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        Introduction 

 The initial steps into a better understanding of the heterogeneity and biology of breast cancer were 
made at the onset of 2000, with the first identification of distinct molecular subtypes of human breast 
tumors possessing different outcome  [  1–  3  ] . Gene expression profiling and microarray analysis 
opened a road leading to the new molecular classification of breast cancer, recognizing at least five 
reproducible subtypes: luminal A, luminal B, ERBB2, basal, and normal-like  [  3–  6  ] . This revolution-
ary concept was triggered from an intense research driven by the evidence that 60–70% of all breast 
cancers are classified as “not otherwise specified” infiltrating ductal carcinomas (IDC NOS)  [  4  ] . 

 The methodology of microarray has been soon supported by other tools like array comparative 
genomic hybridization (array-CGH), single-nucleotide polymorphism (SNP), high-throughput 
screening (HTS) techniques and the increasing availability of multiple tools for pathways analysis. 
The combination of these advanced technologies is constantly applied to in vitro and in vivo 
research in order to improve our knowledge of breast cancer biology and our understanding of the 
complex process of metastasis. The ultimate goal is to create strategies and algorithms guiding a 
tailored management of patients with both early and advanced breast cancer. 

 The focus of this chapter is to provide a general summary of the genomic signatures available 
for breast cancer and to function as a tool for clinicians for the interpretation of gene signatures. 
Moreover, we also give a brief overview of the emerging tools designed to capture and study the 
heterogeneity of breast cancer (next-generation sequencing).  

    Chapter 2   
 Heterogeneity of Breast Cancer: Gene Signatures 
and Beyond       

         Gaia   Schiavon,          Marcel   Smid,       Gaorav   P.   Gupta,       Stefania   Redana,       Daniele   Santini,    
and    John   W.M.   Martens      
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   Genomic Signatures and Microarray Analysis 

   From Binary to Bedside 

 In the last decade or so, there has been a slow switch from analyzing a gene-at-a-time, to higher 
throughput procedures. To establish which genes were active in a biological context, traditional 
methods like Northern and Southern Blotting were gradually replaced by the so-called microarrays. 
These started out as large membrane sheets spotted with cDNA, but these have evolved substantially 
to much smaller chips which can contain millions of oligonucleotides. mRNA of a biological 
sample can be hybridized to these chips, which yields the expression levels of thousands of genes 
in one single experiment. 

 This in turn necessitates a specialized field to measure, collect, transform, analyze, and evaluate 
these data using statistically sound methods. Enter bioinformatics. Although part of the bioinfor-
matics field is concerned with the (pre)processing steps to extract reliable data from the microar-
rays, a big part focuses on applicable analyses. Demanding as it can be, dealing with millions of 
data-points, it does provide a very rich platform to build solid conclusions. 

 If one considers that the expression of a few markers like estrogen receptor (ER) or HER2/neu 
(together with tumor size, grading, nodal involvement, and other few other prognostic marker) will 
determine the best treatment regimen, it is easy to envision that by measuring thousands of genes in 
hundreds of samples, valuable markers or combinations of markers can be identified, linked with 
many, if not all, clinical aspects of the patients involved. However, teasing out statistically sound 
differentially expressed genes or reliable signatures hiding in the ranks of thousands of genes does 
entail a considerable challenge, one that has admittedly met with its pitfalls, but more so with con-
siderable successes. 

 To start on a cautionary note, it is still a very good idea to uphold the scientific principle to vali-
date one’s results thoroughly. The most notorious example to date is the paper describing expression 
signatures guiding the choice of chemotherapy in cancer patients which was heralded in 2006  [  7  ] , 
but ultimately proved unreliable and was retracted in 2011. Indeed, bioinformatics is a powerful 
tool, which obliges researchers to wield it in a correct manner. 

 One of the most abundantly used bioinformatics analysis is “hierarchical clustering,” in which order 
is created out of the chaos of gene expression patterns of tumor cells. By grouping tumors according 
to the similarity of their gene expression levels, Perou et al. were able to reflect the notorious hetero-
geneity which is found in the clinical outcome of breast cancer patients, in five distinct molecular 
subtypes  [  1  ] . This landmark paper was among the first which put the power of bioinformatics analysis 
on the map. The five molecular subtypes have since then been studied extensively, and many clinical 
relevant observations are ascribed to the subtypes, among which prognosis  [  1,   3  ]  response to therapy 
 [  8  ] , and site-specific relapse  [  9  ] . Thus, the overall gene expression patterns can be quite distinct in 
patients suffering from breast cancer. By linking the expression of specific genes to the clinical param-
eters of patients, any range of clinically relevant questions can be addressed. Milestone examples are 
gene expression signatures able to predict prognosis  [  10,   11  ] , of which Food and Drug Administration 
(FDA) approval has been granted for the first multigene model, signatures for response to therapy 
 [  8,   12  ] , and signatures for breast cancers relapsing to bone  [  13–  15  ] , lung  [  16,   17  ] , and brain  [  18  ] . 

