al. Tumor marker utility grading system: a 

framework to evaluate clinical utility of tumor markers. J Natl Cancer Inst 1996;88:1456-66. 

390. Bast RC, Jr., Ravdin P, Hayes DF, et al. 2000 update of recommendations for the use 

of tumor markers in breast and colorectal cancer: clinical practice guidelines of the American 

Society of Clinical Oncology. J Clin Oncol 2001;19:1865-78. 

391. Schilsky RL, Taube SE. Tumor markers as clinical cancer tests--are we there yet? 

Semin Oncol 2002;29:211-2. 



Chapter 7: References 

 

178 

 

392. McShane LM, Altman DG, Sauerbrei W, Taube SE, Gion M, Clark GM. REporting 

recommendations for tumor MARKer prognostic studies (REMARK). Breast Cancer Res Treat 

2006;100:229-35. Epub 2006 Aug 24. 

393. Steroid receptors in breast cancer: an NIH Consensus Development Conference, 

Bethesda, Maryland, June 27-29, 1979. Cancer 1980;46:2759-963. 

394. Collett K, Skjaerven R, Maehle BO. The prognostic contribution of estrogen and 

progesterone receptor status to a modified version of the Nottingham Prognostic Index. 

Breast Cancer Res Treat 1998;48:1-9. 

395. Bardou VJ, Arpino G, Elledge RM, Osborne CK, Clark GM. Progesterone receptor 

status significantly improves outcome prediction over estrogen receptor status alone for 

adjuvant endocrine therapy in two large breast cancer databases. J Clin Oncol 2003;21:1973-

9. 

396. Hawkins RA, Tesdale AL, Prescott RJ, et al. Outcome after extended follow-up in a 

prospective study of operable breast cancer: key factors and a prognostic index. Br J Cancer 

2002;87:8-14. 

397. Anderson WF, Chen BE, Jatoi I, Rosenberg PS. Effects of estrogen receptor 

expression and histopathology on annual hazard rates of death from breast cancer. Breast 

Cancer Res Treat 2006;100:121-6. Epub 2006 May 10. 

398. Lilienfeld AM, Johnson EA. The age distribution in female breast and genital cancers. 

Cancer 1955;8:875-82. 

399. de W, de LJ, Baanders-Vanhalewijn EA. On the bimodal age distribution of mammary 

carcinoma. Br J Cancer 1960;14:437-48. 

400. Rilke F, Colnaghi MI, Cascinelli N, et al. Prognostic significance of HER-2/neu 

expression in breast cancer and its relationship to other prognostic factors. Int J Cancer 

1991;49:44-9. 

401. Noguchi M, Koyasaki N, Ohta N, et al. C-erbB-2 oncoprotein expression versus 

internal mammary lymph node metastases as additional prognostic factors in patients with 

axillary lymph node-positive breast cancer. Cancer 1992;69:2953-60. 

402. Bianchi S, Paglierani M, Zampi G, et al. Prognostic significance of c-erbB-2 expression 

in node negative breast cancer. Br J Cancer 1993;67:625-9. 

403. Hartmann LC, Ingle JN, Wold LE, et al. Prognostic value of c-erbB2 overexpression in 

axillary lymph node positive breast cancer. Results from a randomized adjuvant treatment 

protocol. Cancer 1994;74:2956-63. 

404. Fernandez Acenero MJ, Farina Gonzalez J, Arangoncillo Ballesteros P. 

Immunohistochemical expression of p53 and c-erbB-2 in breast carcinoma: relation with 

epidemiologic factors, histologic features and prognosis. Gen Diagn Pathol 1997;142:289-96. 

405. Berardo MD, Elledge RM, de Moor C, Clark GM, Osborne CK, Allred DC. bcl-2 and 

apoptosis in lymph node positive breast carcinoma. Cancer 1998;82:1296-302. 

406. Callagy GM, Pharoah PD, Pinder SE, et al. Bcl-2 is a prognostic marker in breast 

cancer independently of the Nottingham Prognostic Index. Clin Cancer Res 2006;12:2468-75. 

407. Callagy GM, Webber MJ, Pharoah PD, Caldas C. Meta-analysis confirms BCL2 is an 

independent prognostic marker in breast cancer. BMC Cancer 2008;8:153. 