 One dimension higher is the analysis of interacting genes. Similar gene functions or signaling 
cascades – pathways – can be identified from the expression data. Although more suited to increase 
understanding in the biological processes about breast cancer, clinical associations with specific 
pathways have been described  [  19  ] . Finally, similar bioinformatics analyses can be applied to 
miRNA, DNA copy-number, SNPs, sequence, and methylation data. Gathering all these data from 
the same tumor and integrating all this knowledge is the upcoming challenge. When available, a 
detailed tumor blueprint for each individual breast cancer patient could be constructed, which will 
guide the physician to treat future patients with the most tailored strategy.  
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   Multiple Gene Signatures: Do Not Get Lost 

 As already mentioned, the identification of breast cancer molecular subtypes was the first insight 
into the biologic heterogeneity of breast cancer  [  20  ] . Gene-expression profiling resulted to be – and 
still is – a very appealing approach, but the clinical utility of classifying breast cancer into molecular 
subtypes using unsupervised cluster analysis has limitations. For example, with the addition of a 
new case to the data, the dendrograms of hierarchical cluster analysis are reorganized, and therefore 
it is not possible to prospectively classify new cases using this methodology  [  21  ] . If larger sample 
sets are used, more clusters and molecular subtypes of breast cancer could become evident  [  22  ] . 
In this perspective, several large studies gave the major clinical contribution of gene-expression 
profiling in predicting prognosis and response to therapies. Different approaches have been used 
and different questions have been addressed. For example, some signatures were derived from the 
gene profiling of human breast cancer cell lines with particular propensity to metastasize to one or 
another organ and/or mouse models of breast cancer and then applied to breast cancer patients. 
In other cases, the signature was directly derived from the profiling of fresh-frozen tissues from 
breast cancer patients (test set) and then validated in one or more independent datasets. Samples are 
selected on the basis of a specific aim: identification of molecular subtype, prediction of prognosis, 
resistance to chemo/hormonal-therapy, risk of relapse, etc. Table  2.1  provides a large overview of 
the most relevant signatures produced by breast cancer research. Of note, a source of concern has 
been the little or absent overlap between the different gene sets, when compared to each other. For 
example, the 70-gene signature and the 21-gene RS have only the SCUBE2 gene in common 
 [  10,   23,   32  ] . The reasons for this lower-than-expected overlap are not completely known, but they 
probably include differences in the patient cohorts (e.g., 70-genes and 76-genes prognostic signa-
tures), microarray platforms, the large number of genes associated with prognosis, and bioinfor-
matics–mathematical methods used for analysis  [  10,   11,   23  ] . To answer the question whether these 
predictors are concordant with respect to their predictions for individual patients, Fan et al. analyzed 
a single dataset on which five prognostic or predictive gene-expression-based models were simul-
taneously compared (the 70-gene signature model, the wound-response model, the 21-gene RS 
model, the intrinsic-subtype model, and the two-gene-ratio model)  [  1–  3,   5,   10,   11,   23–  26,   32,   33  ] . 
With this analysis, all gene-expression-based models with the exception of the two-gene ratio 
model, significantly predicted relapse-free survival and overall survival. A limitation of this study 
was that the 21-gene RS and two-gene ratio models were developed to be used in different clinical 
scenarios than was represented in this patient cohort  [  20  ] . In fact, the two-gene ratio and the 21-gene 
RS models were designed to predict outcomes in patients with ER-positive disease receiving tamoxifen 
as an adjuvant treatment. However, the Fan dataset included only 40 such patients and a substantial 
portion of it was used as the training set for the development of the intrinsic-type, 70-gene signature, 
and wound-response models.  

 Despite the lack of gene overlap, four of the five models showed significant agreement in predict-
ing outcome for individual patients leading to the hypothesis that different gene sets may predict a 
biologically similar breast cancer phenotype. The concordance among the models in the identifica-
tion of patients with a genomic high-risk for recurrence was excellent, but it remains unknown how 
much clinical utility these predictive models provide over standard clinicopathologic features. 
While in multivariate analysis, three of the gene-based models proved to be more predictive for 
outcome than standard clinicopathologic criteria, features routinely used by physicians, especially 
in clinically intermediate-risk cancers (e.g., progesterone receptor (PR) status, HER2 status, lym-
phovascular invasion, and mitotic rate) were not included in the analysis. On-going clinical trials 
will help to clarify the potential benefits of these genomic tools over standard clinicopathologic 
assessment. In fact, what we have learned from this field is the importance of clinical validation of 
gene signatures in independent datasets with long follow-up available and a subsequent prospective 
validation (see section “Clinical Application of Gene Signatures: Ongoing Trials”). 
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 An interesting point of view is that gene expression signatures can reflect the activation status of 
several oncogenic pathways. Yu et al. suggested that it might be more appropriate to interrogate the 
gene lists for biological themes, rather than individual genes  [  19  ] . Moreover, identification of the 
distinct biological processes between subtypes of cancer patients is more relevant to understand the 
mechanism of the tumorigenesis and metastatic capability and for targeted drug development. They 
resampled their dataset numerous times to get multiple gene lists whose expression correlated with 
patients’ outcome. For example, based on these gene lists, they identified overrepresented pathways 
defined in gene ontology biological process (GOBP) for ER-positive or ER-negative breast cancer 
patients, separately. Then, they compared the pathways represented by different published prognos-
tic gene signatures with the overrepresented pathways associated with metastatic capability. This 
study also demonstrated that it is feasible to construct a gene signature from the key pathways to 
predict clinical outcomes. Clustering tumors based on pathway signatures defines prognosis in dif-
ferent patient subsets, demonstrating that patterns of oncogenic pathway deregulation underlie the 
development of the oncogenic phenotype and reflect the biology and outcome of specific cancers. 
According to Bild et al., prediction of pathway deregulation in cancer cell lines is also able to pre-
dict the sensitivity to therapeutic agents that target components of the pathway. Linking pathway 
deregulation with sensitivity to therapeutics that target members of the pathway likely allows using 
these oncogenic pathway signatures to guide the choice of targeted therapeutics  [  31  ] .  

   Triple Negative Breast Cancer: Any Signature Available? 

 Among the 4–5 molecular subgroups, basal-like tumors present the worst outcome. According to 
current estimates, triple negative breast cancers (TNBCs) account for 10–17% of all breast carci-
nomas, depending on thresholds used to define ER and PR positivity and HER2 overexpression 
 [  34  ] . In different series and patient populations TNBC may range 6–28% of breast cancers, but 
higher incidence rates are reported for some ethnical groups, such as African–Americans and for 
younger patients, as well as for BRCA-mutation carriers  [  35  ] . Despite its relatively small propor-
tion among all breast cancers, TNBC is responsible for a large fraction of breast cancer deaths, 
because of the aggressive tumor phenotype(s), only partial response to chemotherapy and present 
lack of clinically established targeted therapies. It should be emphasized that TNBC currently 
includes a heterogeneous group of tumors. By simple morphology, a group of TNBC patients 
with a more favorable outcome can be identified, for example patients with invasive adenoid 
cystic, apocrine, and typical medullary tumors. Even within the relatively homogeneous group of 
patients with triple-negative invasive ductal carcinoma (IDC), patients with higher or lower risk 
may be identified, based on specific molecular markers. For example, Viale et al. found that epi-
dermal growth factor receptor (EGFR) immunoreactivity significantly correlates with worse 
prognosis in 284 patients with triple-negative IDC  [  35  ] . This underscores the importance of defin-
ing underlying risk factors for TNBC as a crucial step toward its prevention. While several poten-
tial therapeutic targets have recently surfaced from the gene expression profiling of the 
triple-negative tumors, the search is still onto unravel the modifiable and nonmodifiable risk fac-
tors associated with this aggressive disease. Also, additional tumor markers might allow identifi-
cation of patients at higher risk of relapse  [  36  ] . 

 A TNBC metastasis-associated signature, currently nonavailable, would be extremely useful in 
clinical setting, to select patients that probably have benefit from treatment and patients that can 
avoid toxicity of not necessary treatments. Recent discoveries in this field have been presented from 
three groups at San Antonio Breast Cancer Symposium 2010. 