408. Dawson SJ, Makretsov N, Blows FM, et al. BCL2 in breast cancer: a favourable 

prognostic marker across molecular subtypes and independent of adjuvant therapy received. 

Br J Cancer 2010;103:668-75. Epub 2010 Jul 27. 

409. McDonnell TJ, Troncoso P, Brisbay SM, et al. Expression of the protooncogene bcl-2 

in the prostate and its association with emergence of androgen-independent prostate 

cancer. Cancer Res 1992;52:6940-4. 



Chapter 7: References 

 

179 

 

410. Norberg T, Lennerstrand J, Inganas M, Bergh J. Comparison between p53 protein 

measurements using the luminometric immunoassay and immunohistochemistry with 

detection of p53 gene mutations using cDNA sequencing in human breast tumors. Int J 

Cancer 1998;79:376-83. 

411. Geisler S, Lonning PE, Aas T, et al. Influence of TP53 gene alterations and c-erbB-2 

expression on the response to treatment with doxorubicin in locally advanced breast cancer. 

Cancer Res 2001;61:2505-12. 

412. Cox DR, Oakes D. Analysis of survival data. London: Chapman and Hall; 1984. 

413. Bailar JCI, Hoaglin DC. Medical Uses of Statistics. 3rd ed. Hoboken, N.J.: Wiley; 2009. 

414. Yohannes Y, Hoddinott J. Classification and Regression Trees: An Introduction. In: 

Institute IFPR, ed. Washington, D.C.: International Food Policy Research Institute; 1999:1-26. 

415. Sparano JA. The TAILORx trial: individualized options for treatment. Community 

Oncology 2006;3:3. 

416. Strobl C, Malley J, Tutz G. Supplement to An Introduction to Recursive Partitioning: 

Rationale, Application and Characteristics of Classification and Regression Trees, Bagging and 

Random Forests. In; 2009. 

417. Ademuyiwa FO, Thorat MA, Jain RK, Nakshatri H, Badve S. Expression of Forkhead-

box protein A1, a marker of luminal A type breast cancer, parallels low Oncotype DX 21-gene 

recurrence scores. Mod Pathol 2010;23:270-5. Epub 2009 Nov 27. 

418. Wolf I, Ben-Baruch N, Shapira-Frommer R, et al. Association between standard 

clinical and pathologic characteristics and the 21-gene recurrence score in breast cancer 

patients: a population-based study. Cancer 2008;112:731-6. 

419. Arpino G, Bardou VJ, Clark GM, Elledge RM. Infiltrating lobular carcinoma of the 

breast: tumor characteristics and clinical outcome. Breast Cancer Res 2004;6:R149-56. Epub 

2004 Feb 17. 

420. Tang P, Wang J, Hicks DG, et al. A lower Allred score for progesterone receptor is 

strongly associated with a higher recurrence score of 21-gene assay in breast cancer. Cancer 

Invest 2010;28:978-82. 

421. Stendahl M, Ryden L, Nordenskjold B, Jonsson PE, Landberg G, Jirstrom K. High 

progesterone receptor expression correlates to the effect of adjuvant tamoxifen in 

premenopausal breast cancer patients. Clin Cancer Res 2006;12:4614-8. 

422. Liu S, Chia SK, Mehl E, et al. Progesterone receptor is a significant factor associated 

with clinical outcomes and effect of adjuvant tamoxifen therapy in breast cancer patients. 

Breast Cancer Res Treat 2010;119:53-61. Epub 2009 Feb 10. 

423. Baehner FL, Maddala T, Alexander C, et al. A Kaiser-Permanente population-based 

study of ER and PR expression by the standard method, immunohistochemistry (IHC), 

compared to a new method, quantitative reverse transcription polymerase chain reaction 

(RT-PCR). In: ASCO Breast Cancer Symposium; 2007; San Francisco, L.A.; 2007. 

424. Teixeira C, Reed JC, Pratt MA. Estrogen promotes chemotherapeutic drug resistance 

by a mechanism involving Bcl-2 proto-oncogene expression in human breast cancer cells. 

Cancer Res 1995;55:3902-7. 

425. Kandouz M, Siromachkova M, Jacob D, Chretien Marquet B, Therwath A, Gompel A. 

Antagonism between estradiol and progestin on Bcl-2 expression in breast-cancer cells. Int J 

Cancer 1996;68:120-5. 