 Lehmann and colleagues analyzed 386 TNBC gene-expression profile training sets from 
21 independent breast cancer studies and identified six stable clusters that display unique 
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gene-expression patterns and gene ontologies  [  37  ] . These clusters are: two basal-like subtypes 
characterized by cell cycle and DNA damage response genes; two mesenchymal-like subtypes 
enriched in cell differentiation, epithelial–mesenchymal transition and growth factor pathways; 
an immunomodulatory subgroup defined by immune cell surface antigens, receptors, and signal 
transduction genes; and a luminal subgroup driven by androgen-receptor signaling. Lehmann 
et al. after the identification of representative cell lines to model each of the subgroups, treated 
xenografts of these TNBC subtypes and found that basal-like triple-negative disease is sensitive 
to cisplatin, mesenchymal-like TNBC may preferentially respond to Src and PI3K/mTOR 
inhibitors, and the luminal subtype is sensitive to the androgen-receptor antagonist bicalutamide 
and to HSP90 inhibitors. These data for the target selection in drug discovery, clinical trial 
design, and selection of biomarkers represent a potential approach to assign a personalized treat-
ment to patients with TNBC. 

 Interestingly, another group of investigators evaluated 28 breast cancer datasets with gene-
expression data and identified 12 different molecular phenotypes among 579 TNBC samples  [  38  ] . 
The analysis showed that 73% of TNBC are basal-like tumors, with the rest classified into pheno-
types according to gene function (e.g., immune activity, angiogenesis, proliferation, apocrine activ-
ity, inflammation). Notably, there were no outcome differences between basal-like tumors and 
nonbasal-like tumors. However, high B-cell (immune system) and low IL-8 (inflammation) meta-
gene expression were able to identify a subset of patients (32% of all tumors) with a favorable 
prognosis and a 5-year metastasis-free survival of 84%. The inhibition of the related pathways 
might provide new therapeutic approaches. Only the metagene ratio and lymph node status signifi-
cantly predicted of prognosis in the multivariate analysis. 

 Goga A, on the basis of gene-expression arrays of 149 patients from the I-SPY trial, demon-
strated that TNBC with high expression of MYC have worse clinical outcomes  [  39  ] . The oncogene 
MYC, whose genomic locus is amplified in 20–50% of all breast tumors, is associated with poorly 
differentiated tumors and abundant in TNBC. In the trial, patients with tumors expressing high 
MYC signatures had worse outcome. Disease-free survival at 5 years was approximately 95, 80, and 
55% for patients with low, intermediate, and high MYC expression, respectively. In a multivariate 
analysis considering receptor status and MYC pathway activation as a continuous variable, triple-
negative status, and MYC pathway activation had a hazard ratio of 1.5 and 16.7, respectively. The 
CDK1 inhibitor SCH-727965, currently in phase II trials, is a promising agent targeting MYC path-
way via upregulation of the proapoptotic Bcl2 family member BIM. The cooperation between MYC 
overexpression and CDK1 inhibition induces cell death in triple-negative breast cancer cells and 
regression of tumor xenografts. 

 In conclusion, on the basis of transcriptomic analyses, TNBCs seem to represent a molecularly 
and clinically heterogeneous disease and not all of them have an unfavorable prognosis  [  37  ] . 

 The results of these mentioned and other studies are enthusiastically awaited to discover driving 
pathways involved in TNBC progression and to better individualize therapy for these patients.   

   Clinical Application of Gene Signatures: Ongoing Trials 

 Adjuvant treatment for early-stage breast cancer is offered to the majority of patients after definitive 
surgery, assuming the presence of residual microscopic disease. Clinical–pathological prognostic fac-
tors (tumor stage, hormone receptors and HER2 expression, tumor grade, proliferative rate) are useful 
tools to estimate the risk of disease recurrence and thus, to decide whether to use adjuvant chemo-
therapy (CT), hormone therapy (HT), or biologic agents. However, during the last decade, a deeper 
insight into breast cancer biology led to the classification of breast cancer into different subtypes, 
characterized by different biological features and prognosis  [  1  ] . Several gene signatures proved to 
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better estimate the risk of disease recurrence (Table  2.1 ), when compared to classic prognostic factors, 
and some of them are recommended from the American Society of Clinical Oncology (ASCO) and 
the NCCN Guidelines both as a prognostic and predictive tool in patients with node negative, endo-
crine positive disease. One of the priorities in breast cancer management is to identify patients with 
good-prognosis early-stage disease who could be spared adjuvant CT. Hence, the application of gene 
signatures in predicting the benefit of CT and identifying patients who will mostly benefit from a 
specific cytotoxic agent is an extremely active research field. Promising data suggesting a role in pre-
dicting benefit from adjuvant CT over endocrine therapy alone prompted the development of two large 
randomized phase III trials [MINDACT (Fig.  2.1 ) and TAILORx (Fig.  2.2 )], actually ongoing.   