426. Cuzick J, Dowsett M, Wale C, et al. Prognostic value of a combined ER, PgR, Ki67, 

HER2 immunohistochemical (IHC4) score and comparison with the GHI recurrence score - 

results from TransATAC. In: Thirty-Second Annual CTRC-AACR San Antonio Breast Cancer 

Symposium. San Antonio, TX: Cancer Res; 2009:74. 



Chapter 7: References 

 

180 

 

427. Dowsett M, Cuzick J, Wale C, et al. Prediction of risk of distant recurrence using the 

21-gene recurrence score in node-negative and node-positive postmenopausal patients with 

breast cancer treated with anastrozole or tamoxifen: a TransATAC study. J Clin Oncol 

2010;28:1829-34. Epub 2010 Mar 8. 

428. Reinhart BJ, Slack FJ, Basson M, et al. The 21-nucleotide let-7 RNA regulates 

developmental timing in Caenorhabditis elegans. Nature 2000;403:901-6. 

429. Sulston JE, Horvitz HR. Post-embryonic cell lineages of the nematode, 

Caenorhabditis elegans. Dev Biol 1977;56:110-56. 

430. Roush S, Slack FJ. The let-7 family of microRNAs. Trends Cell Biol 2008;18:505-16. 

Epub 2008 Sep 4. 

431. Mayr C, Hemann MT, Bartel DP. Disrupting the pairing between let-7 and Hmga2 

enhances oncogenic transformation. Science 2007;315:1576-9. Epub 2007 Feb 22. 

432. Boyerinas B, Park SM, Shomron N, et al. Identification of let-7-regulated oncofetal 

genes. Cancer Res 2008;68:2587-91. 

433. Chin LJ, Slack FJ. A truth serum for cancer--microRNAs have major potential as 

cancer biomarkers. Cell Res 2008;18:983-4. 

434. Yamamichi N, Shimomura R, Inada K, et al. Locked nucleic acid in situ hybridization 

analysis of miR-21 expression during colorectal cancer development. Clin Cancer Res 

2009;15:4009-16. Epub 2009 Jun 9. 

 



Appendix 

 

181 

 

APPENDIX I 
 

Calculation of the Oncotype DX recurrence score (Adapted from Paik et 

al., N Engl J Med 2004;351:2817-26). 

 
The RS was derived from the reference-normalised expression measurements of the 16 

cancer-related genes and ranged from 0-100, where 100 represented the highest likelihood 

of distant disease recurrence.  There were four steps in the generation of the RS:  

 

1.  The expression of each cancer-related gene was normalised relative to the expression of the 

5 reference genes.  The reference-normalised expression measurements ranged from 0 to 

15, where a 1-unit increase reflected a doubling of RNA. 

 

2. The GRB7, ER, proliferation and invasion group scores were calculated from individual gene-

expression measurements as follows: 

 

GRB7 group score = 0.9 x GRB7 + 0.1 x HER2 (if the result is <8, then the GRB7 group score 

was considered 8) 

 

ER group score = (0.8 x ER + 1.2 x PR + Bcl2 + SCUBE2) / 4 

 

Proliferation group score = (Survivin + Ki67 + MYBL2 + CCNB1 + Aurora A kinase) / 5 (if the 

result is <6.5, then the proliferation group score is considered 6.5) 

 

Invasion group score = (CTSL2 + MMP11) / 2 

 

3.  The unscaled RS (RSU) was calculated with the use of coefficients that were pre-defined on 

the basis of regression analysis of gene expression and recurrence in the three training 

studies: 

 

RSU = +0.47 x GRB7 group score – 0.34 x ER group score + 1.04 x proliferation group score + 

0.10 x invasion group score + 0.05 x CD68 – 0.08 x GSTM1 – 0.07 x BAG1 

 

A plus sign indicated that increased expression was associated with an increased risk of 

recurrence; a minus sign indicated that increased expression was associated with a 

decreased risk of recurrence. 

 

4.  The RS was rescaled from the RSU as follows: 

 

RS = 0 if RSU <0 

RS = 20 x (RSU – 6.7) if 0 ≤ RSU ≤ 100 

RS = 100 if RSU > 100. 

 

Patients were classified into 3 categories based on the following cut-off points: low risk = RS 

<18; intermediate risk = 18-30; high risk = RS >30.  The cut-off points were chosen based on 

the results of NSABP trial B-20.  
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