   MammaPrint™ 

 The 70-gene expression profile was developed in the Netherlands, applying DNA-microarray tech-
nology to 78 frozen tumor samples from untreated node-negative breast cancer patients. Patients 
relapsing within 5 years from definitive surgery were defined as “poor prognosis,” those who 
remained disease-free after 5 years were considered as “good prognosis.” Researchers selected 70 
genes that demonstrated to accurately classify tumors in either the poor or good-prognosis group 
 [  10  ] . The prognostic value of the 70-genes signature was validated in retrospective case series, 
showing that the use of MammaPrint could reduce misclassification of patients’ risk, hence the 
overtreatment of the low-risk group  [  40  ] . 

  Fig. 2.1    MINDACT trial design       
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 MammaPrint identifies a low-risk group of patients having a 10-year breast cancer survival prob-
ability  ³ 88% if their tumor had ER expression >1%, and of at least 92% if ER negative  [  41  ] . 
Recently, the role of MammaPrint to predict CT benefit in addition to HT was assessed: patient in 
the high-risk group derived a greater benefit from CT in terms of distant disease-free survival 
(DDFS) and breast cancer specific survival (BCSS), compared to high-risk patients treated with HT 
alone  [  42  ] . Moreover, the application of the 70-gene profile in the neoadjuvant setting further pro-
vided evidences of the predictive value of the signature  [  43  ] . 

 A prospective validation of MammaPrint is ongoing in a large, multicentric, randomized, con-
trolled, phase III trial: the microarray in node negative disease may avoid chemotherapy (MINDACT) 
trial. Primary objective of the trial is to confirm that patients with molecular low risk can safely be 
spared adjuvant CT even if they have clinical high-risk tumor. 

 The risk of relapse of 6,000 breast cancer patients (0–3 lymph nodes involved) will be assessed 
using both traditional clinical–pathological criteria (Adjuvant!Online) and the MammaPrint signa-
ture. Patients estimated low risk with both methods will be spared CT; patients estimated high risk 
with both methods will be proposed CT; if the methods are discordant, patients are randomized to 
be treated according to the clinical–pathological or the genomic result. Estimating a 35% rate of 
discordance between Adjuvant!Online and MammaPrint, it is expected that a third of them will not 
be treated with CT, while it would be recommended using the conventional risk assessment criteria. 
Patients defined as high clinical and low genomic risk will not receive CT, and will be closely fol-
lowed. The role of MammaPrint in predicting benefit from a specific chemotherapeutic agent will 
be assessed in a second randomization: patients will be randomly treated with an anthracycline-
based CT or the combination of docetaxel and capecitabine. A third randomization, offered to all 
ER positive patients, will compare 2 years of T followed by 5 years of letrozole to 7 years of upfront 
letrozole (see Fig.  2.1  for trial design). The whole genome will be analyzed for all the 6,000 
patients, aiming at discovering new signatures with prognostic and predictive value. 

 Accrual started in February 2007 and is still ongoing. Results of this ambitious trial are eagerly 
awaited.  

  Fig. 2.2    TAILORx trial design       
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   OncotypeDx 

 OncotypeDx is the most widely used gene signature in everyday practice. It is an RT-PCR assay 
 performed on formalin-fixed, paraffin embedded tissues that evaluate expression of 21 genes (16 cancer 
related and 5 reference genes). Levels of gene expression are combined to provide a continuous vari-
able: the recurrence score (RS). The assay was developed in a population of patients with node-negative 
ER positive disease, treated with tamoxifen (T). Thus, the RS quantifies the likelihood of 10-year dis-
tant recurrence (10 yDR) in patients with the aforementioned characteristics  [  32  ] . Patents with an RS 
<18 are considered low risk with a 10 yDR of 6.8%; an RS  ³  18 and <31 defines the intermediate risk 
group, with 10 yDR of 14.3%; finally, an RS  ³  31 is associated with a 10 yDR rate of 30.5%. The prog-
nostic value of the assay was validated in several retrospective trials  [  44  ] . OncotypeDx to predict the 
benefit of CT over T in ER positive breast cancer patients has been assessed using samples from the 
NSABP B20 and the SWOG S8814 trials. In both cases, patients with a high RS derived the greater 
benefit from the addiction of CT to T, while it did not affect outcome of low-risk patients, suggesting 
that the later ones could safely be spared C  [  45,   46  ] . The later study was run in node-positive patients 
and proved an increase of both disease-free survival (DFS) and BCSS when CT was added to T only 
in the high-risk group (10-years BCSS in the high-risk group 73% vs. 54% for CAF+T vs. T alone, 
respectively)  [  46  ] . The predictive value of OncotypeDx has been confirmed in the neoadjuvant setting, 
proving that low RS tumors are less likely to obtain pathologic complete response than high RS  [  47  ] . 

 Trial assigning individualized options for treatment (Rx) (TAILORx) trial is a prospective, ran-
domized, controlled, phase III trial that aims at identifying the best individual treatment for patients 
with ER positive, HER2 negative, node negative breast cancer (see Fig.  2.2  for trial design). Primary 
objective of the trial is to compare DFS and distant recurrence-free interval (DRFI) of patients in 
the intermediate risk group treated with CH + HT vs. HT alone, other than create a tissue bank 
repository. Other objectives are to determine DFS, DRFI, and overall survival of patients with low 
RS and determine whether HT alone can be considered the optimal treatment for these patients. 

 The definitions of low, intermediate, and high risk utilized in this trial are slightly different than 
those previously defined:

   Low-risk patients (RS <11) will receive HT alone. A RS <11 is associated with a 10 yDR rate <5%, • 
on average, if treated with T alone, and no benefit from CT has been demonstrated in this group.  
  Intermediate-risk patients (RS 11–25) will be randomly assigned to receive CT and HT vs. HT alone. • 
The risk of 10 yDR is approximately 10% if treated with T alone, and is considered sufficiently high 
to recommend CT even if CT benefit has not been clearly established for this group. The treating physi-
cian can chose the CT regimen among all those recommended from ASCO and NCCN guidelines.  
  High-risk patients (RS > 26) will be assigned to receive CT. An RS >26 was selected because it • 
is associated with a 10 yDR >20%, on average, and because CT has been shown to be beneficial 
in this group.    

 Accrual of the 11,248 was started in early 2007 and was very rapid. Actually, the study is ongo-
ing but not accruing (clinicalTrials.gov – last assessed 4/1/2011).   

   Next-Generation Sequencing: An Emerging Tool to Characterize 
the Molecular Heterogeneity of Breast Cancer 

   Mutation Signatures: Mountains and Hills 

 Advances in whole genome sequencing technology have led us into an era of cancer genome dis-
covery  [  48  ] . Systematic Sanger sequencing of over 13,000 genes in 11 human breast cancers has 
revealed preliminary insights into the breast cancer genome  [  49  ] . According to this analysis, the 
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average tumor harbors approximately 90 point mutations in gene coding regions. Only small 
minorities of these mutations were recurrent, and were in genes already known to be important in 
breast cancer, including  p53  and  PIK3CA . These relatively common mutations figuratively reflect 
“mountains” in the mutation landscape of breast cancer  [  50  ] . In contrast, much more numerous in 
this landscape are the “hills,” which represent infrequent mutations in a diversity of genes that are 
much more numerous in any given tumor, and may or may not be contributing to the oncogenesis. 
Indeed, clarifying the drivers from the passengers in this complex landscape will likely be necessary 
to understand the heterogeneity of breast cancer, and remains one of the biggest challenges of can-
cer genomics.  

   Contrasting Paths of Genomic Evolution 

 Luminal and basal-like breast cancers exhibit distinct gene expression signatures, biology, and clini-
cal behavior. Next-generation resequencing now suggests that genomic evolution during tumor 
progression might also follow divergent patterns between these biologic subtypes. 

 Comprehensive paired-end deep sequencing and transcriptome sequencing was performed of a 
metastatic lobular ER-positive breast cancer specimen  [  51  ] . Thirty-two nonsynonymous coding 
sequence mutations were identified. Significantly, 19 of these mutations were not present in the 
patient’s primary tumor, which had been surgically excised 9 years prior to emergence of the metas-
tasis. Notably, no significant genome rearrangements were identified in the tumor samples, when 
compared to normal tissue DNA. These findings suggested that a relatively small number of point 
mutations might be responsible for tumorigenesis in this breast cancer, and that additional mutations 
arose after intervening therapy and several years of dormancy. The contribution of these mutations 
to metastatic recurrence remains unclear, although it seems plausible that some of these might have 
biologic importance. 

 Contrasting insights have been gleaned from deep resequencing of a basal-like primary breast 
cancer and its associated brain metastasis that arose in an African–American woman who suc-
cumbed to a particularly rapid and aggressive clinical course of disease  [  52  ] . The primary breast 
cancer in this case was ER-negative, lacked ERBB2 amplification, and was classified as an 
inflammatory breast cancer. Clinically, this tumor exhibited resistance to chemotherapy, and 
gave rise to brain metastases within 8 months, resulting in fatality shortly thereafter. In this pair 
of primary and metastatic specimens, only two de novo mutations distinguished the metastasis 
from the primary tumor. Nonetheless, the relative abundance of shared mutations varied between 
the metastasis and primary tumor, suggesting that selective processes during metastasis emer-
gence were operative on preexisting dominant clones within the primary tumor. Somatic 
genomic rearrangements and copy number alterations were also abundant in this primary tumor, 
and most of these were also shared in the metastasis. However, there was evidence of increased 
copy number alterations and structural variants during the course of tumor progression, which 
might contribute to metastasis emergence, or alternatively might be a byproduct of chemother-
apy or ionizing radiation exposure. 

 Indeed, a comparison of genomic profiles from primary tumor to metastasis in luminal and basal-
like breast cancer reveals more differences than similarities. Further analysis of primary tumor–
metastasis–normal tissue triads will determine the generality of these observations. An improved 
understanding of the differing rates of genome mutation and evolution among breast cancers would 
likely have implications for prognosis, and may possibly also reveal novel approaches to therapeutic 
intervention.  
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   Genome Rearrangement Profiles: Diversity and Complexity 

 Paired-end sequencing and structural genomic rearrangement analysis has been performed on a 
cohort of 24 primary breast tumors and immortalized breast cancer cell lines  [  53  ] . This high-
resolution analysis revealed, for the first time, the landscape of chromosomal rearrangements in 
breast cancer. A striking discovery was the abundance of intrachromosomal rearrangements, which 
could not be readily characterized by previous techniques. Also apparent were distinct patterns of 
rearrangements in the various biologic subtypes of breast cancer. Hormone receptor-positive breast 
cancers exhibited either minimal genomic instability or rearrangements that almost exclusively 
involved amplified segments of the genome. In contrast, TNBCs exhibited rampant instability, fre-
quently predominated by intrachromosomal tandem duplications. Sequence analysis of these break-
points generally revealed short segments of microhomology at the junction of these rearranged 
segments, implicating DNA repair processes in their etiology. Of note,  BRCA1  and  BRCA2  null 
tumors did not exhibit this preponderance of tandem duplications, suggesting that a distinct pathway 
may be deranged in this subgroup of tumors. 

 Do these distinct patterns of genomic instability have implications for patient prognosis? An 
analysis by the Borreson-Dale group using multiple cohorts of array-CGH data suggests that it does. 
In this study, the authors characterized two quantitative indexes of genomic instability – a whole 
arm aberration index (WAAI) and a complex arm aberration index (CAAI) – that can be applied 
across array CGH platforms  [  54  ] . These two instability indices were used to segregate 595 breast 
tumors into distinct subgroups. Significantly, both indices correlated with poorer patient prognosis 
in univariate and multivariate analyses. These findings suggest that patterns of genomic instability 
may reflect an underlying biology of breast cancer that has implications for the likelihood of cancer 
recurrence, as well as the clinical responsiveness to DNA-damaging therapies.   

   Summary 

 Interestingly, particular gene classifiers able to predict the aggressiveness of a tumor and the tumor’s 
ability to home and proliferate in an organ-specific manner have been identified. Gene-expression 
profiling has already provided important contribution into the biologic heterogeneity of breast can-
cer. The combination of several advanced genomic tools with new approaches described in this 
chapter has to be optimally incorporated. Whether this is feasible and effective will depend on trials, 
such as TAILORx and MINDACT. Moreover, technical and economic issues need to be examined, 
and optimization of the eventual use of these tools in decision-making process is necessary.      
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